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Modular neural network in prediction of protein function
Doosung Hwang"

ABSTRACT

The prediction of protein function basically make use of a protein—protein interaction map based on the concept of guilt-by-association.
The method however cannot determine the functions of proteins in case that the target protein does not interact with proteins with known
functions directly. This paper studies protein function prediction considering the given problem as a K-class classification problem and
proposes a predictive approach utilizing a modular neural network. The proposed method uses interaction data and protein related attributes
as well. The experimental results demonstrate that the proposed approach can predict the functional roles of Yeast proteins whose
interaction knowledge is not known and shows better performance than the graph-based models that use protein interaction data.

Key Words : Modular Neural Network, Multi-class Classification, Proteomics, Protein Function Prediction
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9ld 75 dF9 §&oA Algste dlolHe FHd
= ©UAE wE AR A G(sequence) EAY
(phenotype), ©¥d WE] Z(protein motif), 32+ ©Ma +
Z(structure) @ @d-guld Asag dolg Fo] yrh
guzs wd FAAdA] ME FAM(sequence sim-
ilarity) 2 A€ EE Z(sequence motif)] 354 (homology)
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& %%g iy 75 & BANA 7 7T
@ A1 7 9 modular neural network)
& FAs dnEFE ARG, g
3 713‘5 3—}% delezt Kol 32 dolge HF
Ci=1,2,. . K) .28 E TARD w zZ} A4 7T Mol &%
dolHe o3 2ol G ¢ 9 Aol

ar=a

C U{C CﬁC}]#z

98l 7le g5 A% d9NET Mo g% deolH
711G 16719 &ol7t dAE W, 945 s <xg
T2 U BETE EHAE AFH g Holes B F
29 dhgo] Wi LAFA Foh wekd g dlolEst
FEY Zdas sG] & HA Yol Uvtd o] 9
S FA doi6l g4iHoz gF EF EAd dg oy
AL S 8% wE one-against-the-rest Y& Al S
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SMOTE(Synthetic Minority Over-sampling Techniques,
(17) A& 71¥9E& |83t NZL gt dolgE %
dlolEl7d #58 Felzd F7F AA B2/ M9 g%
YAzl SMOTE 7I1¥E HelHe F71 d& Fgxe
o] B} 2 nearest neighbor F&-& AMgsld dolg& A
F oot 22 Y FE Hile NZ L g dolHE ‘%“J
A1t}
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& BAh 971X Sample(E, )= s&HlolE Eoll )
o A &g dle]E]E SMOTE 78S |43t M7=
ot 93T M S5E g dolH EE F1
¥ SMOTE HEYE ol&3le] A gz do]HE oy
F7 AL FYid M2 o S5A00 E(=EUE)
o] FH] Al (x,)EE, 281 (x,0)EE 2 x= &< v
3= 3% dolEr} 9o B =Ry g,

@A 7T d3eA 9 HIPEE o843 K9
Z2-class A7 AL dAE g WE EAE g8 =
2 dojg #4, g2 #2 ¥ one-against-the-rest ¥4
o K7/ g dloly FH), dolH YW ¥ mPF
(cross—validation)& 91¢+ dlo|g FH], Fala BR79 &
F 9 wAdS, v go R HAEGAZ AEsigr)
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Build__Modular_ Network( TrainSet, K, a )
// TrainSet = 8% ®HolH (x,0) A% x= 4 dolgo|H
t={1,... K} =
// K& 3929 F 5
// @= subordinate classoll th3F SWAEH H| S
for k=1,2,3....K do
1. Prepare the training data Ej for classifier M
e add (x,I) to Ey' if (x,k) € TrainSet and =k
e add (x,0) to Ex if (x,k) & TrainSet and t=k
* delete (x,0) from if (x,)EE;" and (x0)E Ey
2. Oversample a set of synthetic data from the subordinate
class
o if [E'l < [Exf then add Sample(Fy', axIE') to B
« if |[E| < |E¢t then add Sample(Ey, ax|E]) to E
. update Ey = Ek+ U Ek+
3. learn a modular neural network My
» construct My with hidden neurons
* train M with Ex
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(E 2y B AZE2ke] KDD Cup HIOIE{OIAM HIAE Zxt

A& 1 2 3
(%) 9.7 91.2 91.4
CV(%) 91.8 91.1 87.3
B 2~ E(%) 87.3 87.0 878

T(expression correlation) @lo|E]E o]-§3to] g5 HolE
o diide] 7)15& FUbstdch @93 A B, Co 45z
€ (A, B)¢ (B, C) dlolE7} 289 2d 4a#A Fo
0589 a9 (A, OF3AE2 A5 s dia Ad

Yehal g2 Co 71%& “guilt-by-association”o] <&l
F7hsh ot
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ned @9 715 Aol dehbs e 24 2 )
& FE9 19 715 WL 2L 6709 AN Ve
HE dolg AL AAAAAL AR dolEldE= 4719

essential, 24719 @@ Fa A 7149 EEA, 12719 &
%, 641719 REZ, 167}H A gt 71& vlole st
ek F23% dmAe = 35107008, TAE wwEg 7
5 e 4474133 dolejwo]2=2 FE 37
HAE JES wEND. 24 "H2E JFd &3l dolH
£ o2 7 Adde JehdA o, i st dHolEol
T E8EA FEE BAAAAD. 3719 H2E dHely AL

T FYa9 7 10080 =2E 10%9] 9o Mg o]

g, 2% ¥od, 25%9 ©ad deolHE Eﬂéé )=
2 ¥PAZY. g2Ed Yehd dwlde) = 561(ES-1),
5R1(ES-2), 574(ES-3)°]t}.

BA %= logistic & =
£& d4d5 2nEFY g5 £=& 7148 RPROP(resil-
ient backpropagation)e]t}. &8 01, A &5 uESf
£ 20,000, #4 g &9 €WIls 0001, Ad 7MEA H3)
= 509, kA WE S F 2a &2 120]th 5o
Arg® A2"2 IBM PC Pentium I SO0MHzolw =&
dlole] ZEzd digh 2WAEY v &L 100%9 200%=
g7 ey

<E 2>% 13719 @9A y)Fol i @d ANAFD9
KDD Cup dHolEeA 48 AxE woFu o) &g A
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M T8 Original 100% 200%
1 ERsy 99.60£0.10 99.7120.10 99.67+0.06
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5 3 99.70+0.09 99.79:0.06 99.72+0.00
v 96.99:0.83 97.33:0.94 96.82+1.17
3 i 99.70£0.10 99.67+0.12 99.78+0.07
cv 97.712064 98.11:0.69 98 45+0.61
4 e 99.23+0.20 99.59:+0.09 99.80+0.05
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TP TN FP FN | Acc(%)
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