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Abstract Many complex systems can be modeled as complex networks, such as social network,
protein interaction network, citation network, metabolic network etc. Nodes in a complex network
often can be grouped into different clusters, called communities. Nodes in the same group form
specific functional modules through tight intra-connection, and nodes from different group have
relatively loose inter-connection to ensure cooperation among the functional modules of the
system. Detecting community structures is crucial to understand the topological structure and
dynamic characteristics of networks. Based on analyzing connecting patterns within and between
communities, researchers can discover the functional modules and their evolution processes in
various complex systems. Many methods have been put forward to detect communities. Among
these, core-extension-based methods show good performance in efficiency and effectiveness.
There are two essential parts in core-extension algorithms: seed detection and community extension.

Seed detection process locates seeds with high centrality. Then, communities can be built from
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the seeds based on node similarity metrics and proper quality function in community extension
process. Node similarity metrics play important roles in community detection algorithms. Lots of
methods have been proposed to measure similarity of nodes in complex networks. For example
Jaccard Index based methods measure nodes’ similarity based on their common direct neighbors.
Katz Index based methods measure nodes’ similarity based on the walks between two nodes.
Comparing with Jaccard Index based methods, Katz Index takes advantage of general structure
topology information. LS Index measures node’s similarity based on the local walks (lengths of
walks are no larger than 3) between nodes, and can measure similarity between nodes by using
their local connectivity information rather than their direct neighbors. LS Index simplifies the
calculation and improve the efficiency, but it is still affected by other structure features such as
node’s degree and clustering coefficient. For a node with relatively larger degree in a network, it
might occur at higher frequencies in paths between two nodes in its direct neighborhood. The
nodes in the direct neighborhood of a large-degree node tend to have higher similarities. As a result,
LS index based methods tend to group the nodes in the neighborhood of a large-degree node into
the same cluster. However, these nodes are often grouped into different clusters in practical
networks. In this paper, we propose a graph clustering algorithm, called PGC. We define a novel
node similarity index SLP based on vertex non-repetitive paths between nodes. The proposed SLP
Index weakens the influence of farge-degree nodes on the calculation of nodes”’ similarity, and can
reflect the connectivity degree bettweén two nodes in the network. First, the proposed PGC
algorithm calculates nodes” SLP similaritys and determines node weights based on SLP. Second,
PGC chooses the node with the highest w¢ight as the first seed node, then selects other seed
nodes by considering node weights as well asAheir similarities with the existing seeds. Then,
PGC obtains initial partition by attaching each dinseeded node to the seed with the highest SLP
similarity with it. Finally, PGC optimizes the initial partition iteratively to maximize the cluster
quality evaluation function which is based on complementary entropy. Experimental results show
that SLP Index eliminates the influence on the nodes’ similarity caused by vertex repetitive paths,
and improves the algorithm’s ability to cluster the nodes in the neighborhood of large-degree nodes.
Compared with other classical graph clustering algorithms on 11 real networks and 22 artificial

networks, the proposed algorithm PGC shows a preferable performance.

Keywords complex network; graph clustering; cluster structure; node similarity; connectivity
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i ERACOIDE

BIRS. X T YA LR 0 MEEAR VI ER G
B SRV, ], 3R AR IE X O B B LV, T8 A L1 58 B

v, ]
SLP *

b A WA

S
S 6. KR SL (12) 31 7 8 4 5 i TR LV, Do
BT I AL TR o, o) OF BT E Vi B9 R 0 o) —

arg max{w v, (v;)}.
cev, :

AT T M g A — A AR D AT S o H
P 22 5 AR B s B b0 T R T TE B RE Vb B =

ar%”il}ax Ssip (v, en) 15 B Y1 3 & SR Q.. 5 A%
RIEERA B AR R EUE F(Q2.)5

LS. B Q=01

IR 9. HEBENRBENFWQ)=FWQ0) |, Bk
AR ] Qo 15 A f 20 R B4 S A5 L3R [ B 3R 5.

S 1 PR AR M Sse M S O X
R H R R G OROT- 8 B R UGE E BR h
KM OG®) 58 m g i A%, Mg g g #2 AR
B OCam) . HIGEREVE 1 B BB B B2 2% B2l O(n® X
k2t Xt e XnXom) Hop e R T E
Zi 0 24% 36 5 2 6 L 1) o DL OB ) 2% S B B R <<m HLBE
NEm <n., B PGC BEFEAE s 1997 i AE b
MG O B H IR ANE L S A%
T PR 08 AR B0 R Y 32 3 4 R v T R, X
A R R T R T A L O e AR B AR R
W S 3 A S PR B v 3R AR ¢ R S B A 5.

