24 6 ( ) Vol. 24 No. 6
2011 12 Journal of Sichuan University of Science & Engineering( Natural Science Edition) Dec. 2011

:16734549(2011) 06-0666-05

( 643000)
5
5
profile
71.
3%
:TP183 tA
profile o
20 1
0 20 H
00000000000000000001 " \
N 00100000000000000000 "
. 1988  Qian  Sejnowski 0
1
6% ° Zhu profile
(4
69.61% ° _
s o profile
) 36 HSSP ( ftp: //ftp. ebi. ac. uk/pub/databases/
matlab hssp/) o 1 Profile
71.3% Seq No AA
20
1
. profile
. Y 20
4 0.010.020.0300.150.020.750000000.01 0.01
o 00000 ",
12011-09-20
(2011JY0051) ; (NJ2010-01)

(19899 ( E-mial) li_linjiang@ 126. com



24 667
1 Profile
SeqNo AA v L 1 M F w Y G A P S T C H R K Q E N D
1 T 0 0 0 0 0 0 0 0 0 0 55 19 0 8 0 0 0 19 0 0
2 Y 1 2 3 0 15 2 75 0 0 0 0 0 0 1 1 0 0 0 0 0
3 T 2 1 0 0 0 0 0 3 2 0 28 32 0 4 9 1 7 2 0
4 T 2 6 4 0 2 0 0 0 2 3 7 46 0 0 3 1 0 3 0
5 R 12 2 4 0 0 0 0 0 3 0 2 0 2 33 9 3 26 0 1
) o
o 5
2.1 ( multi — modal neural net—
( single neural network SNN) works MNN) 1.
LE:D Rk 2 4 3 M4 4 2% 5
—gm || —mms — — g %
0 st {5 7 7 et L0
BOME @ @ T
]
ECRA, RALER
H E
1
BP o 5 wmAR RBRIE HHE
5 ou
H
5
R | (
) /
2.2 it : !
AL E ﬂ ( f
L2 i | \ C\_. E
Heh *
: O_. c
2, D / / /
20 o
profile o
2
“ ” N 13.
. 20 x 13 = 260( )
0 3 ”» N

logsig

26



668 ( ) 2011 12

fosie(n) = - +le‘” () " 100 T RS=0.6-0.4=0.2
3 RS
H 001 " E 010 " C 100 " RS
> AN
2.3
HHHHHHHH .
HHHHHCHH . “ il
RS ( reliability
score) 3 X, X, Xy
RS = max{x, x, x;} - secondmax{x, x, x,}
max{x, x, x,} X, Xy Xy
secondmax{ x, x, x;} X, X, X3 .
RS
RS .
RS 4 profile
RS o profile
Rost  Sander !
o profile
° 01
profile
o 01
3.
0.60.40.1 " 1007
oL = RS 0.2 0.60.40.1 "
: 2 g : 5.
4 A5l 2
3
3
° BP
40 30
2.4
RS
0.60.40.1 " C S

© 1994-2012 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



24 6 669
lazu | 1bbp lebh | 1eeS ledt
lese leca 1fe2 1£d1 1ow0
R 1r09 ltgs 2aat 2cey 2¢gbp
2mev | 2mhu 2rsp | 2stw 2tgp
20 2wrq | 3ebx | 3hmg | 3rnt | depw
S5ldh Bacn Bepp Bhir Trsa
0.1V lern lpyp 2hmz Z2utg Ser2
0.08 H V 2o
H  000000000000000000010.1 ",
V- 001000000000000000000. 08 " . 6
21N,
1.5% 7
o 80
21N + 4N = 325 L I - N
60
40
30
3 20
10 f
R R M3 Mie s RGA
( H.E.C) BO:(%) WHw)  WEG%)
7 ( )
0, =L (i-=HEC (2) 7
n;
D0, i q;
i n, i
o 5
QS °
(au +qx +4q.)
_ \d4m T HE T ) 3
05 N (3) 2,
"N o 2
A Q3( %) H( %) E( %)
1 71.72 63. 81 49. 46
HSSP 3 9 H 2 70. 94 65.53 46. 56
A 3 71.42 67.44 48.35
G.1 H B.E 4 71.54 68.53 47.52
E C 5 71.15 66. 46 45. 86
CB513 36 6 71.03 66. 62 47.11
° 71.3 66. 39 47.47
6, ,
69. 3%
6868 H.E.C 28% 22% ’
49% ¢
profile
1148.
5 o

© 1994-2012 China Academic Journal Electronic Publishing House. All rights reserved.

http://www.cnki.net



670

) 2011 12

1

profile

profile

Qian Ning Sejnowski T J. Predicting the Secondary
Structure of Globular Proteins Using Network Modals

J . Journal of Molecular Biology 1988 202 865-884.
Hanxi Zhu lkuo Yoshihhara Kunihito Yamamori Pre—
diction of Protein Secondary Structure by Multi-Modal
Neural Networks C . Proc. of International Joint Con—
ference on Neural Networks. S. 1. : IEEE Press
2002 280-285.

J . 2010 36(4) :22-24.
Pierre Baldi Soren Brunak
— M . : 2003.
J . 2006 23(10) .
D . : 2005.

B Rost C Sander. Secondary structure prediction of all—
helical proteins in two states J . Protein Engineering
1993 6(8) : 831-836.

M . : 2009.
Kabsch W Sander C. Dictionary of Protein Secondary
Structure: Pattern Recognition of Hydrogen Bonded and
Geometrical eatures J . Bioploymers 1983 22( 12):
2577 2637.

Prediction of Protein Secondary Structure Based on a Multi-modal Integrated Neural Network

LI Lingiang WU Yong—qiang ZENG Hang-in ZHANG Jin-shan
('School of Science Sichuan University of Science & Engineering Zigong 643000 China)

Abstract: In order to improve the prediction accuracy of protein secondary structure a model of multi-modal neural

network integrated of five sub-networks is presented. Prediction comprehensive result of protein secondary structure from 5
sub-networks is got. Each sub-network using neural network classification is divided into twodevel network. The protein se—

quences are encoded as the inputs to the firstdevel networks by using profile encoding which is thought to carry more evolu—

tion information. The outputs of firstdevel networks are secondary structure. Then the outputs of the first-devel networks are

structure can be got by our proposed method at 71. 3% .

encoded as the inputs of the second-evel networks. Meanwhile the sequences are encoded by using improved orthogonal en—
coding as the other part of inputs of seconddevel networks. The outputs of seconddevel networks are also secondary struc—

ture. Different sub-networks are trained solely. The result demonstrates that high prediction accuracy of protein secondary
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