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Abstract: The binding of proteins and ligands is a crucial aspect of life processes. The
calculation of the protein-ligand binding affinity (PLBA) offers valuable insights into protein
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function, drug screening targets protein receptors, and enzyme modifications. In recent years,
artificial intelligence (AI) has experienced rapid advancements, becoming widely used in PLBA
prediction. This is attributed to its robust feature extraction ability, superior algorithm accuracy,
and speedy calculations. Our paper aims to provide a comprehensive overview of Al predication
process, associated resources, application scenarios, challenges, and potential solutions, serving
as a valuable reference for the relevant research endeavors.

Keywords: artificial intelligence; protein-ligand binding affinity; drug development; enzyme

engineering
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1 ETF AI 89 PLBA FUN#ERVENRIZ Kb ML E/RHLER2% > (machine learning), RF /R FEHLE
Hi(random forest), GBT K /nFhE 58 (gradient boosting tree), SVM F&/n 75 m] & Hl(support vector
machine), DL F/RIRE:>] (deep learning), CNN /R &FIHIZE M 4% (convolutional neutral network),
GNN /R [E #4545 (graph neural network), transformer R /N# 2%, VS IR M #8101 (virtual
screening), EF £/8 & #[HF(enrichment factor), AUC /4R T Ififi(area under the curve), Rp F/~
Pearson #& 2 % (Pearson’s correlation coefficient), RMSD /) H3 % 2 (root mean square deviation),
CI #/Rn—2 45 % (concordance index)

Figure 1 The process of building a model for predicting PLBA based on Al algorithm. ML stands for machine
learning, RF stands for random forest, GBT stands for gradient boosting tree, and RF stands for random forest,
SVM stands for support vector machine, DL stands for deep learning, CNN stands for convolutional neutral
network, GNN stands for graph neural network, VS stands for Virtual Screening, EF stands for enrich factor,
AUC stands for area under the curve, Rp stands for Pearson's correlation coefficient, RMSD stands for root
mean square deviation , and CI stands for concordance index.
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*1 EERMEHEEHIERE

Table 1 Protein and ligand information databases

Database Description Link

PDBbind"? A database focused on curating and sharing binding http://www.pdbbind.org.cn/
affinity information for protein-ligand interactions

DUD-E"! A database focused on benchmarking virtual screening https://dude.docking.org/
methods

CASF-2016!"4 A database specifically designed for the evaluation of http://www.pdbbind-cn.org/casf.asp/
docking and scoring methods for PLBA

PubChem!'™ An open chemistry database mostly contains small https://pubchem.ncbi.nlm.nih.gov/
molecules (also large molecules) with their properties and

active
DrugBank!'®! A comprehensive pharmaceutical database https://www.drugbank.com/
UniProt!'”] A database providing comprehensive information on https://www.uniprot.org
protein sequences and functions across various species
PDB!'Y A database providing 3D structural data of biological https://www.rcsb.org
molecules
Brenda!'”! A database providing detailed information on enzyme https://www.brenda-enzymes.org/

function and properties
BindingDBP" A database specializing in molecular binding data https://www.bindingdb.org/rwd/bind/index.jsp

*2 EBERRMEFHEREERT

Table 2 Common data representations of protein and ligand

Data representation  Data structure Description Characteristic
SMILES*? A string of ASCIIL SMILES conveys information =~ SMILES is a molecular representation that is
characters about the atoms, connectivity,  highly efficient for computer storage and
and stereochemistry of transmission. However, it can exhibit significant
molecules variation in notation for structurally similar small

molecules, which may hinder machine learning
models’ ability to capture fine molecular

features!*?)
FpI! A string of binary FP encompasses a broader FP, a molecular representation method, offers
characters spectrum of molecular details,  simplicity in its mathematical structure, minimal

including topological structure, storage demands, and swift Al model training
charge state, ring systems, and  and testing!®*). However, it mainly comprises

substructures binary data, leading to the loss of finer molecular
details
Graph!?* Includes edge In addition to the The graph representation method for molecules
vector, node vector  aforementioned molecular is a cutting-edge approach, encoding richer
and node connection information, graph also molecular information for an intuitive and
relation matrix encapsulates details such as flexible structure representation*!. However, it’s

atomic electronegativity, formal worth noting that with large or complex
charges, radii, as well as bond  molecules, this method’s use demands more

