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Abstract

Protein secondary structure prediction is an important topic in the field of protein structure re-
search. With the development of machine learning and deep learning, a variety of prediction mod-
els have been proposed. The experiment used a bidirectional long-short-term memory recurrent
network model, removed the sliding window, and fully considered the long-distance amino acid
interaction and the interaction between the context of the amino acid sequence. Redesigned the
input features of the network, added 42 radical group features on the basis of PSSM, used large
data sets for training, and the accuracy of Q3 on the public test sets CASP9, CASP10, CASP11 and
CASP12 reached 85.74%, 86.83%, 84.73% and 83.79% respectively. The experimental results
show that protein secondary structure prediction can be further studied in the design of new fea-
tures, considering the long-range interaction of amino acids and the use of big data.
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1. 5|15

B B D ZH I 7 AR SE R, 85 A AR OC AR Bl 2 R T, 85 3 PRI 98 A ) T N R0 9 0 1)
RN T EFIA R 25t i, Hoh (I E fd TARME R R B M &5 M 7 . S S i m R — R At . —
WA =R g LR, Hh BAEYEER 2 =RE50 . RN =R ERNE—REH X
S RAZ R EARBAT WEE[1], AR F T BCERAE, A G, KA 1951 4F Pauling #1 Corey il 1 &
153 22 IR B R MR IR A PRI GO aG, WF T R JT 1 o6 B A BT 45 A i T A . RS SR I B S5 M A
BRI T AT, HEER R 7 AT =045 T B2 R 5 K, DRI 78 38 8 % Je AT
HE P R EE I, Tz g R — 2 Rt .

TR E 5T R 2 A PO G vk 5 D7 AT R R R (2], SRR &AL [3] [4], DURE o SR,
LR RARAY[S], R AL 6] (71553508 M AE 7B B —Ras i mil . sk, BE RS2
JIEAE HARE T AL HLES LS ANTE SR A5 T7 [ AR T BRI ERE, WG B U T i 1 X0R
FESE I TNER 2 A 8], IRBES 2@ 2 JZRF AR 4, n] DLSE 4 (9 Z1 i O B (E B, i
R R AR AHBEAEA . B Fang %8421 T MOUFOLD J7v%, fiiH T M MRE RN T HT 5
FEAE MG . B A ZE DL 58 A 0 1) 350% Z 4 R Deep3l M %% (Deep Inception-Inside-Inception
Networks, Deep31)i#t 47 & 51 R L5 HI T [9]. WANG 5455 T IR E BRI 4 M 4% (Deep Convolutional
Neural Networks, DCNN)F1 4% 4 #4237 (Conditional Neural Fields, CNF), #2H 44 Raptor X AT 77 vk
[10]. SPOT-1D f£ Spider [11]15:Al45 A 7 R KK IEAZ 16 25 X 2% (Bidirectional long-short-term memory
recurrent network, Bi-LSTM)FI5% 43 45 FH X 4% (Residual Convolutional Networks, ResNets) F SR - i) 4% 1%
A H b )RR OB G R [12]. EARVERMZ, EiRJ77%E% MOFOLD, Raptor X, Spider3 Fl
SPOT-1D XHRFAEHI NS H A EL ¥ 1T, MOFOLD 1 Spider3 258 N N & FE IR i . PSSM Al
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IR W] RAFFAE, Raptor X M 255 N\ PSSM+21 A Jo 3 i) kil [ &, SPOT-1D fE Spider3 MJHRFiE B fil
38T SPOT-Contact TR . 5 4h, RECHE G M0 FH A A58 A T8 4 i S BB AR il L 31 1
RN

TEASZIG T, FRATR A AR LSTM 1E RIS AL, SN T 7848 K35 LSTM M 46 Xt 57 31 4040 1) i 22
73, XTYIZRERGH T sh i CRRE], DA AR K IR A AR o [RI X UIN ZR R AR SR 3R AT T X
i, TEHE I PSSM ZEAl I, 38n T B A 42 BN gL ARAE, 20 KA ARG, W48 B a)
PAFE 43 (1) 52 U 51 R AR AIE o 3 266 T X B0 AR 4 A X PR ASE 2L 0000 8 7 7E A R SE CASPY,
CASP10, CASPI11 Al CASPI12 4T T iPAhisa, Q3 HEMIR T HIIER] T 85.74%, 86.83%, 84.73%F!
83.79%.

