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This review analyzes research trends related to new drug development using artificial intelligence
from 2010 to 2022. This analysis organized the abstracts of 2,421 studies into a corpus, and words
with high frequency and high connection centrality were extracted through preprocessing. The analysis
revealed a similar word frequency trend between 2010 and 2019 to that between 2020 and 2022.
In terms of the research method, many studies using machine learning were conducted from 2010
to 2020, and since 2021, research using deep learning has been increasing. Through these studies,
we investigated the trends in research on artificial intelligence utilization by field and the strengths,
problems, and challenges of related research. We found that since 2021, the application of artificial
intelligence has been expanding, such as research using artificial intelligence for drug rearrangement,
using computers to develop anticancer drugs, and applying artificial intelligence to clinical trials. This
article briefly presents the prospects of new drug development research using artificial intelligence.
If the reliability and safety of bio and medical data are ensured, and the development of the above
artificial intelligence technology continues, it is judged that the direction of new drug development
using artificial intelligence will proceed to personalized medicine and precision medicine, so we encour-

age efforts in that field.
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Table 1. PubMed search method for data collection
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Fig. 1. Trend in the number of papers related to new drug
development using artificial intelligence from 2010 to
2022.
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Table 2. TF-IDF analysis results
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Topic Modeling 23}

LDA 7|¥F EQ R A BXS 73317 fJalAs 41
Aze] B9 48 ARshs Aol dyHolol aok & 2
ToME 7]& =EE(Deveaud 2014[36], Griffiths 2004
[50], CaoJuan 2009[17], Arun 2010[5])°] A AT =@ o] &
B ndte] 7HA A EY £E AEdE
stol u-2tv|E 4 (Hyper-parameter tunlng) WS A
N3} TE Arun (a), Caoluan (@) A= EYo| H4y

F= A5E

¢

-

Rank Period 1 word tf idf value Period 2 word tf idf value
1 seizure 0.000109 aptamer 0.000121
2 radial 0.000085 miRNA 0.000112
3 DTO 0.000080 mRNA 0.000097
4 MLM 0.000080 degron 0.000087
5 DP7 0.000075 G12C 0.000083
6 efindsite 0.000075 3CL 0.000068
7 deamidation 0.000065 fentanyl 0.000068
8 Fabs 0.000065 HNN 0.000068
9 FXR 0.000065 BMI1 0.000058
10 NAD 0.000065 CT 0.000058
11 FS 0.000060 HR 0.000058
12 RFE 0.000060 ncRNA 0.000058
13 secrete 0.000060 QC 0.000058
14 drugscore 0.000055 viscosity 0.000058
15 CLint 0.000055 CETSA 0.000053
16 pediatric 0.000055 DeepDIL 0.000053
17 ALS 0.000050 DeepPurpose 0.000053
18 CPANN 0.000050 DLBCL 0.000053
19 HSVL 0.000050 hypergraph 0.000053
20 IVIVR 0.000050 KGs 0.53

DTO: diethyltoluamide, MLM: mouse liver microsome, DP7: an antibacterial peptide, Fabs: antigen binding fragment, FXR:
bile acid receptor, NAD: nicotinamide adenine dinucleotide, FS: free systemic, RFE: recursive feature elimination, CLint: intrinsic
clearance, ALS: amyotrophic lateral sclerosis, CPANN: ceramides in platelet-rich plasma and nanoparticles, HSVL: hypo-
tension-severe visual loss, IVIVR: in vivo imaging of vascular reactivity, G12C: a k-ras mutation, 3CL: a protease, HNN: hybrid
neural network., BMI1: a novel cancer target protein, CT: compute tomography, HR: human resources, QC: quantum computing,
CESTA: cellular thermal shift assay, DeepDIL: deep learning-power, drug-induce liver injury, DeepPurpose: a deep learning
based drug repurposing and virtual screening toolkit, DLBCL: diffuse large B cell lymphoma, KGs: knowledge graphs

Table 3. LDA analysis results

Research field Period 1

Period 2

Protein and DP7, FXR, MLM, DTO, NAD, CPANN,

compound secreted, deamidation, Fabs

fentanyl

Nucleic acid

aptamer, message(messenger), ncRNA, miRNA

Disease FS, CLint, ALS, HSVL

Cancer G12C, BMI1, degrons, DLBCL

Al tool RFE, drug score, IVIVR HNN, QC, CETSA, DeepDIL, DeepPurpose,
hypergraph, KGs,

Others pediatric radial, viscosity, HR, CT
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Fig. 3. Determination of the optional number of topics in LDA analysis in period 1 (A) and 2 (B).



668 BB ULTIX] 2023, Vol. 33. No. 8

Table 4. Main words and topic in period 1

Main words Topic
| covidl9, sars, cov, hemolytic, coronavirus, TCM, A study on the role of oriental medicine in Corona virus and
address, pandemic, vaccine, rapid epidemic response
) drug, predict, model, learning, method, data, base, Machine learning-based protein-drug interaction model
machine, protein, develop development research
k, SVM ket 1 t t h . . . .
3 rank, SVM, pocket, sample, react, vector, search, A study on sample classification and ranking using SVM
database, shape
4 SVM, residue, semantic, QSAR, annotate, DDI, A study on SVM-based semantic QSAR model for DDI
vector, pair, kinase prediction
SVM, GA, hot, seizure, substrate, DTO, spots, ACT, Prediction of seizure-inducing effects of drugs listed in DTO
5 .
ANN using SVM
6 AD, ANN’ constituent, ATP, generative, novo, AD treatment drug candidate generation study using ANN
composition, FXR, formula
Fs, HI i ti tol ADME, ADR .. .
7 SEs, HIV, noise, anti, genes, ontology, ’ > Prediction of genes for ADME/ADR of HIV using SVM
SVR, SVM
3 disorder, simulations, potent, bank, parallel, Potent drug discovery research using molecular dynamics
documents, electrostatic, launched, reproduce, LogP  simulations
reposition, line, MS, HIV, react, metabolism, DP7, . .
. A f HI h DP
9 GPCR, apoptosis, Bel study of new HIV therapies targeting 7
10 deep, Al, intelligence, challenge, attention, CNN, A study on the challenges of medical image analysis using

