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Abstract: Pharmacokinetics (PK) research is a crucial step in evaluating the pharmacological properties, safety, and clinical
applicability of drugs. The traditional trial-and-error experimental method is time-consuming and costly. The development of artificial
intelligence (AI) provides a new solution to this problem. This paper systematically reviews the latest research progress in Al for
predicting the pharmacokinetic parameters of small molecule drugs. At the algorithm level, it introduces traditional machine learning
algorithms such as random forest, support vector machine, gradient boosting tree, and extreme gradient boosting, as well as deep
learning algorithms such as graph neural networks and deep neural networks, their advantages, limitations, and applicable scenarios,
and proposes algorithm selection suggestions for different data scales; At the application level, it summarizes the application progress
of these algorithms in predicting key PK parameters such as drug absorption, distribution, metabolism, and excretion, as well as the
current situation of industrialized research on Al predicting PK parameters carried out by domestic pharmaceutical companies; At the
platform level, it summarizes the characteristics of representative online prediction platforms such as ADMET Lab 3.0, Deep-PK,
admetSAR 3.0, ADMET-AI, and SwissADME, and conducts a comparative analysis of the half-life prediction results of each platform

with clinical measured data. The aim is to provide practical references for researchers in the fields of Al prediction and
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pharmacokinetics, and to help accelerate the early drug screening process and reduce research and development costs and risks.
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(ADMET) #HRZHIFAL
3.2 Deep-PK

Deep-PKB31 (https://biosig.lab.ug.edu.au/deeppk/)
SR HITIRN PKOAIERPE TN . A BT FIAR AL
G. ZTEUST SMILES 745 $E NN 58 K
ADMET Z #t @& i, % & ADMETIab 2.0 .
Interpretable-ADMET . toxCSM 5 pkCSM £ &,
HHEAE, FT GNN WM & 73 T4 i) E &
R A B GNN AT U0 73 B R AFAE IR L  Deep-
PK 88 IR 52 T AR SG B 701 X33, AT R 1t
SR TRe, TN, BB B A AR K
Zi5 100 MITAT T, IR PTA TR PK R
Mo FEMERGR R MEBER 1K 2 B EE 2T
WAL S5, 1Z-F & TR AL 1 S8 B Al ok R
(MCC) 435l 17 0.43. 0.39, 5. /W47
Wl R AATE R SR A B, BT
&, SRS H S ORI, T DA A 3
AL BE 73 FAT 55 Bl S A48 il L
3.3 admetSAR 3.0

admetSAR 3.0 “F & B4 ( https://lmmd.ecust.
edu.cn/admetsar2/) Y4 T CheMBL. DrugBank .
CPDB. ECOTOX. OpenFoodTox 5 154 2 AL
BREOEHE, TR IS5 GNN, Si6H
BRI S A BRI IR . % SR
T 10 JIRFMEE. 37 Ji45% ADMET 845, 2t
119 /> ADMET 4L Fi AR 55, F& 78 6 Ve Bl e 4 T )
FEZ o 3.0 RAHHG 7S5 AU R D)
RE, SCRAES P TUHENT A, R e AR Bl B 2R ERA T
BoR, ATLAA s & #2271 ADMET %57. [A]

I & A AR A F N fil 22 BAK R, 345 SMILES 2
i, Zgefbsegitg . #ftE S TS 2 MY
3, TINES SRR R . PR | HhE i
SHEZ U 7% RN, I T H TS AL
RS PEAGRSEE,  SEA R T AV PR TS
34 ADMET-AI

