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Protein Solubility Prediction Based on Sequence Feature Fusion
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Abstract Protein solubility plays an important role in the research of drug design. Traditional biological experiments of detecting
protein solubility are time-consuming and laborious. Identifying protein solubility based on computational methods has become an
important research hot spot in bioinformatics. Aiming at the problem of insufficient representation of protein features by traditio-
nal solubility prediction models, this paper designs a neural network model PSPNet based on protein sequence information and ap-
plies it to protein solubility prediction. PSPNet uses amino acid residue sequence embedding information and amino acid sequence
evolution information to represent protein sequences. Then convolutional neural network is used to extract the local key informa-
tion of amino acid sequence embedding features. Secondly, bidirectional LSTM network is used to extract the features of remote
dependencies of protein sequences. Finally, the attention mechanism is used to fuse this feature and amino acid evolution informa-
tion,and the fusion feature containing multiple sequence information is used in protein solubility prediction. The experimental re-
sults show that PASNet obtains the remarkable performance of protein solubility prediction compared with the benchmark me-
thods and also has a good scalability.
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Fig. 1 Deep prediction model of protein solubility
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Table 1 Results of PSPNet compared with benchmark models
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BRI R T Al G R AE R R I . X UL T AR SO Al T R
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Table 2 Model effect when using different features

BHE ACC ~ MCC SEL(s) SEL(i) SEN(s) SEN(i)
Bl A A AE 0.79 0.58 0.80 0.78 0.77 0.81
Word2Vee  0.74 0.49 0.75 0.74 0.74 0.75
RPM_PSSM 0.65 0.31 0.67 0.64 0.61 0.70

SIy 2 O T HRIE CNN AR LSTM 2% 3 Word2Vec
TR ACRFAE 19 JR) 38 45 8, I MO 56 28 X0 AR 2 290 8L 1) 5 i L A
SCEH T Al B CNINL U LSTM A1 & 45 4 i A 9 i
FLSE .

3SR R L LEX Word2Vec #8 A SR 1E B A 7] iy
FRAE 27 2 SR WS B, JC 0 2 gl AT CNIN 38 2 B LSTM [
4 FE A5 TG A L B T 330 P b I 45 1 21 0 R . X 3 T
A CNN FIBe] LSTM JZ 76X & [ 7 51 9 Word2Vec ik A
PR 2 7R E AT RRAE 2 30 B, 38 5 4 B85 51 b i R 3 G AR B
TR TR A 360G 7 L BB 0% T 58 48 b 3R R R A T 9 M 25 4 1R
B DT i T A R A T 1 R

3 AN [EIA > SR X AR B R R

Table 3 Influence of different learning strategies on model effect
¥ 3 Kk ACC ~ MCC SEL(s) SEL(i) SEN(s) SEN(i)
CNN 0.73 0. 46 0.74 0.72 0.70 0.75
BLSTM 0.74 0.48 0.75 0.72 0.71 0.77

CNN-+BLSTM 0.79 0.58 0.80 0.78 0.77 0.81

SEHy 3 T ERIE RPM_PSSM [ & 1 435 i 1 45 5K s 11
5 R DL R 6 36 1 T 40 20 2, AR SCIR T T 6 IR AR T 4
AT 4k BE IR, 4 500 i AR TR SR AT R O 4 S EE S

4 BSERFW, XF RPM_PSSM [a] 5 #E 47 4 J& 1% 45 %
AR SRR ) T 25 SR A 2 R ) S I, R R AE 11 R 4 2 B AR
NG S R v AR () RCRAE B 2 4R T B A R R A 64, K
B AR . X EB] T X RPM_PSSM [h] 4 #4735 4 1) 4 B
TR 45 A7 Bl T4 T80 780 1% 351 000 14 g

Fe 4 AN F Y S 40 A5 R A 5

Table 4 Impact of different dimensional compression on model

JE % 7 R ACC MCC SEL(s) SEL(i) SEN(s) SEN(i)

* & % 0.69 0.38 0.70 0.68 0. 66 0.72
256 0.72 0. 44 0.71 0.73 0.73 0.71
128 0.76 0.52 0.74 0.78 0.80 0.72
64 0.79 0.58 0.80 0.78 0.77 0.81
32 0.76 0.52 0.74 0.78 0.80 0.72

