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The prediction of protein secondary structure using auto encoder

ZHANG Shuaiyan, LIU Yihui
(School of Information, Qilu University of Technology, Jinan 250353, China)

Abstract: The secondary structure prediction is the basis of tertiary structure of protein, and the encoding method
has influence on the prediction of secondary structure. A new encoding method composed of radical group encoding
and position-specific scoring matrix( PSSM) is proposed. The radical group encoding contains 42 features, which is
generated according to amino acids composition. A new encoding method was generated by combining the radical
group encoding and the evolution matrix Blosum62. The Bayes classifier and auto encoder are used to predict the
secondary structure for CB513 and 25pdb datasets. According to the comparison of the accuracy, the accuracy of
auto encoder is higher 1.65% than the accuracy of Bayes classifier. In the experiment, the auto encoder extracting
features can achieve higher accuracy.
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Table 1 Short names of amino acids
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Table 2 Information of the radical group without band

1 2 3 1 2 3
1 N,A,C,2HA G 20 B,CG,2CD,HG L
2 N,A,C,B,HA KRG 21 B,CG,CD,2HGRQKE
3 2HN,N,A 2 22 B,CG,SD,2HG M
4 H,N,A A 23  CG,CD1,3HD L
5 A,C,01,02 &k 24 CG,CD2,3HD LI
6 A,C,0 i 25 CG,SD,CE M
7 A,B,3HB A 26 CG,CD,NE1,0E2, Q
8 A,B,CG,2HB 112 27  CG,CD,20E E
9 A,B,0G,2HB S 28 CG,CD,NE,2HD R
10 A,B,SG,2HB C 29 CG,CD,CE,2HD R
11 A,B,2CG,HB VI 30  SD,CE,3HE M
12 A,B,0G1,CG2,HB T 31 CD,NE,CZ,HE R
13 B,CG1,3HG VI 32 CD,CE,NZ,2HE K
14  B,CG2,3HG VT 33 NE,CZ,2NH R
15 B,CG2,CD,2HG 1 34 CE,NZ,3HZ K
16 B,0G1,HG T 35 CZ,NHI,2HH R
17 B,CG,ND1 N 36 CZ,NH2,3HH R
18 B,CG,0D1 D 37 CZ,CH,HH5 Y
19 B,CG,0D2  ND

HAHRR AR ST S IR AR B TR
WHEMR A F g 212 M
R o KAz N
REHHR D it P
BRI E wHEBENE Q
RNER F K= R R
HEm G N S
MR H IR T
SIEER I B v
FuEivy K CER w
SR L it 5 R Y

2 Y 1 RO R R S, 38 37 A, &R
Hh 2 FORSAFER P S A R T AR, Kb 3R
B XN R I IR A RS R 1 A 3 4
iy 1 R LPF WY E.R.K.HMN.D,
Q 55 13 MEFERR . IR A8 E A BUF S A SR
—MREEM, LR R E A BUF S P A IR R
HER .

R3O 1 RRFRAWIRIEM B 5,2 R
INE A XA FEA R A IEIR A TR, 3 FREEAh A
AT 24K

®3 FREHAFBRRK

Table 3 Information of the radical group with band

1 2 3
33 P N,A,C,B,CG,CD,HA,HB1,HB2,HG1,HG2,HD1,HD2
39 H B,CG,CD1,ND2,NE1,CE2,HD1,HEL, HE2

40 T B,CG,CDL,CD2,CEL,CE2,CZ,HD1,HD2,HEL, HE2, HZ
41 W B,CG,CD1,CD2,NEL,CE2,CE3,CZ1,CZ2,CH,HD1, HEL,

HE2,HZ1,HZ2 ,HH
4 Y B,CG,CD1,CD2,CEl,CE2,CZ,0H,HD1,HD2,HEI HE2
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Table 4 the radical group encoding method

HEMR HE P G iy

A

010101100000000000000000000000000000000000
010101010000000000001000000110101011000000
010101010000000010100000000000000000000000
010101010000000001100000000000000000000000

