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Fig.3 The overall structure of the DDcCNN model
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Fig.4 The overall structure of the DTcCNN model
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Tab. 2 The number of test set and training set after division

LigE S 7 fif Ak 5 i bk sy /&R 7 ik Ak 5 e ke Mo
lENS 26 051 36 427 62 478 o8 s 28 972 40 448 69 420
BULRE S 2921 4 021 6 942

BEXEAN TR 5 B2 | 4 3 45 R B AT SO 00 0 LG il 56 DA 7 i DI 465 AR B0 e e 2 50, BR 2 8cn 3k 3
LRI ZE R AN 4 PR, Horf DDecCNN_0, -+ ,DDcCNN_6 /R 7 FUR[R MK BIRL, C, RnBRIZE i )26
BRI, D; Ront i R HEZM AT 4 Rk 4 Pios.
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Tab. 3 The overall architecture parameters DDcCNN model

i
28
DDcCNN_0 DDcCNN_1 DDcCNN_2 DDcCNN_3 DDcCNN_4 DDcCNN_5 DDcCNN_6

C1 2,258 2,258 2,2,8 2+2,8 2,2,8 2,2,8 2,2,8
Cc2 — 4,4,8 1,4,8 4,4,8 4,4,8 4,4,8 4,4,8
C3 - - 1,1,16 1,1,16 1,1,16 1,1,16 1,1,26
D1 457 457 457 457 457 457 457
D2 457 457 157 457 457 457
D3 457 457 — 457 457 457
D4 457 457 — 457 457
D5 157 457 - - 457
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Tab. 4 The results of contrast experiment of protein solubility prediction by different DDcCNN model parameters

S 0 B/ AR/ AR/ % MCC PSS 0 WWEE/ o e/ AR/ % MCC
DDcCNN_0 75.79 64.51 74.23 0.52 DDcCNN_4 76.17 64.48 75.03 0.52
DDcCNN_1 76.20 66.72 73.84 0.54 DDeCNN_5 76.31 65.31 75.05 0.55
DDcCNN_2 74.28 58.97 74.24 0.46 DDcCNN_6 76.01 65.00 74.40 0.51
DDcCNN_3 74.94 62.24 73.75 0.48

MZ 4 AT LLFE H, DDcCNN _5 A5 R AR %F H: At B A0 SR A0 34 e B W W, HORG Bl 76.31% . & 2R hy
65.31% A HEZRN 75.05% , MCC Jy 0.55, Hoolg B L8 i R . MCC b B i 18 A 4 R ON IR (H /U T DDeC-
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Tab. 5 Comparison results of AUC and EB of different network architectures
BEAY AUC EB A AUC EB By AUC EB LA AUC EB
DDcCNN_0O  0.828 0 0.700 3 || DDcCNN_2 0.807 7 0.685 8 || DDcCNN_4 0.829 2 0.707 9 || DDcCNN_6 0.828 6 0.709 3
DDcCNN_1 0.8317 0.713 1 || DDcCNN_3 0.817 7 0.695 5 || DDcCNN_5 0.8321 0.714 4

i ok AT T DDeCNN 5 AR AU 7E 85 K3 [l 9 AT DA A 28 At A A0, Ho AUC =0.83, EBP=0.71. 1M
DDcCNN_1 #i % AUC=0.80,EBP=0.68, A 4l DDcCNN_5 Y ¥ 35 2 544 25 T DDcCNN_2, #ilt &4 Pk fig 57
k.
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Tab. 6 The results of contrast experiment for prediction accuracy of different convolutional layer models
ik W/ REE RRE MCC "k KR/ REUE e 57 1 MCC
DDcCNN 76.31 0.65 0.84 0.55 DTcCNN 75.82 0.64 0.83 0.53
DCNN 75.68 0.64 0.83 0.52 SCNN 75.56 0.64 0.83 0.52

H13% 6 Al %1 DCNN,DTcCNN,SCNN 7 R 85 F5 5 P8 br 14970 0.64.,0.83, 11 DDcCNN B AH X HE
B 0.01, 3845 0.65 1 0.84. 7EKE A B . MCC F5 45 b DDcCNN #8075 5 1 B 76.31.,0.55, HL K A9 DTeCNN
BT 0.49.0.02. B AT 1, DDeCNN 82 0 PE B 0 88 1 I Ath A8 A AL TR, 120455 80 BT 338 45 1 2 1 o e P it ).
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9 7 Bk DDcCNN 28 1) LB , 5 2% T AN [6] 43 26 a B Y kA7 e il 3, 2 2 45 3 He m &= AL SVM
(Support Vector Machines) ,#&5R# DT (Decision Tree) . Bl #% A RF (Random Forest) 138 & #ft 28 [ 4%
DNN(Deep Neural Network) . #4328 19 S 505 8 A1 7 s 280 A AE R 258 U1 25 Fn i 46 0 3
A3 S A WO 25 R a0 8 PR,

x7 HEFBHERE

Tab. 7 The parameter settings for different classifier

st EX 4 st EX
DNN Dnnl1=457,Dnn2=457,Dnn3=457,Dnn3 =457 DT Critertion="gini", splitter="best"
SVM C=1.0,kernel="rbf, gamma="auto’ RF n_estimators=25
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Tab. 8 The results of contrast experiment for protein solubility predictor based on different classifier

R KB/ 0 EeR/ N AR/ MCC Wl /s sredy REWREE/ %0 EAR/ Y EMEE/K O MCC WHE/s

DDcCNN 76.31 65.31 75.05 0.55 958 RF 68.48 81.14 69.52 0.30 78
DNN 75.09 74.27 61.86 0.46 226 DT 67.24 71.47 71.83 0.29 94
SVM 71.47 94.57 68.33 0.41 17257

