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Abstract  Protein-protein interaction (PPI) networks are widely present in complex biological
networks. The topological features of PPI networks play an important role in analyzing the functional
modules in networks. Some graph clustering methods have been successfully used to complex
networks to detect protein complexes in PPI networks. Traditional graph clustering algorithms in PPI
analyzing methods primarily focus on hard clustering for a network, while, nowadays soft clustering
algorithms to find overlapped clusters have become one of the hotspots of current research. Existing
soft clustering algorithms pay less attention on small-scale non-dense clusters, while some small-scale
non-dense clusters often have important biological meaning in PPI networks. A measuring method of
the association strength of edges is developed based on node neighborhoods in networks, and then a
soft clustering algorithm named flow-simulation graph clustering (F-GCL) on the basis of flow
simulation is presented to detect complexes in a PPl network. Experiments show that the proposed
soft clustering algorithm F-GCL can simultaneously find out overlapping clusters and small-scale non-
dense clusters without improving the running time. Compared with MCODE (molecular complex
detection) , MCL (Markov clustering), RNSC (restricted neighborhood search clustering) and CPM
(clique percolation method) algorithms on six Saccharomyces cerevisiae PPI networks, the algorithm
F-GCL shows considerable or better performance on three evaluating indicators: F-measure, Accuracy

and Separation.
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(b) Example 2

(a) Example 1

Fig. 1 Two network examples.
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Fig. 2 A network example to illustrate how to calculate

the strength of association.
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Fig. 3 A local sub network of Saccharomyces cerevisiae.
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Table 1 Six PPI Networks
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Items Uetz Tto Ho Gavin02 Gavin06 Kragan

Proteins 926 2937 1564 1352 1430 2675

Interactions 865 4038 3600 3210 6531 7088
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Table 2 Examples of Overlap Clusters Obtained by F-GCL
F2 F-GCLEERBHBIEEHKLH

Ca

Cp

YBR253W, YMLO07W,YGR252W, YOR174W, YHR041C, YBRO81C,
YDR448W, YNRO10W, YOL051W, YPRO70W, YMR112C, YHR058C,
YOLI135C, YBR193C, YKR095W, YGL151W, YPR168W, YGL025C,
YLRO71C, YNL236W, YER022W, YGR104C, YDR308C, YCRO81W,
YDR443C, YPL042C, YHR099W, YCL010C, YOL148C, YPL254W,
YDR392W, YDR167W,YGL0O66W, YLR055C, YDR176 W, YMR223W

YGL112C,YGR274C, YER148W, YBR198C, YDR167W, YCR042C,
YMR227C, YMLO07W, YGR252W, YDR044W ,YDR176W, YMLO015C,
YDR145W, YPLO11C, YMR236W, YMR0O05W, YCL010C, YOL148C,
YBRO81C, YDR448W,YPL254W, YGL066W, YLR055C, YDR392W,
YHR099W, YMR223W, YML114C

YPR175W,YDR121W,YBR278W

YNL262W,YPR175W, YBR278W, YDR121W,

YORI116C, YOR207C, YPR110C, YPR190C, YNR0O03C, YBR154C,
YOR224C,YPRI87W, YKL144C, YKR025W ., YDL150W, YDR045C,
YNLI151C, YJLO11C, YDR0O0O5C, YNL113W,YPRO10C, YJRO63W,
YOR210W, YNL248C, YGL156W, YOR340C

YOR341W,YPRO10C, YJR063W,YOR340C, YOR210W, YBR154C,
YOR224C, YPR187W, YNL248C

YGR119C, YMR294W, YGL170C, YGL172W, YJL041W, YPROS3W

YJLO61W, YKLO61W, YJLO41W

YBR253W, YMLO07W,YGR252W, YOR174W, YHR041C, YBRO81C,
YDR448W, YNRO10W, YOLO51W, YPRO70W, YMR112C, YHR058C,
YOL135C, YBR193C, YKR095W, YGL151W, YPR168W, YGL025C,
YLRO71C, YNL236W, YER022W, YGR104C, YDR308C, YCRO81W,
YDR443C, YPL042C, YHR099W, YCL010C, YOL148C, YPL254W,
YDR392W, YDR167W,YGL0O66W, YLR0O55C, YDR176 W, YMR223W

