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ERHMAAR S HErE R, REHTETHATCERYT ESHARNEN X AR E WM EX 5 H &
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BRE LHTTAEEE, EERO2F[HAXN > FETFH R 2 BEET LR EEAEZAE
ENCSS AR E L HME L TFHRE 6% EEMUEENE L HENTURE 18%.
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BRI S AR, GN BUETERI S WS HATERE B TR B ) (B R e &, ST,
Newman 1 $2 HPRGE SR, 125038 B 7EPU0H 2 R IS 9 26 o At ] (5 75 BEAME Hh Ay 25 4 14
HHYR NI, Blondel 25 121 & 17— FhIE TR AR AL 1) 5 & X Fast Unfoliding v, FZAFE M N
B WA SR8 B AR SRS R AR AL X R AT R 3l B a2 — N B
B DXL B« 5507, FE A T8, Raghavan 25 131 32 T ARZALHE L (LPA), LPA J9ffT
B AT E AN MEARZE, SRR RET T T s bR, BRSO IE. Ying &5 M J@ iR 7 e
BT AR B E P4 BOAR U AL R R B4 1. Zanjani 25 (151 DA RRZ% A i) — BEHERR S5 55N
F, W SR HERR T RO R B E 5 E, R RES, MR O R BB AT — A
1, el o+t E. E26onsE 16 ST — P75 R AR R 1 I o 4L 5. Hour A1 Kan 71 42
H T — T WS A3 M B R B9, 12 550925 35 T 5 ) o 5 e R R A St 25 4 221 ) — B R 2% 45 #4). Riolo AT
Newman 18 BI04k f56 /N BRE R, 5 90 48 56 B Laplace 45 [ 1) 5 RFAE A F S 213 b Darst, 25 (19)
L [R5 NS R 2 b SRR I A A8 X 4% (1) 41 [ 4544, Tsourakakis 55 (290 $ tH —ME
2 XAMMER G I T AN IERR )R R N R, I B R @ BUE R B AL AT, HESLREREE RiAL 5t
(4 AR IS, S eI RE. Mokross 25 U YN IE LT & M@ M e A 2ot ) o+ [ 45 44
Albert 55 22 F 0 it 2 S 22 i 7 IR 1 P9 4% 45 1, "5 B 0 it I D) 2% v s B e il P 0 R RN L R0
FIFR N R, K s A AL R o B SRR TS AL A AR (231 JR T — ol i 3 TR R B 0
PRSI, %S LIS BRSNS Rl SR P B — A s A A B TTmR I s 6N TR A B Tk A 2
SRHBHAT LR Sy, BRIbZ Ah, AT BT RENLIEE 1 walktrap 5% P4 BT B A H e g A
(1) spinglass 5y7: 125, 42 J5) S5 EEAS W 26 (1) 1 55 HE R, A Bh TR i ) 0 45 SR vk 26, (R TR T
AW, R 1a) &2 2% B b .

Clauset 261 $2H 7 —ANEEF R B R A2 F%, R e e LT — AN REEEE R, K
FH OO S A ) AR, SR AR AN R (B 3G N5 K 4R JE 5 2. Lancichinetti 55 27 $& 5 F-3& M %
(1 B 4L FUR LS LEM, A8 BRI R S5 0 8 L —ANE R, 85 f A3 B R AL AL £ %)
LEM 032 ABEHLE BHIIA R T35 5, TR P EURIRAEAE IR & IR 0] B, Lee 25 28] @& s vIgh s
A EBAROOER T EVE NI, BURBENLIE RS, W LT, 1R GCE &y, Xiinss 29 42
H T R AU RS &, JREE A B IR B TAHIX ORI, Chen 25 BO 32 T Jay il i rpca 5
R, B YR T A5 S R T S B RO s SRR R R AL . AR B E SR —ANE A R
FEFFZH0 T AR BE A AY | 8 S5 8 AR 2R A P P A @ ) SR, SEI T — AN R JR A A2 4
SICE 537, Perozzi 55 B2 & 7 — LU 75 KA F 104 FRI 53 592 FocusCO, M $2 At 1) 5%
BT I IR AT SR B4 FIRI 2. Moradi 55 B3] $2 H — AT ZEYHESEUI R 71 Sy 5k B, R
P26 1) JR3 0 45 R R SRAR b 19 4. Zalik 45 B4 FR T — AN IR TI A R (1 22 7 F 3 Ak [X 7E R AG I )
ALK R IR, SR Ak E R A SR KARAELE DL T LA BREA: (1) BERR S WA, X aG T R AL E
BB, WA AL AR O, IR AR Y. 2, WIRCR 2. (2) Fe Skl st = A
TERIPE. R AR L T A R, KRR AL A A T A5 R A A A T AR
AT RS, BIERIRT R AR, HREFRAERER, 555 2711 s sgm, SR A &