ADMET-AIB! ( https://admet.ai.greenstonebio.
com/) JE—KE . PRI, HEHH B IR ADMET
-5, “F&3#T Chemprop-RDKit BEIJEHIZE MY
253147 ADMET Titill, /& B BUERIT 2 4d d = F
ADMET HHTH; L Pk i fmem M8 . %P6
FIFH 2 579 3R IR0 T I bt i 25 W Bl
£, @ THEE 41 > ADMET S50 TR,
ADMET-AI "] DLBEAT L& 00, ol i fa A
SMILES T4« A% CSV SCIFEE: il 43 T 45 M 2
AP E YD NS R LR IA B RS FIES
Bl ER, 5 7. HEHixraE
A TEMN P AY)E DragBank 04 227 CLtt
HER 2P T X LG, ARAE MRS 22007 A R R
SRRy & M INIEATRE R A EL, BRI B U
MRS HME. % T ERMAEL TH S A
Python F2J7 2 B 77 %8, H M DT M ATIS AT I
FE SR A FF ADMET #il K.
3.5 SwissADME

SwissADME ~F- 150 (http://www.swissadme.ch/
index.php) HHn LAME BEH T K, BIET
A& FRAL I R . PR ZREGVER 25940 2 K UiT
P, 74 N E BOILED-Egg /%7, iLOGP $i%. 4
VIR RE B 1A S5 B e O A T, SRR )
FIHAT IR, BT ERERERDER, F
IR AL T B TR, T E RS 45 X 0f 4
LI FE5REE 75 FhiEEg AL, W LAHE BhE AT
N D3 245 B0 3t 5 v B v A0 7 e AR AR A Ak e
WEY, RGNERRAGIE S (I (B SR kA . 1
Gh, %GRl L — s Dhfe, BT A Swiss
Drug Design (&5 M4 T H, 055 Swiss Similarity
CRERLOTIE T H ). Swiss Bioisostere (& FHCiANT ¥
11T H). Swiss Target Prediction (AE47%E 5 Fiiil T
H) DK SwissDock (ZrF x4 TH) Sfsith, [
s THECH B E TR, WEARB B ANF
ST K.
3.6 FBIMFEEMNERS ImAREEXTEE

& G O 7N SRR At A A SR T



+3384 FE49EEI10H 2026 F£10 8

¥k F. Drug Evaluation Research

Vol. 49 No. 10 October 2026

B, - F AT AR E M EEE, 5
[ — Ak A it ) P 45 SR T REAEAE 2E . N B
B FEMRIZER, AUFFER 10 FZjq, B
G SMILES R ef AT, 40 R AN
FERTZG i 1 AT TN, FR o B AE RS SR E i
24 BV B R (FDAD #8 B i 8 R I R S &5 4
FRXTRE T, H SwissADME NS ¢, TS
R, K2 GRS S2I . FHLAE BN 3 s, &
AT R EARKZER . Deep-PK X £, B84 DA

3 h NI FHE R 2RI, HAE Ky
TMAERAZ 5 % ADMET Lab 3.0 ¥ & HA JU
Ol; admetSAR 3.0 V-G AHXRIALLS, (H LTI
A SR S 7> T AR e A R . PRIAE S
PRI, BTN A AR H ARl S PR E 5 282,
FOIH AT B HERNEHE, JEFEEE N 6 .
RIS 7 5 BTN &5 R T BEAF A 2, I BCKH
2T GG %, a2 AdE AT
EREVPT, DAFRAR AR — B R (M T A s 1

*®3 BIWNFETNERS ImREHEXT L

Table 3 Comparison of predicted results from various prediction platforms with clinical data

s I Fktuzih Filta/h
ADMET Lab 3.0 admetSAR 3.0 DeepPK ADMET-AI
X LR E 25 1.1 2.09 <3 0.0
] 7 ¢4 = 9.9 2.8 5.13 =3 0.0
i J2E S 3.6 0.9 1.91 <3 10.6
E AP 16.0 1.0 12.30 <3 14.1
T 34.0 0.5 3.55 <3 245
2 g 47 0.7 3.98 <3 3.1
UL IR 1.9 1.1 3.89 <3 35
LvbE oK 8.6 1.9 6.76 <3 12,5
IRVEPE 21.0 1.9 30.90 <3 452
i th R A 3.1 0.7 3.16 <3 0.1

