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Abstract: In recent years, artificial intelligence (AI) technology has advanced rapidly and has been widely
applied in various fields such as medicine and pharmacy, accelerating the drug development process. Focusing on
the application of Al in the discovery and optimization of lead compounds, this review provides a detailed
introduction to Al-assisted virtual screening and molecular generation methods for discovering lead compounds,
while particularly highlighting the cases of Al-drived drugs into clinical trials. Additionally, we briefly outline the
application of Al basic algorithm models in quantitative structure-activity relationship (QSAR) and drug
repurposing, offering insights for Al-based drug discovery.
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250 R I R ) % AN BT, SR ORI L SRR AE 5%
B T ALK AR Bh 2590 i, R 25 10 I 5 K
SR (B 1),

W RIE — MK R R R, KT
AP KI5 AR AR B 25 R R AR O R, R
I BT A TE R (Y [ B AR R R SE A1)
FIE T R REVE RN R 25 . B AT, S S A Wk B AN
DAL T e B A 8 24 P A 2 2 TR 48 B P K R B U PR 4
A, HERE B TR R, MEN TR RSN~ %24k
G W) RIS Ak V) A B () B e ot 1) 5o 5 ARG B,
PE RN AR B AR PR AL 22 o A SOR SR 4B ATTE G
SALE YR RIS AT R T R, 7 1 A AL
W LMREF AN EA S A LG, EENH
ML/DL 5% 1E 56 T A A4 AL Ak o i) H A 22491,
DL B ATAE 2591 ik A2 H () B AR A
1 HMFFEIMREZIMSREENR

L2 ) R LM TR e ) — M7, B A TH
Re o, ML 1 T A MEE  aR s &
5%, B B RN AR AT B, s B U SR, FE DA
AR AL P PR 85 LA LR T Bl e 3, A R A )
TG B SIS o, M B 5 ST 2 R T DA
TR RS I SRR rh 2 S B AL — AMEE AL, JEAR A B
TR BT 1) S 3k AT P i e M B 2 ) g v AR
RS R bR e BB SR AT N, I RFEE A 1
o] B A L S B AT R AR
1.1 ERNNBZEIEENSE
1.1.1  #2E DIt ER (naive bayes, NB) NB & — Ffi &
UL B 32807 1, Fokz U JEAR R i ek 2 R AR AiE R %6 R T
M or3, RS 40 AR 70 RRE AR, SRR AE BEREAS tH B
264 T AN 800 HH A R e
1.1.2 K5 iT4B (k-nearest neighbours, KNN) KNN
By H Cover fll Hart'™7E 1967 SR HY, & — P32k &

3D protein structure

o HEARIREE g, FEA )R 2 A bR AR AR, X T
— AR R X, BE e el 14 A0 8 ] b S O
KRR Z, AR 73 AR —2 (K 2A).
1.1.3 X #[EE#L (support vector machines, SVM)
SVM Hi Cortes Z5!"17E 1995 42, £ H T 48 J5 1) L .
SVM (¥ AR, 78 H AR 4 S\ 25 18] Hh 1) )l 25 8
AT DA T80 ok Bl S g S ) v 47 AE 2 8] R 0 25 (€ 2B)
1.1.4 R (decision tree, DT) SHEHLZRK (random
forest, RF) DT &£ CLRIAFAE HUE 19 2 Ak b, 38 1 4
W A SR G R R AT AT I — R R R
R PRI HAT RS 4y S FE R R AR T
BRSO AR T Tz A (B120).

RF 20 M 2 2 A DT 6 R A BEAT Y1125 I 0000 1)
— o KA, DT I 73 K45 b M 280 i %, JIE4 RF
e AEIX A B R A 45 R (B2D).
1.1.5 1R PR # & 42 7+ (extreme gradient boosting,
XGBoost) XGBoost 5 7% & — il 2 T e 56 B4 1 £ i
5 2L, v DUIE I IR AR I 2R 55 5 2] 48, B R R
W, FFEAR I AT —FE 1 AR B R R R B AR A, AT I A 42
FHEARKER ) PERE . XGBoost By — Fhom K R i .
e AR BL 28 2% 2] B0, AT DA FH T 8% P sl A ] R
12 REFIHFSRIRENE

TR FE 27 2] RALAR 5 ST 98 A (0 — AN 37 1 A, )
FHR FE N LA 22 0 28 W] LU 6 (R s gk AT 5 302
2o AN, 4% T HHE B R AE o
1.2.1 RE#H2Z ML (deep neural networks, DNN)
N ARSI 2 52—l 52 N B0 A= 0 4 282 X 4 5 T 1L
THETH AR A FE R A AN b ST iR G R, AT
56 RCTRIN B 73 2K R, SR T AR A M 4%, A
TARE TR ™ BN 42 0 B AT 110 0 2 A T SR A
A 2 A0 I 145 5 %38 5 0E, —BOA N =
J2 (R4 48 I 2% 5 T DAY (R B2 A 2 I 2% o T A i