W Al 2B R ) — S BTN, B nT DU T4 R 5, v S0 S B 2 T — M TR A AL
X ORI, 2SR A X AR IN A I RS m A X 8 F IR A X S BT 43 51 ) 7 1 = 3
X IR 4 (4 X R 4. Wa Al Huberman 36 3 H 7 Hid g & VL WH, %5706 2 2% W0 45 2 A5
NHLEE RS, LR IEHE 2 HA F P 2R, ASRIAL B R 48 745 i B AN A FAS 35 ] AR e i 157)
PR T R RIS (AL FE AL X RS, 1 S0 SRR A 5N B AL SR R AL

432



REBY FEERY H 46 4

PRI ERIAT S, Tl LAY 28 0 40 548 1) R A3 JE 77 AR AN, Tk A 1 4% G 28 AR B Al A8 e - R R 2
W& T RPN AT SR IR 1) A, Okamoto B8] 5 S22 X 2 Hh 4l IO S5 A (B4, $2 1 408 24 W4 v (144 (4]
FH PR X 245 Hh IR AR A IR AL R 23 57, ok R0 G 391 ol B2 5 BR8P 24 4[] 5 Al
) B, 2 7 A R ) S S B, R RS S T AR SR R S AR T ) i S B A R
FeI7 Bl H, X b gy =) FL SR ] A USCSIOH P SRR, I RE AR i A TR 4y &

AR A Rtk AR5 F 5 R A Ry Bk B R A 3R 7R T S FE AN RS A A
B 25 ¥ 5% R 9 FE B4 F1 K 4> 3% (node centrality-structural strength based community detection algo-
rithm, NCSS). NCSS # Jei 4% 041 5, SR )5 25T 715 s 5 4k A TA) 25 4 5¢ J 5 FE EAT #E 195K NCSS
FEARZ 0T NG RAE ) T W2 RME S, AR 1A% 5 53t R I W06 15 R BEN L £ A e
PEZ2 () Bk, ZEAL B 5K AR, NCSS BRI 75 v SRR AL B4 2715 0N S AT 1 &R () T 2 1]
(R EER R RIREE, TS TSR BN 24 2 R fE B

2 NCSS &£

A R 3 SR AR TR (R 3 R AN P 2 K B 37 S SR o A [T 73 RO AS P2 28 O T 2. NICSS
LT e R A% O sl AR AR X R 74 o, B I e S F ) (0 0% AR 5 AT 95K Sk mT BL
PP B, S BORh T R 5 T BUst AT AR AR

2.1 T SIEE

FER AL, B A X BRI OB, WA U A TR 7 2 A R 2 MORHE AU G
HZRIE, Wi LR NS AR Z . M A EEREAR: o B A R mE
FE, 1A KGR S TS 5. A B A RUNUE BE Y R AL — A EE, Rl A A

RS (R B AR, AR BT RS AR 2 B ROERE (TR <R AROR). B k4 AR
TR E T AR AL AT R RO — M), WA DA PageRank #5178 (41 5 SCHT pirhly
JE. 7 R BERS TE R Jo A B T R AT HEY, DAAR S 4 o iR AE A AL

EX 1 (WRIESLFELERE) 3 5 5 B3EEATEE

C;,; = Neighbor(i) N Neighbor(j), (1)