6 LWEERSMH

VPR RE A SCTE 7 A ELSAL 2 R4 10 A
GN benchmark A T.® 4% Fil 12 /4~ LFR benchmark
NS el S R o A S WG (S N SR N = RS
5 FMM, LPA .BGLL ,MCL"”" | Infomap"**! . ISCD+-,
Chen S MY B AT X LG 5200 . 52 90 K04 48 B A
Sl 1 s/

x1 TNBEEELRBR

Karate 34 78 2
Dolphins 62 159 2
Polbooks 105 441 3
Football 115 613 12
GN Benchmark 128 1024 4
LFR Benchmark 1000 ~20000 ~30
Les Misérables 77 254 —
Email 1133 5451 —
Yeast 2375 11693 —
Gavin02 1352 3210 —
Gavin06 1430 6531 -
Krogan_core 2708 7123 —
DIP 4930 17201 —

6.1 iFMIsHR

W PGC BHIEMEIRELT Ry Q= (V. Ve,
Vo, b bR B A B IR iR R 45 2R oy O= {0,
Oy s, Oy ) XEES VO, (1<<i<m,1<j <),

AT, =IV.NO [ b,=>,T 5= >, T, WA
i=1 i=1
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SRS L AR SO AR E B A B (NMDPY 5 i 4% %
ARBARD ™ X RARLE LM TR 2 =05 .
(16) i 7. Rl 43 45 5 5 I 0e &l o0 1 W 4 7 B
NMI FIART (e 5.

ZE 2 T, log 7;7;”

i=1j=1 j

NMI= P— - A5
—Z;bilogj;_/z;sfl()g%
m bi v Sj
o (220G
o)
()

ARI=

26)2(4)]

(
(16)
X To bR 24t 23 P 28 B 4R AR SCRIT A (8 45 4
)R B P o B 1 BB R AT PR AN 6 R 1 AL AR T M
R AE % ] F-measure fl Accuracy ™ s 8
WM e bR HoE LI (17) ~(20).

P 2 X Precision X Recall an
“measure =
casure Precision + Recall

ADIAESIHIE

i=1 i=1

[N

Hrp,

. V,€Q:30,€0N08(V,.0) =6} |
Precision= ,

¥o)
{0, €0:3C.€ECNOSC.,V)=0} |
Recall= )
10|

0S(V,.0p=— T 4oy

T vLIX o) o

BEAL . OS RN B o0 B i TR R BLAE RS
PRUERCE B b B 5 R AT 5 R L

BRI Sn 7R R R A b o 52 5 W v B i 2R
H B 224> s (18) .

Zmax{Tﬁ }
Sp=""1' (18)

Z 10, |
FEHMEBME PPV #R3N MM EARESY
8 B (0 BT R L A2 (19) R

E max{ T}
i=1 !

g bj

i—1

Accuracy MTBUEEE Sn MEFPE BN PPV 4
1 = 200 BiR.

PPV = 19

Accuracy = +/Sn X PPV (20)
6.2 SYIEE
R A R E A HEAEN
SR T3 PGC 78 R85 2 ot AL 0 AR
(AT Sl A R R L DR O B i A B 1Y I 2% SR 2R 4
ST O T IS a1 s T s UK WA, Ny ot
— LR UESE X S BN RO AT RS 1 TS Y
11 A FLSE M f 22 A N T 4 Fillil 557k PGC
XF SR BBURAE  AE A AR 2 M 2% 1 L NMIT Sh i1k
HAn, Tohn P4 DA HPE Q i fk B Ak, 1 T
a>ay =as =0, JAb BEFE o0 B9 A8 fYE B2 [0. 4,
1.0]vas A AL TEHJ2[0.0. 45 ]y =1—a1 —a:.
SCUFH Mo, € [0.6,0.8],a, €[0.15,0. 357,
Ha=1—a —a >0 i, H % PGC 78 K Z 5%
SREIEALE. B 4 4T Karate B4 Gii b
) F Les Misérables PN (TGHR2E) FALAL H bR
BES L o A1 oo B AR b 1 105 Bl 5535 PGC 7
Karate 2% |, % ¢, €[0.8,0.9].a, €[0.05,0. 15]
Af HRAS A = ) NMT{E ey NMI=1. 7€ o) € [0. 6,
0.8]H a, € [0.15,0.35] - Jr gk 15 iy &1 3R 28 45 R
NMI A ZE4R > (£0. 091).