Virtual screening
MNE  Molecular generation
QSAR

Drug repurposing

Figure 1 Application of artificial intelligence technology in drug development process. QSAR: Quantitative structure-activity relationship;

ADME/T: Absorption, distribution, metabolism, excretion/toxicity; SAR: Structure-activity relationship
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Introduction to machine learning algorithms. A: The basic principle of KNN algorithm; B: SVM maps low-dimensional data to

high-dimensional space for separation; C: The diagram of DT algorithm model; D: The diagram of RF algorithm model. KNN: K-nearest

neighbours; SVM: Support vector machines; DT: Decision tree; RF: Random forest

28 I 25 (AR 3R D7 1) 2 B R 1, A5 S ANAE — AN T ) bA%
P, BRI 2% 25 46 ] B, (ELAS RE AR B b Ak B2 o ) P
FIHAR, T2 08 PR 2 I 48 Nz 1T A
1.2.2 fEIN# & W 4% (recurrent neural networks,
RNN) RNN H Hopfield"7f 1982 2 i, /& 48 7E 4=
TP 22 ) 2% IR Al 3G 0 TR R T BRI OR R, W
DA EE -3t b B G AL 25 8 3 5 5 I PR AH 50 B 1) A

& 28 1) 1 22 I 2 SR 2 I N 2 B B R 2 7 38
HZ, B 5 EZ a2 A1, 55 R 2 ToE
FEI, T T 17 38 (1) o 2 I 28 5 I B0 R - e 5k . AR
X6 HI 4 A 48 X 4%, RNIN AT AR b — A B[] et ) B
FECIRAS, RNN I SE T b — AN 20 W 28R A0 2 1
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K R B e 12 22 W 4% (long short-term memory
networks, LSTM) /& 5§ 7k i) RNN, Jt H 1& & 7 /7 71
B4 AL FE ) LSTM 1 Hochreiter 11 Schmidhuber! 7 7£
1997 4F 2 i« LSTM Wi & 7E B 56 RNN < 4t 1
) R, 7E 15 U B A B ARE Y 2
$H T L

2020 4F, Yang S5V FH & 1 LSTM [ 44 28 ) 4% 52
B M ChEMBL 4 e Il 45 =+ T3 Rk &4, SR g 16
FHALE 135 F0 &k # I E1A 45 & & A (E1A-binding
protein, p300) 1l 7 A1 576 A~ K IR 431 1 K4 B %o A
34T B, B AR BB I p300/CREB 45 & & M
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Introduction to deep learning algorithms. A: The structure of RNN; B: The structure of CNN; C: The components of AE; D: The

mechanism of GAN model. RNN: Recurrent neural networks; CNN: Convolutional neural networks; AE: Autoencoder; GAN: Generative

adversarial networks
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—MELE 672 M AR I B B, M Ik — LAk
GWHITE . i — P RENMN, KT T -8
A AR . e, ELE ik 254 B026 1E N K
IiE B ) A R v 6 p300/CBP 41 85 (1 4 Ik i RS il 3 B M
5 vy PR O 1) 3 R 2 2 ) e AR R AR
SE FH Tk — 25 1 I R AT T K

2022 4, Li SR T — AR BRI FE A
(generative deep learning, GDL) 1 7%4, GDL #& %Y /& 3 1
LSTM 3K 1) 53 A7 2 S PG PR AR 22 0 28 B2 44y, ] DLAE 1%
5 UIREE o3 3846 AH R AL 22 50 A 38 70 -, e AR A
S NG E BRI RE bR A iR B € I R IO S Y E .
B J5, ¥ GDL #5284 N F T 52 44 A0 B.4F F 2 A e 1
(receptor-interacting protein kinase 1, RIPK 1) ¥4 g #1 il
FIE I %8, IF TR I T — 48 & 22 1) RIPK 1 ¥
FHI 7R, U B IR B 0 X 28 AE B A 245 1) B Hp () B B
TEH
1.2.3 HAHEZML (convolutional neural networks,
CNN) CONN2 RO G H HBAARES N
AR 28 I 2512 R T N 2 — 35 AR 2 - B0 o -t Ak
E-EEH M. CNN O RERZ, EREE X
R S8 RPN ) R AT R, A I R B SR 2] K E
&R, BRIUFE G, ARSI — ME R4
A G (rectified linear unit, ReLU) B& %, K5 Ho s AE 28 14
ks WAk )2 mT DU R 4 /N B 0 RS, BEInR 7k
L, R Ry b FA ) B f S S A R R AT
&117325 (K 3B)-

2022 4, Noguchi ZPH2 H 118 5 & TR v 48 X 2%
(pixel convolutional neural network, PixelCNN) f& 74 |
o 87 4k 4 F 28 14 % A\ B YE (simplified molecular input
line entry system, SMILES) 3 5 % i 4 — 4 50 B 44
I, NP HE AR 22 0 2% 2 SRR . AT T3 PixelCNN
(vEREEAT T 2 07 40 T, FE5 H 5 RNN 784 B
IR 43 1 J7 TR T BOAE AR A IR A 2 2 Tl 4R
KT TR M. & RNNEEZTN S
H 5 73118 J53AH 6 82 B 43 - &5 44 77 TG T PixelCNN,
A3 T Pixel CNN [ HE B2 75 73+ 45 14 1) B KA Ak
77 T B AR T RNN J7 3%, o] DR GF 08 T35 T B
259 I IRAT S
1.2.4 H41E 3% (autoencoder, AE) AE {F Jyi% JE #if
L 2% 1) — Tk, 32 B T PR A e 4 DL SR
RAEFE RIS . AL S5& RN % £
I3 M S 4RI IE AR, (H 5 2 A B BE D R, 2%
RO ELF .