Horr, Neighbor(i) 15 i B0 JE T R,
RX 2 (WAEALE) G = (V,E) AT, 55 i BGIE (PReen) 39

PRcen(i) =c Z PRcen(j) i 1—c (2)

oy > keNeighbor(i) |Cikl +1 N 4
Hp o R REL, &ML ¢ € (0,1); |C 4| RonTi a0 Fj MILFABEE; |V] RoR G TS
. R TAAERE N 0 BT s, PRI FE 20 _ERJE 2% ¢ DAMEMPsl, — Mt ¢ 24 0.8. FHs A5
ERGR AT RO FER TSRS AR, T O B BT B A SR R L BEARL, TS AR B2
TZAREET AL [F AR R o5 e R B AR T A AL (R AR R S RN LA AN S AR R O
A, FLARFE T SO R s, EATTZ R FEFRIAR R L] (5 1% 15 55 5 B AR R R [F] 4T fE 1 e ) 3R R X
PN S B SR R o B, RO BB R TR S RO B SR IS 1 B, R
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KA BE e MRS fidh o B BORE FEREHIR 22, & —ROMRYE SLBRIBILE . BRI 19
HOL EIRE +, SRR EE 2 ATEIEE 12 ATHHMTIRIA AR, 5 4 AT 205 8 AT — N R AR & sl
OFEAN, PRI ES 9 ATEIEE 11 ATARE (2) ATHE — N7 L L.

ReRIUa T s A2 M B KB/ INHEF?, 8 o BE R B R A F D & e 079 R, (B Rl ARt HE P
SRR PRI IZ O R ORI AE R, AP S Al 1 229 min] BE s 1 R — MR, 2 K
BN, WRESAE — R X M AN BeAh, okt LR ERR A m b0 B
R, A H AP R TR B 2 B S AN R EUD, LB O ST Tk & R
AR S5 5R. O T T G e R, FRATTAE A% L1 R B I R 240K

(1) A0 i BE AR AR IS5 SRR O s O BEABL A UK X 2% o B AT 5 s 11
HhC JEE T M

(2) TG A% 0T i 5 A T R R AL SRR AZ 0T i D JRE A ZBUK T I 4 v 1 e R E
RRLIEE

(3) il G 5 2 LA 007 AR [F) — AR X, S AT R A% O 19 s ZURT U A0 R
HRAR LA IE.

&% 1 Node centrality algorithm
Require: ¢,¢,G =<V, E >;
Ensure: PRcen;

1: Vi, PRcenli] < ﬁ(v);

2: while res > ¢ do

3: i, PRcen[i] <= 0;

for all 7 do
for all 7 do

4

5

6: PRcent[j] < PRcent[j] + PRcentl[i] = 21
7

8

9

2 keNeightbor(i) Cikl+1’

end for

end for

: Vi, PRcent[i] = ¢ * PRceny|i] + #fv);
10:  res < |PRcent; — PRcent|;
11: PRcen < PRceng;

12: end while

2.2 TR 5 HE 2 [ERIEEHI K F 58 FNAL 1Y oK SRR

AN T RS AL TR O LAY il S AR A 2 TN R 50 00 BRI L, AR5 361747 mOR ALK
TSN LG 1 5% 2 i AT AL BT RS
EX 3 (TR BRI ) T8 o PR © BFIKBUE Doo 2 XN

Na,C
D,c=——=, 3
o= (3)

Hrr, ng o Rt € T o BABJEEE, k. FRTT A o BIBEECH.
EX 4 (RSB SEMR RGRE) A ] © ERR R S, o B XN
out

out in in
k‘ ' SC kl ] * SC

Sic=Y_2-1Ci;| - = - ; (4)