characteristics and lengths computational resources and time for processing

SVM)E 4% 2010 4F, Ballester 42T 2T PLBA Tiill. RF-Score ) 12 A FE BS54
JLF RF 1Y RF-Score fA1, AU ML 2R [ BORIBCAA J5 7% 1t BRSOV e AiE,
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PLBA U/, 7 PDBbind v2016 K& izt -p B
BT B EAREERTE . 2019 FZANETF & T
FT CNN B HmEER OnionNet™, 7£ 30.5 A

http://journals.im.ac.cn/cjben

FEESN, B AR R e LT 60 A
R R 0.5 A BIRLO R, K ARAR 2 5 2 [l Y
B A RS EOAR T B R A R, R
AR R 7251 €. H. O, N, P,
S. KERUSHAMICER® Fi), 3 840 (8x8x60)1>
FRAEm &, 7E5F 11 906 44440 PDBbind
V20162 W MRt (refined set) FllZR, 7E5F 398 4%
#d i PDBbind v2013121A1 v2016594% 0048 E il
e RE, L RUIE S S 5 {H Ay AH OGPk T ik
73%, KSR K 0.816. 2021 4 H pA#E—24t1k
OnionNet 377 & T OnionNet-2P", W4EAE 2k Ky
FHAR 31 5 2 1) 1) B ik e 3% ik 5 T A 7 19 4 f
B, AR A Z I B RHE SN 8 R AT
P RE 21 FPEEMREREL, URRHE 1L B 7R
SN i b2 > B S BCIAAE AR, KGR
R {712 0.864. BL4h, BIBNIRIT T ¥F43 %K
& IEI5 OnionNet-SFCTPY LR 5 14 40 3170 R 4K
B X 4 MR e BE 7, 78 CASF-2016 R
A, OnionNet-SFCT 5 AutoDock Vina Bk [ 528
T & SRR AR I IR e RO, PEREJE PR B
AutoDock Vina [ 2 % .

2021 4F, WL R 2R AE A3 452 T AR VL
R SR FZ AN . R K 2E W AR THIATBA L K
it TR S 6 % PO W] I & 3 GNIN g ) 45
B IGN, ZFERILE PLBA Fill . VS LA K/
ShEA RS TUNAT 55 R B0 T LA i3z Ak PERE
IGN DAFCARIE . 25 15T R0 28 1 oo A4 ARy
SAE, FLRRAE B Y SRR A SRR, PIRIR
[vi) 2 B (1 300 % 7 A i e N AR Ie A i 2, TR B
A THE . M. RS ERUEmERE
F AR Y = 4254, (8 Pk S 1 B A
B 2E ) o F IR F IR AH EAE T, 44
R R AR A B B e B 8 A DAy
A AT REAFAEA AR . IGN 7E 547 8 298 4544
JE(%) PDBbind v2016°—fit4E Fill%k, 7E5A



B F | ALBRESER-EAEEFNATN PR RER 2075
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EE R, TURAMZEMEA T 3D 5K (s
IR FOR TR AN 45 & 048, A Hasa 0
RERHER L ATAr . RN ATRERIZE A LR DL
ERREE DAY 2 S D RCIRDR o e i A

THEAMATE, DoGSiteScorer £37E UL Al
WoREM 3D 45k K (EhE DRI RB R
7w, HhaaRoRnithm, SEaRR 2
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F=3 ETF AIHY PLBA TS &2 H 4k

B ZEEM 5, DeepSite &I Ay i i) 45
COACH #2 {2 Fh 4l 5 5 B0 50k 4 1 P 3k
I A RLTTOI VE A () 256 T AR A S B 1 T - e AR
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Table 3 Models for predicting PLBA based on Al algorithm and their performances