2. SEEGHER
2.1. HERIGEH

LSTM £ H RIS 5 A B AU N3z, X e S8R (70 280 RIEFSRIRRCR, B AR — 45 T
DFRAEL E M8 AT TR A NSRRI S5 H Vg A 2328, [RIRE AT LA 15X P 910 i 4 70 210 At
PRLEA R S g8 3 1 WA LSTM AE NIl ZRps A

RN o A 1 7R, N T 7850 RAE LSTM XK Fe 41 8dfs 1 27 ST 3, S R e B 3h i
AR N ZREES R 7 ML R IR AN R IHTE P81, e BA R MMEREPRKFIIRRE. 8T HikEilg
ARERAIE 2 TS, EUIGREM ARSI SR O O HER AT . ARSI,
PNEEER N HEREAME E AR FIEBA R, MBS RS RS A0, M LSTM /]
LAEAEPYZBRAERT LSTM RI%%, 735 LISk AnEs A s, T Do R SR A 7 81 b & — AN 4k
FRoe B R E R, HIEH ERET S A B A TR

Output

*

SoftMax Layer

1

FullyConnect Layer

T

| |
| |
| |
| DropOutLayer |
| |
| |
| |
|

OutputLayer

Bi-LSTM
Layer

T

Bi-LSTM Layer

A

DropOut Layer

*

Bi-LSTM Layer

A

Input l

InputLayer

Figure 1. Schematic diagram of network structure and bidirectional LSTM training process
B 1. PELERFINE LSTM IR EE

2.2, EHBRE

XA LSTM 0] B 1 G #142 IX 2% (Recurrent Neural Network, RNN)iZ A {5 A0 7 K (0 48 4544, RNN
AT AT I 0 7 A ARG BB AT ISR [13], TEM s M2 BA RS ML IT, B S RNN ool
K2 .
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Figure 2. RNN structure diagram
2. RNN MBI EE

Hrpe—1, ¢ t+1RRFHIMBEAE, X RRMANRREAR, X 25 650 0805 R BR 25 Y M
A2 HE S, BeEREAA:

v, =g(0%s,) €]
s, =f(Wxs_ +Ux*x,) )

WNSINIRUE, U FRos ¢ B2 AR E, O Fonfith AR E.
FRGER) RNN TR 7 51 500 27 A 0 JEE 3 SRR S R X 18, LSTM FAI4 HE A AR B AIG T X e 5 05
FIARS . 7E RNN [F5EAM EXTE R BT 7 4nsimikot, 381 7 =M 145M14], XMt or 28 LSTM
PG H K RS B 00, A E S BE U E A IEE)T bRiE LSTM St BB E 3 Bivs.

y

A
Ct-1 () , :/.D > Ct
ht-4 —— ht-1 X bt X h X by x T > ht

Xt
Figure 3. Standard LSTM unit schematic
B 3. #7A LSTM BT REE
FITHINGE ¢ 2N BIREAS x, Al e — 1 2R TCH g A, (BFONEGECIRE), Fe il /o8 — 4~
TCEIN b, LU BT yo C ISR, ML TRGBERS TR MR, Edssr] f ik
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17 g AT @ BEATE RSN, (5 B AR AL Lk A A > B RRSRNATINRAE, B InAEsE
U LSTM Xz R s (A B AR FIA S5 K2 2 RE 1. LSTM LT HIB A RIE AT -

fi=c(W, *x,+R *h_ +b,) (3)
g =0 (W, *x, +R *h_ +b,) 4)
i, =c(W,*x,+R *h_ +b,) %)
o,=c(W,*x,+R, *h_ +b,) (6)

