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Abstract

Protein secondary structure is the basis for studying protein tertiary structure and drug design,
because the 8-state protein secondary structure can provide sufficient protein information for
this. Therefore, this paper proposes a method for predicting the 8-state secondary structure of
proteins based on Wasserstein generative adversarial network (WGAN) and residual network
(ResNet). This method first extracts protein features by Wasserstein generative adversarial net-
work (WGAN), combines them with PSSM to form a new feature set, and then inputs the new fea-
ture set to the residual network (ResNet) prediction and obtains the final result. After experi-
ments, the Q8 prediction accuracy of this method in the test set CASP10-14 and CB513 was
73.21%, 72.43%, 71.67%, 69.83%, 70.17% and 73.89%, respectively. Experiments show that the
Wasserstein generative adversarial network (WGAN) has excellent feature extraction ability, and
ResNet can effectively train the deep network structure, thereby improving the prediction accu-
racy of protein secondary structure.

Keywords

Wasserstein Generative Adversarial Network, Residual Network, Protein Secondary Structure
Prediction

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

HERERNMPAEGES P RIEEREEZEZNER, BEREMARE S1E 5. A D)
REBR T HANF R Zirt . R, Dy 7SS s E SR DO RE R IT ARG N H 5 B0 A 1 0T 10 25 ) 2047 Tt
R R R 2 I T R BRR L I R A AR 5, il bh 8 IR, B o8B i€ (H)
310-M80E(G)s -2 HE(D) FrZ(E)s 75 B MB) FM(T). Zh(S)MIEAh(C) [1][2] [3].

1990 4£4%, Burkhard Rost F1 Chris Sander T U3 #4128 WX 458 Tl &5 11 53 1 R &5 04 [ 4]0 107 VRTERL
P S 5 SR 1) B I, AR 7E B 1 i 45 A T SRR A TR A« B SRR ZH 11 Rl (Human Genome Project,
HGP) [5]” WRTIT, brEEEREmAR AR 2k, &aREdE S E W 2EEEK. TR,
FE RSB AT, AGLHSZIR I e 5 vk 0 IR 2 H s K i 8 A R S M B b 5ok . IRk, B A RS
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SEEG, AT DA AN O O I TSR A TR AR
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SCHR[8TBCTE 17— B B AR B R A5 A0 IR a6 N\ 2H RS oy B Bkl 0 m B  PUARRAIE 207 WA FH B AR 4
25 R ZE M EE I E G R4 22 00 % T R L5 B IR VE A o SBR[ )5 FH B 4148 2 ff 2 1 o Hh AR R ) il
THRBAEEE, SNER RN — DA RIEE, 76 CASP R4 FHUSE T REFIIZE R . SCHR[1014E H
# self-attention L5 Deep Inception-Inside-Inception (Deep3T)MIZ&AHEE &, il id Interaction HREEA[FIFE
BHRFEIR M HFRIE . SCER[1 13—~ 1D-Convnet F1NMCHE G IR 4022 48 AR HOAR Y, 1% 4% B
SOk (AR AR Ak 2%, 7E CBS513 Al CullPDB & SEEL T R 4T (1) T RS 2

2. SLEIRE S SRR

R T —Fh I T Wasserstein 42 B0 PT 4% (WGAN) FlG 7 R 4% (ResNet) 1 8 R85 Al 2450
TR 77, BRI 1 el WGAN $2HUE AR IRHIE S B, AR5 R IX L5 B 5 B A RHIE (S B A B 4
FPEVE - AERE(PSSM) [12]4HE5 &, AL E R R VT 70 6 FE(PSSM) A2 — Bl 2 A% FH IARFAEAS S . PSSM 238
i NR HHfs e B A BRI 2 7 4 ST, K PSI-BLAST [13]Z 30 & BN 0.001 1 3 JOEARAERY, H
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THFEEMNEARE BRI RN . 46 ERFEE SN ResNet FI AL, 22k
WL ZRAN 2 2], I A BT 25 R