Year Model Algorithm Performance Test set
g
2010 RF-Score RF™ R=0.776 PDBbind v20077¢
2011 CScore?” CMACP R=0.801 PDBbind v20072
2015 RF-Score v312” RF™ R=0.803 PDBbind v200712°
2017 PLEIC-SVMEY svMm“ AUC=0.930 puDp!¥
2017 CNN Scoring™! CNNM AUC=0.779 ChEMBLPFZ, MUVE]
AUC=0.522
2018 PotentialNet* DNNEB4 R=0.822 PDBbindv20072%
2021 IGNB3! GNNM R=0.837 PDBbind v2016¢!
2019 OnionNet?®” CNNM R=0.816 PDBbind v20163¢
2021 ECIF-GBTP® GBTW R=0.866 CSAF-201614
2021 OnionNet-2" CNN¥ R=0.864 PDBbind v20168°
2021 OPRC-GBTM GBTW R=0.835 PDBbind v2016¢!
2022 PLA-MoRe!! GINBY CI=0.886 Davis*!l, KIBA®Y
Transformer™ CI=0.874
2022 3D-RISM-AI™? XGB! R=0.800 PDBbind v2016¢!
2022 MRBDTAM Transformer™? CI=0.901 Davis*!l, KIBA®Y
CI=0.892
2023 SS-GNNM™4 GNNM R=0.832 PDBbind v2016¢!
2023 PPS-MLM GBTW R=0.843 PDBbind v20163¢
2023 CurvAGNHY GNNM R=0.831 PDBbind v2016°
2023 GPCNDTAM"! GNNM™ CI=0.903 Davis*!, KIBA*!
CI=0.907
2023 GraphScoreDTAM GNNH™ R=0.831 CASF-2016!'¥
2023 PLANET™ GNNM R=0.811 CASF-201614
2023 3DProtDTAPY GNNM™ CI=0.909 Davis*!, KIBA*!
CI=0.858
2023 NHGNN-DTAP! GNNM CI=0.914 Davis™*!l, KIBAM !
CI=0.907

Note: CI stands for concordance index.
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#* 4 ETF AI B PLBA FUNREA0ITEIEFR
Table 4 Evaluation indicators of models used to predict PLBA based on Al algorithm

Task Evaluation indicator Introduction

A EF EF primarily focuses on the degree of enrichment of active compounds at specified proportions,
aiding in the assessment of the model’s efficiency in identifying potential active compounds
across the entire compound library. Computed by comparing the ratio of active compounds
identified at a threshold to the overall distribution, EF values range from 0 to positive infinity. A
higher EF value indicates that the model more effectively enriches active compounds.

AUCH AUC is a key metric that primarily assesses the overall performance of a model in
distinguishing between positive and negative instances across the entire range of classification
thresholds. Computed by integrating the receiver operating characteristic (ROC) curve, AUC
values range from 0 to 1. A higher AUC value signifies superior screening performance, with
1 indicating perfect discrimination, where all true positives are ranked higher than all true
negatives, and 0.5 representing random chance.

Predicting Rp[4] R, plays a fundamental role in assessing the linear relationship between predicted and actual

PLBA PLBA, elucidating both the strength and direction of the correlation. Computed by dividing
the covariance of predicted and actual binding affinities by the product of their standard
deviations, R, values range from —1 to 1. An R, value of 1 indicates a perfect positive linear
correlation, signifying that as the predicted PLBA rises, the actual PLBA consistently
increases. Conversely, an R, value of —1 suggests a perfect negative linear correlation,
denoting a consistent decrease in predicted PLBA as the actual PLBA increases. As R,
approaches 1, it reflects a progressively stronger positive correlation, while an Rp nearing —1
signifies a more robust negative correlation. In contrast, an R, value close to 0 implies a weak
or no linear correlation between the predicted and actual PLBA.

RMSDM RMSD serves as a critical metric when evaluating a model’s predictive accuracy for PLBA.
Computed by determining the square root of the average squared differences between
predicted and actual PLBA, RMSD values range from 0 to positive infinity. Lower RMSD
values indicate a more precise alignment between predicted and actual binding strengths. This
implies that the model is effectively capturing the intricate details of protein-ligand
interactions. Conversely, higher RMSD values suggest a greater discrepancy, highlighting
potential limitations in the model’s ability to accurately predict binding affinities.

i CI provides insights into the consistency, strength, and direction of the correlation between
predicted and actual PLBA. Computed by dividing the covariance of predicted and actual
binding affinities by the product of their standard deviations, CI values fall within the range of
—1 to 1. A CI value of 1 indicates a perfect positive linear correlation, signifying that as the
predicted PLBA increases, the actual PLBA consistently increases. Conversely, a CI value of —1
suggests a perfect negative linear correlation, denoting a consistent decrease in predicted PLBA
as the actual PLBA increases. As CI approaches 1, it reflects a progressively stronger positive
correlation, while a CI nearing —1 signifies a more robust negative correlation. In contrast, a CI
value close to 0 implies a weak or no linear correlation between the predicted and actual PLBA.