YGL112C,YGR274C, YER148W, YBR198C, YDR167W, YCR042C,
YML114C, YMR227C,YMLO07W, YGR252W, YDR044W ., YDR176W,
YMLO015C, YDR145W, YPLO11C, YMR236W, YMR0O05W , YCL010C,
YOL148C,YBRO81C, YDR448W, YPL254W, YGLO66 W, YLR0O55C,
YDR392W, YHR099W, YMR223W

YMR308C, YER178W.YOR362C, YMR314W, YOL038W, YML092C,
YGR113W,YOL108C, YOR373W, YLL0O21W, YPL020C, YALO61W,
YMLO059C, YFR050C, YGR135W, YER094C, YFLOO7W, YIL0O09C-A

YDL188C, YML109W,YOR362C, YPR103W, YFR0O50C, YMR314W,
YOL038W, YML092C, YGR135W, YOR157C, YGR253C, YER094C,
YGL011C, YJR009C, YOR014W, YFLOO7W, YILO09C-A, YJL.OO1W,
YDL134C
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Table 3 Examples of Small Clusters Obtained by F-GCL
%3 F-GCL EiEIR1GHIAB 5 /N 55 S

Cluster Complex Label

YER090W,YKL211C Anthranilate-synthase

YMR106C, YMR284W

Ku-complex

YALO0O9W,YHR004C Nem1 p-Spo7p-complex

YLR182W, YDLO56W MBF-complex

YNL126W,YHR172W,YLR212C

Gamma-tubulin-complex

YJR005W, YJRO58C,

. AP-2-complex
YOL062C, YBLO37TW

M 2 FI 3 A A SCR i F-GCL 53k

A LA B 8 S W ] DLk B PPT A A2 7E i /N 1
WA H R E S Ik, F | fE Fmeasure, Accuracy,
Separation = AGeiTHE 5 L PEAL A5k 1 HERE.

LA MIPS B & 1k b Z 4 5k F-GCL 5
MCL, MCODE, RNSC, CPM 47 b 42, 45 S 4 &
4~10 Iz, 3 4~9 g th T 5 AE 6 DB 4R
s gt B8 Fmeasure s Accuracy, Separation
(B, LA KB SRR RN R bR O R4, 3R 10 a7 il 1
BETE F-measure s Accuracy s Separation P 8 ik
PR HEA . SRR AR SR 2 F-GCL UG 148
b PERE R K.

Table 4 Results on Uetz Data Set

R4 Utz HIREITWHER

Algorithm F-measure F-measure Order Accuracy Accuracy Order Separation Separation Order
F-GCL 0.1119 2 0.2532 1 0.2496 1
RNSC 0.1133 1 0.2509 2 0.2329 2
MCL 0.0990 3 0.2230 3 0.2117 3
MCODE 0.0328 4 0.0715 5 0.1101 4
CPM 0.0260 5 0.0838 4 0.093 4 5
Table 5 Results on Ito Data Set
RS IMoHBEELHRER
Algorithm F-measure F-measure Order Accuracy Accuracy Order Separation Separation Order
F-GCL 0.0884 3 0.2788 2 0.2196 1
RNSC 0.0985 2 0.3226 1 0.1992 2
MCL 0.1084 1 0.2391 3 0.1586 3
MCODE 0.0087 5 0. 0669 5 0.0853 5
CPM 0.0370 1 0.1498 1 0.1404 1
Table 6 Results on Ho Data Set
6 HoHBEXKRHER
Algorithm F-measure F-measure Order Accuracy Accuracy Order Separation Separation Order
F-GCL 0.1406 2 0.2964 2 0.2610 1
RNSC 0.1539 1 0.3031 1 0.2310 2
MCL 0.1016 4 0.2641 3 0.2069 3
MCODE 0.0174 5 0.0911 5 0.106 6 5
CPM 0.1142 3 0.2140 4 0.1312 4
Table 7 Results on Gavin02 Data Set
F7 Gavin02 HIEEIWHER
Algorithm F-measure F-measure Order Accuracy Accuracy Order Separation Separation Order
F-GCL 0.3902 1 0.4535 1 0.3571 1
RNSC 0.2460 3 0.4088 3 0.2529 3
MCL 0.3379 2 0.4208 2 0. 3000 2
MCODE 0.0896 ) 0.1624 5 0.2391 4
CPM 0.2259 4 0.3069 4 0.1179 5
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Table 8 Results on Gavin06 Data Set
# 8 Gavin06 HIEELWER