H g i 2% 1] DL ) B N HHE 1R B R AR, FR N 9
fith, [FESF FH 27 20 B8 RFAE 34 5 a6 5 N B, R

FRRS o I T2 IR R N IO x 7 A B R ) ARy,
R S Ty 8 4 B o, X BN xR S x, A AT TR R
i (B3C).

2020 4F, Chenthamarakshan 2742 H 7 — Ff FK
N4y F 5% 35 A2 i (controlled generation of molecules,
CogMol) M)A B A, 38 ik 75 48 43 H 2 h 25 45 1 v 5
ANZ B2 R AT R, Wit — A 75 & M Y
o HEE E7r1o ARATE F CogMol 2y ™ B T Wl
ZF A I 768 IR 995 B 2 (severe acute respiratory syndrome
coronavirus 2, SARS-CoV-2) [ = Ff #8 85 [ 2 B HT 2
-, F R ) L TR AN A B AR AL LB K
AIATPERI BRI . 25 R B, AR B 40 R 0% 15 4 AU
K Z5H) 18 P 2, I3 B H AU ) Tt A 4
BRI AN S A O AT
125 4 B R XF #1 W 4% (generative adversarial
networks, GAN) GAN &4 il iR 2§ —Fp, J8 i $REX
FEAR RN GRAGERY, 28 )5 1 He e S H Fr it 4 A 2548
B (B3D). GAN BLAE— ANz s Al — A 0 51 25,
A A A A S BN R AR R A A, I AR T 1 L
PEFEAS; AR — A 5 2838, F0 N 2 S Edis
SR IR A . A s R0 A il 4 7 EEAN TR AL, 2
e 25 AR BCRE AR ) T, IXAN A SR A TS A
P i s e < ol 1< R S A T TR

2018 4, Polykovskiy 2P tH 1 2 48 2 A X H1 H
ZN4ifS &% (entangled conditional adversarial autoencoder,
ECAAE) #5121 25 B J& M A2 1oy 1 44, 9 et
Xof R S8 B 1O PRD I T VA R LA R R . B FEN
F ECAAE “E B — Fl it 2L 1] Janus 3/ 3 (Janus kinase
3, JAK3) #iill 7, R IL 7> T EAMAMIAR, o i R4
FAD ¥ P AT e B 1 o
2 AIRAREASUEMERSMILPRIIRA
2.1 EMGHE

W APL U 326 2 48 7 3E AT AR W03 14 0 2 T, AR B8 T
b (75 SR E- G S Ao = M 8 A= /) e 1 1
PLIR )t f T e 5 SRR 45 G /N 73 1, AT R R FRAIC
SEFRT GV I ECH, R 5 e AP BRI
ME . —H LK, AL O BON kA PR S
WEM R E I FB L — o SR, R OLI % i A 2
ZAEAE T B A R A S A PE R ) 4K, H 0 e ) T
JEE TN A8 FE ARG 5 X6 T2 T 40— %o 422 1) kg L9 i 2R
T S, HAT o B AE R A AR iR . AR, I
ALY & R EE R T B 000 1%, —J7 1 m] BAy K g
WM& oy TR ECE K2 e 5 — 7T, Bk i
L, HF R R T AL BIHT 43 R HOR A5 97 e 45 5L 58 Jn
1R -
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211 KHUREPNTFE R L A S —
BRAARRH—F A THEEY, 5B 109402
WGV AR L R A2 — /Ny, 3K 5 BR A IS T
FE LI e B 250 LA EE . Ja R, AR B R fAL
AW PERIE & H SR, U0 Enamine 2 78 i 4 T E 5
57 I N A j 3 R AU, AL A B & T Bk B A
G, (H I A R A0 IR RS I B2 g, A8 A%
30 1% I HUL 97 108 SRV R AT 0 108 1R R A B, TR G R T
R e 8 BRI 3 R AT K FBAL S FE ) R AL
i 12 o