2 FF AI W PLBA FRUAEA gy A% 56 (bl O TAUOIRRN . KD
KL 3 % KA | I EBERE LA DIE, Al
LTI I TSR 2 4 H O

2.1 EHT AL PLBA FUNERIBNAZAMAIN (& 2), M, BIEARTFR THEZET AL 1
GBI A ST IR T AR B B P2 2 12,48 PLBA Tl A5 B LA R 25 5 #8 =2 (8] 9 A AL
WATE 28 (2B IC A AT Horp2i A BT 2 AF A (drug-target interaction), MWK 3 23|y
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MRBDTA . GPCNDTA . GraphScoreDTA LA
3DPRotDTA 45, 15254 58 s 456 551 )
AT LA 5CHE B B #0 T BB R A e A4, AIRSAS |
SR I Y SR R AE A SR A R e e Sk
B, BT R RCRT,

AR, NI AL B I R A 5% 45 L 1) =
R SRS, DB DI A
BGTET 20102023 47 3 =6 f A1 245 )45 P
(Food and Drug Administration, FDA)7 4t 7 )
YEF T 2 A0 55 09587 73+ 524K (new molecular
entity, NME)Z5¥) 40t (Kl 3), 7] WXt M 2%

x5 MREAR-EFEEERATNIA

(Oncology). /#Y(infection). £~ (Central
Nervous System, CNS)Jy a4 25 ¥ 57 50 i
%, fEXsey Yottt , ST ALK PLBA il
DN ASE R AN BB AE T it Ak 5 400 P8 v 0 22 0 P 00 o1
I, R RE I P A POCHRR AL , T HE KT
RS S EAZG I VE P, Chen 2R
B Atomwise”/AH Y AtomNet M 400 TRk 4
Vb T — Pl /I 200 i i 98 %) Vs L LR

W) FHAZAR TSR H oA U8 . 05 & RN
T i 45 T Bk A . Krishnan 2P % T 3%
TR T WML 2t ik, AT

Table 5 Predictive tools to assist in the study of protein-ligand interactions

Tool Description Case

Link

Tabal®”! Taba is a supervised machine
learning-based scoring function for

protein-ligand binding affinity

Taba assists in studying the interaction http://www.taba.bio.br/
between cyclin-dependent kinase 2
(CDK2) and related compounds

[66]

http://nsclbio.jbnu.ac.kr/
tools/CSatDTA/

http://manoraa.org

gRINN assists in studying the interaction http://grinn.readthedocs.io

https://www.playmolecule.
com/deepsite/

CSatDTAY CSatDTA is an online tool based on -
CNN for predicting the binding affinity
of protein-ligand interactions
MANORAAYY  MANORAA is a machine learning MANORAA assists in studying the
platform to guide protein-ligand design interaction between cystic fibrosis
and affinity calculation by anchors and transmembrane conductance regulator
influential distances (CFTR) and genistein!®”!
gRINN(® gRINN is a software tool for residue
interaction-energy based investigation of between ebolavirus interferon antagonist
protein molecular dynamics simulations VP35 and ubiquitin (Ub)*®
DeepSite!®! DeepSite is a protein binding site prediction DeepSite assists in studying the
tool based on deep convolutional neural interaction between
networks (CNN), designed to capture acetylcholinesterase (AChE) and its
distinctive features of binding sites potential inhibitors!®”!
COACH!* COACH is an online tool for predicting  COACH assists in studying the

protein binding sites that combines the

structure and function of alkaline

https://seq2fun.demb.med.
umich.edu//COACH/

binding-specific substructure algorithm phosphatase (ALP)!"")