4 LHEMRE

SR8 ATLEZE 2K sl LS 2 25 3k
(ERE B AE 25 WA S BAGSE « AT (R R AT
T A T A% Lo . AT I 9 T 2O R A (D)
HHREAL; (O BIRFRESZEAT: 3) fiZ
HRMARL, B 55 KRR & BRI A ]
G, BET R TSR (4) AL ARSI A TE “ 8
7 REIE, XECUARRE L DRI R

BEX SR RO S R R, SRR
B ANFSRIERIEHRAE SR TT 58 IE T7 ik bR
PErr A RE L EAFAERURZE S, DRI 5 20 Hodia it
1R T BRI ELL s PR A N B SR USAS
[N B SPPS U T = K e i o 2 o I T[40
ZALS5 5 SIS BRI R SR SRR i RS L o 150t
PR ZHARAL A B, AERE Y I 253475, DL A 2
HARZ, AN BEEE R LGRS g W s T
et ML A7 B AE/REAR T R IR (g, (LTS
FERZPRT N THRAE TRERI R . PRI ] R AT 3.
W AR LIME G ML BB e E, RS0k

PR SN FE MRS, 456 B R IE I 1 fe 2 1)
B, fESASEONRMEMEAY S, FiEP il
DL A J38 1 2 B0 A0 S B0 T RS B2 1) e R AL
WAk, T BRI B () S FANE, 3 R 3G i
FAANEREIE AT R IR IRAE, AR AT TINS5 R a5
MR SEBR 25T R SR I T SEMR I o RS R fy AT
FE R IR R, W] DAIION SHAP {43 B 25 R E 35 21
SN, BRI 2R B DGR E ) B R
BREE R B[R] R] 72 PP 42 I 2 Hh RN TE 0L
i, B T O IR B R, TR
FHOF TN G306} 0 25 SR (S AT

R BRTR, AT FE 252 S E T A T SR,
ESEIL N 22 AT FC 2 TV sk, A7 75 75 250808
Ay AR IR T R I S5 T T R SR

RBEFR AL AEFRAREAFZFR

SE

[1] Jones H, Chen Y, Gibson C, et al. Physiologically based
pharmacokinetic modeling in drug discovery and

development: A pharmaceutical industry perspective [J].



F49EFE 108 20265108

% ¥rizthat 7 Drug Evaluation Research

Vol. 49 No. 10  October 2026 - 3385 -

(2]

[11]

Clin Pharmacol Ther, 2015, 97(3): 247-262.

Wu PF, Lin SY, Cao G D, et al. Absorption, distribution,
metabolism, excretion and toxicity of microplastics in the
human body and health implications [J]. J Hazard Mater,
2022,437:129361.

Sun D X, Gao W, Hu H X, et al. Why 90% of clinical drug
development fails and how to improve it  [J]. Acta Pharm
Sin B, 2022, 12(7): 3049-3062.

Lucas A J, Sproston J L, Barton P, et al. Estimating human
ADME properties, pharmacokinetic parameters and likely
clinical dose in drug discovery [J]. Expert Opin Drug
Discov, 2019, 14(12): 1313-1327.

TRICHL, ZEERI, PR, 5. N T R85 70 TR0
T AR (7). B2 SRR, 2024, 43(1): 78-
84.

Zhang M Q, Gong M C, Chen Z K, et al. Research progress
of artificial intelligence and molecular simulation in drug
design [J]. Her Med, 2024, 43(1): 78-84.

Tou W I, Chang S S, Lee C C, et al. Drug design for
neuropathic pain regulation from traditional Chinese
medicine [J]. Sci Rep, 2013, 3: 844.

XH, MORAE. TN TR 2 N T REAE
R RN ] B AIET S R, 2018, 8(2):
46-47.

Liu J T, Liu Y H. Application of computer molecular
simulation technology and artificial intelligence in drug
development [J]. Technol Innov A, 2018, 8(2): 46-47.
. vH SN B 25 W0 TR IR T 28 SRR R 259 K AU
A HIV Pt i (D). bilg: Hilgsg
HKEE, 2009.

