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Objectives: In recent years, nonparametric methods are increasingly used tools for random effects distribution
estimation in non-linear mixed effects models. These methods are powerful to estimate underlying distribution
shapes as they do not rely on distributional assumptions like the more widely used parametric methods (1-4). The
use of nonparametric methods is associated with certain drawbacks, including increased computation time, lack of
imprecision measurement, impossibility to estimate residual variability, difficulties to communicate final results
with non-pharmacometrics audience etc, which limits their usage. To address some of the issues, nonparametric
methods are utilizing outcome of preceding parametric analyses. One of the uses of the parametric method in a
nonparametric analysis is in utilizing its variance-covariance matrix for defining the parameter space. With
increasing number of random effects (n) and subjects (N), nonparametric estimation procedure rapidly becomes a
complex problem as it requires estimation of ((n+1)*N)-1 parameters. Rather than to search for such a large
number of parameters in an infinite space, it is desirable to define the search space a priori. Boundaries can be set
up arbitrary; however variance — covariance matrix from preceding parametric analysis could be utilized to get a
good idea of parameter space. Nowadays, beside the information about variance-covariance matrix, information
about residual error magnitude and individual parameter estimates are also utilized for different parts of
nonparametric model building. In this work we summarize the advantages, disadvantages and usefulness of such a
combined approach.

Methods:

a) Residual error magnitude In nonparametric analysis, residual variability has to be specified a priory. This term
was, for a long time, identified with an assay error (Approach I), which is generally not an appropriate procedure
as it ignores other components of residual variability, such as model misspecification, errors in study conduct,
changes in individual biology over time etc. Thus, it is preferable to use the residual variability estimate from a
preceding parametric analysis in subsequent nonparametric estimation as this is probably a better guess of residual
error magnitude (Approach II). A newly available nonparametric method in software NONMEM allows for an
estimation of nonparametric distribution of residual error magnitude which has the advantage to other available
approaches of not fixing the error magnitude (Approach III). This approach may utilize a prior estimate of
parametric residual variability distribution (4). A Monte Carlo simulation study was performed to compare
different approaches for handling residual error magnitude. Data were simulated from one compartment IV bolus
model and analyzed with the nonparametric method available in NONMEM VI using three above mentioned
approaches. Parameter distributions were evaluated at different percentiles and relative estimation error was
computed for each method.

b) Individual parameter estimates The points of support for the nonparametric parameter distribution estimation
may be obtained from the prior POSTHOC (Empirical Bayes Estimates (EBE)) parameter estimates generated
using data and a distribution defined by parameters from a preceding parametric analysis (default method). This
approach has been implemented in the latest nonparametric method in NONMEM and it is probably the most
radical change from other nonparametric methods. It has shown good estimation properties and it has been
associated with several advantages (3). However, in certain circumstances, EBEs are not always providing a good
range of points of support as they suffer from shrinkage phenomenon (5).When and if so, a recently developed
“extended grid method” capable of providing nonparametric grid with better range of support points is suggested
to be used (6). Again, this method utilizes preceding parametric analysis to generate the new set of points of
support either via parametric simulations or via EBE estimation from parametric model using inflated variances.
The performance of this method was evaluated and compared to the default method via simulations and
subsequent analysis of pharmacokinetic data using an intravenous linear one-compartment model with various
distribution shapes for the parameters CL and V and with various numbers of observations per subjects.



Results: Specifying residual variability based on an assay error was rather poor approach resulting with imprecise
parameter estimates and inflated parameter distributions. A substantial improvement in parameter estimates was
seen when Approach II and III were used, with Approach III showing slightly better results.

As expected, EBEs performed poorly as points of support when data were very sparse due to high shrinkage
extent and imprecise residual error magnitude estimates. However, the parameter distribution estimated at the
enriched grid showed a good agreement with the true parameter distributions examined via QQ plots, regardless
the method used to enrich the nonparametric grid. This was also confirmed by inspection of cumulative
probability density functions.

Conclusions: Both parts of the parametric analysis used in subsequent nonparametric analysis appeared to be
useful, resulting in more precise parameter estimates and shorter CPU time for analysis. The latter which is solely
associated with the usage of EBEs as support points, is of importance because long analysis time is one of the
major limiting step for nonparametric methods usage. In certain circumstances, individual parameter estimates are
poor starting points for the nonparametric estimation, but the enriched grid method successfully addresses this
problem. A framework which allows for a subsequent parametric — nonparametric analysis with all above
mentioned methods incorporated in it appears desirable for future efficient nonparametric analysis in non-linear
mixed effects models.
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