TM-SITE with the sequence-profile
alignment algorithm S-SITE
DoGSiteScorer!®! DoGSiteScorer is an online tool for

DoGSiteScorer assists in studying the

https://proteins.plus/

predicting potential binding pockets and interaction between receptor of

sub-pockets of proteins. This tool also
analyzes the geometric and
physicochemical properties of these
pockets and estimates the druggability of
drugs

glycation end product (RAGE) and
aldose reductase (ALR2)!"!

http://journals.im.ac.cn/cjben
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Biomarker/Target

identification Pharmacokinetics prediction

\ 4 : : )
‘\“ Drug-target interaction f

®
Clinical trial design
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V FDA review

Compound screening
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Figure 2 Al algorithm is used in many areas of drug development.
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Urology = 2
Rare diseases mm 3
Kidney disorders 6
Immunology | 5
Hormonal disorders 2
Liver 5
Sexual health 3
Reproductive health == 3
Others 7
Muscular disorders 5
Bone and joint = 1
Hormonal m=m 4
Rheumatology 1 5
Dermatology 10
Ophthalmology s 10
Gastrointestinal | 1 15
Imaging/Constrast 20
Respiratory | 14
Hematology 18
Cardiovasucular 24
Metabolic disorders - . 27
CNS | 55
Infection 63
Oncology 91
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3 2010-2023 4F FDA #it/ER) NME #5208 HUlk A FDA B M (https:/www.fda.gov/)

Figure 3 Summary of NME drug classifications approved by FDA from 2010 to 2023. The data is sourced
from FDA official website (https://www.fda.gov/).

AL DA P8 80 5 B (AR A B4y F, IR AT LUAR ) 10 000 A~/Na3F- 4l A AR AR, 25y
P& ML B yEWI G PLBA SHE% 447 HE TS 30 S 80 N ESR A T,
AR UE % R R A JAK2 Fil DRD2 T b AR B A N A B A TR O sk —
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o T ARE L Y R TR R R, HESh T
IWIIE R (G 6). BLAN, TEER 245 P b
K2t JE TR AR AP R JF & £ F DL
F IR ProTMD, %A 5] AR H R 5h
SIEAE R, Y-8 B g & 28 0 B
5tk Re 0 T AR, RA 2541k
2R RO SIS RNy A ) TR
2019 AFHRGERIEEEREN B A, Al Bl

B0 1 F SARS-CoV-2 5 8 £k 1 25 S B i 2y
YIAHE AR FHRBTSE , 40 Choi %P ] MT-DTI®!
e 20 FETZEIIHI], Anwaar ZEPIFIF
DeepDTA RIS FXFHEP AR Gk 49 Fhét
XIS SARS-CoV-2 e EE & 114 FDA HLifEZ)
Y1, PEHE T AHSEZE Y TR, Jablonsky 260
FIHZE T XGBU A58 70 i1 43 i 322 36 A 0
e 4 Bl B (1 S 3CLpro Y TR AE 1 i 7

®6 FIAET AI#Y PLBA FUNIER 5348 s =51
Table 6 Cases studies on targets using models for predicting PLBA based on Al algorithm

Disease

Target

Research progress

Oncology

Oncology

Oncology

CNS

Infection

Infection

Oncology

Oncology

Oncology

CNS

Oncology

Oncology

Cyclin-dependent kinase2
(CDK2)

Ovarian tumor protease
7B (OTUD7B)

Janus kinase2 (JAK2)

Dopamine receptor D2
(DRD2)
3-dehydroquinic acid
dehydratase (DHQD)
HIV-1 protease

Epidermal growth factor
receptor (EGFR)

NIMA kinase 7 (NEK7)

Microtubule
affinity-regulating
kinase 3 (MARK3)
Cannabinoid receptor 2
(CB2R)
Phosphatidylinositol
5-phosphate 4-kinase
(PISP4Ks)

Leukocyte tyrosine
kinase (LTK)

The model identified key residues involved in the interaction between CDK2 and
inhibitors'*’

The model is capable of sifting through 4 million of compound libraries to identify
small molecule 7B with significant inhibitory activity against the protein target
OTUD7B!"*7

The model screened and identified 30 potential inhibitors from a compound library

containing thousands of compounds®”!

The model screened and identified 80 potential inhibitors from a compound library

containing thousands of compounds®”!

The model identified key residues and electrostatic interactions involved in the

interaction between DHQD and inhibitors!®"!

