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OBJECTIVE

Design a sparse sampling scheme for a population PK
component of an efficacy trial of an anti-tumor drug. Due

RESULTS

Figure 1. Individual Plasma Concentration — Time Profiles
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Population PK Model: Figure 2. Diagnostic Plots
e A population PK model was developed based on the 200 mg 250 mg 2tUling :
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* A steady-state one-compartment oral model with an © - // '
additive interindividual random variability and residual 0- .

error best described the data. The final model did not
include any covariates due to limited diversity of
covariate data (race, gender and weight). Model
performance was assessed by evaluation of diagnostic
plots (Figure 2).

Sparse Sampling Scenarios:

e Sparse sampling scenarios were selected by splitting
PK profile into 2 segments: 0.5-4 hr — defines "Ka"
segment, 6-12 hr — defines "Ke" segment (Figure 3).

* For each sparse sampling scenario, individual patients’
PK profiles were bootstrapped to generate 100
datasets. The population PK model was fit to each
bootstrapped dataset (Figure 4).

e Accuracy and precision of resulting parameter
estimates were compared to those from the original
model which was based on rich data (Figure 5). All
data modeling and simulations were performed using
S-Plus v6.0 and resampling using SAS 8.

* The likelihood of a successful model fit to the
bootstrapped datasets was related to the number of
sampling points in the design. The percentage of
datasets with successful model fits ranged from 70%-
95% for the different sampling scenarios. For the
designs under consideration, the scaled mean squared
error (MSEs) for the population model parameters
ranged from 0.0056 to 0.0158 (Table 1, Figure 6).

Table 1. Prediction Performance

Mean Prediction Error :
Design
Scenario Ka Ke \' Efficiency
4 points | -0.0056 0.0092 -6.3 0.0158
5 points | -0.00058 | 0.0080 | -5.8 0.0118
6 points | 0.00051 | 0.0028 -2.9 0.00576
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Figure 3. Sparse Sampling Scenarios
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Figure 4. Population Profiles for Bootstrapped Datasets
__2000- 4 Points Scenario _ 2000+ 5 Points Scenario
- -
g 7 N g 7N
g 1500 - y \\ g 1500 / \\
c / N c / N
2 1000/ N 2 10004/ N
o N u N
5 N 5 S
8 500- N 8 500- NS
5 — — Original Fit T 5 — — Original Fit -
O J O J
O 1 1 1 1 1 1 1 1 O 1 1 1 1 1 1 1 1
0 4 8 12 16 20 24 0 4 8 12 16 20 24
Hour Hour
Figure 5. Parameter Estimates (--- "True" Value Obtained From Rich Dataset )
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Figure 6. Prediction Errors (%) of Parameter Estimates
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The ease and flexibility of the proposed methodology allowed for evaluation of various sampling scenarios which
were subsets of the original design. The estimates of each model fit were used for computation of standard metrics
of model prediction errors and design efficiency.