m m
jeC
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Forb, j RRAEE C R A m ORI T SRR, KON FORN A S G R (O
JEIR) ABEATAHG s/ FORAE IS (SHS) JLIIBCE , s/ = 3 KO T o
RIS R ZREE, MR R TR, W 2 R, AR 2.1 /N7 A B SR, ik 0
K, FERE SIS BV R 705 50, AR DR A A0 A B4 A e L R 16 4
FE A, AR B A1 R e 2 5 0 R 4 M 5 R RAE , WA F KA 2
ELRKRRHAERT 0 B A BT A, RS, UK A Herb s MR 75 B2k B 3L A
A, 25200 1 4 B AR A, D000 5 5 5 DRV 2745 1415 S DR O B B, 25 2%
5 ST B G038 T S5 F0 38 FE L I SR K T 0.5, TR 67 s
)24 B S T 65 36 AN TGO T bR #5705 JE AR I AT [, U445 0 ELB N 056 4
. AT R AR, BRI R flag 99 True ASEAUH T D24 1 £ AT BB RI4, B4
AN R T AT B ELN R K3 RIS IE MR BT flag 9 False AR HEH
4 R A FAR LR I, Uk 1. b AT B0 v 55 sk A FRUESE I 100 ek

ik 2 Community expansion

Require: Initial Communities C;
Ensure: Convergence Flag(boolean): flag;
1: Neighbors Nyeign

2: Alternative Set Ngjter

3: flag <= True

4: for each ¢ in C' do

5: add all ¢} s members’s neighbors to Npeign
6: for each i in Nycig, do
7 calculate S ¢,
8: end for
9: find all Ngjse, with the maximum |S; ¢, | in cif [Si ¢, | >0
10: for each j in Ngjter do
11: flag <= False
12: add j to c1
13: for c2 in C if ¢ # ¢1 do
14: for k in c2 do
15: calculate Dy ., and Dy .,
16: if Dy ., <0.5and Dy ., > 0.5 then
17: remove k from co
18: end if
19: end for
20: end for
21: end for
22: end for

23: return flag

KEASRPHATY K, TR I8 1 A R 73 85 52 321 sl BRSO IR RE . AR Sl AR BRI —
ANEIT mia, SETHE ORI I RO AR R B RRISURE, 24 A5 s L 24 i P e A P PR O A T
BME, W AL BR, %79 R ] 25 4 4k 8 2 n ki 7.
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2.3 NCSS &EEniE

A% RIS AL XY 3K B0, T LIS 2] NCSS ik, AL BT

Step 1 BLE VLT mi vt FRESLVE U S (B A1 BELJE F 4L

Step 2 WHITHEA ML EESE, SRIFZ LY RBIK;

Step 3 MHEAZ L HIIR, HIAEAALIIZH;

Step 4 P MALEIY IKEVE, X CLAIA AL BIEATY e, BERAT SO AL A 254 5% AR 9 1
KT 0, SFA S, BRI SRS

Step 5 A K 0y B4R A, A R SR T BRAE (e TR B H D 2% R RS
H 5%), RUIAL IR N, TR 24 B o BB 5 R 205 s B oy, IR B 24t 1 4544

Step 6 HE Step 4 Ml 5, HEIR &M% b — D5 G AR 70 B — kb, AR LR R

FFEEOR.
2.4 EFRESH

NCSS HikX 0 NPAER S 55— Step 1~3 FEF TR E S, O &, H0IME
P45 ;55 33 Step 4~6, = ZEE L F T ROk AR AN S5 K 5C 22 9B FE 715 i 8y i g R S
FE I Z5 R 1) e IUFH BE 3, e 23R4S s A AL TR 43, o0 B2k [, B R

WA BT RECN n; O RECN &, BT 2.1 AN RO RUERRHT T AW, k< ny
RPN d, ERSEMEE T d 2 — MR/ E R J et RRE — R R

Step 1 FLEMRSEMEE, NEEERE O(1);

Step 2 VLT RO BE BRI [A] B 2% B A E DL2 O(n?), FEMEXBOMB G T, BARE S
BIK. 3LPr L, PageRank J8% 2 7E O(logn) WYEL (401

Step 3 fk#EIZ LT M, FIEHWAL A S HII B A E N O(k).