The model excels in predicting the high-precision affinity between HIV protease and
inhibitors, concurrently identifying differences in affinity between wild-type and
mutant proteases and inhibitorst®”

Utilizing a combination of methods, the model pinpointed 360 potential inhibitors for
the L858R/T790M/C797S mutant EGFR from a selection of 1.76 million
compounds®

Incorporating molecular docking and other techniques, the model sieved through
over 1 200 compounds, identifying potential inhibitors with higher affinity than the
FDA-approved drug dabrafenib®"

The model captured the essential residues of the protein target MARK3 and the

inhibitor nilotinib, enabling the visualization of critical interactions!®

The model enables precise design of potential CB2R inhibitors, serving as a guide
for drug development targeting CB2R. Additionally, it offers an online platform™®
The model is capable of discerning the crucial residues and functional groups

implicated in the interaction between the protein target PISP4Ks and inhibitors®”)

The model, in conjunction with experiments, facilitated the screening of 1 highly
inhibitory compound from a pool of 1.77 million molecular compounds.
Furthermore, it revealed the indispensable hydrogen bonding interaction of LTK with
the inhibitor™"!

http://journals.im.ac.cn/cjben
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Williams 252 OnionNet-SFCT 5 4 £ )2 180
#¥(multilayer perceptron, MLP)¥) Fi il A5l 25 4
RG24 Ly-CoVs55 HHiik B.1.1.529
LGSR IIFEAIR T 99.5%, 2504 215 2k
IRUESE . B3R ZE B EDTE T 36+ AL /) PLBA Til
AR TR B S BE D R 0 AT AT, M AE AL
PIHESN T, 3% 2655 Ak 5 WK DA S J 0 B[] 0
AR A AR LA E Tl
2.2 AL FUNTEHEDHBE T 32

K IH B K FlIR T X 4 IR R 45 5 2
7, el 50 )2 RO AR ) R I B 2
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it 7% AR B AR — P A G IR B, Ko TELER/)N
FIOREXT R 55 6N ) 8, T K (EAR K
FORGEA R AL, 2006 4FE Borger 2582k 4
AT RIAE LK E (cross validation) £ AR HE K,
TIIAR IR A 2 B X6 ] — P X AN [ 4
B RS . St s R K, SR
2021 4 Kroll %5 71§ f) UniRep™ 1] it 5 H I
VIR R o FHR SOMSE G, (2T DL A9 Fil
B y 47 AF R A AR R A T 1 50 4
1) Ko B0, A3 AL /B PRI RO i AT
W, AR LR 2H A B S Mg s 1 28,
s 1A S A AR Y2 R R . 2022 4
Maeda 25Nk & ML 53k FIS K000 10 5 i Ay 72
T MLAGO TiiligiRy, BRI AER /NIt
A ERRHL T TR K (8, ARG

PEHE T web N AT , ATV5 IR https://sites. google.

com/view/kazuhiro-maeda/software-tools-web-
apps. MAh, Yan ST R T T L1 4k R B-
AT IR Ky TSR, 2SR TINS5 45
e, A LTS BRSO D3 B R L B il T 44—
B SEFIPE RN R, IIFSE B-38 4 W g 2
LI YR BAE TS A0 G A Wy BE I5 R AR W A K
AR 7 HAT R 3

&: 010-64807509

UE4h, Goldman 252N 1k 56254 (1 #h Ak
W A il -5 RS WA B P B TR AR TR | A
TRUTT DL RS T i R A e S, L REAE R B
TR 7] A AT 55 R TR AT . Mou 251
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A= Wil Rt S 8 T AT R R SRS B 8 T .

3 i
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28T HET AL PLBA TR AL i i i e LA K%
i BhBIE Y B R R AR EAE R RS L 1He
T AL BN R . AR, AL RG 2y
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RS ER T I 25 2 11 5T R LA A9 AR i 25 TS 4 T
B e AN ey DA R RY AT fig R 25 ARk R TR R
LIS TAE EaRIn) G AR 2 0 |, 7E 8
J7m, BFSE N DL oA] DL S O 3k R e 25 B/ 1Y
LIT-PCBA"*#i 8 5 TocoDDB" it 42 1)1l 25
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51 AVE 2 1 (attention)! VL il 5 AR IR B O v
B BRI LA 55 2 R0 AR DG ) E S X, Bk
FH A FEE A 2 384 7% Bk B (gradient-weighted class
activation mapping, Grad-CAM)! "7 A a] #i Ak i
25 I 248 R A0 81 1 B 1 A4 A A P O B DX
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