Gu H. The application of computer-aided drug design in
the virtual screening of Alzheimer’s disease drug
candidates and HIV drug resistance [D]. Shanghai:
Shanghai Jiao Tong University, 2009.

RIRIE, KRR, TR, 5. B THLE S FRm A
DU ab i TR Jfe A T e AT AT 9], R B2, 2025,
56(23): 8524-8533.

Zhao Y Y, Liu L L, Zhang Y C, et al. Modeling and
prediction of friability for Xingbei Zhike Granules based
on machine learning algorithms [J]. Chin Tradit Herb
Drugs, 2025, 56(23): 8524-8533.

Mohapatra M, Sahu C, Mohapatra S. Trends of artificial
intelligence (AI) use in drug targets, discovery and
development: Current status and future perspectives [J].
Curr Drug Targets, 2025, 26(4): 221-242.

Fouchécourt M O, Béliveau M, Krishnan K. Quantitative
structure-pharmacokinetic relationship modelling [J]. Sci
Total Environ, 2001, 274(1/2/3): 125-135.

[12]

[14]

[15]

[16]

[24]

SKRERR, FFAT. BT REALARK B2 48 18] U5 0 ST AL
I Z5W ADMET 5T [J]. WE Wl DakoR2E2# 4k
(EREBIERR), 2023, 42(6): 481-487.

Zhang X S, Gao X X. Prediction of ADMET properties of
anti-breast cancer drugs by logistic regression based on
random forest [J]. J Inn Mong Univ Technol Nat Sci Ed,
2023, 42(6): 481-487.

Xu T, Kabir M, Sakamuru S, et al. Predictive models for
human cytochrome P450 3A7 selective inhibitors and
substrates [J]. J Chem Inf Model, 2023, 63(3): 846-855.
Rodriguez-Pérez R, Bajorath J. Evolution of support
vector machine and regression modeling in
chemoinformatics and drug discovery [J]. J Comput Aided
Mol Des, 2022, 36(5): 355-362.

Gao Z, Xia R Z, Zhang P J. Prediction of anti-proliferation
effect of [1, 2, 3] triazolo [4, 5-d] pyrimidine derivatives
by random forest and mix-kernel function SVM with PSO
[7]. Chem Pharm Bull, 2022, 70(10): 684-693.

Seto H, Oyama A, Kitora S, et al. Gradient boosting
decision tree becomes more reliable than logistic
regression in predicting probability for diabetes with big
data [J]. Sci Rep, 2022, 12: 15889.

Pallenberg R, Fleitmann M, Stroth A M, et al. Random
forest and gradient boosted trees for patient individualized
contrast agent dose reduction in CT angiography [M]//
Amsterdam: I0S Press, 2023.

Sikander R, Ghulam A, Ali F. XGB-DrugPred:
Computational prediction of druggable proteins using
extreme gradient boosting and optimized features set [J].
Sci Rep, 2022, 12: 5505.

Kwon J H, Han J Y, Kim M, et al. Prediction of human
pharmacokinetic SMILES
information [J]. Arch Pharmacal Res, 2024, 47(12): 914-923.
Zhang Z H, Chen L F, Zhong F S, et al. Graph neural
network approaches for drug-target interactions [J]. Curr
Opin Struct Biol, 2022, 73: 102327.

Zeng X, Feng P K, Li S J, et al. GNN-DDAS: Drug
identifying

parameters  incorporating

discovery for anti-schistosome  small
molecules based on graph neural network [J]. J Comput
Chem, 2024, 45(32): 2825-2834.

Kriegeskorte N, Golan T. Neural network models and deep
learning [J]. Curr Biol, 2019, 29(7): R231-R236.

Chen C, Shi H, Jiang Z W, et al. DNN-DTIs: Improved
drug-target interactions prediction using XGBoost feature
selection and deep neural network [J]. Comput Biol Med,
2021, 136: 104676.