Hor, wONMARUE, ROEBABUE, b NwE, MAERBRED], gREMRIET], i RERAT], o &M
M. AT 3 BLIIRRHR A b A x, — RN ERET, BEE R o £ (0], 0 foik
S, 1 AR, AR 4 TRk A g R E, A5 SRR TRYUE BHTILLE,
PRI B G RBEAT AR, SRS IR SE B A IRES ¢, A 7 PR domadlid e i 1) ke B 1Y
Frd N, VRN S HT B TR REIEOIRAS A B y AN 8 PR,

¢, =f®c +i®g, @)

h=00®g, (c,) 8)

JA—JZ Bi-LSTM JE 2 & Z, ®ERETNE Mgy L ZNaniEsE,
Bi-LSTM %2 >] 3 (1) m 4R E T 35, B Ja 40 Softmax 4p KA AT 202K, iHH A — MR EERATER C.
E. H =FEIHER, R&TERDHK.

3. SCEGHE
3.1. ¥iEE

ARSI 125859 CULLPDB $E4E[1513E 15,125 &AM, R T 25%, WEkHEE.
HAGER T AL BN EA, RANGERERN 14,199 %E A . CASP 4 NAaEKE AR
SERITRI S B0 R I A SLMREE, FRATEI T H A1 4 HAENIEREE, 7070 122 & A )i CASPY,
99 S HEH LA CASP10, 81 skHE MK CASP11 M1 19 & H i) CASP12,

3.2, MINGSME

SEZI6 N X 2% (AR N RFAEEAT T ORI E, — 3 62 4k, 35 20 4k PSSM KRR 42 4 (1) 3L A RFAE
o7 5 VE 4T 43 4B (Position-Specific Scoring Matrix, PSSM)&E &AMk L b5 B, K $em T E AR
TR EE R TR RS, S Rh A AR R [16], ASTRSZEG ) PSSM il It £ 7 A% L nr B
FEFR IR AR, W E PSI-BLAST S EUR{E N 0.001 A1 3 OB R . PSSM RN 20%L 5%, 20 24F
fE4ERE, LK TAREQRMKRE. RARBEARFITEIEFAHEEE 72 H, sEEEE 72
TR B R ], B R S5 M Re i, AR BE A Hh 5 A L B RN AT 2, AR RS R
R[17], 42 FERG S, BANRAIERE T LA 42 1) 3k gn gt —RoR, LR T BLE b Lk I
bl s AL B 1 Ros, HRAEN 0, RARBERMRmIDLERIE | P, M THESRRIERL S
i, BRI S T RE ARG MEE, T BERINF 2 BWN, HTEAR e
HA U8R 18] BB A N — 2 e B B AT 41, T 0N 62*L FRIEFEFE(L NIFFIK ),
B 1) tHOZ R BN A EE ) C. By H T4,
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Table 1. Amino acid radical group coding table

* 1. SEREFRDR

42 o s

010101100000000000000000000000000000000000

010101010000000000001000000110101011000000
010101010000000010100000000000000000000000
010101010000000001100000000000000000000000
010101000100000000000000000000000000000000
010101010000000000001000010000000000000000
010101010000000000001000001000000000000000

100101000000000000000000000000000000000000

T Q oo o g oz = »

010101010000000000000000000000000000001000

—

010101000010101000000001000000000000000000
010101010000000000010011000000000000000000
010101010000000000001000000000010100000000
010101010000000000000100100001000000000000

010101010000000000000000000000000000000100

0 = Z R~

010101010000000000000000000000000000010000

2]

010101001000000000000000000000000000000000
010101000001010100000000000000000000000000
010101010000000000000000000000000000000010