SRR AR R R S

Step 4 PAHALHAY R EE, M CAVIIE AL BT . TR RO 4R 450 50 SR I B R
FEN O(kd); WFEZTT RURR AL S5 ¢ RRE, SEPR bR 125 s AL S5 4 5 Rk FE R, PP
WA IEN O(klog k), R — ML B AREETT /M 5, A0 124k 141 1 5 K 5 R RS B2 T8 3 B 4
TESZIS T FE R EL ¢ € 0,30]. B9k 2 2BUR 13 A1 14 B for T3 FTA 35—k, BE4EN O(n).
R AL T 5K B B A2 BN O(max((k2d?), (k2 log k), (ckn)));

Step 5 R AP, HIREN O(n);

Step 6 IERIIFER LN cl - O(max((k%d?), (k?logk), (ckn))), HH c1 NH L

CREFIESE Ay S el AN, NCSS HIkm E RN

O(1 +logn + k + c1 - O(max((k*d?), (k* log k), (ckn)))) = O(kn).

N T LA TR NCSS SEATH A4 7 DA R Bk R M ZE 5, R 1 4l T NCSS Hik. 2R
JRAEBAREMRIRM R E. R 1 1 n NE M SEG m NE IR, kvt E T
SRARTT BB, — M k< ny d N— AT RIPEIE; ¢ AL

IR 1 ATLLE B, AT AR U, NCSS Hk i AL B AR, TS5 M AT B R 2%,
HEHUD>, NCSS Fk B ILAE ST XTS5k SR M 25 -t B A7 B A 3.
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&1 NCSS HEES5HMERE XX THEERER R

Table 1 Time complexity of NCSS and other classical algorithms

Algorithm Time complexity
GN o(n?)
Newman fast greedy O(mnlogn)
Infomap O(n(m+n))
Leading eigenvector O(n?)
Label propagation O(m +n)
Spinglass O(n% )
Walktrap O(mn?)
louvain O(n?)
GCE O(mn)
LFM O(n?)
NCSS O(kn)

3 SWERSHMH

N T RWMTE NCSS VLR BRI A, FAVEFRE S+ FUR IUE R AT LS. GN &
5 AE2PUEEE (FGQ). leading eigenvector HiZ (LE). infomap Hi% (IM). label propagation 5.k
(LPA). spinglass 5% (SG). walktrap &% (WT) Al louvain 5% (LV) J& T &R+ BURILEE,
GCE 52/ LFM 5038 T/ dfk B B,

FRAVIR AL (1R 4 4 s FH X B8 R A T SIE B, 508 6 0 368 0 S 9 24 504t B VS 1Y) 28 it
£, S HAR R HE Zachary o TIEARRIBA A OC RN TEWNHE IR M 2%« 56 [ BUE T 55 M 4
T R A AR 2% | TUPE K% email T8 025 A 25 B 2 SUBORE 2 2K S VR 2. AL 2% 2t
LT EH LFR FEAERIAL R, HA R S8 AN ) LFR £ K.

3.1 BRLRITMIER

KH 5 M FHISIEE Fabn, BAEHERIS (precision) H B2 (recall) ZEEPENTTEAR (F1). #)H
Yo HAE B & (normalized mutual information, NMI) FEELE (modularity).

(1) #EWHA (precision). HERHZ S 1 X7 45 F P IEAA T B0 5 R0 45 10 BRI e, 5
TiiER
| Lresut] N | Liruel

P= |Lresult‘ ’ (5)
Hr, | Lyesure| FRNFIEAF BN, | Lipoe| R HSLAER], #ER R RS AL RIRI > RS
(2) A (recall). £ 815 S W 1 AL ] g IERARI 7 B AT R EU B, THERETT RN
R= |Lresult| N |Ltrue| (6)

|Lt7"ue| ’

EEP7 |Lresult| ﬂéﬂ?ﬁ&%‘ﬂlﬁ(ﬁi, |Ltrue| ?%%E‘;%I{
(3) LRETVFM R (F1). #ERRRAE R R 20 7 5EN—ANJ7 . AR s i B 45 R b ik
T 01 RUBRCEE o R o0 SRR I BB BOR, R BN AN BRI T 2 150 70 15 4 (] 28 v 150 B B S A i o
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B 22 BT s R o R, (R AN BRI M2 5 R 431, an AR s 17 400 R A X 8% v B Bl A T s R
N—MEEL H RAEN 1. VRN TERE F1 4567 P EA R H, BARTTE LN
2PR
P+ R’