2021 4F, Kalliokoski JF- & T ¥4 macHine leArning
booSTEd dockiNg, Rl HASTEN, HASTEN & & /M £ 12
I UED B AT VRAL B TR, @ i kAR IR A
STABERY, PN 43— X6 42 V% 53 DAIN 38 5 1 45 44 1) i 4L 0
IR B AT BB 2 1R B SO R A0
F 'Y HASTEN T_H X} Enamine REAL 286 34k &4 k2
0 EE I 15.6 42 53 - #EAT T e 0t 90 T S BE LI+
0.1% I K AL & PO AE e o 40 147 20 1 X 42,
DALY ZRAL 28 27 Ik &0 B o () BT A 43 1 33047
XPHEFT 73 PN FEHE T, gk 2R #FEHE L AT 0.1% AL &)
HEAT 3 10 2, BRI AR JLIK, B I SR B
KB A BRLER 1%. 458 87K, A% EF
1% B 4L 5 P, HASTEN BE 62 LL 90% 1) e 74 1] % 4%
HEIE— T M2 i drd . dtk ™ W, HASTEN /2
— M RO & T H O 2 R I AL R T )
FHE,

[A] 4, Sadybekov ZF™17E (Nature) I & & 7 — Fh
Re LA B 7 /2 %5 0 % (virtual synthon hierarchical
enumeration screening, V-SYNTHES) J5 v, 0] X # it
110 4240 E P 1) R 40 P8 330 47 J5% T 23 Ik 445 46 (1) i 12k
KK T REE T A S (hits) B 77 Z VAN
oy FHCE, T BT B R AR AE VAR 11000 %7
ETR AR YT R DU B A A PR S K, JF HonT AR
AR5 . B J5 7E Rho AH 9G35 M 42 e Bl 1
(Rho-associated protein kinase 1, ROCK1) 71l T V-
SYNTHES [ % 68 71, /%5 21 Mt &t i &
BRI SN B, A 6 L& 4T BL5 ROCK 1 i
ghty, BN B K AE /N T 10 pmol- L.

2022 4%, Beroza 5P T — B PLIR L 77 %,
TEAE I 7= WAF A AR B (43 1 v BY) MBh &84 Al
G B TR, PR P R R AR R A g
AT LU, W B i A R B 5 R ) ) R B AR AL 22
MEF K, F-75 A RO AT YR A O 7 1o 1%
TR B T A Iy BovP Al AT R BT TR HIAL
S (A), S B X RO I 10428 Bk &1k

i 326 ROCK 1 il 77, #6321 69 A>3~ HEAT M SK A
ik, Horp 27 A5 1 4 ) K B /T 10 pmol L7,
i A8 39% M HLIX AN #2751 B AR GE i e 207
ARG U BE .

2023 4, Gryniukova 25PN FH & T AT 37 7 7%
PharmAI DiscoveryEngine X ¥ 43 260 73 > 73 T 1 {k
B W) FE BEAT M SO, PRk T 434 AN B AE S [ 4
H YT H S S 5 R F 1 (silent information regulator 1,
Sirtuin-1) & [ 1I/h 77, 05 A 17 0.02%. 222 [
BORANGAIE, ORI T 9 R 2 45 K 7 R Sirtuin-1
I o d5e J5 A R WA €5 1% A/ 35 4 (liquid chro-
matograph/mass spectrometer, LC/MS) JEhriciE MR L
GV E IS P, PR S R SR WAL S A S
PR (B 4). FHUR AT L, AT T H AT K RS (1) 9 i
B SR A g 2 R A LA DB R AR N TS
W, INTIASE 2 540 G P 1 i Bt 2 B Rkt L B 48 35
212 EMFEEIT SR N 7 s RE s
T, bR T AR O 0k T BV AN, R T TR
PR R AT 110 5, P A AT SR AT o e B RS IC N
HE,

2020 4F, Wi VLK 7 45 4 2 0 R A P iE e AL 2%
7 S ) XGBoost J5 145 6 7 1 AT 4 i e B A
Bhoi, $#2 & 7 — Fh 44 N EAT-Score (energy auxiliary
terms score) [T 73 BRI AL, CLHE TLFRAS [F] 1) 48 31 % 24T
3 W BE 5V 23 A1 B BT - A HLAE 4R 80 (18] 5).
% DUD-E (database of useful decoys-enhanced) ###4£
$AE T EAT-Score 7 K 40 i 126 o i) R BL@ AL T 48 4T
gy R AL, W AR 28 ROC I T 2R R TR (AUC)
ARSI IER & 1 £90.3,

20224, Morris S QI E T LA 2] —BrExt 2 T
H (machine learning consensus docking tool, MILCDock),
MILCDock K F 2 J2 I8 5% 7 V5, 4 TR0 % Gt 73 1%t
TR M4 & R ) A2 & R U A &, T —
MG H, BORIT BRI 45 B 2R A
22 DUD-E M LIT-PCBA (— ff Fil T HL#5% 5% >J 1 iz 0L 97
16 ) T A e ) PN B SR, 2 7R MILCDock 7
DUD-E %45 4 b1t a1 4% 48 5y % T A
Fofth — Xt 477 % .t W] L, MILCDock A X £&
Ji 1 AR S8 TR AR AR, 0 I LS 2 IR S 1
e ) FIRS FE

2023 4, Zhang ZECHR T — FlOET I 4> TR BT
oy BR B, BR Oy R T B B A AR D Be A A 4T
(theory-based interaction energy component score, TB-
IECS), iZ pA #1454 7 ok H Smina Il NNScore2 (neural-
network scoring function version 2) [ §& &= 1, F{F