010101010000000000000000000000000000100001

< =< =2 4

010101000010110000000000000000000000000000

4. SEWERE 5

EFXT A IR B BT, AT AR S R S H0s B T Z AN LSS, a3 T T Bi-LSTM
S BN [ BT PR R R, R 2 ST R, Dropout 18 19 R HE LL A IE AL R AL . sza6 St FRAA
I LL CASP10 B AMREE .
4.1. ME SR AT

FESZIR AL, Bi-LSTM JZ (K5 B £ B2 0 31 0 2% 1) 52 2 R B DL S 2% 24 ST R T, REFRIIRR
T & S BRI LA, TEM R ERRATA B — AN E AR S E A, 7R 4 2R
B N Rz At . DRI FRA 1T 3 90 2% 2 B ek s e 84T 1 R S5, U ARESE — 2 Bi-LSTM
R s, U, f8HR 5 — 2 Bi-LSTM [R5 e 7o 5.

Table 2. Experimental results of setting up one layer of Bi-LSTM
2. I#E—2 Bi-LSTM BYSLIG AR

U, 200 400 600 800 1000 1200

03 (%) 81.39 80.92 81.48 81.27 81.21 81.51
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Table 3. Experimental results of setting up two layers of Bi-LSTM
# 3. WEME Bi-LSTM HLI4ER

U =0, 200 400 600 800 1000 1200

05 (%) 81.74 81.79 81.74 81.07 82.38 82.20

MFE 2 aTLEH, HiE—Z Bi-LSTM HITEIL R, ML HI 5 ST B8 1R BN R R, B e i e 4s
TSN Iae 4 Tl KK Msem, RULFE M 25, CLE— B8 — i a5 1 B oo B AE A R
— JEAH B [E] D B R e AN, WIS HEAT T IR R IR IR 2 2] o SRR S5 R, X PP E xS 45 21
BRI, RGBT e E o EE, mTERIZME, FUEE R o 81 iE e
MESZWN, Wk 3 o, Baiff S —EMNS TRIFITREMES 28 cs, BRI RH+
AR, R ER B RIAE, SRR, PERBERICH 1000 WAET, AT iid
Ero FHREB SIS AT YRR Je R, B AT I 4% S5 KT E T2 Bi-LSTM,  F&ds 5 T35 %4 1000.
42, BIFR

SRR T Adam SRALELVE, FHEE TR GMBENUEE R T 57, Adam @i o1 5086 B 1 — M A A
TR B AR A T AN R 2 B0 T T () B & PR 2 ) 3R, 38 A i v & OB R A S B Ak 1)t 197
22 )R NIURAE 20 45 B2 AR B KR, TR e AR 21 SIZ 06 A ff 5 A @ AT AR 22 21 3R, seaG 45 R an i 4 Fio,
5L 10 4 A TR, AR S TE A TG R T HEATAIR Y, B2 8 2 0.0006, Q3 25 AT 1A 84.64%,
WL R 22 S R LLEF 4 A epoch HEAT 10 f546 0 77 2l 25

85

84r =
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Figure 4. Experimental results at different learning rates

B 4. FES IR THIRER

4.3. Dropout

BT ACR I FIOUZ Bi-LSTM (13001, RIRTIAN T KEMBRGEER G, AT R e & Hl 2
i (R K i, PR/ ERE— 2 )5 51 N T Dropout, VA— & IMEZR S5 40 #4580 k3 , FRAT T P52 Dropout
WEAMIEMEEATED A, WE S e, 85 CASP10 I, #> Dropout {H[F] 0.2 B, 45
B, HWR s T AR, 47 AT A8 2 KN Dropout 78 0.2 FIIRZS TN 46 i 4148 TC AR 2R B8 75 A A A
RN, IXFERI SRR T ASRAS B4 (iz k. % 4 & D, fREEE—)Z Dropout, D, [REHE 2
Dropout, FJLLEH, ¥ EM)Z Dropout & B IF T %o
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Figure 5. Experimental results of different Dropout values

