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Identifying Essential Proteins by Hybrid Deep Learning Model

LIU Wen-yang,GUO Yan-bu and L. Wei-hua

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract Essential proteins are those proteins that are essential to the viability of the organism. The identification of essential
proteins helps to understand the minimum requirements of cell life, discover disease-causing genes and drug targets, and is of
great significance for the diagnosis and treatment of diseases and drug design. Existing methods show that integrating protein in-
teraction networks and the relevant features of sequences can improve the accuracy and robustness of essential proteins identifica-
tion. In this paper,gene expression profiles, protein interaction networks and subcellular location information are integrated,and a
hybrid neural network model IEPHDL is designed. The IEPHDL model uses bidirectional gated recurrent unit to perform feature
learning on gene expression profiles for the first time,and uses a deep neural network composed of multiple fully connected layers
to perform deep relearning of three data features,to give full play to the advantages of bidirectional gated recurrent unit network,
fully connected network and Node2vec in feature learning and representation, to achieve effective identification of essential pro-
teins. Experiment results show that, IEPHDL has an accuracy of 88. 7% for essential protein identification, an precision of
86.2% ,and an AUC of 85.2%. The accuracy is 13%,8. 9% ,3. 8% higher than the current optimal centrality method, machine
learning method.and deep learning method in turn.and other indicators are also higher than the three methods. Finally, through
experimental analysis,it is confirmed that the bidirectional gated recurrent unit network relies on its strong feature learning abili-
ty and plays a key role in essential protein identification.

Keywords Essential proteins,Protein interaction network,Deep learning,Node2vec, Bidirectional gated recurrent unit network
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Fig. 1 Essential protein recognition model
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Fig. 2 GRU cycle unit structure
ho=C—udh ,+uh, M
u,=cW'x, +U"h,—) (2)

~

Hoip,u, IRERFEH .0 & sigmoid BTG PRE, FERER B
b =0(W'x, +U" (r, Oh,_ 1)) (3
rn=cW<x,+Uh, ) 4)

Hodr,r, ARETEETT.0ME tanh WITHE, ORRZLILE
AHfe

BiGRU ] DL\ A A [5] 69 7 [ 4 2 5 9] %) SR 58 1 8 f
AR 2 Im] R A 8 A5 R 19000 o 3R B B b GRU B2 47 9 1 fig
I, IEPHDL £ 8 R H — A~ B 17 17 J5 9 GRU F’%ne/rﬂa)ﬁ
] HiF A GRU J2 43 51 41 B3k PR 3% 36 1% v 9 S B AR 1IE

HHEFEFIN R X=[x1x, -, x0 ], Hif x, ER", 7 ¢
A% R, WA .

h, = BiGRU(x, .11 +h, 1) (5
Jorb ok, R, AR BR 1 %) BIGRU [ 1 5 4 A I
TSCHRIE R H G MRS 2] 0 2R SCRAE . BR MU B R —
AHTI F R SCh, Bl A5 0 1 F SCh 4100, B Ry e B4R 2
X H .

h,=1[h, .k ] (6)
h,—GRU(x, b)) <)
h,=GRU(x, b)) (8)
% JEPHDL A5 50 M\ 3 PH 36 35 77 9 TR RS R 1E . (p) =
Lhy hy oo oh, ] Hod n RERIE O HERE .
2.2.3 Lmiiz B4R BH AR T

55l S TR A HE, 56 B AR P R 7 B B A0 o R
EA S b B O FLCHE AR S AR SEN 40 A
112 DA 5 2) MR I 5 3) PR 5T I 5 4) YA 5) 4T
Hh56) FR A T R &) Al A% 5 9) it AL W 5 10) 1l
P TDWIM . A 2 0 40 v O R =l O S 2R 1 9 A 0L An
#*x 1 F751,

ESE TN X EIP S H I SN R e

Table 1  Number of essential and non-essential proteins in
each type of subcellular localization
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Table 3 Performance comparison between IEPHDL and traditional
machine learning methods

HH BBE OKHE  AEE FlaH AUC

DT 0.74 0.41 0.32 0. 36 0. 64

RF 0. 80 0.67 0.19 0.29 0.73

SVM 0.79 0.62 0. 20 0.29 0.75
Adaboost 0. 81 0.63 0.23 0.34 0.76
IEPHDL 0.89 0. 86 0.68 0.76 0.85
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Table 4 Performance comparison between IEPHDL and Zeng model

A BEBE KHE  FEE FlaH  AUC
Zeng 0.848 0.721 0. 427 0.536  0.831
IEPHDL  0.854 0.793 0.507 0.642  0.835
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Table 5 Cross-validation analysis
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Table 6 Performance comparison between IEPHDL and similar
neural networks
HER ERE  E#HE  FEFX Flak AUC
LSTM 0. 832 0.695 0. 365 0.503 0.694
GRU 0. 834 0.703 0. 354 0.517 0.712
BILSTM 0. 856 0.751 0.437 0.543 0. 839
IEPHDL 0. 887 0.862 0.683 0.758 0.852
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