- 2448 - 242224 Acta Pharmaceutica Sinica 2024, 59(9): 2443-2453
o ©
©9,,. 0000
[ I ° %
oo 0%°e°%
&7’ N P ... a ... ®
D '%’\7 A A . _ o
)\( 4 <? W Enamine screening collection 2.6 million
& E
CH A
\{'/ "/é-»k (. DiscoveryEngine
>4 virtual screening 434
3D structure - i Binding 14
Sirtuin-1
Selectivity 9
OH 0 B
<ANa® ’
Invitro
Yalidated hlts H /NH Conformation 2

Figure 4 Artificial intelligence (Al)-assisted virtual screening process for novel Sirtuin-1 small molecule inhibitors. Sirtuin-1: Silent infor-

mation regulator 1
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Figure 5 The design process of EAT-Score. XGBoost: Extreme gradient boosting; EAT-Score: Energy auxiliary terms score

XGBoost # #:#% . TB-IECS 7 DUD-E $( 4 4 . LIT-
PCBA %4/ 5 A0 52 s 17 5% 1) R 400 97 32 o ) R LA T
Glide SP (standard precision Glide docking) F1 Dock &5
R GL3T 7 B, B ROV T R M HEW . TB-IECS
FERLAR 7 14T 73 R B b R AR, A o — A
HER ) RE AT 128 7 1%

2.1.3  AUBNEIIFIE L MIGRIZIEUEY)  Pharos
iBio /& — K T TN 555 WA AE 16 PR 503 6 I7 1R 245 71
R, B T KRB ALBCR R 2597 R F &
Chemiverse J & #1 2 (Kl 6A). Chemiverse T &5 3 £F
il 1 22 Al B35 10 S AN RS H AR 2o 2.3 424> K # o
FH, W NSRRI A S A S YR I BA L I
PRI BEE 22 AN 7 18, AT ER 259 5 300 3 44 3 wF 5 J
#. Pharos iBio M [l 6 Ik 1 2382y, Hrh—
e N — AL FMS Hf i 20 1R W 3 (FMS-like tyrosine
kinase 3, FLT3) #1417 PHI-101. 7E Il J& 5 #F 78 o, AH

FE T b T B FLT3 #0081 77 2K W 22 4K (midostaurin) 1
i % J2 (gilteritinib), PHI-101 E 7 5 & (0t (A M7 7%
PEAVE U e B ik, AR R os  EAR R d . Boar
PHI-101 1E 7 1 @ 4 %o 20t B 41 A 11 1975 A1 v 2 a1 9%
VT BN S P 0T K K 56 (NCT04842370/
NCT04678102).

Relay Therapeutics /& — Z L[] I8 /N 7 T 259 &
LIRS VR TT A 71, 1% 7] B Al 3 1 Y S B A o
H 7%, @57 1 Dynamo £ . Dynamo V& F 534
AN, 3 2 2 D HE AN e S A YR BRI
S E Wtk (B 6B). Dynamo “F & 1 46¥4 5 1 i [
SERI AW AE B ONE] Anton 2 HHEF & b AR K
6)32 3 1 4= A 2 1 (9 R P00, A7 B T 52 4 3 1 i
FEARNNEZNIEFHRAGYI A ZFHEH SR
MRS W P T X B AL A 53 1 33047 R AR ik, DA
PAFRE LI RAEAEVER /N T - Dynamo
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Figure 6 The introduction of Al-assisted virtual screening research and development platform. A: The drug development process of

Chemiverse platform; B: The drug development process of Dynamo platform

T 5 00 AT 4 G 258K IR B AR PR RS R R 2 P A T
b, X5 S G MRAT AL, FFAE S8 = 3T (&
BRSO R AR I SR e 45 R U SR
IR R AT FE ORI ZR AL 45 5 SIS R ATy et 1t B3
WALAL . H AT Relay Therapeutics il i 1% F & K H T
AN RAGE S 2590, 53 0l A2 S 2T 44 200 o A K IR - 52 4 2
(fibroblast growth factor receptor 2, FGFR2) ]I fill 7
RLY-4008 (Ilfi /& 1 1], NCT04526106)- & Src [7] ¥ 2 45
F 38 & 1 % & IR W BR B¥ (Src homology-2-containing
protein tyrosine phosphatase 2, SHP2) #I il 7 RLY-
1971 (I FR 18, NCT04252339) # 5 Bk VLS 3- 354 o
(phosphoinositide 3-kinase, PI3Ka) 1 il 5] RLY-2608
(s PR 131, NCT05216432) F1 RLY-5836 (Il A& 1 3,
NCT05759949),

22 SFER

MTAER, VR 5 214 2 T ok A e, il gy
TAERGEAT DR PcTt, AT DASRIS 28 B 2R 259
I3, B A 5 B R .