Fischer Y, Southiratn T, Triki D, et al. Deep learning vs

classical methods in potency and ADME prediction:



+ 3386

F495EFE 108 2026 FE 10 B

%¥38ak %, Drug Evaluation Research

Vol. 49 No. 10 October 2026

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Insights from a computational blind challenge [J]. J] Chem
Inf Model, 2025, 65(24): 13115-13131.

Ahmadi M, Alizadeh B, Ayyoubzadeh S M, et al
Predicting pharmacokinetics of drugs using artificial
intelligence tools: A systematic review [J]. Eur J Drug
Metab Pharmacokinet, 2024, 49(3): 249-262.
Venkataraman M, Chand Rao G, Madavareddi J K, et al.
Leveraging machine learning models in evaluating
ADMET properties for drug discovery and development:
Review article [J]. ADMET DMPK, 2025, 13(3): 2772.
Pillai N, Abos A, Teutonico D, et al. Machine learning
framework to predict pharmacokinetic profile of small
molecule drugs based on chemical structure [J]. Clin
Transl Sci, 2024, 17(5): e13824.

FH Ap e, 5 T PV R L 5 2 R R A 5
HE PGS G RPN ITEP T D] LM 17 K%,
2024.

Tian Q F. Research on the prediction method of plasma
proteinbinding of chemicals based on Graph attention
mechanism and multi-feature fusion [D]. Shenyang:
Liaoning University, 2024.

Kosugi Y, Hosea N. Direct comparison of total clearance
prediction: Computational machine learning model versus
bottom-up approach using in vitro assay [J]. Mol
Pharmaceutics, 2020, 17(7): 2299-2309.

Smith D A, Beaumont K, Maurer T S, et al. Relevance of
half-life in drug design: Miniperspective [J]. J Med Chem,
2018, 61(10): 4273-4282.

Fan J N, Shi S H, Xiang H, et al. Predicting elimination of
small-molecule drug half-life in pharmacokinetics using
ensemble and consensus machine learning methods [J]. J
Chem Inf Model, 2024, 64(8): 3080-3092.

Yates J W T, Arundel P A. On the volume of distribution at
steady state and its relationship with two-compartmental
models [J]. J Pharm Sci, 2008, 97(1): 111-122.

Wang Y C, Liu H C, Fan Y R, et al. In silico prediction of
human intravenous pharmacokinetic parameters with
improved accuracy [J]. J Chem Inf Model, 2019, 59(9):
3968-3980.

Wang Y, Zeng T'Y, Tang D Q, et al. Integrated multi-omics
analyses reveal lipid metabolic signature in osteoarthritis
[7]. I Mol Biol, 2025, 437(6): 168888.

Huang Y X, Zhou Y, Liu D D, et al. Comparison of
population pharmacokinetic modeling and machine
learning approaches for predicting voriconazole trough
concentrations in critically ill patients [J]. Int J Antimicrob
Agents, 2025, 65(2): 107424.

Guan J H, Dong D H, Xie P L, et al. StackDILI: Enhancing

[37]

[40]

[41]

[42]

[43]

[44]

[45]

(48]

drug-induced liver injury prediction through stacking
strategy with effective molecular representations [J]. J
Chem Inf Model, 2025, 65(2): 1027-1039.

Lappin G, Rowland M, Garner R C. The use of isotopes in
the determination of absolute bioavailability of drugs in
humans [J]. Expert Opin Drug Metab Toxicol, 2006, 2(3):
419-427.

Gruber A, Fiihrer F, Menz S, et al. Prediction of human
pharmacokinetics from chemical structure: Combining
mechanistic modeling with machine learning [J]. J Pharm
Sci, 2024, 113(1): 55-63.

Toutain P L, BOUSQUET-MELOU A. Bioavailability and
its assessment [J]. J Vet Pharmacol Ther, 2004, 27(6): 455-
466.

Ng S S S, Lu Y P. Evaluating the use of graph neural
networks and transfer learning for oral bioavailability
prediction [J]. J Chem Inf Model, 2023, 63(16): 5035-
5044.