5. &[G Dropout {ERYSRIEZER

Table 4. The impact of different amounts of Dropout
%z 4. TE#=E Dropout BIFZM

Dropout D1 = 0, Dz =0 D1 = 02, Dz =0 D] = O, Dz =0.2 D] = 02, Dz =0.2

Q3(%) 84.61 84.52 84.57 84.68

4.4. IEM{L R

T IERE ARG, SERE R N T S HOE N T 3, B Ly (RN, FE5 R ek o B n A 1,
Ly IEMAE O 5 R FR AU 1w R S A TSR T I RR G FR TR, WRomA Awls, 451 &%
PRSI RN LS5 R, % L, RN R4, Weie gy A — 0T, 76 CASP10 L45
HRATIE 86.83%, SEIRZERUIE 6 Fizn, Ly IENIAL REE A€ 4 0.000005 .

_/\/”\/\,\\
\
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Q
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o
o
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84+ \
\
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\
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Figure 6. Experimental results of different L2 regularization coefficients

6. A[E L2 IENML R BAIStIRsE R
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Zeid FIRISHOREE, W2 AT E MR I 5 TR

Table 5. Finalized network structure parameters

5. REAHENMELGEH

WINYESE 62
%—JZ Bi-LSTM B .0 1000
% —JZ Dropout 0.2
5 )2 Bi-LSTM B ¥t 1000
%5 —JZ Dropout 0.2
WG 2] % 0.0006
L2 IEN{k 5% 0.000005
SRR 3
st Softmax
LITILECP S C. E.H

4.5. FREAL

1983 4F, Wolfgang Kabsch #&tH DSSP, ¥ &5 K50 a $85E(H) B #TZB(E). 310 IRIE(G). B
Mr(B)~m WEHE(L)~ 5 A (S)~ B 5 A (TR TE ML 25 Bl (C)8 Fh£E #4201, S8 Hoks ik 8 F&EMILL “GHI-H”
“BE—E” #l “HAhLEM—C” N 3 450, 34T 3 A 25/ 7. CULLPDB H1(#) DSSP >k
B TH A K PDB X, AR O3 S E[3] [7] [8] [10] [11], Qs LTI & L BRA L i fy 2 2k
R, AR WF:

*100%

_Oc+0: 40y
0, = S

BN AR, 5 HINEE, FIEse DSSP #HTX . i, Oc NIEWTRIMMIE MK, Or
NIER T AT BE O NIER T PSS, S NAMEIEERE. SCHR[1017E LT e XHKAE R,
CULLPDB #(l4E3K45 1 73.2% M )\& 70 K45 . SCRR[21148 H TR9993 B i kAT 928 X5k, Qs
2N 72.42%. SCER[22]4E ] 25PDB Bl AT =475 IR IE, O; HEFIZEFIIA 80.18%. & 6 AL
f#iF] CULLPDB #7122 XEERIEE R, S T IRIEAFKER & A5 046, 7RI DI ZRaefi it 4
ZHiAH CULLPDB MR¥E & AU EHE T, BRER0 N 10 4y, SKEL 9 BERIIZE, 1 E IR
£, TR SRI B s SR WA 6, T3 38 X R P 3 {E 7] 15 83.08%, bt CASP MRAR 45 2RI 0.7%~2.7%,
SRR, SRER G T BRI A B I S IR