2021 4, bR F R G LB REH T K T —
A0 37 7Y 245 W) % it 7 ¥ DeepLigBuilder, i 3 B A&
FRAR Y AR RE p 4 G DS N AR A A . 1 %%
WG LLAE B AG =S MK 5+, B
T RS 145 B 5l NBRS ) AT AS B0 R4 P
i & 185 F o A A1 F DeepLigBuilder ¥ it T
SARS-CoV-2 ] ¥ 5 1§ (main protease, Mpro) (]
TEFN 7, S0 45 3% B DeepLigBuilder & ¥l T 5 #E
W EABHE EAE R &, (HIX S0 S P Re 5 A AL
i Mpro i 75 E 3t — 0 1 SL IS B6E

2023 4F, Yu UL W AR R A T 45 R Y
IV R I T — v ORI e R I DR A 40 P A
B K B 2 (cyclin-dependent kinase 2, CDK2)

#1577 QR-6401. 15 5B £ X 10 # 2 A& & # CDK2 )
HFIF A T — AT TR B AR 70 1 9 i s 25 B Y
(fragment-based variational autoencoder generative model,
FBVAE), 4 i T 3 220 A~ 4F 1 X J&, Jf 8 it Glide
Docking i 12675 2| 10 ™Mb &4, 8 451 uE 5 3 7
A — BRI S Y13, &Y ik it
ZRCDK2 5 AW 13 R URL & . M5 RLEDY
13 | | MacroTransformer 5 V3T KIALATAES R T
TEPEATE FEVE SRR KL 5 QR-6401 (K1 7), L&Y
7E OVCAR3 (A UP 5% 41 f) B 55988 5 Fh B2 A A5 7Y o
I B UM R T R BRSO, I
BB b 2RI 5 B AR T — A R] DA R )
HAE B IR A 5 40 ) 7% B2 A2 BT 72 D3Rings, 259
RIFITT B it B B S HF

H Al E WA M2 KB ATHIZ5 A R #ITR T HC
7 A RCE & I S S S Y KBS UL EERE .
2017 4 S fiy 2 e ] BA A FH 5% [ g hE F 55 P 16 2 O 2%
i, WL T — DX i B s b &, R P4 N 45 BE
BEARYE H AR 7 T4 2R SR A T FE B e P IR a7
To ERTWT T, S B A Z AT 1 69 A
WS, I A AN G T H i 4, 25 SRR WAL
HEVEAE REFHEHER, 2019 F 5w B REFIBAIE H T
HE R 5K B 5 4% 3] (generative tensorial reinforcement
learning, GENTRL) 84, Jf:7£ ZINC 7)1 # s £ E I
25 GENTRL A58 J5 , ) H 23 T BT FH A 388l 40 o) 7 B4
2, B BIR B B 45 M B2 4K 1 (discoidin domain
receptor 1, DDR1) # s 42 % 1 40 AN Ik 431, M
ik 6 ML G T & RO BRAIE, A4 Ah 52 56 BoR
H 4 AL G Y00 DDR1 A U F B0 6 VE, 1C,, 18
AL F] 10 nmol-L'e X —FE IS U 35 KA W LI AIE 1
GENTRL FER [ 4 o 50000 P BESY . 2020 4, BT 78 H1BA
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Figure 7 The design and discovery process of QR-6401. CDK2: Cyclin-dependent kinase 2; FBVAE: Fragment-based variational autoen-

coder generative model

LA GENTRL BN AZ 0, KA 1 4R 22 A iV SR04
T AL 4y 74 % T B Chemistry42, 8554 1l H 20 15
e A ORI 46 L3 U A O A B TR
FRAED 2P 6 1 ZRBRATEA L,
Chemistry42 2% #5252 5% F 2 5l b1 i) A0 = 4 ) B 45 4 5
Heoxd 4 B 7 1 S5 M BEAT VRAN, IR AE AR BRELE A B R
HEAT 22 4k B2V 4 MUOLAK, TR 75 245 R0 A BOWE 2 L 254K 30
IR RS o

2021~2023 £E[0], Sy B GEA 2 Ml R B B i
HEWTIE, 2 & LT 4EAL R B0 7 2 AN, 1 —
IR ALy TAERCE R /). Hdh &5l N H
FR 2 V6 7 R R M il 21 24 A 1R i 38 245 %) ISM001-055, /£
ANE 304N H I ) B, Sy B R TR R IT K
A [ — /IR 43, B0K B AR BN B 38 T 25 s
AT T R R 56 (NCT05154240), 2023 22 A,
ISM001-055 3145 FDA 9L 250 €, H T IE4L T 11 I
PR (NCT05975983). fH A5 7H & ) =&, X =2t 5t b i
SEAim I ATTE, N TG R RS 259 . bk
Ah, Jery 8 eIt A H AR B ATF & 5 AlphaFold A
GG R B S S Y, AN S ) B A U
P 20 (cyclin-dependent kinase 20, CDK20) #i fil] 71"
A1 EE % 5 2 (salt-inducible kinase 2, SIK2) 11 %
FIEISI AT T R R
2.3 AILEAREIEARF
23.1 TEEMIXFR (quantitative structure-activity
relationship, QSAR) 1962 4, Hansch ff{ } T = F
QSAR I FF G TAE, QSAR 2 254 J W 11 =5 %2 40 Flt
B3, T LA R AR A T o3 s PR A . 8
(¥ QSAR J7 ik 3 B3 ok B 2 Y ST % R R R AT 5 2
Vg R e e R R . Horh, MR T
FROU B B A B 3RO A AR 03 T LA T L 2R A
J1 &85 E R 2B J) 5 M B/ (absorption,
distribution, metabolism, excretion/toxicity, ADME/T)