Toutain P L, Bousquet-Mélou A. Plasma clearance [J]. J
Vet Pharmacol Ther, 2004, 27(6): 415-425.

Mamada H, Nomura Y, Uesawa Y. Novel QSAR approach
for a regression model of clearance that combines
DeepSnap-deep learning and conventional machine
learning [J]. ACS Omega, 2022, 7(20): 17055-17062.
Méndez-Lucio O, Nicolaou C A, Earnshaw B. MolE: A
foundation model for molecular graphs using disentangled
attention [J]. Nat Commun, 2024, 15: 9431.

Kaur N, Gupta S, Pal J, et al. Design of BBB permeable
BACE-1

Alzheimer

inhibitor as potential
2D-QSAR, molecular
ADMET, molecular dynamics, MMGBSA [J]. Comput
Biol Chem, 2025, 116: 108371.

Keefer C E, Chang G, Di L, et al. The comparison of

drug candidate for

disease: docking,

machine learning and mechanistic in vitro-in vivo
extrapolation models for the prediction of human intrinsic
clearance [J]. Mol Pharm, 2023, 20(11): 5616-5630.
Komissarov L, Manevski N, Groebke Zbinden K, et al.
Actionable predictions of human pharmacokinetics at the
drug design stage [J]. Mol Pharmaceutics, 2024, 21(9):
4356-4371.

Beckers M, Yonchev D, Desrayaud S, et al. DeepCt:
Predicting pharmacokinetic concentration—time curves
and compartmental models from chemical structure using
deep learning [J]. Mol Pharmaceutics, 2024, 21(12): 6220-
6233.

Grempler R, Ahlberg J, Germovsek E, et al. Human dose
and pharmacokinetic

predictions for Dbiologics at

boehringer ingelheim: A retrospective analysis [J]. Adv



F49EFE 108 20265108

% ¥rizthat 7 Drug Evaluation Research

Vol. 49 No. 10 October 2026 - 3387 -

[49]

[50]

Ther, 2024, 41(1): 364-378.

LiYL, Wang Z H, Li Y R, et al. A combination of machine
PBPK
pharmacokinetics prediction of small molecules in humans
[J]. Pharm Res, 2024, 41(7): 1369-1379.

Liu S Y, Kosugi Y. Human brain penetration prediction

learning  and modeling  approach  for

using scaling approach from animal machine learning
models [J]. AAPS J, 2023, 25(5): 86.

Gawehn E, Greene N, Miljkovi¢ F, et al. Perspectives on
the use of machine learning for ADME prediction at
AstraZeneca [J]. Xenobiotica, 2024, 54(7): 368-378.

Fu L, Shi S H, YiJ C, et al. ADMETlIab 3.0: An updated
comprehensive online ADMET prediction platform
enhanced with broader coverage, improved performance,
API functionality and decision support [J]. Nucleic Acids
Res, 2024, 52(W1): W422-W431.

[53]

[56]

Myung Y, de Sa A G C, Ascher D B. Deep-PK: Deep
learning for small molecule pharmacokinetic and toxicity
prediction [J]. Nucleic Acids Res, 2024, 52(W1): W469-
W475.

GuY X, Yu Z H, Wang Y M, et al. admetSAR3.0: A
comprehensive platform for exploration, prediction and
optimization of chemical ADMET properties [J]. Nucleic
Acids Res, 2024, 52(W1): W432-W438.

Swanson K, Walther P, Leitz J, et al. ADMET-AL: A
machine learning ADMET platform for evaluation of
large-scale chemical libraries [J]. Bioinformatics, 2024,
40(7): btaed16.

Daina A, Michielin O, Zoete V. SwissADME: A free web
tool to evaluate pharmacokinetics, drug-likeness and
medicinal chemistry friendliness of small molecules [J].

Sci Rep, 2017, 7: 42717.
[SriEsm#  Fh3A]