0.7
= 0.6
004 0.5 Q

(a) Karate4%

0.6/\
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:. o 0y Ple, e ..
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(b) Les Misérables 4%
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X%} Les Misérables P 2% , &R L ETE o =0. 6, #1) K Les Misérables, EmailP® | Yeast®" =4~ T #r
a;=0. 35 BUi5 i i AL ME Q. SR M 7E o0 € (0. 6, S LS 2% 1 R AT S0 ok XF A SCRT HR Y SLP Y
0.8]H @, €[0.15,0. 35 ] b r 3k 15 iy [l R 2 45 S it SR T AR AR R BE S T vA DL S T SLP IR

ek A 2248 (0. 0021). W PGC A7 7F .

DRI 76 S S S 06 235 3R HE 35 v 3 ) A s 28 T 45 AR TSETE 7T A BSR4 B AR SCHR ) SLP Y
S a1 =0. 8,0, =0. 15,a; =0. 05 X TCARZE I L S AR RUBE & 09 A R0 PE R A7 D, SE 3 25 SR sk 2
a1 =0.6,a,=0.35,a; =0. 05. INCASCE YL PGC SR I TR A E B R W
6.3 EXMEIWRER SLP 5 s AR B JBE St A SCARE TV v i 5 s A L

AN o AT A E S FIERIRAE (Zachary’s MR R 5 O 3T Ry PR BE AR Y 1S 795 RUA L1 B
Karate Club)"™ | ¥ K #1: 3¢ ¥ 2% ( Dolphins Social AR LA B LS-PGC. 8] LLE . IF TCFR & i
Network) ™" Polbooks™ FllF2f A= & B8R X 2% ( American PR B S 2% b A SO 2500 SLP 75 S AR R
College Football Network) ™ JUA~ 47 47 2 1 2L 55 ARSI b BRI 10T X Fe SRk i S R 25 2R

2 TRANEEEXRER

Data set
Karate Dolphins Polbooks Football Les Misérables Email  Yeast
Index m ARI NMI m ARI NMI m ARI NMI m ARI NMI Q Q Q
LS-PGC 2 1.0000 1.0000 4 0.4771 0.5686 3 0.6599 0.5416 14 0.8064 0.8872 0.4531 0.3978 0.6139
PGC 2 1.0000 1.0000 2 0.9348/ 0. 8888 2 0.6671 0.5979 11 0.8653 0.9151 0.5224 0.4838 0.6447

Vi PGC FL0k 5 6 I B R 25005 FMNLLPA, BB 3 26 F1 U™ B IR A o
BGLL ,MCL,Infomap,ISCD+ fil Chen £¢ A 803k S | SR NP = WK Ave 3 (RES S ES 7 S /R
HEAT HO ARSI T A S5 6 8 B B vk A 45 I 4% 700 i) [ S BT AR A B 2 B IR E D7 i BT AR
AT 30 WIS KA R PERE . 45 R an sk 3 By ARl IR, T AR R L3 KK B A H
NS Ho o FORF R AW E R BEAE BT LPA T JRVANOR ST IR X PR PN AR LA R L R ) %
M BGLL HE 4 RARE  ZWIB 1745 R P A% TR . T TR RNR T IS BoAT B A R 4
FHZERE R AL T — 7 3ROR. AT LUE s A SCO ik 1. R A Polbooks W 2% F 4] 43 2 A 08 i & 3
PGC 1E K Z 8O 00 & Mg ¥ 00 T B 2. 1 J& T AR 471 R IR S S R SRS AL
Polbooks M2 | PGC 153| T 2 4N, T B SE M 4519 TE 3 NTCHRZEEHE S Les Misérables, Email fl
& 3. SEFr | Polbooks P45 7 f5 /R fE Amazon Yeast I, Bk PGC fERL M 77 5 H e Bk ikt
TEL G B8 1) 5 36 B EUA A O R 18145 . 24 AR PO AR IR 4, /T LUE T PGC Hk i R4 R
P 5 g ] — PP W 3K 3 U)o o7 5 A5 TR A7 A — 2R . PRI T 3¢ e A B e