o TR MR, QSAR R A & T AL
#r 5 S EE, N T QSAR B AN B B U AL 2% 2% )
SR ¢ RF #1 DNNF,

2019 4F, Shi SFWIH AL | — AT 4k 7 BIE
[ CNN A AY, A] DLAG 28500 24540 43 - 1 254K 80 77 2 F
BEVE SRR, L FE N 40 5K P450 B 1A2 (human
cytochrome P450 enzyme 1A2, CYP1A2) Fl P-#§ & [
U 5 2 LG 57 o 2 5 P A Ames R AR . 45 RK
W T 37 ) CNINASE AL () T /g 7 5 3 1 T 3h 45 i 4
RARFAE B R A BLAS 22 SR ALAE Y . ] CNN |
PLA RIS 2 T ADME/T %54 AH 5% 1 o< 88 1%
FROE, N RN AN 25 vt it AR A R TR .

2020 4, Arian S Y KNN ARSI 51 3% 1 8
TG ), IS AL R R DUR R R R R . N T
VEAR BT 42 AR A 1) PR RE, R A SVM R NB AL 47 o
B, 4 AR B KINN A A (19 it 45 1 B S8 A0 T A
QSAR Y,

20214, Zhou FE MW AE T 1 785 P& TE 1 N
Hk % 995 B 1 (human immunodeficiency virus 1, HIV-1)
I 7], 308 2ok I e o s 2 20 Dy I R Rt A
BT IR 4, {6 A NB AR B & 37 HIV-1 #0081 55 1) 7 28
# o IR AR LGAE, NB ALY T 1 88.3% ) 4111 il 771
AN 87.2% [ HI 1 75, AHOG R KON 85.2%, IF Hib 3Rk A5
TR T R B

2021 4, Kumar S5 5F A 1 — Al it i s 57 e 28
i Ik (blood-brain barrier penetrating peptides, B3PPs)
f) 77 7% B3Pred. fE M B3Pdb (database of blood brain
barrier crossing peptides) £H & H 3K 15 (1) 1L fixi 57 & ik
IR IR AVT AL T R BB, o, BT RF
AUTE T 80 AN Ik 7 RFAE 7 T 2 IR A, e s e R N
85.08%, 2 ik # TAE ML NHA (area under the receiver
operating characteristic, AUROC) {54 0.93. B3pred H
AT AE 9 00 o 4, A4S 0 L ¥ 1 B3PP M B B
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JFF 51 R (K B3PP = AN 3 AL

2022 4F, Wu S 7 T WL AR 4 2D 03 )2 SR
M &[5 (hierarchical support vector regression, HSVR)
BRI Bz [P 1% 22 BT 4 7s WAEVS &N . H2 5L
I HSVR B A AR I 2R 4 TN i SR A0 3t 0 (B AR X = A 5
Pt R B R AR BE, & A GE T VA A IR I PPl
UESE T HSVR AR Y FRy o ffy P AT 1%

1R 22 JL 4, QSAR T HH & Kl 25 A 7]
BT R R AT Bk TR 2 —. QSARAIHL#%
5 ) 75 R (R R G R 240 R I PR R S A T R Bk B A
AR HE IS, et T S IR B BN
TIEARR T SRR B, BT SR 06 Sk A B bR kAL, SRR
HCHE X B AN T R A R S, ROR B A N AR R
— B SE G B s AR P A8 5 2 B
232 HYPEEM HWEEMWIRELHH, £45
O B2, UL 4 B0E 4TI R FT B0 R
Fo b Bk 25 B TR R R . ARSI
WEARTTAR L, 259 558 AL 7] DL 0K 25 W0 HE 7] 17 3
JIT 5 B S9) s A RIS TR), BE TN 5 RGBT 5 AR
B PRIGIT I AR . H AT HE R AR P AR Bh W &
25 LT 2 258 (R 1).

