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Abstract: High-throughput screening (HTS) has been widely used in drug discovery recently. It allows batch
bioactivity testing of compounds, thereby accelerating the identification of bioactive molecules. However, its
screening efficiency and accuracy remain limited. Therefore, artificial intelligence (Al) is gradually integrated into
the process of HTS, such as machine learning and deep learning algorithms to enhance ligand-based virtual
screening, drug combination screening, and analysis of images, to promote the intelligent development of drug
discovery. This review summarized the recent advances in the application of Al technologies in HTS, discussed the
applications of machine learning models, and highlighted key AI applications in compound screening and
recognition of image in HTS to accelerate the development of innovative drugs.
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41 3D-Organoid-SwinNet 4% & Transformer 5 4, 52 1]
TR RS E 28, BUF % 1Y Dice 18 # S 1A
94.9%, HAFRN E 252 100 73424, J 5 A 2
Iz vk i O =T D 2 77 B = P 1 | N
ACU2Net & it ({0t U-Net 45 ¥4, 755 Bt g 2528 B 2540
7 36 T SR 35 AR T o BORG B, UM R R AR LB
53 5l 7 94.81%-88.50% K1 91.54%, N0 2540 %5 SR P
fl AL T AT 5 T A,
23 BESH  BEO R R T RO A A i B 5
P EEARAN R B8, 545 S0 i — 4k 20 it 5% 57 B 5 W 1 R A
bb, #8 B0 A B B I AR B G, SR RE SR AL Bh A 1
SCHG IR EE, BN I S AN A g B AR AR BRI R
T AR . 8% BN B HTS A5 £ 4t o 21 o 10 £ 4 Ak
B, WG SE  TAL R 4 B SRR Bh &5
AT M43 K AR T A 78 | 5 S5 R, DT £ A 05 K5
JE 46 G B R G L o T REME S 18 .

e R e e HLEh &S 40 PR TR A B2 2 2% B s
A ) — KHME R, U H R AR Z A E RS (multiple
organ system, MOS) #8Y oh | HLIREG (1) 55 5 14 FH 2h 45 1
AP BT AR AR R AR RS,
MOS it i 5 B8 3 4 i 2 AN 4 i 1 R =, DUBEHILZ5 )
PEF T B8 4 A= B Tl B, AT B8 4 T b A2 A1 25 40 1) 77
BRI EMENLHC . R, B ORISR
Fr S AT T B AR 8 PE X TR I S AR A AT A2 0
B, DL AIE AR Z R Tk A 85 8 h #%
TR 22 4R AR, 1K 5 SR 2% TT ST I pH E VRS
KV AUE B 5 2 8 55 OB AR B S 4 AL
S 2%, B TEECE B HE B I RO S I6 1 AT EE

HHe 2% B O F & 4t (intelligent organ-on-a-chip,
i00C) REAS SN i sh 48 1 35 L A 22 sW LR, LA
YEFF AR EAAY AR, AT BE M A b B4 AR 3R R i
B 2 it U T AL o 3 I A M TR A e PR A 4 o SR
W, 100C ] LASE R A 1) 4% Tk A s W O B A 3 S 40, 0%
MAFHEE 5 B AR AT LU, DATE R0 22 9 T B
R N o LR 1) 5 3 A R ORI | LA - AR
Iy =TAr ), DA R 54 ML B T PR AL SR g ), AL

538 B B 2 ) B SR SR A PR AS U T T A i
BB R I, & T BT 70N TR 48 ' 2 AR N 3L AR
PR BL, HEB)) T I PR HIBIE FE 10 1 R S R % 4

CNN 565 BB AR K& HAR s B H AR 454, W
EfE TR TS A RAT A TSR 5 b Ak
O ATIK AN (1 EHR R ) R SERe 8 B 2040 i ks I 24
WAk B S IR A0 R Ak, G 20 T A AR A BRI 5 R M 4
5, T IR LLA A0 AR AT A2 25 W) 85 1R BT 200 B B AR bR, A
1fi 4 HCS $& 4t 1 58 ks aff 1) 45 200
3 RESERE

ALFARTEHTS W REH, S K HAES) 1 2540
R BeAbEFE . BEA ML A DL £ AR AN K R, ATLE
B Wi 3% BB o B RO B A AR T LA R 3
ATFARAMUARAL T 4% G5 HTS J7 310 )5 BR %, IBfE B &
2T AN 2 RS B Rl G R R TR T &
kLT GNN WAL &P TR RS, o387t 71 &
VIR Z5 4 AR | 2 1 TR0 5 G SR i s R v e 1, DR LE
WA SR AR RIS AR T B S
% . DL LB # iz N T 254 - S0 AR AH B AF 33
Wy 7 A UL e HCS BHE Zr B, 1E— 25 sl 17 24
YR IR AR

S ATEORTE HTS SR )z, (RATAEAE —
JRABRYE . 752590 R IANAE P = 5 Ak, AT B 55 2 Ak
W2 0, SEOH R REEFEE R, BADL
T E B R E S BORT A 26 P gl B S AR T TR
FE, AR AR I i AR A 7 B K B AR i 588, 6 f1 B
%t IS AR T B Ak, ATASE RS (1) R AR M 1)
FFIVIZ B 55 A 77 ) 24 T A 24 0 AN A v 1 TR
A )k

WE S T B ) B HR 23R TN A AN SR I K
&, Aok AV B ZR A BB IR AI. =ik AiA 2
TH IR P52 i g R RIS 5040 Ak 3 A3 B i K 4
ARICHF . TERERLR JE 7T, 7] R ALK B B A5
W 577 1, JF A2 B RT38 W 1 S0508 A7 B T 1 5 AL
TEZGNRE R P A RIS FE RS F 1 o 78 2594 4 0 8 4T
B, ALK TE L0 470 24 1 1) AN 52 2 S50 Y6 7 9 T R 48
ERAER, NOE 25 & 7 R BT RAE J) 3k .
WAk, 20 RS 2 >0 s A R 4 i R 1 SRR HE
B HTS [a) 51 5 2 OK e, 80 AT R AE i 8 504 ) R
S LEE R R HE RS HNE. BEREAR
AN K R FOAR K, ATHETE 259 2 BAN S0 ¥ T A
BTS2 WS, 23— 2D s A A VR T RO HE BT

12 STRK: W BRI KB 50 SO 5 BT
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