R3 HAREEINEIRERMEE

Data set
Karate Dolphins Polbooks Football
Index m ARI NMI m ARI NMI m ARI NMI m ARI NMI
FMM 2 0. 8823 0. 8372 3 0. 4795 0.6058 3 0.6563 0.5566 ) 0. 4444 0. 6862
LPA — 0.6632 0.6574 — 0.5106 0.6349 — 0.4921 0.4231 — 0. 7390 0. 8725
BGLL — 0. 5445 0. 6537 — 0. 4259 0.5195 — 0.5966 0.5234 — 0. 7681 0. 8740
MCL 2 0. 8823 0. 8365 15 0. 1447 0. 3628 6 0. 5884 0.5374 12 0. 8967 0. 9242
Infomap 3 0.7022 0.6995 6 0.3614 0.5270 5 0.6463 0.5369 10 0. 7601 0. 8801
ISCD+ 2 1.0000 1. 0000 4 0. 3458 0. 4708 3 0. 6390 0. 5245 13 0. 8868 0. 9254
Chen 2 1.0000 1. 0000 2 0.9348 0. 8888 2 0. 6671 0. 5979 10 0. 8154 0. 8874
PGC 2 1. 0000 1. 0000 2 0.9348 0. 8888 2 0. 6671 0.5979 11 0. 8653 0.9151
K4 THREELMESEEERMEI
Data set Index FMM LPA BGLL MCL Infomap 1SCD+ Chen PGC
Les Misérables Q 0. 4961 0.2719 0.5461 0. 2875 0.5363 0. 2540 0. 4037 0.5224
Email Q 0. 3461 0. 0002 0.5522 0.1430 0.5309 0.4563 0. 0000 0.4838

Yeast Q 0.7021 0. 6639 0. 7291 0. 4337 0.5269 0.5192 0.5238 0. 6447
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o TR T4 B H bR o6 B A SO R ISCD A Hi
BT HEEM % — SRR MR T FMM &
B LAY Sy B bR oR B (45 A 1 T8 T R R 11 A
10 X4 8 17 /R .

B 75T B % FMM A ISCD+ DA & A SCH
i PGC 181 K+ 28 W 4% Dolphins | Y B 2K 45 .
B T ISCD 5303 5% 2 2 40 & Ok 15 A50AR Bl Pk i
A7 B B FE TR 48 v 0 T a5 0 B e 2 T R R A
B A 25 PR s AR R A AR B R FME S
PR SR 245 31 4 AN o K SR I 45 1 R A B AR 3¢
Bk PGCARYETT s X ) A 2L 3 1) AR EE Jg 15
BOE SCHRIME . % T 8 2 0975 R H AR E B .14
BT 5 5 R 2% d ol — B R 43

K8 4y T B FMM Al ISCD+ L) fe A Sc &
: PGC 7£ Polbooks W 4% I+ () J S 25 . MR 4l Z mi
153 87 » 7E Polbooks M 4% |, A 2 4~ E A W] WL 45
F 25 B Bl R A DR AFIR . A )R 7 TE
J5 R R 254 g — A TR A AR S bR BB IR B
M FRAEHE N IE BT B3 AR S AR B T 5

P 2% 11 3 — FEAIE e AR B 2 Sy 2. SIS 5
(1 JE GO 2 R &8 SR A B 4R, AR AR SRR S i i
S5 LA .

Football $4 4 J& MR 4l 25 [ K 2% J& BRI 98 £
2000 4E—AFEEFEFR ALY FLFE M 45 BRFESE 12 A4
BB L B BR A B T HAUS T — AN 25
TR BRON A P BR BN Z [ R A7 38 L3 D) o 5
SURAEFE — 45 3 300 — B0 A v 19 BT AT BR BN 1 —
A B I . Football W4 AL 42 78 12 M.