2.1. Wasserstein 4 3 4%

A AT 2% (GAN)H  Tan Goodfellow £ 2014 -4 H[14], T 12 M T BUER 2 M AIFFESE L 15]
[16] [17], FHHAEIHA RIFHMTERE. GAN HMHH, A RAGHEREED). G did > 7S
P ATRAAE AL AR AR A, 170 D IS AR 1) E S AT W AP 4y . (H2, T GAN
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PR AT DA I R, AR s T DA B AN A 2 T B RE RS, B A A AT H & . WGAN X GAN
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min; max, (D,G) = E b [logD(x)]+EZNPZ(X) [log(l—D(G(z)))] (1)
TEIX R, x Az AR E S HR ABEHLEE, G G AERBIBEEE, DR B 275 HLn
MEZE . WGAN ¥ WGAN ZALAG T H bR () 7 AR5 SB—3 0 AR EE G e, St fiik D,
ARDEEFRNAKQ2), HAK) M v MERIER, FTRSERAARQB): 2 R4lEE D, il
G i, WAR) AT LS Ni/ME, BIAR@IER, Z D MSEA R —/NE e w5, R &2
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max, E, , [log D(x)]+E,_, [log(1-D(x))] )
min,—E, , [log D(x)]-E, , [log(1-D(x))] ®)

ming £,_, [log(1-D(x))] @
L=E, ,[D(x)]-E, , [log(D(x))] ©)

EZTTEA, BATE e NFEALEIEF PSSM, 438 G AW ) S AW B, PSSM FF 42 il —
Y5 PSSM “HIML” HIREIEHE, D ML AT 1Ty, M N, SRBi% G M4%, G
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Figure 1. WGAN’s workflow
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Figure 2. The structure of residual learning
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HAFERIIETE ResNet 1, SRHEEINRIE— 0, HEEZEIN—M, DMREFMSZEE 5
AN, EIZIL 8 ResNet-N SRTRIEE A 8 & —Z4ii. N 2 EARPUER NS 2, s
R, SRR . RATEREN 10, 18 F1 34 HEBGXE HLKAA, ResNet-10. ResNet-18
F1 ResNet-34 M58 43 W% 1 fis.

Table 1. System resulting data of standard experiment

F 1. ERERREREE

ResNet-10 ResNet-18 ResNet-34
Conv_first 7 % 7,64, stride 2
Max_pooling 7 x 1, stride 2
3x3,64 3x3,64 3x3,64
Block-1 x2 x2 x3
3x3,64 3x3,64 3x3,64
3x3,128 [3%3,128 [3%3,128]
Block-2 x2 x2 x4
3x3,128 |3x3,128 | 3x3,128 ]
[3x3,256 [3x3,256]
Block-3 / x2 x 6
| 3x3,256 | 3x3,256 |
[3%3,512 [3%3,512]
Block-4 / x 2 x3
[3x3,512 |3x3,512

Average pool, fully connected, softmax
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FATR M F ARG R I E] 3 o, AT LA HHERATT A I 450 2 52730 WGAN Al ResNet P/ M,
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HF G M REIARREIR 2, O8 TR S, FATHEAH Dropout. ResNet Fl R FBEFAESE ORI 1.
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Figure 3. Network structure based on WGAN and ResNet
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2.5. SCIEHESE

A S FR A A 2 B A SRR AR R CullPDB 2018442 F0 CASP [21] [22] [23] [24] [25]%k#E 4
CASP10. CASP11. CASPI2. CASP13. CASP14 1 CB513 [26]¥E4E, &A1 & HBHE A LE N T
25%. ASCEFREENEEREEELE CullPDB /E A5, A 11,650 MEEFR. HEETHEERF
FIBE IR 2 Fios.

Table 2. The number of proteins in the dataset

* 2. BIRETEARNEKE

e wEHRHE
CullPDB 11,650
CASP10 99
CASP11 81
CASPI2 19
CASP13 22
CASP14 24

CB513 513

3. KREREEHIH

BAHESLIG R AR T A S B AR I AR (I m, 2 BRATAEE T WGAN A A= sl gs A 51
PEAEREL, FEHAENREE CASP11-14 EINR T Hobt WGAN BV AL, Hrd G Mg b B E %
WEN3, BIRESEDNN3 %<3 %64, 3x3x128 F13 %3 x256, ANFIETHSZESERE 4 Fis.
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Figure 4. Q8 accuracy at different iterations
B 4. TEIERRETH Q8 A
RN, HIEARIKECR 20 JTIRES, BOREGF, BTG SREURRHFIE R ELSEA 2. BId 20 2 5 0ER
LU, D W T A ol JOSEVE T RE ) T B, BAURAIE 5 OSSR IR Z RO sbAh, v 7 Ik 3 1
KERT LB MG, FATERE T 13 15, 17, 19 F1 21 P47 Q8 T, skibsh Rindk 3 fiw, K
BN E Y 19 I, SLEG S5 R T
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Table 3. Q8 accuracy at different sliding windows