Fl= (7)

Hrp, POSHERZR, R A B2,
(4) MVEEAE & (NMI). NMI (1) FREEREI 70 45 R 5 H e R 1] AR, BUE T EDY (o,
1), MEBREGE 1 Rkl 85 R € AT

Ca ~C Xi;N
=232 2252 Xijlog (X]XJ>
= C - C X
S X log i+ >0 X jlog

Hop, A RORESEM AL FI 5 B RoRSEIRAF B LRI 53 Ca Fontt BIISEmANE Cp SRRy
HEHE NG X ONIRAHERE, HOtR Xy =linj|l € A,j € B,linj| Fming 1 68, X, Fon
REHEME X 2B i ATHM, X ORISR X 5 5 SR

(5) HEHEE (modularity). HEHEE FHSRVPAN TohRic X 4% Hh ik R 43 45 3R, BB RN Q R4
Q BRI F P SERRIE A H 5 USRS O AL N E B H 2 22, TR 4 ERI 23 (R A
B A E BRI, 2 SR

1 kik;
Q=5 2 (Aw' o

Horp by Mk oA R O RoRT R @ BTE BRI, m FORMEZRRALEL. 4 G = ¢ I,
O'(Ci,Cj) = 1, 75)”\”3‘] 0.

3.2 HEXMEHIESE

SEE R FH I LS4 i3 Bk 2 Fios. Ahsic NS A Zachary TR R R AR R 4%
Fe— M2, A SRR 2 Z4 Rk DL AR KON AZ 0 I PIIR; FEWDHE IR 45905 T 62 Sk T8 Wi 1)
KRR, AL SRS/ HERT, 26 B2 RIS BRIBCZE M 45 B Girvan A1 Newman WA B3, Hif ok
H 2000 £ 115 FrREMMEER N Z M I 3§, 1Z M2 12 AR, 2 B SRR 12 AN BEEE;
e E B T EEM 45k B T 1555 FIEGE DA EI0 S, BIE 105 AN SR 441 2530, #2IRPEE 1L
TR, Z A o = AN EL, BIARE B LRI SR, TERRIE ML TR K email JE{E
IR 28 FI P 28 Bt R 2 KA AR 2%, GAEMZE IR 1ok B R4 1589 Akt KA /ER
Z, SLA0HE 1589 AN mi Rl 2742 K.

I(A, B) (8)

)a(cics) )

