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Abstract

In the field of bioinformatics, the prediction of protein secondary structure is a challenging task,
and it is extremely important for determining the structure and function of proteins. In this paper,
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the generation of adversarial networks and convolutional neural network models are combined
for protein secondary structure prediction. First, the anti-network is generated to extract protein
features. Secondly, the extracted features of the anti-network are combined with the PSSM matrix
as the input of the convolutional neural network to obtain the prediction results. In the test set
CASP9, CASP10, CASP11, CASP12, CB513 and PDB25 obtained 87.06%, 87.24%, 87.31%, 87.39%,
88.13% and 88.93%, which is 3.88%, 4.6%, 7.97%, 5.85%, 5.78%, 4.25% higher than the convolu-
tional neural network alone. The experimental results show that the feature extraction ability of
generating adversarial networks is very significant.
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HEARREENAEMRS T2 —, JUTFHAE M EMENEEAT RO A ANEEEFE AR
SERG  BHF S NAAT (0 B S5 A AR 7S . R T B 5 4 R 1) 4 SRS T T R E I i A A Ak
ek, It HAEADE B+ B[] [2]. BB R TR = a5 R i i) st — 20,
& T AT = S AT EE, B R RS M TR R R, AT DA ERAT] T AR B B A T )
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(I EE T - REE R TR o A2 X BT X 245 T LB IS A= s A0 40 ) 2 2 )R T R8RS R R ke 2 2 T )
FRAE, B HRETIRAIE 5 IR GG 2 A TURFIE RS 2 5 2 N BB R & I 28 R gk AT 3 2RER R &5 M Tl
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B I AR R AR B 1 5 9 T S R e T B 5 A 8L, BT PSI-BLAST A B 4 57 1
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gEME X DSSP [171H 0 & A )\ P25 RL, 4358 H(o 18 0€) BB ¥ ). BT &) GG-1g)iE). 1(5-1%
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k477 5K

AR SR A B BL X 28 AN R 20 X 28 T 2R, 11 R ), o S B AR B, FRIE s E N
13 F1 19 [f375 20 PSSM FFEREAT 205, 192 92 (N Bt . Lo an 0 R 5 1 R
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Figure 1. Protein secondary structure prediction model structure (PSSM stands for protein sequence, GAN stands for gener-
ative countermeasure network, CNN stands for convolution neural network)

1. EERZREMTNRBLZER(PSSM KREZBRFY, GAN RFEMIHMLE, CNN RFRERMZ ML)

2.1. BIEE

ASCRH ASTRAL [18]F1 CullPDB [ 19134 & A/E i A (111255, % Bk ASTRAL 1 CullPDB #i#f
EHPESEAR A 15696 KEE. WERA CASP [20] [21] [22)28%¥E4E, B CASPI,
CASP10, CASPI1 Al CASP12. F&it4F, CB513 [23]F1 PDB25 [24] 585 i AE izt il (it 4, )
WM E AT FEE % 1 iR,

Table 1. Number of protein sequences in test set

= 1. WAKEBRFIIHE

EIGEES EED 2k g=
CASP9 122
CASP10 99
CASPI11 81
CASP12 19
CBS513 513
PDB25 1672

2.2, XM

2014 & Tan Goodfellow #& H A= B X 1 M % (Generative Adversarial Networks) [25], SCHR[14]F13CHR[15]
I A OO 000 28 AT R 25 M MR RS, R 1 AR Ot T 0 2 B R B IR o AR BSORTHE I 2% B 455
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Figure 2. Generative confrontation network model

B 2. &g R

GAN K% 2] Rt 2 D A G Pt R, B D X AN 8 E B BE PSSM #2547 7325, D Al LA )
PR PR A LSO, A R L M D(G(2)) =0, SPESEEERAAINE, W D(x)=1. HHH
XFMESLN, Gt REEA W R B B S S5, 5 A BN EOE e E SR, 815 D ok A
T FLSRIIE A R G AR, BV D(G(z2))=1. G 5 D WX HUd BRI NMEZE, B Mk
PRIAUE N .

mGin mng(D, G) = EX~pdm(X) |:10gD(x):| +E2~pz(x) |:10g<1_D(G(Z))>:| )

Ko, x FOREEIE ERAR, 2 (RS G IOBHLEIR, G(2) % G M ERIEINER, D(x)
FF D R EUSSHOR L B BRI, W T D R, SEAMERESE | BT, 1T D(G(2)) 2 D %
FINT G AR TR R T S OSSR S B LR, DL G A
DGR TTHERIK, KV (D, G) R, FIHFRATE B (MR 5 min . HHIE MR

3%, D(x) NMIZEK, D(G(x)) /N, XV (D, G) 24K, Frbhs{()% T D RUUE KRR
FEARSCAE RO e, AR BINE] G A D %, IR 1 4 10 A RO 478 190 2% (A A 42
WRE 7y, FCMRRE AR RS BRE . G W& Pl BT LR, WS RBCRA ReLU &
B, D MEKRALKN | MERZ, WISRECRA ReLU BRAL. KA Bt 1 M 4 2 BB A RF1E S PSSM
R 45 R P IR P A B 20 I 45 A 2 1 o — s R T
2.3. ERMEM LK
ULAER, BB SR R IRAT IR L2 S S, 0 B R AL B [ 26 AT S BE 27155 0.
HFHBRWEE[8] [13]10 7 C ARSI E AR AT ST, CEERENER, 5ks
IR ZARLL, B RABUEILE AR EERIOR AL 7T LR R S HOIm R T SOE S, B M 2%
R EER A 3 For
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Figure 3. Convolutional neural network model

Bl 3. BRMEMERE

SR BRI I TSR T R, R Rt 44 R (X INE SN 1 2R
TR (025, 72 R AU 55 M ) PO 0 o 5 R i N6 o TS R e FEE L M B, 4>
F =f[ZP;f‘] A +b) ()

A, TR E ReLU, P FoRMAEE 5 E— ZGPIZARIRAER, w258 i ER—DMER
B, k FoRGBRNECE, GRS, b REMES .