SH 4 TR E R PR RS 2R AR,
A SCXAL T BT A R B OCHE AR B L I R AR G R
FRAE F, A& T BEAL (R B BRI BT 9 F., 43 30 4 Al T 5
T3 AL A A L PR A X LS

5 BOEE R, AT E B 0 L X R AL AT Al I A
BB O 5 2R 2 PR T . X R WA SO I R ML RE S A

CH A AN TR R I 3 7 R AT R, o T 4 A X R BT
P TII BA: BE
F 5 IR R S o A R SR Y R R

Table 5 Influence of different fusion strategies on the model effect
EEE 38 ACC MCC SEL(s) SEL(i) SEN(s) SEN(i)
EEA 0.79 0.58 0. 80 0.78 0.77 0.81
it 0.77 0.54 0.81 0.74 0.70 0.84

BRIE ARICHET Word2Vee ik A Fl RPM_PSSM il

R TR e R 2 R A B 1 RGBS 1
B BEALFRAE O UEAT SR A SR TR PR T . SRR AR R . £
il R i £ B 45 BE 118 S 3T 03 3R R 3R 1 B 40 B9 A S (R I
2 IR BE 2 2 B AR AT LAA s iz i th B A P p & o
175 L5 R T4 TR ) 00 4 B

T FEor A BB 5 R g RS S A 3
AR X R AT AT R W AR AR — A Bl
BIRTFE T 1) . 538 il — BB TR 115 Y A 25 1 15 Bk R OR
R S 2 — £ A TR R AR Rt A fE D B L P R Y
TR

& ¥ X W
[1] ZAYAS ] F. Solubility of Proteins| M. Springer Berlin Heidel-

berg,1997.

[2] SMIALOWSKI P, MARTINGALIANO A J,MIKOLAJKA A,
et al. Protein solubility[J]. Bioinformatics, 2007,23(19) : 2536-
2542.

[3] FROKJAER S,OTZEN D. Protein drug stability:a formulation
challenge[ ] ]. Nature Reviews Drug Discovery,2005,4(4) :298.

[4] SUN X,LU Z H,XIE J] M. Fundamentals of Bioinformatics
[M]. Tsinghua University Press,2005.

[5] WILKINSON D L, HARRISON R G. Predicting the solubility
of recombinant proteins in Escherichia coli[ J]. Bio/technology .
1991,9(5) :443-448.

[6] SMIALOWSKI P,MARTIN-GALIANO A J.MIKOLAJKA A,
et al. Protein solubility: sequence based prediction and experi-
mental verification [ J ]. Bioinformatics. 2007, 23 (19): 2536~
2542.

[7] AGOSTINI F,VENDRUSCOLO M,TARTAGLIA G G. Se-
quence-Based Prediction of Protein Solubility[]]. Journal of Mo-
lecular Biology,2012,421(2) :237-241.

[8] GUO Y B.,LIW H,WANG B Y,et al. Protein secondary struc-
ture prediction based on convolutional long and short-term
memory neural network[]]. Pattern Recognition and Artificial
Intelligence,2018,31(180) : 80-86.

[9] XU G H. Structure and function of protein molecules[J]. Bulle-
tin of Biology,2010,45(3) :24-25.

[10] ROY S,MARTINEZ D,PLATERO H,et al. Exploiting Amino
Acid Composition for Predicting Protein-Protein Interactions
[J7]. Plos One,2009,4(11) :7813-7826.

[11] CHEN M,JU J T,ZHOU G,et al. Multifaceted protein-protein
interaction prediction based on Siamese residual RCNN[ ] ].
Bioinformatics,2019,35(14) :305-314.

[12] GUO Y,ZHOU D, NIE R, et al. DeepANF: A deep attentive



i

A A JE TR SRR Al ) BT 3

291

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

neural framework with distributed representation for chromatin
accessibility prediction[ J]. Neurocomputing, 2019, 37 (9) ; 305-
318.

KAWASHIMA S. AAindex: amino acid index database[J]. Nu-
cleic Acids Research,2008,28(1) :374.

SHEN H,CHOU K. PseAAC: A flexible web server for genera-
ting various kinds of protein pseudo amino acid composition[ ] ].
Analytical Biochemistry,2008,373(2) :386-388.

