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Abstract Protein complexes are aggregates of protein molecules that play important roles in biological processes.
The systematic analysis of PPI networks can enable a great understanding of cellular organization, processes and
function.Identifying complexes from raw protein protein interactions (PPIs) is an important area of research. Earlier
work has been limited mostly to yeast. Such protein complex identification methods, when applied to large human
PPIs often give poor performance.We introduce a novel method called CFM to detect protein
complexes.Experiments were carried out on the PPI datasets of DIP, Krogan, HPRD and Mouse respectively. MIPS
and PCDq were used as standard complexes of Saccharomyces cerevisiae and human.The results show that
compared with the six classical PPI algorithms of WCOACH, ClusterONE, SPICi, MCL, MCODE and CFinder,The
algorithm is similar to the classical PPI clustering algorithm in Saccharomyces cerevisiae, and the accuracy of
protein complex prediction in human PPI network is higher than the other six algorithms, and the number of protein
complexes predicted in the mouse PPI network is higher than other algorithms, which improves the accuracy of
predicting protein complexes on multi-species PPI networks.In addition, D3 visualization technology was applied to
PPI network visualization field, which provided a beneficial reference for the mining and analysis of biological
network modules.
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WE &aMmEER (PP £/LFHH 2442 v H KAEE XA M. PPL K469 R G AT T LARAT 3L fif
miaB R, dAEFefe. KRBT aREARMEER (PP FERESWA—NEEZNHF TR, BATe
MR IFEERTEEE, SERATRAEALGPPI WA, RaRL6WEN T HEFEAARME, ALK
T CFM #ZA R AN & G 564 . 3 CFM 7% &% %1 /& DIP. Krogan, HPRD #= Mouse # PPI £ #% % L it 1T
T 523, MIPS #= PCDq % Al4E A BRB B B A A X 8947 E 6% . 45 R & 9,48tk WCOACH. ClusterONE.
SPICi. MCL. MCODE #= CFinder 7~ #t 42 3¢ PPI f ik % f 5 A BB BF AN 45 R An 2 0 PPIL R A ik Y
FAAN X PPl MM EZ G R Ao M ELT LA 6 A H A £ DR PPLREAMZORLSMNHEET
HAeH ik, KRBT R&H A S HA PPL W& LN & G R 2o E#HF6 B 6, 5t L4 D3 TTALEA Z A 2| PP
B 2T AAATIR,, A 4 P AL SR B I B A P ATIRAE T B B89 5 F
X#iE ROMMEMERRL, RaRAcH; RE; 16
HEWA: EFREAREES, BRE LM AR RIRI973) .

The National Natural Science Foundation of China (General Program, Key Program, Major Research Plan), The National Basic Research

Program of China (973 Program)
WBEEE: U5 (386839300@qq.com)




i

"5 k B 2016 4

FEESES TP391

FEE BB A AR, A il B A SR BOR AT
Hopegr 4 7 BRI E A FUH BEAE RN, &
[ 5 #H ELAE H (Protein-Protein Interaction, PPI)M 4% /&
sl ol A b 2 RN A BAE R s, k2 54
WG SAL S . BRI RN BEE A SR A An i
JE W A AR A I AR ) &R R S
—HE AR, A B VB AE G T DL
77 AEAE F BLHRAT 558 B AE P 7 D RECT.

A T Z Tk T

1) AT T —Fh I T30 R AR A AR 22 R 1
HEWIEETTIE, WL I3 Hr 8 U LA FH R 28 kA
MESKEAREEY.

2) KT HEAAK IR (GO) M1 E H i [H]
FR 8 SORH LM 2 B 32 B T BU# PP M &%, AT DL il 2>
PPT ¥4 2% 55 K4

3) K D3.js AT AL SR N 2T ) 8 1 A
VEFHIZS b, X PPT 2% A S () &5 B AT A4k,
PUSE 47 1) 77 AR AR 52

4) S FIAS [F) Bt 2R 1 S 56 45 SRR W FRATTIR H i
For il B S B 1 PR S W B AT DA RO IR Y I 4%
HAEEE AR E S .

