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Abstract In recent years, artificial intelligence (AI) has been widely applied in the field of drug discovery and
development. In particular, natural language processing technology has been significantly improved after the
emergence of the pre-training model. On this basis, the introduction of graph neural network has also made drug
development more accurate and efficient. In order to help drug developers more systematically and comprehensive-
ly understand the application of artificial intelligence in drug discovery, this article introduces cutting-edge algo-
rithms in Al and elaborates on the various applications of Al in drug development, including drug small mole-
cule design, virtual screening, drug repurposing, and drug property prediction, finally discusses the opportunities
and challenges of Al in future drug development.
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Figure 1 Expert system workflow diagram

Knowledge base: The expert’s knowledge base; Database: Stores the ini-
tial evidence and various information obtained during the reasoning pro-
cess; Inference engine: Controls and coordinates the whole system, which
is the core of the expert system; Knowledge acquisition module: Modifies
and expands the original knowledge in the knowledge base; Interpreta-

tion interface: Gives the necessary interpretation of the reasoning
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Figure 2 Machine learning tools introduction
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A: Tools for solving classification and regression problems simultaneously. SVM: Support vector machine; DT: Decision trees; k-NN: k-nearest neigh-
bors; ANN: Artificial neural network; M-P: M-P model; MLP: Multi-layer perceptron; DL: Deep learning; CNN: Convolutional neural network; RNN:

Recurrent neural network; LSTM: Long short-term memory; GAN: Generative adversarial network; VAE: Variational autoencoders
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Figure 3 Diagram of convolutional layer of CNN
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Figure 4 Diagram of GAN model
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Figure 5 Diagram of RNN model
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Table 1 Summary of drug development tools built on Transformer model
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23 AE B2 24 41 AR R Transformer 155 5 (15 1 FH , 3
HEUS TADR AR . HETHE T Transformer £ 1
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Tool Objective

Quality performance

Website

MolGPT!?! Generation of molecules Validity:0.981
FCD:0.907

KL divergence:0.992

DTSyn'"! Drug combination therapy ~ AUC in four different tasks:0.73, 0.78,
0.82 and 0.81

TP-DDI'  Drug-Drug Interaction P:0.864
R:0.788
F1:0.824

DeepTTA"™!  Drug response prediction ~ RMSE:0.952

Spearman:0.914
Pearson:0.941

https://github.com/devalab/molgpt

https://github.com/PaddlePaddle/PaddleHelix/tree/dev/apps/
drug_drug_synergy/DTSyn

https://github.com/jianglikun/DeepTTC

FCD: Frechet ChemNet distance; F1:F1-score; RMSE: Root mean squared error; Spearman: Spearman’s rank correlation coefficient; Pearson: Pearson

correlation coefficient

Transformer 55 A1 1 H 3, #5  F NLP MU J&
= 2] AT I ) SO SRR B A ax s 2P
Wil 25 B0 v 2 I BRIk R T 4K £, i 40 BERT,
GPT 2 R AT, 33 B i Il 2 A 7 DA B R 36 A9 7 54
ERREE S LT SCATRe AR CHE . XA
WY S B A E R R ) (] A 3 e 2 A
P T4 28 I T X T 2 1 5T AR B 45 R AR
ZoREZ, HHATFH Transformer 15 8 3517 245 P i
I AT R BT 22 0 S 9 A AR A I I
W AT -

1.3.2 Bz EL BT, RZEYk

Hh PN ASE Y ) i A KRN E 240 h B T O T A A
AT A e gmts . E 2 2% (graph neural network,
GNN) J& — F B 42 1| FI DL 43 1 (&1 45 ¥4 50408 1) Jr
o X B EOF AR Sl i BIE e — A EERK
JLEE (non-Euclidean) L, GNN ffix L6 Y
ARG AR DA BT, BN 5 () S G 3R Gl Y 4R
B LA RGeS A (K 7)o X s A AT LA
BE G i A BRI 3 BT 59 R 2 TR ) 56 2R FAR BRI, DA
T AR A8 19 A 22 TR A DG 28 R 4 W 9 50 0 4 s A A
o [ 3 o PSR A 2 D e WL 5 7 1 7 =X
KRR 1o EIEUIE BA R R S AR A A



286 ‘? @A B # X # 22t Journal of China Pharmaceutical University 2023,54(3):282 - 293

54 %

Al REAFAE KB AR E B MG B, [ BEF 5 F 24 .
[t , 5 CNN AT RNN AH Eb , GNN A] GE 5 3E & ML
2REEA R R IEUE B

Output
Probabilities

/—Tﬁ

Add&Norm g

Forward

Add&Norm
Add&Norm [ Multi-Head
Attention
Drcoder
block
Encoder Add&Norm
block
] Masked
Multi-Head Multi-Head
Attention Attention
—