Table 6. 10-fold cross validation of CULLPDB
5% 6. CULLPDB 133z X I8

RIERE 1 2 3 4 5 6 7 8 9 10 T
RS

A 12780/1419 12779/1420 12779/1420 12779/1420 12779/1420 12779/1420 12779/1420 12779/1420 12779/1420 12779/1420

£ s

Q3(%) 83.54 82.36 83.30 83.09 82.68 83.17 83.70 83.19 83.47 82.32 83.08
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%7 5 T AENNR S CASP9, CASP10, CASPI11 fil CASP12 [23] [24].F O HERIR UL M #eff. It
B FHURTE 5 A0 P T AERf 22, Forp O IR A ZE 53 85.74%, 86.83%, 84.73%FH 83.79%. HIFIER
e, WA E RTINS RR, 0T )5 R BLSEI6 R B CASP B0 A 404 B8 (1 R 3 3% 45
15 A EE T TN 28R S N R B RN AR, AR > . AT IRIEINN 42 FEPERRHIE R 2L
1), FRATEAT 7RSS, Wi 7 B, R E MR, 235l LL PSSM A1 PSSM+42 S [4]
JEN o BL4AE F PSSM 1E % NHRFE, £ CASP9-12 45 553 5 85.17%, 85.83%, 83.54%F11 82.71%.
LG LERFW], EDUL CASP MRS B, i 42 FEFIRFE R 5 e A BB R T, 05 $2TT
2] 1%

Table 7. Experimental results under the CASP test set
2 7. CASP MK E TLIWLER

LA R (%)
ik o Qc Ok On
CASP9 85.74 84.07 74.65 84.28
CASP10 86.83 85.59 79.32 83.57
CASP11 84.73 83.78 77.25 78.33
CASP12 83.79 78.98 81.93 83.42
90 T
I PSSM
89 1 [ PSSM+42 Radical Groups | |
88
[s2]
le]
‘G
>
[$] 4
o
]
Q
8 i
| II Il
CASP9 CASP10 CASP11 CASP12

Test Set

Figure 7. The influence of two characteristics of PSSM and PSSM+42 radical groups on the model
7. PSSM #0 PSSM-+42 EH R FHFE X 1R B B9 52 0

SEISEHL T SPINE-X [25], SSpro [26], PSIPred, DeepCNF Al MUFOLD TLRh il J7vd:, 7EMiR4E
CASP10, CASP11 fl CASP12 Litf75ftk, A SPINE-X RHIMIZ S H& M4, SSpro F:7L e XU i i I
FZE 2%, PSIpred K FH P2 BT BRAPZ L%, Jpred A 23 1 SNINS H4128 /) £ 4 () N T A28 X 2%
MUFOLD K FEA# 22 0 26 (T b 77 1245 FE 54 B SCHR[2]) 0 B4 R e 8 From AHLL S IR 757,
AR FH KO ) K T AT AR X 4 A0 2 AR ALE R (1 TR 7 30 A4 e T 3 AS BRI R s e T
g,
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Table 8. Comparison of prediction results

= 8. FUMLERITEL

B LERORTPN CASP10 CASPI11 CASPI12
SPINE-X PSSM-+JERRFE 80.7 79.3 76.9
SSpro PSSM 78.5 77.6 -
PSIpred PSSM 81.2 80.7 78.0
Jpred PSSM+& By /R ] RABRLURFIE 81.6 80.4 75.1
DeepCNF PSSM+21 ANyt 2k (1) gkl A 84.4 84.7 82.1
MUFOLD FIERR LN T +PSSM+EE I /R A JAR RUARAE 85.98 83.59 80.59
AR SRR PSSM+42 FE [F454E 86.83 84.73 83.79
5. &g

B B R A A TN A B 1 S R T AR SR, AR AR RN E R . AR T
UFK AL ICALIEPR W 2%, £ 8 P RS AEA 2 LR TORTR 42 2R gt 07 30, Sl B8 S 241,
(5] A6 FH Kt SR AT R AR 2, OO T 3l &7 IR BETTE, SRR I S R IR 2 1) R AR ELAE
XUE) LSTM 3CAT LA R8BI SR Py A A e ST, 4 1 3 A RAH T EE R, A2 AR
2T TN T 3, R RO A R (BB B A IR SN N T N SRR
TP Al D AR T 2, M ST R R SR, R 2% I SO R U5 T 2 H i B s
MR BN R 5 2, P T ) P AR TR B e T 45 R

EEWH
K B AR5 4 (No. 61375013),  1hZR4 H AR 54 (No. ZR2013FM020) 7 Bl .
SEEk
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