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Construction of Multi-relation Protein Networks and Its Application

HU Sai’ XIONG Hui-Jun' LI Xue-Yong® ZHAO Bi-Hai' NI Wen-Yin' YANG Pin-Hong? LIU Zhen®

Abstract Considering the different influences of different types of interactions in protein function prediction, we con-
struct a multi-relation interaction network by integrating protein-protein interaction (PPI) network and proteins’ domain
information and provide different priorities for different types of interactions. We propose a protein function prediction
method, named functions prediction based on multi-relation networks (FPM) to infer protein functions. Given an unan-
notated protein, all interactions with highest priority associated with the protein are visited to form a candidate neighbor
nodes set. Finally, we sort all functions of the neighbor nodes and select part of them to predict an unknown protein.
Comparson with other methods show that our method outperforms other function prediction methods.
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Fig.1 An example of multi-relational network
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Fig.2 Reconstructed multi-relational network
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Fig.3 Reconstructed network using current algorithms
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=0 A04 1407, 801, 1118, 1626 1 566 . FPM
()78 7% 25 U # L Zhang, DCS fil PON 23514
BT 75.66 %, 25.85 % Fil 148.59 %.

ME 6 FRaf LA, FPM AT 5 10k = v
(Specificity), XE KA FPM & k000 1 1) g8
B (MRS THEEAT & LL @l b, MU E (Sensi-
tivity) J7 i, FPM Lt Zhang., DCS 1 PON 43
e T 73.65%, 22.54 % M1 173.46 %. X UL,
FU X = b 8 3L 1) ) 8 T 470, FPML S0L4E A3
DI 1 fie LG A R B T e e R B 2 1 B
FPM 5L BUE AL T NC. X 2K N, FPM A
TEFE T HE A4S 5 AT 0356 43 Th B8 vE R D) e AR A B
J, 10 NC 5 v 02 K 48 Ja 1) B 47 2 e 4 3B W 7 45
TR A . HE, XSRS 2 NC 7k
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measure 435/t Zhang. DCS. NC Fl PON 43l
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Fig.6 Overall performance comparison of

various algorithms
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Fig.7 Comparison of average F_measure of various

algorithms under different K values

#£ 1 Krogan HHEEITLER

Table 1  Results on Krogan dataset
ik R U F_measure
FPM 0.317 0.342 0.329
Zhang 0.193 0.188 0.191
DCS 0.290 0.288 0.289
NC 0.120 0.421 0.186
PON 0.122 0.113 0.117

2 TIRELEHURME R PS5 R 5

Table 2  The influence of function selection strategy
Ty REk U g Sp Sn F_measure
T2 25 0.331 0.373 0.350
5T NC Jjik 0.193 0.546 0.315

M 2 B CUE K AT 1 2 fig 32 B SR
AR UBPE L, (R R R R 2R VAN FE AR
F_measure B WA T5E T 0 2% 45 /45 5L 1K D ek B
TR SEus 2k WAGUE T % 5 A Rk

AL, FPM B2 A [R) 2 R i AH B A 1
EAFPARALN T, B2 KR MWL if A 2 A
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Table 3  The influence of priority

A Lo Sp Sn F_measure
g A, 0.331 0.373 0.350
DIP JLEAR f 0.274 0.308 0.290
WEAREAERH 0120 0.493 0.193
LAk 0.317 0.342 0.329
Krogan LA 0.280 0.290 0.285
WA AR 0.128 0.432 0.197

M 3 ] DU Y, 7 SRV A S e A () 1 1
#LF, DIP #daded, KM IL g s o6 7 2L mi
¥ F_measure 43 i) bt 52400 f 056 F1 ) BEAH BAF
FOCSEmI R X$e s T 20.69 % 1 81.35 %; Krogan
B AR AH N 3 = Le o 15.4% 167 %. AT
UE TR I BB A BAE RO B A a5k,

4 it

FAAE R EARER I E A i, FAH AT K
EREARFRPERERITE. il gaX A s, BLAT Dhhe
T vk G PPT W4 M2 Tt A=) (s U, 4
e D) RE TGN AR HE A R NI PE RS RN 22 e A ME A,
] AR ELAR 2215 2 FEAE. AR IA
A FIAE D REFITI w4 45 T A AN AR TR].L 3 5 O 22 Fol
FHEAEHS, BRERE NS ) Sh AR, (H RT3 1
EFHPEh RE M. ASCIRYE PPT 2% (141 41 451k
AN ) G A0 A5 R A 3G B AT 2 0 R I B A A
HAEIRZE, I AR S AL A EAR TR T A [
A, I TG 2 R ARE AL, A
— 408 FPM 8 AR RETIN U5 3%, Tl X b
FPM 75 A A 28 i 1) 8 11 52 B RE TR0 535 (1 1k
fE, B T 22 0 R B UM 2% (K AT 21
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