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Protein modeling and design based on deep learning

Binbin Xia'?, and Jun Wang'

1 CAS Key Laboratory of Pathogenic Microbiology and Immunology, Institute of Microbiology, Chinese Academy of Sciences, Beijing 100101,

China
2 University of Chinese Academy of Sciences, Beijing 100049, China
Abstract: The accumulation of protein sequence and structure data allows researchers to obtain large amount of descriptive

information, simultaneously it poses an urgent need for researchers to extract information from existing data efficiently and
apply it to downstream tasks. Protein design enables the development of novel proteins that are no longer restricted by
experimental conditions, which is of great significance for drug target prediction, drug discovery, and material design. As an
efficient method for data feature extraction, deep learning can be used to model protein data, and further add a priori
information to design novel proteins. Therefore, protein design based on deep learning has become a promising approach
despite of many challenges. This review summarizes the deep learning-based modeling and design methods of protein
sequence and structure data, highlighting the strategies, principle, scope of application and case studies, with the aim to

provide a valuable reference for relevant researchers.
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Fig. 1 Schematic representation of process for protein structure prediction (A) and protein design (B).
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Amino acid sequence ve Lo ,A’A‘ e
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- RNN Attention
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Data Model Target

B2 EARVEEEN=Fx. HIE. #E. BiF

Fig. 2 The three essential elements of protein data modeling: data, model and target.
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Table 1 Example of local and distributed representations of amino acids

Amino-acid residues

Local representation

Distributed representation

Histidine [1,0,0....,0]"
Glycine [0,1,0....,0]"
Proline [0,0,1,...,0]"
Serine [0,0,0.....1]"

[1.00,0.23,0.10,...,0.08]"
[0.70,0.62,0.06,...,0.18]"
[0.52,0.87,1.00,...,0.78]"

[0.74,0.28,0.45,...,0.86]"

A, AR 208 7 5 K AT AR R A T R A
U A 0 SRR A X T A T 225G E
0290l b 1 S T ) A e o7 R S
(PSSM) AE N M Z& %A
1.2 REHEH

TRBE 57 A RNE N R Ay, ERER
RE A% = A0 A ESCHE Hh il BBOC B R E I HL 58 iU A
HAR RPN FLA 2 I S AR U o A R O UG
SRPOE 7T, T SN R A 2 B s e XA
A AT 25 2R YT E Y X 25 2 J2 B
PN REEMY . BRMAEMNG  TEA K
2% EEIINLHIML . EMEMLE

4 EREM 4 (Fully connected, FC) B0 #:
VERFE MR, i 40— AR 25 [A] 2 M 722 6 3]
I i (1 g | NN, A 7 T 5
(Kl 2-Model-FC), X —if & B W iy Al I 71k 1
YEo LB AR S BUE O RRAE 25 (] (AR 22 1
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Fig. 3 The different architectures of neural network™!. (A) Monomodal single-task. (B) Monomodal multitask. (C)
Multimodal single-task. (D) Transfer learning.
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Protein structure
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HECBITHBUES E@ENL: C: BETFEIBEIMRITAE: D: REFIEERAEEEHRIT)

Fig. 4 Protein design schemes based on deep learning. (A) Spatial search and sampling-based method by generation
from data. (B) Determinate evolution by solving constraints problem. (C) Protein design based on transfer learning. (D)

Combination of deep learning with conventional methods.
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