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Background and Obijectives

When evaluating study designs, methods based on Monte Carlo simulations
such as Stochastic Simulation and Estimation (SSE) are considered the gold
standard. In the SSEs the “true” model and the sampling schedule is used to
simulate a number of datasets and the model parameters are re-estimated.
This generates a number of parameter vectors which are used to calculate
paramater precision metrics such as RMSE, Bias and RSE. Using these
parameter metrics for overall comparison of designs can be cumbersome when

there are many parameters of interest. Furthermore, these metrics do not skl o —
Include the correlation of the parameters contained within, for example, an
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empirical variance-covariance matrix (empCOV) from the parameter vectors Estimated parameter vectors
estimated in the SSEs. The empCQV has other advantages: (1) It can be Figure 1: 95% confidence intervals of calculated normalized inverse determinants (empirical D-criterion) of the

_ _ _ _ _ empirical variance-covariance matrices for the FO approximated Full FIM optimal design in the Warfarin example
compared to the theoretlcally expected covariance matrix predlcted DY optlmal as the number of simulated datasets and estimated parameter vectors increases. The lower and upper lines

design theory and (2) the comparison can be done using Single values like a represent the 5th and 95th percentiles respectively, the dot represents the median.

normalized inverse determinant of the empCOV (equivalent to the the D- « Full FIM Designs
criterion). There is however uncertainty in the calculation of the variance- 1900° = Block-diagonal FIM Designs
covariance matrix from SSEs (figure 1) and the true empCOV can only be  § * Non-bootstrapped Evaluation
achieved when the number of simulations goes towards infinity. In this work this § 18501
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Sampling schedules with 8 samples per individual were optimized in PopED [1-
2] for two example models. The first example was based on the warfarin model 1650 r N S r r
reviously used for software comparison by Nyberg et al [3]. The warfarin FO-OD Initial Design FOCE-OD
P y _ P _ y Ny g _ ' _ Figure 2: 95% confidence intervals of normalized inverse determinants (Empirical D-Criterion) of the designs in
model was parameterlzed as shown in Table 1 and the deSlgn consisted of 32 the Warfarin Example. The red dots shows the resulting normalized inverse determinants when calculated from
individuals in one group and Sampling within O to 120 hours and a fixed dose of the parameter vectors without performing a bootstrap. The initial design contains the starting sampling schedule
: : : . for the optimization.
70 mg. The second example was a sigmoidal EMAX model with concentration |
Increasing linearly with time and parameterized according to table 2. The = Full FIM Designs
design contained 100 individuals in one group and samples between 0 and 50 850 | ﬁ'OC‘EdiigtO”a' F;MEDelsig?S
hours. The optimizations were performed using the determinants (D-optimality) S ONRROISTapPEE =N
of the full and block diagonal FO and FOCE approximated FIM. The residual g 800 - —_
errors (RUV) had a combined additive and proportional structure with a fixed *E |
additive component. SENE I I .
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Figure 3: 95% confidence intervals of normalized inverse determinants (Empirical D-criterion) for the designs in
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Table l. Parameterization of the Warfarin Table 11. Parameterization of the Emax : : - -
model used for optimization. model used for optimization. v FOr these exampleS’ a Slngle CﬂlCUlat!On.Of the .emplrlcal l?'
The parameters for all designs were re-estimated (FOCEI) with NONMEM 7.2 criterion from the SSE vectors would indicate diiferences in
[4] using 3000 MC simulated datasets in PsN [5] (SSE). For each bootstrap performance between all the optimal designs and the Initial
iteration, 3000 parameter vectors were sampled with replacement from the design.

resulting parameter vectors of the SSE and the inverse determinant of the
empCOV was calculated and normalized to the number of parameters.
Following the bootstrap, the median and the 2.5 and 97.5t percentiles of all

v" The bootstrap confidence intervals of the empirical D-criterions
show that there Is no significant performance difference between

10000 normalized inverse determinants were calculated. most of the designs.

v Using a single empirical D-criterion from SSE parameter vectors

Results to compare designs may include a risk of false conclusions of

When evaluating the designs for the warfarin example (figure 2), the non- design Supgrlorlty (_:aused .by the Unce”a'”_tY of the (_:alc_ulatlon.
bootstrapped normalized inverse determinants from the parameter vectors By comparing confidence intervals of empirical D-criterions from
showed a difference in performance between all the designs with the block- a bootstrap procedure, the risk of false conclusions is reduced.
reduced FO design being the best design. However, the 95% confidence
intervals of the normalized inverse determinants revealed none of the optimal References

designs were, In this example, superior to the initial design.
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