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Methods: Discussion:

Figure 1. Example simulated dataset The true model was a one-compartment elimination, * SCM selected over parameterized model in many of
1st-order absorption PK model with body weight the MCMC cases (both DIC and OFV). Often these
proportionally increasing volume of distribution and CL models included the true effects and addition effects

> decreasing with age. From this model a data set with and it was readily to ascertain the true effects from
90 subjects with dense sampling was simulated 100 the parameter distributions. See Figure 2 for an over
R ¢ Elc;?re(esl;E(Ie%uggvla)}iSttehse\;’/;rzna-ljrgggc’gu’clhaengatc];g?el}c/ parameterized SCM result where it can be seen that
éﬁo‘ ; )0 ' the SEX effect on V can probably be ignored - which
< | Using the correct structural model, an SCM for three recovers the true model.
g scenarios was run on all data sets and the success rate  The poor performance of DIC as a model selection
240- : to recover the true model was retained. The three SCM metric was surprising as our interpretation of the
% : : ; scenarios and model selection methods used were: literature suggested that DIC would be a better
‘_Cgi : 1. FOCE-I with the final objective function value criteria for MCMC models. Figure 3 shows three
2. : : : : (OFV) as model selection criterion representative MCMC runs. Clearly the under-
. : parameterized case will have a worse DIC, but the
’ 2.  MCMC BAYES with the sample mean OFV true and over-parameterized cases are quite similar.
- 3. MCMC BAYES and the Deviance Information It mafy be that oytliers in the sample >pace ac.:Id
. . " Criterion[3] (DIC) considerable noise to the OFV variance, causing DIC
| | Time (h) | | to be overestimated at smaller posterior sample
Simulated, normalized concen.tratlons for 90 subjects, with mean DIC has been Suggested [4’5] 25 3 robust method for cizes
and standard error overlayed in blue. : . . : '
model selection in Bayesian analyses. The SCM tool in

. i PsN was modified to compute either the mode of the
Simulation model OFV (current SCM default) or the DIC to be used as
model selection criterion. Conclusions

C = Dose K, (e—ket B e—kat) k — E Structural DIC =0OFV + % var (OFV )
P \Vj (ka _ ke) oty model _
The SCM searched AGE, HT, WT, BMI and SEX on the V  SCM can be performed using MCMC
—_— nka . . .
ko =0.75€ and CL parameters. Bayesian or FOCE-| estimation
_ leL : : : : ' '
CL =0.05(1-0.003(AGE -52) )e” Where SCM failed to identify the true model it was 'nterchange_abl_y using the OF\_/ as model
WT) Covariate determined if pruning of the selected model by selection criterion. The DIC criterion was
V=30 © model removing non-significant (alpha=5%) effects would found to be unsuitable for the stepwise
sd( )_ 015 corrgct it to he true modgl. For the FO?E-I models, covariate search when using Bayesian
m)="Y: pruning entailed re-running the model in backward estimation
Simulated concentrations incorporate 15% CV error and are steps, while for the MCMC models the 95% credible '
censored at 1 mg/L. Doses were 50, 250, and 500 mg. interval for the final model was used directly by
assessing inclusion of zero.
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