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Abstract: Physiologically based pharmacokinetic (PBPK) models have been widely used to predict various
stages of drug absorption, distribution, metabolism and excretion. Models based on machine learning (ML) and
artificial intelligence (Al) can provide better ideas for the construction of PBPK models, which can accelerate the
prediction speed and improve the prediction quality of PBPK. ML and AL can complement the advantages of
PBPK model to accelerate the progress of drug research and development. This review introduces the application
of machine learning and artificial intelligence in pharmacokinetics, summarizes the research progress of
physiological pharmacokinetic models based on machine learning and artificial intelligence, and analyzes the
limitations of machine learning and artificial intelligence applications and their application prospects and prospects.
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Figure 1 The research paradigm to integrate AI/ML with PBPK, reprinted with permission from reference
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@, Al L A IE 4L (regularization) 5% B, M Ex TE F
(AHRAE, Rk PR I IREER
4 BEMRE

AUML H 17 & 487z T 25 27 4, A6 15U 4
THE S GRS R E Y A SR AL A AT
ADME 24 il Bh 20l R E8 BevH565Y, 14 AUML
5 PBPK & A0 45 & e ik — b R i W) Ik 8 i
e B, HT AUML 5 AT DO A AL 2= )
SRV SRR B B (1) FH DG REAE, AT 187 4k PBPK A% 284 1)
FFk; Hk, 2T AUML B 1H5H 773058 7T B4k PBPK
RSB PK 240, 04 T0UIN 25 P48 N AR o 1) 2 B 2 AV
B2 A5, AT ek /b 2l 4 Sz 56 AN 2 R 150 1) 75 22 A
J& , ALAI ML fg K K15 44 254 PBPK 5 BE 2% V7 Ak 1) I
[B) AT 5 5, 1 7E DDI ) T A, AT A ML AT RL T
PBPK ] DDI 5)) & 8 B Jr 75 2 14l 2 8 K, i
TR (A

I AR, B E 2 - J7 #2 (neural-ODE
algorithms) HIE MK & . & Ty 7 R A nT DA
FRAS A FRRRAE, A 43 ML J7 5 B & 18 B0 2 8 s 1
TR 8 7, X A5 38 5 AR R 7R A 2 B A R 25 1
JR RS2 56 15 B 0 38 A PBPKOBEAUL S T I AE 7. Lu %P
R T RN T PR, R T H &
(388 FH T 4 B, X AT BB E — MR T R EUINZR)
B BEAMEE N F AN FR T TR

SR, AUML 1E B2 25 90U 1) R R AR E B
KB BREK, 75 L0 58 FAA ™K 8 i 1 VRS Ik BT 1k
W H, 0 an$ s B A AURT B 3 I FRRA B — AN E
W BRI, 5 LA AR A B OE 24 USCHE RN ) AR R
77 20 BLAR B AT 7 B RA RN 25 E AdATT AR, 25 RE

H I 22 A A 21000, PR, R AVML 78 73 A BB
B B2 245U, 75 EBUM AT BHIEN 51 L 245 Ak B
ESEE=PAE

VB TTmk: 25 Je 78 57 500 S0 5 5 408 SR 3 AT M 8 L TR
KR AR B S TS R R 6 S0 S0 HEAT STk AN e
FES 43 N A8 e FRHRFE /K « BT HL B 6 5T 3 7 42 BRI SC R 3
S ARt /N IR S S8 SCB AR AME B, 045 B Rk gE
Py o 2
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