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Estimation of individual pharmacokinetic parameters using maximum
a posteriori Bayesian method with D-optimal sampling strategy
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(1. Children’s Hospital, Shanghai 201102, 2. Huashan Hospital, Fudan University, Shanghai 200040, China)

Abstract: This study was aimed to develop a maximum a posteriori Bayesian (MAPB) estimation method
to estimate individual pharmacokinetic parameters based on D-optimal sampling strategy. Meanwhile, the
performance of MAPB was compared with the multiple linear regression (MLR) method in terms of accuracy
and precision. Pharmacokinetic study of pioglitazone was employed as the example case. The population
pharmacokinetics was characterized by nonlinear mixed effects model (NONMEM). The sparse sampling
strategy (1 —4 points) was identified by D-optimal algorithm using WinPOPT software. The simulated data
generated by Monte Carlo method were used to access the performance of MAPB and MLR. As the number of
samples per subject decreased, the accuracy and precision of MAPB method tended to get worse. The estimation
for CL and ¥ by MAPB using D-optimal two-point design had less bias with low inter-individual variability, and
had more bias and imprecision with high residue variability. The estimation of AUC by MAPB using D-optimal
2 points design had similar accuracy and precision to MLR. However, MAPB estimation was better than MLR
while adjusting the sampling time to one hour. Overall, the MAPB method had similar predictive performance
as MLR, but MAPB could provide more pharmacokinetic information with higher sampling flexibility.
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Figure 1 Basic goodness-of-fit plot of the final population pharmacokinetic model of pioglitazone (» =1 000). iWRES: individual

weighted residual; CWRES: conditional weighted residual

Table 1 Pioglitazone population parameter estimates with 1 000
nonparametric bootstrap procedures. SE%: standard error%;
95% CI: 95% confidence interval; R wcy, wy: coefficient of wcy,
and oy

Parameter I\I/IIe(le(\gEE//j) B&thit;zp 95% CI P;QIZS
Pharmacokinetic parameter

CL/M™! 3.31(8.9) 3.29 2.95-3.67 —0.60
V /L 27.5(8.9) 27.4 24.5-31.3 -0.36
K,/ 2.61 (16.7) 2.60 2.12-3.39 -0.38
tag /h 0.197 (5.3) 0.198 0.182-0.209 0.51

Inter-individual variability

wct 1% 37.6 (44.3) 36.7 249 -4738 -2.39
wy /% 38.3 (50.5) 37.6 23.7-50.4 —-1.83
o, 1% 61.6 (38.2) 61.2 44.0 - 78.0 —0.65
Dtjq 1% 13.3 (65.0) 12.9 7.23-18.8 —-3.01
R wcL, oy 0.840 0.838 57.3-94.4 —0.24
Residual variability

/% 19.6 (18.3) 19.5 17.0 -22.0 —0.51
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Figure 2 Visual predictive check of the population pharma-
cokinetic model for pioglitazone. The open circle represent
the observations, the dashed lines represent 5th, 50th and 95th
percentiles of the simulated dataset (n =1 000)
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Figure 3 Normalized predictive distribution error (NPDE) of the population pharmacokinetic model for pioglitazone. A: a QQ plot

of the NPDE versus the corresponding quantiles of a normal distribution; B: Histogram of the NPDE; C: NPDE versus time; D: NPDE

versus population prediction

3 RUSEAM E 20 ) 530 R RSO N 23 A AR AR SR AR 2 6
(2.6~24h) A1 5 (24 h) D B KFETT %
MEZ )2 S B MAPB i 5145 Wk 2 R, %
YRAE BTN CL Ak SRR SRR 2% AR T VAT Ko
B AL BRI R %, CL AT v A5 55 1 MR 5 FIORG
RN DAl 2 U5 AL CL A v IRk R A
K5 B R, MPE %8 4%, MAE 23514 11% #1 16%,
I3 85.0% F1 70.8% )ik B5AEL 74 £ SEBR 4 A {EL 1)
+20% N, T 1 77 20 CL (R4 SRR B2 1 7], MPE =
4%, {EKEH R 72, MAE = 20%, 39.5% (K4l 5 A4