3. TRIBHEOTH Q8 HE

WahE DK R CASPI1 CASP12 CASP13 CASP14
13 73.47 68.16 65.88 65.20
15 68.09 69.27 66.67 67.41
17 71.66 70.24 68.18 69.13
19 72.43 71.56 69.83 70.17
21 70.29 70.41 68.42 68.94

FEFIAS R 28 250 ResNet, FRATTNS CASP11-14 BT IR, 33 7l 5 Prsiiseinss R, wLUE
WG-Res-18 [R5 EE IR, BKIOA WG BE4EEEAN R, R HORIRI, HaSdE~ B0k, A TBUEE TR,

Q8 ACCURACY

M WG-Res-10 M WG-Res-18 1 WG-Res-34

72.43
72.08
71.67

< 3
@ —
— ~
=
N ~
g 2 2
B s B
CASP11 CASP12 CASP13 CASP14

Figure 5. Q8 accuracy at different residual network depth models

Bl 5. TRIZEMGRERE T Q8

FRATI T T R SRR R AR B AN SR I B B . FRATTH DU I £8 BT X CASP11-14 #E47 T, 5246
SR N7 4 Fios. Hf WGAN + ResNet & A2 H IR, WGAN + CNN 2 WGAN HiI CNN 455 11
W2 AR, i N A R PR 3G 58 J5 T Ed . NN ISR S5 R 3 MERUE, REN 3 x 3 x 64,
3 x3x 128 f13 x 3 x256. ResNet s T it f£ ResNet-18 15k Z MR, CNN i F 12 3 EERML
RRZ%, 45K 3 x 3 x 64 3 x 3 x 128 F1 3 x 3 x 256, ResNet £l CNN F#i AHE & PSSM. @it %) L2
SRS AT UE 5 CNN AHEL, ResNet iR UIZRSem 1 TIKS B2 WGAN Xf PSSM ) R 46 245
HBEAT T RHESR ORISR AE RS 0, 4 v 1 8 o G M U v

Table 4. Q8 accuracy at different methods
F 4. TEBETH 8 STUNEE

WaRrS CASP11 CASP12 CASP13 CASP14
WGAN + ResNet 73.43 73.67 71.83 72.17
WGAN + CNN 71.47 71.79 68.33 68.24
ResNet 69.76 68.84 66.57 67.19
CNN 66.62 66.29 64.69 66.71
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B 0T R A R PN 2 A TR AR 2R B 11 0T 22 A4 D) R R 2 ) 5 4 1R B 22 A o AR S TRF
Wasserstein 2 S0 UM 28 Flsk 2= M 28 AHZE &, TN B 8 S R4 . HIEHMMH WGAN ki
PSSM $i i H U AUAFAE, b G F1 D AR BLES B AR s 2 I 28 i B, SR 5K PSSM 51 B Re fiE 4
G SHTRHERE R, MRS A S RS N E ARG R, U5 R AN 2 R 5k 2E )
NGk, FRZE MR DL GRS IR IZ IR N 28 S5 1), DASRAS SE AR i Il 45 R . 200 JRATT I S B4 B
Wasserstein A= B0 000 26 BA BRI RFESRIRE 77, BRZE M 28 i n] DUSE ar bl Skt , 1077 TR B
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WMEEINZSEE R, IR RS AE N N, XA SRR H R T — M. 2 REERER L
Fe I I A [FR /N BUZ 20 B RIS 545 BN [ R/ RFAE B, EANIG i 1X 24 R 52 ) ity B9 08 1 AP
BT, WER| TRAESEERAEN, EACRIATIH R 2 RIEBIRAIZ W2 Rl G 2 RATIE R T, 459
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