Algorithm F-measure F-measure Order Accuracy Accuracy Order Separation Separation Order

F-GCL 0.3575 1 0.4474 3 0.3142 3

RNSC 0.2577 4 0.4624 2 0.2751 4

MCL 0.2975 2 0.4711 1 0.3195 1
MCODE 0.2749 3 0.2969 5 0.3165 2

CPM 0.1854 5 0.4127 4 0.0997 5

Table 9 Results on Kragan Data Set
*9 Kragan H{IFELWHER

Algorithm F-measure F-measure Order Accuracy Accuracy Order Separation Separation Order

F-GCL 0.2297 2 0.4419 2 0.2655 1

RNSC 0.1808 4 0.4819 1 0.2470 4

MCL 0.2120 3 0.4382 3 0.2546 2
MCODE 0.1725 ) 0.2790 5 0.2494 3

CPM 0.2991 1 0.3872 4 0.1257 5

Table 10 Average Order of Algorithms on F-measure ,
Accuracy,Separation

% 10 &Rk Fmeasure ,Accuracy,Separation £ FEHHE &

Average Order

Algorithm
F-measure Accuracy Separation
F-GCL 1 2 1
RNSC 2 1 3
MCL 2 3 2
MCODE 5 5 4
CPM 4 4 5

25 BT AR SO Y F-GCL 303k BE ) LUK —
ARG 43 BN A 8] 1) 2 DT B L W) I fiE
il PPT W 48 A2 78 0 /N LSS R B8 9% &2 5 1K, Bk
BATSHEUD HAE R IR B b o5 R TR E
PR AT DA % B0 PPT 2% v () 238 1 L &2 & 1. 1k
S0 AE Frmeasure , Accuracy, Separation =4~ 4t it
fE bR b B PEAl 2 B0 AT B T fE.

4 HERIE

EL A 11 56 11 ] 43 S0 AL B 1 T R A ARG DU TR 2R
BB MCL,RNSC Z5) ., R fig 4k 3 PP [ 2%
FEAE R TR 25 % 5 T 2 T 9% B 9 B2 A AR A T 9k Cn
MCODE, CPM 4§) il 5 T 3 4 W 2% [&] o i) 4 %%
B A G /N AR R % 7% . 2 B o ik IR DA
VA 8 [A] B 4k 3 S K DL SN R AR R % . AR

SCHRE A TR A LA PPT N 2% v B A R ARG T 4K
BB F-GCL, TR AR J5E hh 19 25 45 48 14 155 D0 &
A LA & B PPT W 25 vp it o 25 e W) I 55 46 1 5
V0] 4 T S5 A D A T A A ol R0 2% A % 0 4R
oA i A 0 T A3t T DA SR A B 3 Y U
553 DT E % R 531 I 28 P A7 A6 1) /N IUASE A 8 4 52
Bk LLMIPS Ry & K 2 AT 3 A Geit iR b
F-measure , Accuracy, Separation | ¥ ZBE %5
RNSC,MCL,MCODE,CPM B f7 b i £ W . F-
GCL 1£ 6 /N [] PPT AR 4R BRI T84y PERE.

PPT [ 45 rh i) 25 11 552 5 1A BRAT Bl T 4 Jd o
DI fE I B K #E— 2543 B R AE MR B A — A
RO, B R R AT S 07 T T o B A K
i B2 4L T 7 0 S A BB B A 4 RN T AR
5 An e fe AT 3R SIS B 1k BB 0 3 N R MR B 3 7S
P 28 o — N B PR A 5 A BE XS SR 2 M 48 R 2R v A
TE AR 32 i 4SS B R 28 LA B ) DL e T
Bt AR EEOCE B R T A A SR R HE B A
Z I 24 1) 3 — 20 43 A () ) R e A T T & A Y OF
Wi 7 ALK X P R 2R Bk AT A 5 AR .

& % x Wt
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