1 MRIIE

AR, T2 TR HIAL 8 PP I 28 5 A8 Sy 43 #r
AT R 28 I HL I 4w (1) 8 1 9 i e] A E A A
WHFLR I, Fl— & AR A 0 & B R T
FHEAEF, DRI PPT P 4% o (1085 4 X 30T RS2 VB 7E 1
EAHREAY. 2T PPI NI A BUE &4 IR
A DA Bl R T 40 A= 40 5 1 4% A T T 1R A R AE
R H R AE S DhRe . B Ol 2 T
PPI ML IR R B AW TS 5t 5.4
MR N IRECE TR, K50 10 i D 7 [ — AN AR )
G AT = (P ARACLEE , T AN ) 5 R PR 0] 5 22 Tl st
j([S]0

— kUL, K PPI RN, HaTis 2
1B, 9N T 2 ] PR320 8 7 3 19 o B 1 2 2 T ) A
HAER, %EEORE SRR TR PR E%.
X MR R FEN BB TE PPI /A 2% rp 8 31 25 4 i %
X3k 25 R ILHT B R AWkl S T IR
HIRE AW, 2 RN RRR T A RR 7% 6,
MCODE & i 18 5 A B PPT WX 4% A 1) 1o i 322 3 [X 3
R ILE A AW . MCLBLE T & s L 74 i 5
WA E AR E A% . CFinder® Mg H clique & 27
KA E AW . SPICI IR F 4L FE 40 & T ik Al & (1
JREEY), ClusterONE!2ME A R SkFHEATRE

“W). fiLH COACH Myt iiA WCOACH!L, 7
T EJUEF, GO R A T3 5 & 4% Tl i e
. REFUZEAREAMINTTE, HRDHETT
TEAE N AR AT I o 06— e P A 7 V2 ) 5k
WE TR, XEET ik R B TR AR A . DR
WAL B — PP RR N [FIFEE F T 2 M R SR 7%

ASCHE B T P MR AR A AR ) 2 R R AL A 1)
farill 5 i B ST, AT LA T R B, I
H AT DAFE R A PPI I 45 1H1 D REAR HR B B 2544« AR ST
 ZH F-measure f#EFT Accury FrifEXT CFM & i
R EYR N EEAT R VRAL, B 2 A4
AT GO TIReE &£ 1T

2 PP M4 nBLE T B AN E SCARLRE B & X

FEART R, FRATEEAGINAE T B AHE
ABLBE 2H A 1 7 VETE S WA TR I 2 R I RE A . 3
H, 2.0 WA T BB R . 2.2 WHER T A
BJT GO S5 MR B 1 5t 2 [0 (19 338 SORH AL B8 115
AN AHEAE R AL
2.1 EARENX

BE—N5 PPIINGEXNME G= (V, E),
hVRE—HEAR, ERX—HLE, 152K
—HTHE, X E SRR SR EST .

E X 1T v BIFRIRFF N i, B G AR T AT
(11 W3 £ WL HE AT AR RN Vie BATTAT LA NW (v0,G)
E NN

NW(VO,G)Ziw(vo,vi),(vo,vi)EE €))
i=1

SE 2 G SCARALURE ) 1 JoORS 2 1) (1 3 SCAR A
P (vivy) U RLZE (GO cdle ) P 5 22 SRR & (GO
ARAE) A APESS H -

semsim(v;,v,) = sim(GOterms,, GOterms ;) ~ (2)

BN 3 REXIZAKREE) XA bR & 12 4 X 4k
HRpUIEE i g8

EX. = 3)

BN 4 GEXIEIKE ZR) XA febrEE 1) 24
X AR E .
DE(i):EXCﬁm—EXC 4)

FEXS (BREHHEE) BEMATE ufly, ik
NBu 2T 5w (04038, 1E NBy 52 10 5 (483, ik NOuy




it E OB R 5 kOB

2 u Ay (R4 B H RS
INB, "NB, |
INB, UNB,|-2
FE S 6 WAL w ATV AL v BT B IOA & T B R
Duw - (NWu+ NWv) x NOw + 6

NOuv = Q)

(6)
Duy 7] DI &0 B 55 A AR . ST u
FITHS, v ASAHAR % NOuv N 0, Duv=0, o7 i
WHHISE, ETABRIEATE 6=0.01.
2.2 BF GO MR ER R Z EHE X HNEE
GO £ #% 2 HH GO ARG S H G R . GO Rifisr A
=AM EYERE (BP) L AT IhEE (MF) FI4HA AR
g5 (CCY o FANEERBUE AR 2| — N EE A 60
ANif, HHBNARESE RICHE (DAG) Z5H i
—ANEEZANHANARIEAN S RIESZIGWEE, L&+
(AR R AT ) T R PRI R AR 2= T RE, BRI R ATIAE
FH GO ¥ & Sk il & 1 0 2 1 93 2 TA) A EL A FH 1 vl &
PEo FEARSCH, B A O 2 8] 1S ORI E R Lin
J5i% (GraSM) v LAASUET PPT 4

