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Application and prospect of artificial intelligence and population pharmacokinetics in personalized
medication after organ transplantation

HE Shuai', ZONG Huiying', LI An’ an', ZHOU Penglin', GAO Rui*, WU Xichao', ZHU Yanjiao®, LI Yan’
[1. School of Pharmacy, Shandong University of Traditional Chinese Medicine, Jinan 250355, China; 2.
Clinical Pharmacy Affairs of the First Affiliated Hospital of Shandong First Medical University (Shandong
Qianfoshan Hospital) /Shandong Engineering and Technology Research Center for Pediatric Drug Clinical
Evaluation and R&D/Shandong Provincial Key Laboratory of Clinical Pharmacy in Medicine and Health, Jinan
250014, China]

ABSTRACT Arttificial intelligence (AI) and population pharmacokinetics (PPK) technologies have demonstrated significant
potential in the personalized medication of immunosuppressants after organ transplantation, enabling precise prediction of drug
dosages. This article provides a comprehensive review of the application status of Al and PPK in the individualized administration
of immunosuppressants after organ transplantation, focuses on monitoring blood drug concentration, predicting efficacy/adverse
reactions, and establishing individualized dosing models for organ transplant recipients after immunosuppressant administration, and
analyzes and compares the application characteristics of different methods in different organ transplant patients as well as the
integration and future development of Al and PPK technologies. Al and PPK technologies can not only significantly reduce the
dependence on human resources, but also greatly improve the level of individualized treatment of immunosuppressants after organ
transplantation, and reduce the discomfort and burden caused by frequent blood concentration monitoring to patients.

KEYWORDS artificial intelligence; population pharmacokinetics; organ transplantation; individualized medication
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T AR AR I s U A5 2R, DUfRT AR B AR A
AR 11 PPK IR T — AR XA 20 iy AR 30 )
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ML) 53 0 32, 2 B A0 HE P 28 ) 2% (artificial neural net-
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SVM) . [0 I # (regression tree, RT) | I & 2% 2 (deep
learning, DL) 4§ ; It 41, i5t 1% 5 7 (genetic algorithms,
GA) W 5 ML G 0 T80k
L1 AlEBHBER ML AR A

A I SR T 60 151 ' % A AR I B3R 0l 24 7k
B W R B R A AR S B ] CREO B D BE AT 13 10
FEVRECE A T T O B RS A R PR R I 2 vk
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JE 5 SN R B AR OGP R (7. =0.931 4) o AR S 5F"
BT ANN 5 GA FOARHENT 1 AT [7] i T 246 2 1 254k
JEE RN 25 245 ) 4 1) T B A R Ak FH 2GRS 8Y  X 2 A 70 1) 56
RS R KB A 30 I 25 5 rpr A 27 YR B S0 158 22 /)N
T 10% , 4% 3 U IR 227 10%~20% 5 I A, 18
TR B AR . 5 — DS T BAILIE T ANN 5 GA
AR T T Ath 5 55 ] i 245 9 B 1) Ak H 2518
TR R TIN5 25 12 4 X F 5 22 DA K i 24 vk
JEE T 152 22 ¥ L F 22 o4 P I AR 78 G S {5 58
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LR AVBTIETT T HeXt, Tang 55 “SR4E T 838 (9 A A
B I IRAS B, @57 T ANN BEHLAR M )5 (random
forest regression, RFR) \RT , 37 #:[11] & [7] 5 (support vec-
tor regression, SVR ) % 9 A% 75 FH —F 1 I b, 52 5 ] 71 1.
R . SEHFE RT BRI W SR e by, o
G UEZH (7 24 48 X152 25 43 531 o4 0.71 F110.73, {HiZ A
¥ H RT I RFR PR SA0 35 1) - 24 4 o 152 22 AR AR, TR
SR AT KA A BT A [R] Ao g A8 255 03X P A
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AT 5 . Zhang 55" T 584 i ' # AH 32 & I AH 4L
P, XF 10 g FH 580k [ BR A6 i 44 5 (eXtreme gradient
boosting, XGBoost) . Ji# & 34 38 ML (light gradient boos-
ting machine, LightGBM) , FHL Z& 4 (random forest,RF) |
SVR  K-fiT 4l (K-nearest neighbor, KNN ) . fz /N X Wc 4
1% £ 8. F 7] 5 (least absolute shrinkage and selection
operator regression, LASSO) . #f [ I (ridge regression,
RR) . 244 [0 (linear regression, LR) /B J& 18 5if e 5 )
(gradient boosted decision tree, GBDT) , TabNet] i#F 17 fiii
BE , DL A w0 B ) ) T M R A A ML RS, 2%
SRR I, TabNet 19 FINPERE Fcdf (R*=0.824 , F- 24 X 15
2570 0.468, ¥ 751822 4 0.558, BT iR 22 09 0.745) ,
B ATENS , WOl RAT FH AT RSz B, s ik — 25 Ak
B, IR S LAY 38 1T 3 B . Mao S5 LI 4E T
187 {5 v [ ' A AR 2 i PR T LB LR \SVR
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0028 1ML 2 R B ) 25 PR RE . IR AN A T 4G MDR1
FEDRRUTE Y 16 Fh AR & ] TR RUAG . S5 R R I,
ANN AL R0 1 B e e (S 300 158 2 15 vh o7 48 X6) 5
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A HEBR TS, S5 2 AR i e — 2k
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Tan 55" 3% T 11 i) JL 26 A% R 2R 2 1040 11 R 1A 100 245
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ALY 15 T000 4th, 5 55 ) 1L 245 v BE A BB FEA T T [m1 B AF
I, TG 5 45 IR (10 YN 15 2 AR A i AR A ARl S A
B B B AL, A LRW I R S8 F P e e o (HIZ AR AR
SRS T B E BE R BRARAL SR R Y X B — AR
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R ) I 24 R VA R A 5 O A A — o I 2 L 5 45
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B AT DU AL B B AR AR5 B b e s R 4 2 T
(EIZIFIE IR RE AR % FE R R TR X T RE S BRI %A
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b 5 5w L 0 A0 RS A R AR B
ek B LAth FE B8 F) 25 25 48, T 86 M3 £ LA PR Wl
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WU RS AL R LA 5w SR 2 B2 A5 . R AR 119
191 5735 [ 33 1 T A R AR R (0 B0 2R W R, ST
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25 I, PPKASEAY O 7E SCAA 4% B A8 MR Il T~ 2 i A%
AR AR 28] T 2 W AR R ZAE T2
BEH R PO B — FEAR R R AR Z SR
WA, PR PPR S ASE (i i 2 B A AR 5 Ath 5 52 w) Bl A
LR AR 24 T g R AT A 2 T T
3 AISPPKHIRE & RARFKERE
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WFFEISCER 1 2 551 461 i [ B A% A [ T AR AE 3 1 Ath e
O] AR OCEL A  IZ R BT O N7 Y PP i 16 5
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regression, ETR ) \RFR 45 10 Fft ML 5574 F 0 b 0, 52 =] 24
2550 1 0 HERR R AT T ARV . BESE SR, CYP345
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