Positional Positional
Encoding % * Encoding
Input Output
Embedding Embedding

(shifted right)
Figure 6 Diagram of Transformer model
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Figure 7 Diagram of non-Euclidean and graph neural network (GNN)
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Table 2 Summary of designing small molecules of drugs using machine learning methods

Type Objective Classification method Quality performance/Conclusion Reference
Polypeptide AMPs CNN ACC: 0.77; AUC-ROC: 0.82, [19]
AUC-PR: 0.80; Kappa: 0.53; MCC: 0.54
pep_RTE62G DL, NLP In vitro evaluations [23]
Four bioactive peptides DL In vitro and in vivo evaluations [24]
Anti-diabetic peptides DL, NLP In vitro evaluations [25]
AMPs SVM, RF, ANN, DA Percentage of positive: [26]
0.871(APD dataset),
0.616(UniProtKB's dataset)
ACPs CNN, BiLSTM, LightGBM ACC: 0.789 5; Sn: 0.815 3; Sp: 0.767 6 [27]
Three antimicrobial hexapeptides Boosting, RF, CNN, LSTM In vitro and in vivo evaluations [28]
Kinase DDR1 kinase inhibitor GENTRL In vitro evaluations [20]
Tyrosine Kinase Inhibitor VAE Likelihood probability values (P > 0.75), [29]
Tanimoto coefficient > 0.6
Bruton's tyrosine kinase (BTK) inhibitor DL, PCA Obtained nearly 1 500 candidate inhibitors [22]
Dual inhibitors of CDK4 and HER2 ANN ACC = 0.84: S and Sp are higher than 0.75: 30}

Dual-target inhibitors of SYK/JAK or

XGBoost, SVM, DNN

MCC(training) = 0.683; MCC(test) = 0.616
Recall rate: 0.97(single-target); [31]

BTK/JAK Recall rate: 0.54(dual-target)
Platelet-derived growth factor receptor-B  RF, k-NN, SVM, Naive Bayes ACC: 0.852 [32]
(PDGFRB) Inhibitor AUC: 0.905

NLP: Natural language processing; RF: Random forest; DA: Discriminant analysis; BILSTM: Bi-directional long short-term memory; LightGBM: Light

gradient boosting machine; PCA: Principal components analysis; XGBoost: Extreme gradient boosting; DNN: Deep neural networks; ACC: Accuracy;

AUC: Area under curve; MCC: Matthews correlation coefficient; Sn: Sensitivity; Sp: Specificity
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Table 3 Summary of the relevant information of machine learning in predicting ADR resistance and combination therapy

Type Objective Database Classification method  Quality performance/Conclusion  Reference
ADR/toxicity Drug-induced liver injury DILIrank SVM, AdaBoosting,  Sn: over 80% and up to 95%, [44]
k-NN, RF Sp: around 50% and up to 60%
Digestive and nervous systems SIDER LDA, SVM, DL AUC: over 0.695 and up to 0.989 [45]
Kinase-adverse event SMKIs ML C-index(the population level ): [46]
0.776(grade 4), 0.724(grade 5);
C-index(the patient level): 0.701
Resistance Antimicrobial resistance PATRIC XGBoost ACC: 0.95; major error rate: 0.001 147]
Antimicrobial resistance DRIAMS LR, LightGBM, DNN  AUC(three types of bacteria): 0.80, [48]
0.74,0.74
Kinase inhibitor resistance TKI dataset ML RMSE = 0.73; Pearson = 0.54; [49]
AUPRC = 0.50
Cisplatin resistance CCLE; TCGA LR, DT In vitro and in vivo evaluations [50]
antimicrobial resistance SPR spectra RF ACC: 0.89 [51]
Combination ~ Combination Date from experimental RF AUC for synergy: 0.79; [52]
antibiotic therapies measurement AUC for antagonism: 0.8
Combined Date from the literature RF AUC for synergy: 0.89 [53]
antibiotic therapies AUC for antagonism: 0.91
Combined CCLE; COSMIC;MDACC; LASSO In vitro and in vivo evaluations [54]
anti-tumor drug therapy MCLP
Combined CCLE, TCGA, COSMIC DNN Rank correlation: 0.73, [55]

anti-tumor drug therapy

MSE:241.12, RMSE: 15.46

Pearson correlation: 0.74

AdaBoosting: Adaptive boosting; LDA: Latent dirichlet allocation; LR: Logistic regression; LASSO: Least absolute shrinkage and selection operator

regression; MSE: Mean square error
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