M 8 1l LLE H, DDcCNN A5 B 78 K
TR AR O MCC U 45 bn 3815 B s 1,
X F R 35 B2 0 0R 2 4%,
DDCNN H 5 P il 315 45 T, R 0 i 42 “or
1,229 A HERE S 13.19% . MCC #2755
0.09, fH 1 4R T [ 8.96 % , LWl 4 FUZ 1E
Xt 2B B0 Ab B A OE R 4R AL
S TE A AR ) AL T SVM A5 AL, (R 7E 0-21
Y25 FH I Fe 4 . RE A9 I 45 i 1) % 4 A 0ol ¥
78 s, Y 4 B 8] B K & SVM B B, F B o.lo o.lz 0.|4 O.Iﬁ 0.I8 1.|0
17 257 s(2 287 min) , L1 K T ¥ H M 2 Falsc Positive Rate
DR 28 1% i 5 I 2 H Ay 42 R 45 b Ry i B8 Rl ROCHT 2
4‘%[3[:@%5’}%%%‘@ ‘H*E s 2% —Fﬁ“ R()C H:H éf y I'ig.8 The ROC curve of different classifier
wmE 8 prs.
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JEE N DNN S84 & SVM B8, 78 TPR KT 0.4 MTEE N SVM #7141 DNN # A, DDcCNN 5 #1 1]
PASE A 55 3 F HiAh 40 2585 BT H AUC by 0.83 S » PR REAL T 3 F Hifth /3 25 2% pO 581,
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Tab. 9 The comparison results of our model with existing research results

GiR7S Ko/ % REUE Sk MCC Ak Ko/ % RUE T MCC
DDcCNN 76.31 0.65 0.84 0.55 PROSO T1°16! 75.40 0.73 0.76 0.39
Deepsol22] 77.00 0.77 0.78 0.55 CCSOLM3] 54.00 0.54 0.54 0.08
PaRSnIPM 1) 74.00 0.74 0.74 0.48 SOLprol'! 60.00 0.60 0.60 0.20

2 9 Al A1, DDeCNN A5 R 7R By ARRAE [ 4 457 4E45 00 F . il LA BDRS #f F 76,31 %0 . RALE N 0.65.,
RS 0.84 . MCC 2 0.55,FF 51 \MCC y fi e 8 A 8 B2 AR T Deepsol B HY, 13d B B A 45 19 P BB X
o F PaRSnIP, R 8 B 42 TF 2.31 %6, #8 5 E .MCC 43 3l #2755 0.10.0.32. 5 Deepsol 15 5 AH Fb f SR 4 B T %
0.69 MHALAE I 457 4k AL /N T Deepsol (4 25 257 4EHREAE , 18 W 4 BF 57 240 vk (9 1l 25 5 500 /0, 1] L3R
75 5t A I G s T ) kT D 2 i RGP R as AT

4 ZEFRIF

Sy S BHLRR P JOT VS A 0 TR0, A F 5 5 3 BT B BT A R BT T 4 AN [ A R A B 4 TR £ A
Y 5370 R R A5 B 28 ) 245 A5 71 (DDeCNIND L 78 J32 B (8 35 FRUp 28 0 26 A5 30 (DCNIND TR JBE 3 [ 45 LR 28 1)
25 A (DTCNN) LK v J2 345 BH Bl 25 W 28 A5 750 (SCNIND R T CD-HITT Wof JB s 5 4 2 320 47 I Mg e 1, 412 U 7R
FILTF 5 1 G-gap FRAFE LA K 57 HEERINRFAE 44 15050 A 1) 5 6 4 i AS ) 4 A 455 0 108 47 oF |l S 560 L 285 S e B A
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M3 ZE2DEFZEES 12 1D BB B LR 5 DDcCNN AR % A v GE f A LMo A 2R &
HEHR  MCC PEREFE AR A2 T 76.31% .65.31 % .75.05 % ,0.55.%F He 25 45 P AE A8 17 i DTeCNN £ AL, 8 i
B R APE R SR PE L MCC 43 B 5 0.49.,0.01,0.01,0.03.%F Fb 25 T SVM 4325 2§ 116 5 0 A5 70 , K5 ot B 42 T
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Design of protein solubility prediction model based on deep neural network

Wang Xianfang'®?, Liu Yifeng', Du Zhiyong'®, Zhu Mingdong', Li Qimeng®

(1.a. School of Computer Science and Technology; b. School of Management;
c. School of Electrical Engineering and Automation, Henan Institute of Technology, Xinxiang 453003, China;

2. School of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China)

Abstract: Protein solubility is an important research in the field of bioinformatics. We designed multiple convolutional
neural network models to predict protein solubility based on using combining feature extraction and deep learning technology.
CD-HIT was used to denoise the original protein data, and the features of each sample were extracted by G-gap, which were in-
put to a channel of convolutional neural networks. And SCRATCH tool was used to extract 6-dimensional sequence features and
51-dimensional structural features as additional features for each sample to improve the accuracy of the model, which were in-
put as another channel of the model. We analyzed the characteristics of the data. which designed four different network models
by adjusting the series-parallel structure of the convolutional layers. The network structure and parameters were determined
through comparative experiments. The results showed that the protein solubility prediction model based on Deep Dual-channel
Convolutional Neural Networks got the best overall performance. Its prediction accuracy, recall rate, precision rate, MCC
(Matthews Correlation Coefficient) indicators reached 76.31%, 65.31%, 75.05%, 0.55, respectively. The verification experi-
ments were established to compare our method to the traditional Deep Neural Networks, Support Vector Machines, Random
Forests, Decision Tree, and the models of existing research, the results showed that effectiveness of our method was proved.

Keywords: deep dual-channel convolutional neural networks; protein solubility; G-gap dipeptide frequency; predict

model
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