A

R

N

D

C 010101000100000000000000000000000000000000
Q 010101010000000000001000010000000000000000
E 010101010000000000001000001000000000000000
G 100101000000000000000000000000000000000000
H 010101010000000000000000000000000000001000
I 010101000010101000000001000000000000000000
010101010000000000010011000000000000000000
010101010000000000001000000000010100000000
010101010000000000000100100001000000000000
010101010000000000000000000000000000000100
010101010000000000000000000000000000010000
010101001000000000000000000000000000000000
010101000001010100000000000000000000000000
010101010000000000000000000000000000000010

010101010000000000000000000000000000100001
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010101000010110000000000000000000000000000
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Fig.1 The structure of single-layer auto encoder
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Fig.2 The data processing process
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1) FEXF CBS13 BaiF 75050, 4% 513 S8 Mk
HeAudE 84 119 PMEEEMR, MALIHAT 3 P38 IRk,
HAR NGRS 342 B AR, MIRFEAR S A
171 ZE AR, MWshdd D5Ch 13 5, i 2 A 4 i
42 % 13, PSSM it 20 = 13, 2H & A= 5007 1Y 2 i 5
=, Bl 546+260 = 806, W4 A ] 5t 1Y 4 2 o 806 4,
LA DL 2K A B SR 2 R (R S)
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Table 5 The accuracy of Bayes classifier %
% Qs Oc Qg Qy
13 70.56 76.80 56.13 72.32
15 70.85 76.80 56.79 72.70
17 70.95 76.82 56.98 72.84
19 70.94 76.68 57.35 72.76
21 70.98 76.54 57.58 72.94

2) FHHE [ B ARED 5 1 0 A, 6 P 45 ) 15

PSSM 415 T8 B 19 3 19 g 05 50 R AT 3 r 28 LB
Wk, MM BNE o 13 B, PR AR M A ITTiRE
1 500, #2= A g Pk 1 AL R A 4, AR TE Ak R 4L
4 0.06, i EE{E N 0.06,, 73 2 A HRRE ) 2 504 A
1 5004k, SR Ja ik A DLt 2eds b (W 6) .

+R 6 CB513 HEGRME[ER

Table 6 The accuracy of single-layer auto encoder %

F4 Qs Qc Qx Qu
13 71.95 77.20 59.16 73.86
15 71.67 77.07 58.28 73.80
17 71.70 77.89 57.49 73.33
19 71.22 77.89 56.34 72.80
21 71.18 77.07 57.52 72.87

4.1.2 25PDB #IE&ER

1) Xf 25PDB 4l k47 52 46 i, B A 48 1
640 AT A, ST 3 Prag RHIE, 2415 o
FVECH 15 B, B FE AT gm i 2 & 42 = 15, PSSM il
HEFE 20 * 15, 4G4 BT 0 i 5 =X, 4E B2l 630+
300=930 4, W) i A [a] 5 0 4E B Ry 930 4, 25 AN
M g TP AR B R (R 7) .

*R7 25PDB MAHHT4r HKELER

Table 7 The accuracy of Bayes classifier %
IRk Qs Qc Qg Ou

13 71.54 76.84 59.19 73.31

15 71.73 76.81 59.74 73.49

17 71.79 76.75 59.95 73.68

19 71.85 76.66 60.10 73.83

21 71.92 76.80 60.11 73.86

2) HISAJZE B 3 g i g B0 I, ) 56 741 45 15 5
PSSM 41 & 12 nl 9 37 A4 20 05 B4 R A7 3 7 28 LB
IE, BN Z A TTICE N 1500, 42 il Mg 14 1E
WAk R ECh 4 A IENL R BN 0.06 , i B {5
0.06, F+EI AR 1] 1 K5 A 1 5004, SR J5 36 AL
M e (3R 8) .

X8 25PDB BFmMEHIER

Table 8 The accuracy of single-layer auto encoder %

H % Qs Qc Qr Qu
13 73.19 79.26 61.52 73.67
15 73.08 79.04 61.60 73.53
17 73.04 78.33 61.70 74.21
19 72.92 78.21 61.66 74.02
21 72.28 77.86 60.35 73.48
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Fig.3 Histogram of CB513
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