WANG J,YANG B,REVOTE J,et al. POSSUM:a bioinforma-
tics toolkit for generating numerical sequence feature descriptors
based on PSSM profiles[ J]. Bioinformatics,2017,33(17) ; 2756~
2758.

JEONG ] C,LIN X,CHEN X W. On Position-Specific Scoring
Matrix for Protein Function Prediction[]]. IEEE/ACM Tran-
sactions on Computational Biology &. Bioinformatics, 2011, 8
(2):308-315.

HUANG H,CHAROENKWAN P,KAO T,et al.Prediction
and analysis of protein solubility using a novel scoring card
method with dipeptide composition [ ] ]. BMC Bioinformatics.,
2012,13(17) :1-14.

MAGNAN C N,RANDALL A,BALDI P. SOLpro:accurate se-
quence-based prediction of protein solubility[ J]. Bioinformatics,
2009,25(17) :2200-2207.

VAPNIK V N. The Nature of Statistical Learning Theory[ M.
Springer,1995.

SMIALOWSKI P, DOOSE G, TORKLER P, et al. PROSO II-a
new method for protein solubility prediction[ ] ]. The FEBS jour-
nal,2012,279(12):2192-2200.

RAWI R, MALL R,KUNJI K, et al. PaRSnIP: sequence-based
protein solubility prediction using gradient boosting machine
[J]. Bioinformatics,2018,34(7) : 1092-1098.

FRIEDMAN ] H. Greedy Function Approximation: A Gradient
Boosting Machine[ J]. Annals of Statistics, 2001,29(5):1189-
1232.

SHI L, WANG Y M, CAO Y J, et al. Car model recognition
based on deep convolutional neural networks [ ]J]. Computer
Science,2018,45(5) :280-284.

ZENG Z,LI L,CHEN ]J. Bidirectional deep LSTM for sentiment
classification[ ] ]. Computer Science,2018,4(5):213-217.
KHURANA S,RAWI R,KUNJI K,et al. DeepSol:a deep lear-
ning framework for sequence-based protein solubility prediction
[J]. Bioinformatics,2018,34(15) : 2605-2613.
BOJANOWSKI P,GRAVE E,JOULIN A.,et al. Enriching

Word Vectors with Subword Information[]]. Transactions of

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

the Association for Computational Linguistics,2017,5:135-146.
ZHOU F Y,JIN L P,DONG J. A review of convolutional neural
networks[ J ]. Chinese Journal of Computers, 2017 (6): 1229-
1251.

JIANG A B, WANG W W. RelLU activation function optimiza-
tion research [ J]. Sensors and Microsystems, 2018,37(312):
56-58.

HOCHREITER S,SCHMIDHUBER ]. Long Short-Term Me-
mory[ ]]. Neural Computation,1997,9(8):1735-1780.

ZHENG ] H. Research on BP Neural Network Method for
Image Data Compression [ ] ]. Computer Simulation, 2001(2) :
33-36.

TIAN Q C.ZHANG R S. Overview of Biometric Recognition
[J]. Computer Application Research,2009(12) :4401-4406.
WANG Y H,DING H W, LI B, et al. Prediction of Protein Sub-
cellular Localization Based on Clustering and Feature Fusion
[J]. Computer Science,2021,48(3) ;206-213.

XIE T Y,ZHOU X G,HU J,et al. Contact Map-based Residue-
pair Distances Restrained Protein Structure Prediction Algo-
rithm[ J]. Computer Science,2020,47(1) :59-65.

LIY.LI Z X, TENG L,et al. Comment sentiment analysis and
sentiment word detection based on attention mechanism/[ ] ].
Computer Science,2020,47(1) :186-192.

CHANG C C H,SONG J N,TEY B T,et al. Bioinformatics ap-
proaches for improved recombinant protein production in Esche-
richia coli: protein solubility prediction[ ]J]. Briefings in Bioinfor-

matics,2014,15(6):953-962.

NIU Fu-sheng., born in 1993, postgra-
duate. His main research interests in-

clude deep learning and bioinformatics.

LI Wei-hua, born in 1977,Ph.D,asso-
ciate professor. Her main research inte-
rests include data mining and bioinfor-

matics.

GO AT G - M 28)