3.2.1 THIRICML

T 56 NCSS AL BEVE R T A bR s, F R RN AS AR S 31T R 7, Ak E 4R P,
R, F1 il NMI febrfd, 45Kk 3 fiox. IR 3 ATLUEH, 5HAMS AL, NCSS FHikfEig
U1 Karate 2818 R RS Dophin ¥ BFAH HAZ MK R K BIFEIX G MEER I M 28, 285 T 48
bR F1 FARRHE EAS BRI, 7EESLM L% 1 NCSS Sk fE b Hah Bk PR & 6%, Ui
NCSS By REME HER A I 2% ) LSzt X 45 4. #E Football A1 Polbooks M4, RS 31 F1 Al NMI
YImFPYKr, LT R Eik, AEL IM F1 SG BvEmg 2. ARFESR 1 w0, IM F1 SG Bk E &g
YRR, Ui NCSS Sy AE A 3R I 8] P ] DLSE T () 4k & 4
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Table 2 Real networks used in the experiment
Network Abbreviation \% E Labeled
Zachary’s karate club (42] Karate 34 78 T
Dolphin social network [43] Dolphin 62 159 T
American college football 8] Football 115 616 T
Books about US politics [10] Polbooks 105 441 T
Email communication network [44] Email 1133 5451 F
Coauthorships in network science 2] Netscience 1589 2742 F
& 3 NCSS BZRSHMBEEAXTARICMERI 7 4RI
Table 3 Community detection results of NCSS and other algorithms on labeled networks
Network  Evaluation GN FG IM SG WT v LE LPA GCE LFM NCSS
Karate P 0971 0971 0.971 1 0.941 0971 1 1 0.971  0.882 1
R 0.969 0.972 0.972 1 0.938 0.972 1 1 0.969  0.889 1
F1 0.97 0.971 0971 1 0.939 0971 1 1 0.97  0.886 1
NMI 0.836  0.837  0.837 1 0.731 0.837 1 1 0.836  0.580 1
Dolphin P 0.984 0935 0.967 0.967 0951 0.935 0.951 0.967 0871 0.935 0.984
R 0.977 0.94 0.954 0954 0952 0.909 0952 0.954 0.818 0.95 0.977
F1 0.981 0938 0.961 0.961 0951 0.922 0.951 0961 0.844 0.942 0.981
NMI 0.89 0.652 0.814 0.814 0.711 0.693 0.711 0.89 0.509  0.707 0.89
Football P 0.834 0.573 0.93 0.93 0.869 0.869 0.626 0.869 0.852 0.713 0.869
R 0.772 0.49 0.891 0.891 0.808 0.808 0.568  0.808 0.8 0.642  0.808
F1 0.802 0.53 0.91 0.91 0.837 0.837 0.595 0.837 0.825 0.675 0.837
NMI 0.878 0.697 0.936 0.936 0.887 0.884 0.698 0.884 0.891 0.796  0.893
Polbooks P 0.857 0.838 0.847 0.857 0.847 0.847 0.847 0.857 0.761 0.847  0.848
R 0.765 0.639 0.721 0.747 0.646 0.646 0.646 0.689 0.665 0.786  0.786
F1 0.808 0.725 0.779 0.798 0.733 0.733 0.733 0.764 0.658 0.745 0.811
NMI 0.568 0.568 0.571 0.582 0.597 0.597 0.597 0.588 0.331 0.585  0.577
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Table 4 Community detection results of NCSS and other algorithms on unlabeled networks

Network Evaluation GN FG IM SG WT LV LE LPA GCE LFM NCSS

Email Q 0.532  0.506 0.52 0.579 0.53 0.54 0.488 0.532 0.436 0.127 0.536
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Figure 1 NMI of NCSS and other algorithms on benchmark networks with increasing p and n = 1000, cpin = 10,
cmax = 50. (a) NCSS versus FG, LV, LPA and WT; (b) NCSS versus LE, SG and IM
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Figure 2 NMI of NCSS and other algorithms on benchmark networks with increasing g and n = 1000, cpin = 20 ,
Cmax = 100. (a) NCSS versus FG, LV, LPA and WT; (b) NCSS versus LE, SG and IM
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Figure 3 NMI values of NCSS and other algorithms on benchmark networks with different scales and ©=0.65, cpin = 10,
cmax = 50. (a) NCSS versus FG, LV, LPA and WT; (b) NCSS versus LE, SG and IM
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NCSS: an effective and efficient complex network community de-
tection algorithm

Zhongming HAN*, Xusheng TAN, Yan CHEN & Dagao DUAN

School of Computer and Information Engineering, Beijing Technology and Business University, Beijing 100048,
China
*E-mail: hanzm@th.btbu.edu.cn

Abstract Community Detection has significant theoretical and practical importance. Global community de-
tection algorithms can achieve high precision, but with worst-case time complexity. Local community detection
algorithms mostly have low precision with poor stability. In this paper, a NCSS algorithm is proposed based on
node centrality and the structural strength between nodes and local communities in a complex network. The
NCSS algorithm ranks core nodes based on global information about the complex network. It then creates initial
communities, which can overcome the instability disadvantage of random initial nodes in other local community
detection algorithms. During the community-expansion process, the NCSS algorithm calculates only the struc-
tural relationship strength between the margin node and related local communities, thus reducing time complexity.
Comprehensive experiments are conducted based on different benchmark networks and real complex networks.
Typical global community algorithms and local community detection algorithms are selected for comparison. On
real networks, the precision of the NCSS algorithm is increased by 6% on average. On benchmark networks, the

precision can be increased by as much as 18%.

Keywords complex network, community structure, community detection, key node, structural strength
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