MNEEL O Hn] LU o JEL G 9 2% v bl 15 4 (36,42,
80,82,90 } 4 Ji 1y 7 B A W S I AR 45 43X I T %
HC S P ER BA 22 ) St A7 S A, PN L B
AR 5320056 W LU B A 22 1) B U2 5 L b 3 B A
(A ER BN 5 PR32 8 PN 950 322 300 BL A i, 3 BBON R 1 6
H4 77 TG 5 AR ME 1 Rl 73 7E — > #E. Newman 55 A 7E
SCHRCL LRz T i 4 AN 8043 0080 43 RST A
LR 5r T 17 A FE. A UL PGC E Football ¥
2% FARENT 1L AN SRR P R Y 5 L )
R A % /9 (b 45 T A S i PGC 1E
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6.4 AIMELWLER 20~50, 17 5B P A0 R FE O 2 R A L AR IX
KA T ARE A S 10 4~ GN FUBLHE L8 B0 1 R0 . 7E GN Benchmark
benchmark A T M%7 12 4~ LFR benchmark A T. TFIRAS % M 0.05~0.5,LFR Benchmark [, %
M 4% . GN benchmark P54 7% 128 A7 55, “F- 3443 BB N 0.05~0. 6. BUE 5 AE 4 M 4 | AT
B A AFE T B R 16, B A A N B 30 IR A b A7 Hu A, e s SR an il 10 Fnlgl 11 fr
AATE]. TR A S H e S 45 5 B) 3 30 S 50 L N UESLASCERESRASET R T R
5. D0 2% R L5 MRk B L YR A S B e BN, R L I SRR A R R TR A S HGE — B K 5
IR XEBEBE 1 (B30 3G K. LEFR B 45 A0 45 1000 ZEF AN B S B ) 4% L, PGC 54 v 4R 4K BE A% 1 151 55 1t
AR BN 20, B K BE R 50, 4k X R X [R] 2y B R EE R
1.0 1.0 - - - ¢ o 9 &
0.9 0.94
0.8p 0.8Ff
——PGC
0.7 0.7 | FMM
0.61 ——PGC 0.61 —=—LPA
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u
(b) BHEIBENMIXF &5 R
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K 11

6.5 EHREERAMBBEIRER
AN B A SR B PGC R A F Gavin02
Gavin06"%  Krogan_core™™ fil DIP®84 4S8 1 &k H.
PRI 46 b 34T 85 1 0T 5 1A e 0 3 2 6 245 g i
AfFE IR 1. R CYC2008 Hdli L AE Min S &
Prxof BRAEDY . R &g JE S R 1 FMM,