£20% LAAh . R 255 2 05 D el i MAPB V.
T K, B, SERERFET A 14.3% M5
(EAESEBR A A IR £40% P, (HXFF 4 £SR3 A D &
7%, KAGEAEM MPE Al MAE 43 % KT 25% Al
45%, JoIRAFEIS AL A5 R
3 MRETLRMZET R MPAB Fill 45 RaV5
5]
Wik 3 fiow, BAG CL AT VAN P A2 5 (1 189,
SERERNFE 7 ZER CL A v Ak S HEAff 5 FHORS 2% 1 52
WK, D efh 2 577 %% CL R VAl Sk 6fl 2 5%

Table 2 The bias and imprecision of maximum a posteriori Bayesian (MAPB) estimates for pioglitazone pharmacokinetic parameters

in 5 sampling designs.

error >+ 40%

Full samplings (n = 13) were: predose, 0.25, 0.5, 1, 1.5, 2.0, 2.5, 3.0, 6.0, 9.0, 12.0, 15.0 and 24.0 h postdose.
MPE: Mean prediction error; MAE: Mean absolute prediction error.

“Percentage of prediction error > £20%; "Percentage of prediction

CL/Lh™ V/L K,/h™! tiag /h
Sampling design MPE  MAE >+20%" MPE MAE >%20%" MPE MAE >%40% MPE MAE >+20%"

1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 1%
Intensive sampling strategy
Full sampling (n = 13) —0.1+7 5+4 02 -1+10 8+6 35  2+£28 22+18 143 2+£8 66 3.1
Sparse sampling strategy (D-optimal)
4 points (0.23 h,2.5h,2.6h,24.0h) 211 9=+7 84 2+16 1210 172 26+69 49+56 421 2+9 7+6 4.0
3 points (0.23 h, 2.6 h, 24.0 h) 3£14 118 145 3£19 1512 276 27+70 4653 427 2+9 7%6 4.2
2 points (2.6 h, 24.0 h) 4+14 119 150 4+20 1613 292 - - - - - -
1 points (24.0 h) 4+27 20+18 395 - - - - - - - - -
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Table 3 The accuracy and precision of MAPB estimation for
individual pharmacokinetic parameters using full and 2-point
sampling design with different inter-individual variability and

residual variability

Sampling 13 points D-optimal 2 points (2.6—4 h)
design MPE MAE >+20%" MPE MAE  >+20%"
1% /% /% 1% 1% /%
CL estimation
wcL=20% —-05+7 5+4 0.2 2+11 9+7 7.6
wcL=30% -03+7 5+4 0.2 2414 11£9 14.2
wcL=40% —-02+7 5+4 0.2 3+£15 12+£10 16.7
wcL=50% 0.1+7 5+4 0.5 3£16 13+£10  21.1
oc=15% 0.1+5 4+3 0 3+11 9+7 7.0
0=25% -03+9 745 22 5+£17 14+11 2338
o=30% -1+10 8+6 5.2 6+20 16+13 313
o=40% -2+14 12+£9 15.7 7+£25 20+£17 410
V estimation
oy =20% -1+9 8+6 2.9 2415 1249 17.1
wy =30% -1+£10 8+6 2.9 2+£19 15+£12 283
wy =40% -1+10 8+6 3.6 3+£21 16+13 307
wy =50% 1£10 8+6 3.6 2+24 18+15 377
o=15% -1+38 6+5 0.4 3+£16 13+£10 19.6
0=25% 2+12 10+7 8.3 5+24 1816 369
o=30% -2+14 12+8 14.9 5427 21+18 423
o =40% -4+£18 1511 27.6 6+£32 24+22 492
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Figure 4 Box and whiskers plot of area under the concentration-time curve (AUC) estimates using multiple linear regression and

MAPB method with different inter-individual variability and residual variability (» = 1 000 Monte Carlo simulated datasets).

D-opt:

D-optimal 2 points were 2.6—24.0 h. MLR: Multiple linear regression of 2 samples were 1.5-9 h. Prediction error (%) = (AUCj,pred —

AUC, ser) / AUCrer X 100%, where AUC;,preq is individual prediction, AUC,, . is the reference estimation by noncompartmental method
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Figure 5 Box and whiskers plot for the area under the concentration-time curve (AUC) using multiple linear regression and MAPB

method with different sampling windows
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