H.Hp BioXcel Therapeutics & — Z | N L& e 7y
AR RITT A 2 Aok 2 R0 G 2 Je g 7 A ek A 2 1 245 47)
B2 A R . FET ik o2 B LR R AR
B4 L LK E (dexmedetomidine), BioXcel FJ H H: A
T#feF & PR 7 BXCLS01, B £ 51 % B R sh HL
i, BXCL501 4 B PR 22 fift 5 K5 1ot 73 FO0E A UM B b
HR SR SOR . (13 R A2, BXCL501 Mgk LI
RIS 2259 ETALH T 44

N T PRHE R AT SARS-CoV-2 J& e 35 A IR T
YE RN T3 1 259, 259 36 5 o SR 2 — Fofr DR B T A7
R T8 PN TR e S A st i J 3 e o

WE, AT 0 g % 24 4 B Ak e, DA IR A 3 I R K
65U 2020 4, BenevolentAl 2y &) " Bl 48 ¥ B2 2 401
WA E T —Fh 259 B 5G # JE (baricitinib)”, 7] LA
A% B 2 5 R 9% B I 4% (corona virus disease 2019,
COVID-19) /b 2 fE 5 . B3 & JE &2 Eli Lilly A
Incyte K& JF & FH T8 97 28 KB OS5 R I BT 2549,
HATZ 25 SR AL T R 2580 5 IUA Ui f 2B & R
JT COVID-19 K HL0,

2023 4, Yasir S5PUE A 225 VI 25 (¥ R JEE 2 0T B
T4, % FDA L #E (1) 265 PE EAT 37 L3R 485 1 2 (cyclo-
oxygenase-2, COX-2) fliffll FI )ik . ¥ 5, M\ DUD-E
B P SR T H I IR A AR A S YD L COX-2
SEPREE, NS HATRMERIE, 8 H R A
DeepChem ) ] %5 F1 W £& (graph convolutional network
model, GraphConvMol) 5 B4 K4 2 T AL Y . 7R A AL 1)l
Sr5E G, BE— D T T FDA #L#EZ5 9 1) COX-2 #i
W, 45 RN YU 25 4E S8 (vismodegib) B A
COX-2 MGt Sy M T &5 R b5 — b &Y R
CLAN ) COX-2 #1771, 3E— B B 1B By AT S 4
3 RESRE

ARLEIRTE Sl | He A ) ML A DL SRR, 4
24 DL B AE 25 W)W A b IO R, 22 )5 PR 41 1 AL
FEARAE B U7 08 DA S 43 A b R B, 3X 2 B AT AL
il 2547 Mk FH B R BRI AL e A0 G P I T %, 3k
FAR 77 1540 QSAR W Z W) A #E AT L 41, IR
ALLE 2P0t A sk i B 2R

BN ATEURAE 2G0T R SUHAS T — & 1R sk,
HATAFAE — B I B, 15 56 3503 0] R B ) 24 T AT+ 24
AP R R 1) i RBE &2 e S H v o 1Y) KR AR B4
T R T L R . S Ab, ANFEARSE A R ST R R
KATEAREE R R T . Hx, FIH AT AR AT 2
WD B A AR AR () AT R 1 R AT SRV 1 1)

Table 1 Examples of Al-assisted drug repurposing. SARS-CoV-2: Severe acute respiratory syndrome coronavirus 2

Company Candidate Original drug Indication Clinical stage

Healx HLX-0201 Sulindac Fragile X syndrome Phase II
BioXcel Therapeutics BXCL501 Dexmedetomidine Acute treatment of agitation associated with Launched

schizophrenia or bipolar I or II disorder in adults

Acute treatment of agitation associated with Phase IIT

Alzheimer's dementia

Opioid use disorder Phase II

Post traumatic stress disorder Phase I
Al Therapeutics LAM-001 Rapamycin Pulmonary hypertension/bronchiolitis obliterans Phase II

syndrome

Pulmonary sarcoidosis Phase 1
Pharnext PXT864 Baclofen & acamprosate Amyotrophic lateral sclerosis Phase II

PXT3003 Baclofen & naltrexone & sorbitol ~ Charcot-marie-tooth disease type 1A Phase IIT

Eli Lilly Baricitinib Baricitinib SARS-CoV-2 infection Launched
Evergreen Therapeutics ~ EG-007 Unspecified Carcinoma of endometrium Phase 11T
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& Ik, 3 AR R A 48 i 3E T LIME (local interpretable
model-agnostic explanations). SHAP (shapley additive
explanations) %5 F T~ IR JEE 4l 48 ) 286 85 7 e S figf R
PEAS S TVEHERE,

ERE, N R BELE 29I 25 AS S, R i)
e S AL E VI R DAL R 45 5 AR,
AL Bl 25 W50 R R AR 245 0 A B0 A AS I T B 245 W gt
KOHE . ARG HE A NIER TR LT il R R
T, AR LR &, BEE AR R, 20T IR A
WAEAWT I i, WA R BT R KU v A S . Bl
H R Z I FT R BA DA K & R A4 2 e 5y 4y A JR HE T Al
FRIHT 24 7T A2, AT+ 2447 MV 0 e 5% TRi ok, Bkl %2
(K1 AT 4 B BETH 250 BE N I R 8 28, AR D AT R 7E 24
Py BL it Uk A 55 K 9K B RE

B SRk 2 S T8 B T SCHRSCER B il SO 5 AR 3
A R S (V) R 3 T HEAT A8 SO 52 ey, AR RN 2 i 3
Z 5T RN KRR T SR .

FZEMIR: A& 278 WBCA R 2t R .
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