3ET CFM R LITRE

FEAT R, FATHEA A 4 ] T 5T BEAZ K
B, PLK CRM BESRGNEA M 2T e

CEM JTE LB R AT, B 5eTHAEE A B
HAFRIMS A E TR TR, I H RN
AICRX L TR E TSR B ibYIan R
), R IERE TSR P E TR KK ETIEA
ATV E T TR RN R . ERRE
JFidREr, B G E SRS, 3P 855 11
Rve MR L . 1 B BIME Y 0.6, JHIL SRR
AR BRMEBCE N 0.3 BOME . —Hile 7 &XmA
ST BURT DAERT Y 5 ve RSN TN BE LA — MR
GFRIESE, AR R R A S MRS T R va AT v
MR A WA B ATRAEE KA, A
AW AT B K I T RN, 4kEk 4R [R] 2 AT
AP ERR IR A B BRI TR AT R, &
HIXAARE, ERBCA AR R 2 XA AT, it
Z1—ANH A XA g Akl o oK 1. 3R EIR T Sk
A FETR BT R 2> BRI SR . ELB) T 5
RPAHAETERTETERIE f K8 TAE, 5K
FEHRIANBHNTZH 0. ZTH o JEZRE
[VIFHERR R SR 5 CFM IRAETIUE S & 5 $
I e P AL 1 R B A A IR AR . ), CFM i
AL T =R E AR R T4 ERE 91

EHRE A,
Sk 1 PRE T BT ERHE DR,

BHFERHE
BN Jola) A B d U ELAE F R 2%
ft: ABEER
@ For all vi€ V DO
@  NWi=NW(viGn);/Gni N vi AT JE B
® For all &, €E DO
@ W(Vy,Vv) =Duy;
® Return Adjacency list
B 2 BRI TR B R B SR IR

CFM Sk 1y s

B JC IR A B A A R X 2%
1 while BDy 2 fand nl =2 w do

2 if u€ NL and v € NL then

3 CGi—{uv}

4  Ec PRE < the Expansion degree of C; .

5  calculate the NBci of Ci; BV < null.

6 if {NBc-BVc}=Null

7 if  GOsim>n, then

8 add C; to CF; i ++; goto step2.

9 else

10 find the nearest vertex nv from {NBci - BVcj

based on backbone degree, add vertice nv to Ci,
calculate the Expansion degree of C; and note it as

Ec cur

11 if (chcur - EcﬁpRE < 0), then

12 remove vertice nv from NL and add vertice
nv to G;,

13 goto stepl1.

14 else delete vertice nv from C;, add vertice nv
to BV,

15 if{NBc - BVc}= Null

16 if  GOsim>n, then

17 add C; to CF; i ++, goto step2

18 else

19 goto stepl1.

20 end if

21 end if

22 end if

23 else

24 goto step2;

25 end if

26 end while

27 Collect all vertices that divided into no community

or




several communities.
28 return CF.
29 end
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Fig. 1 Change of accuracy under different parameters of CFM.
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Fig. 2 MIPS labeled krogan PPI network.
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Fig. 3 The visualization of six subgraphs that belong to the

protein=protein interaction network.
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Table 1 Comparison of prediction results of clustering algorithms
R 1 BRREETG R
HiEE CAPS HEWAE F-measure Accuracy CS
CFm 762 0. 40 0. 46 0.92
DIP WCOACH 648 0.41 0. 40 0.89
ClusterONE 895 0. 36 0.45 0.79
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SPICi 219 0.41 0.38 0.90

MCODE 26 0.23 0.21 0.99

MCL 238 0.23 0.30 0. 60

CFinder 243 0.29 0. 36 0.59

CFM 452 0.42 0.43 0. 86

WCOACH 638 0. 36 0. 36 0.79
ClusterONE 523 0.33 0. 44 0.69

Krogan SPICi 133 0.41 0. 40 0.82
MCODE 91 0. 34 0.32 0.93

MCL 376 0.33 0. 44 0. 60

CFinder 115 0.33 0.37 0.75

CFM 1860 0.29 0.29 0. 96

WCOACH 1674 0.17 0.21 0. 87
ClusterONE 1643 0.23 0.23 0.82

HPRD SPICi 853 0.28 0.24 0.76
MCODE 26 0.16 0.17 0.98

MCL 739 0.21 0.22 0.90

CFinder 414 0.18 0.28 0.69
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Table 2 Comparison of prediction results of clustering algorithms
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Fig. 4 Evaluation of accuracy
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