1.09 ;
€
0.9 F y
0.8
0.7F ;
0.6 ;
=05
~ ——PGC
0.4 [——FMM r
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0.3} |—*—DBGLL
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Data set
Gavin02 Gavin06 Krogan_core DIP
Index F-measure Accuracy F-measure Accuracy F-measure Accuracy F-measure Accuracy
FMM 0.1708 0. 3821 0. 1474 0.3993 0. 1506 0. 4054 0.0170 0. 3044
BGLL 0.1652 0. 3751 0.1326 0. 4027 0.0910 0. 3909 0.0131 0. 3206
MCL 0.2717 0. 4465 0. 3448 0.5137 0. 3151 0.5162 0. 2055 0. 4890
Infomap 0. 3548 0. 4996 0.0913 0.2538 0.3779 0. 5823 0. 2546 0. 5760
PGC 0.3628 0. 4795 0.3713 0.5224 0. 3889 0. 5535 0.2793 0.5494
MCODE 0.1192 0. 2489 0. 2497 0.3768 0.2762 0. 3548 0. 1601 0.2938
HC_PIN 0. 2354 0. 3756 0. 3474 0.4334 0. 3043 0. 4895 0.0263 0.1636
DPClus 0. 3366 0. 3797 0. 4299 0. 4950 0.4438 0. 5717 0. 3267 0. 5504
IPCA 0. 4004 0. 4404 0.4478 0.5154 0. 4430 0. 5807 0. 3160 0. 5260
ClusterOne 0.2708 0. 3699 0. 3935 0.5242 0.4192 0.5188 0.3712 0.4916
ATDVE ARSI PGC 5 4 NMEEZKRIRER
A SICR 3 4 (H B 380 F DPClus, IPCA , ClusterOne 2 £ X
54 Z
FoMEAREGHREAMAL XERTEARE
é{z’:jﬁfm%ﬁ{fﬂ DT ESRERL B AHESD [1] Rolland T, Tasan M, Charloteaux B, et al. A proteome-
ﬁf{/ﬁzﬁﬁ ™ é% ,:P ﬁ E 45} jt %/E\_ﬁ iy % E—l ﬁ 1 /E scale map of the human interactome network. Cell, 2014,
é”ﬁ: 159(5) . 1212-1226
[2] Yang Bo. Liu Ji-Ming, Feng Jian-Feng. On the spectral
= characterization and scalable mining of network communities,
- -H
7 IE\ g:lg 5 E = IEEE Transactions on Knowledge and Data Engineering,
2012, 24(2) . 326-337
zl_(j(}j‘ ’E% ) 2% 15} g%;’é;%;{fﬁff—} et g{ﬁ\ B [3] Jia Song-Wei, Gao Lin, Gao Yong, et al. Defining and
T #ﬁ%ﬂ:dﬁ ‘lf_;T\ I‘}ﬂ 5] %BE% %‘q: ji: SE '@ E"J gé %‘é %: {f identifying cograph communities in complex networks. New
- N N N N Journal of Physics, 2015, 17(1);: 013044
PGC, A 45 19 s A UM 1550 L AP0 5 e 45 L 00 B 72 NG Huilia. Li Hui-Ying, Li Ai-Hua. Analysis of multi-scal
i Hui-Jia, Li Hui-Ying, Li Ai-Hua. Analysis of multi-scale
Rl o A A O A T2 25 AR SRl Y ] . A 4
o stability in community structure. Chinese Journal of Computers,
P Jey 350 p N EE A B AR A SO R TR A L PE 48 bR SLP, 26¥45558(2) ; 301-312(in Chinese)
WA Soup HE B SE ST R 98 17 2 3 72 vt o O (BT, I BB S RUE R P25 4 G 40T
AT RS 25 FOA 0L B 5 B oL T A IR 2015, 35020, 501512
':P ;LU %:J:;E‘L%I\,}@zj E"Jf’ﬁﬂ%iﬁm @;&,ﬁzﬂy H 1;/]? @7}#& , [5] Jia Song-Wei, Gao Lin, Gao Yong. et al. Exploring triad-rich
Xd‘/ﬁ% kuﬁ]\éﬁ%ﬁﬁ—}%’fﬁ {jl:’f‘t ) 1%% ?U%é@%’%ﬁfﬂ%% substructures by graph-theoretic characterizations in complex
- . SLP #& £ ek , e networks. Physica A: Statistical Mechanics and Its Applications,
DY S 5 i > 5
RIS SCI-R H 1 SLP 4 bR X4 86 A 2LV 3 47 I
=X Y4 B - = 22
Ho m PA {ﬁ % EH j(&i: i ‘I‘J_:T‘ E‘;I ’:‘E& g Eg ‘lf_i E EE%/TI X‘T [6] Bai Liang, Cheng Xue-Qi, Liang Ji-Ye, et al. Fast graph
%4}-]—:_': ;FH M‘@ E/:J ?/; ur”:l ’ }J\ ﬁﬁ % % % {% X‘T j(fg dﬁ }g': QB i‘)ﬁ clustering with a new description model for community
P AR rEE . fE 11 ANESLMZEF 22 S AT M detection. Information Sciences, 2017, 388-389. 37-47
é%J: E@igﬁ\éﬁ%%\%% %:Hi PGC %E*/]? YE;EL'fJﬁJ ‘E‘ . i}'gj % [7] Chen Zeng-Qiang, Xie Zheng, Zhang Qing. Community
N % detection based on local topological information and its
B R RN F-measure 55 J7 TR B B4 PEGE. o , '
e N . . . application in power grid. Neurocomputing, 2015, 170:
AT 15 51 8 P 0 P 22K 5 e
D O3 . . .
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Background

Graph clustering is to group the vertices of the network
into clusters taking into consideration edge structure of the
graph in such a way that there should be mrany edges within
each cluster and relatively few between the clustets, Various
graph clustering algorithms have been developed” to6 identify
clusters using the information encoded in the network topédlogy.
In general, these methods can be classified into two fypes:
global method and local method according to whether they
produce clusters based on whole view or partial view of graph
topology.

Global approaches exploit the global structure information
of networks, such as GN algorithm proposed by Girvan and
Newman, Markov clustering algorithm, spectral clustering
method. Local clustering methods identify protein complexes
by considering local neighbor information in complex networks.
To improve computational efficiency, local methods always
start by selecting a highly ranked node as seed and then
expand the seed to a densely connected group of nodes relying
on a local benefit function. MCODE, HC_PIN, DPClus and
IPCA etc. are excellent up to date local graph clustering
algorithms.

Node similarity metrics and clustering quality evaluation

are two key points for graph clustering algorithms. We
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protein complexes in protein-protein interaction networks.
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propose a graph clustering algorithm based on local paths
between nodes, abbreviated, PGC. In order to identify bridges
in networks, we use local paths, instead of chains, between
nodes are used to measure node similarity in algorithm PGC.
Besides, we adopt a clustering quality evaluation based on
complemenlary entropy to obtain more accurate clustering
output. Compared with other classical graph -clustering
algorithms on 11 real networks and 22 artificial networks, the
proposed algorithm PGC shows a preferable performance.
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