WAL R IFASPATAE T3], E IR RO — FARZREI T RAE . WAL= A B (K 25 52 iy
ALYESET R SHup DRI TR, RETH SRR, IF IR B S WA, AP 82 A 42
R, S9N T ERRE. 9T REERCE DU AT ISR, AR T AR RIRR B TR e R S A R

ISR softmax JZAFABRMAEMA I GLZ, ERRKR DT #ERET— R4

JUHHE, it =28 B AR 4451 . Softmax bR EUZ A FHIRGE DhRe KM Uk 3 R R A M 73 2K, 3
Pt fr) = L) e 3)
ZP(x/tj)P(,j) T

j=1 1

~.
I

~.
I

A, P(x/t,) 4G ERMERIIFANR, P(r,) REATSHIHM LI . Softmax HEWH
logistic Sigmoid BRI 2 FHET 28],

3. ERER

AR IESH U T AF 2 Intel(R) Xeon(R) Glod 5118 CPU 2.30GHz, ik £ X
RTX2080Ti, #AF &% N Linux, *H Keras2.3 MA@ AR,

N T VS A SO R B AER 2, RSP ATFIINREE: CASP9. CASP10. CASP11. CASP12. CB513
A1 PDB25 FEATINR, A 7 96 UE A O L 48 A Rk, Ex 3 RER A RT3, ASCRE T
PN F S0 . S0 — & R SRR P 8 A T T 8 (08 5 A T, SIZB8 % 1 SR AR ot
PUIN 8 %o 2R [ 5 B AT R S U 45 B 5 A 22 I 48 AT B 1 R RS T . AR SCR M 3h i 11
A 13 F119, HBARZ B AU KNI SE 43508 11 x 11 x 270, 11 x 11 x 160 (13 & 1 F)A119 x 19 x 290,
16 x 16 x 170 (19 & 1K),
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T B AUEIE AR B A BT 0 2% BREBURRAE R 5, IEACIR B B A IR . BT S & AN
SEEA I E A TS E B EAE, FA ST 5% 13 F1 19 & H R & AR EIE T I0E, S2ih s
e 2 fEE 3 fom.

Table 2. The impact of the number of iterations under 13 windows on accuracy

2. 13 AOTIERORE I EREIFZMN

Iterations CASP9 CASP10 CASP11 CASP12 CB513 PDB25
10 84.4 84.71 84.25 85.04 86.23 86.66
20 84.52 85.26 84.09 84.33 86.24 86.82
30 82.76 85.27 84.58 85.01 86.21 86.72
40 84.4 85.46 84.13 84.33 86.19 86.84
50 84.38 84.60 84.09 83.81 86.30 85.52
60 84.29 84.90 84.36 84.05 86.15 86.80

Table 3. The impact of the number of iterations under 19 windows on accuracy

3. 19 BOTIERORE ERREEZMm

Iterations CASP9 CASP10 CASP11 CASPI12 CB513 PDB25
10 87.06 87.24 87.31 87.39 88.13 88.93
20 86.13 87.05 86.94 86.49 87.75 88.04
30 86.53 86.59 87.24 86.42 87.93 88.61
40 86.63 87.05 87.14 86.70 88.07 88.62
50 86.46 86.75 86.59 86.52 87.94 88.41
60 86.45 87.12 87.27 87.03 87.71 88.49

M 2 e 3 ATLAE , RIS HOY 19 IR AER R A=, UONEE 19 BN P REB A S E L &
FFRRFLAE S, JF HAE BB 2R SO DU 2% A s 55 4000 3 Z RS AR AL 18 n , HERA R BT B
B, AEIEAIRECY 10 T3 g U BLT  45

Table 4. Convolutional neural network prediction accuracy

3 4. ERWEME TN ERER

WEhE N CASP9 CASP10 CASPI11 CASP12 CB513 PDB25
13 82.97 82.15 79.23 79.56 81.21 83.73
19 83.18 82.64 79.34 81.54 82.35 84.68

I 2, 3 MEE 4 HHATRIEERT DU B, AR RO T R BRI AE 5 PSSM AR FERR A, HE(T 3
FE AR REER TN, 5 b S A AR L, TERRE TR S . B A SO AT LA
FEH, A 4 R IE SR BOR: A H A 2L, £ CAS P9, CASP10, CASP11, CASP12, CB513, PDB25
BHEE L HRE T 3.88%, 4.6%, 7.97%, 5.85%, 5.78%, 4.25%. iEW] T A Bkt BT SR AE R B A
LRk .

4. &t

A PR R A TN AR B S I RAT SR SO DA, A 1 AR K S RN 5 A
FEALE o AR A T AR BN I 22 R A 22 I 28 5 R 1R AT 5 19 5 — RS R T, el A O T R 45 4
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