patient, generative, novo, generation

CNN

TCM: traditional Chinese medicine, SVM: support vector machine, QSAR: quantitative structure—activity relationship, DDI:
drug-drug interactions, DTO: diethyltoluamide, GA: genetic algorithm, ACT-SVM: a prediction model of protein-protein inter-
action, ANN: artificial neural network, AD: Alzheimer’s disease, SFs: scoring functions, ADRs: adverse drug reactions or events,
SVR: support vector regression, DP7: an antibacterial peptide, CNN: convolutional neural networks
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Main words

Topic

drug, model, predict, learning, method, base, develop,
molecule, protein, data

Drug development research using machine learning

Covid19, DILI, SFs, virus, ANN, PI3K, formulation,
publish, contact, dimension

DILI risk assessment study of COVID-19 treatment using
ANN

CPI, effect, DTI, toxic, abnormal, root, highlighting,
fragment, normal, PCA

A study on the utilization of DTI and CPI for new drug
development

aptamer, phosphorylation, CADD, fluorescent, alert,
expedite, severity, rational, solvent, recommendation

Development of aptamer-based fluorescence sensor using
CADD and research on rapid phosphorylation detection
method

similar, neighbor, graph, node, topology, QSP, synthetic,
GNN, DTA, covalent

A study of a new method to predict drug-target affinity
using GNN

physical, proteome, effort, future, wet, correct, experts,
expertise, gained, bound

Efforts to understand the physical properties of proteomes

background, typical, microbial, mining, GBM, graph,
multi, manual, chapter, view

A study on the use of GBM for molecular graph data
mining

DILI: drug-induce liver injury, SFs: score functions, ANN: artificial neural network, CPI: compound-protein interaction, DTI:
drug-target interaction, CADD: computer-aid drug design, QSP: quantitative system pharmacology, GNN: graph neural network,

DTA: drug-target affinity, GBM: gradient boosting algorithm

Table 6. Artificial intelligence tools for new drug development’

Research field

Tools

Homology modeling prediction

MODELLER, Swiss model, Phyre & Phyre2, 3D-JIGSAW, HHpred, RaptorX,
ESyPred3D, MOE, Yasara, FoldX, BhageerathH

Threading modeling prediction

Muster, GenTHREADER, I-TASSER, DescFold

Ab initio modeling prediction

QUARK, Rosetta/Robetta, I-TASSER, CABS-FOLD, EVfold

Binding site prediction

FPOCKET, SURFNET, Q-SITEFINDER, DoGSite, Scorer server, CASTp, BiteNet,
Metapocket, DEPTH, LISE, MSpocket, Epock, TRAnsient Pockets in Proteins, POVME,
POOL, MetalDetector

Stochastic search algorithms

AutoDock, Gold, PRO_LEADS, EADock, LigandFit, ICM, Molegro Virtual Docker,
CDocker, GlamDock, PLANTS, MolDock

Systematic search algorithms

eHiTS, FRED, Surflex—Dock, DOCK, GLIDE EUDOC, FlexX, Hammerhead, Flog,
SLIDE, ADAM

Docking

AutoDock, AutoDock Vina, BetaDock, Blaster, DARWIN, DOCK, DockVision,
DOLINA, EADock, FlexX, FlexAID, FLIPDock, GalaxyPepDock, GEMDOCK, Glide,
GOLD, GPCRautomodel, idTarget, LeDock, LightDock, MedusaDock 2.0, MOLS 2.0,
SwissDock

Graphical display

UCSF Chimera, JSmol, Jmol, RasMol, BALL, Phymol, VMD

Molecular dynamics simulation

AMBER, CHARMM, OPLS, GROMOS, Coarse grained

Small molecule database

DrugBank, PubChem, BindingDB, BindingMOAD, ChEMBdb, ChemSpider

QSAR

OECD QSAR Toolbox, CORAL, PharmQSAR, AutoQSAR, GUSAR

Pharmacophore modeling

MolSign, LigandScout, Catalyst, CASTSlight2, PharmMapper, Pharmer, Phase,
ZincPharmer

Al

Alphafold, Chemputer, Chemical VAE, DeltaVina, Hit Dexter, InnerOuterRNN,
JunctionTree VAE, NNScore, ORGANIC, Open Drug Discovery Toolkit, PPB2, QML,
REINVENT, XenoSite, SMARTCyp, DIA-NN

DL

Tensorflow, Pytorch, Scikit learn, MXNet, Gluon, Deep Docking, Deep Chem, DeepTox,
DeepNeural Net QSAR, PotentialNet, Conv_gsar_fast, Neural graph fingerprint, PADME,
Tox_(R)CNN

"This table is adapted from a published review [149].
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