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Abstract Knowledge of the uncertainty in model param-
eters is essential for decision-making in drug development.
Contrarily to other aspects of nonlinear mixed effects
models (NLMEM), scrutiny towards assumptions around
parameter uncertainty is low, and no diagnostic exists to
judge whether the estimated uncertainty is appropriate.
This work aims at introducing a diagnostic capable of
assessing the appropriateness of a given parameter uncer-
tainty distribution. The new diagnostic was applied to case
bootstrap examples in order to investigate for which dataset
sizes case bootstrap is appropriate for NLMEM. The pro-
posed diagnostic is a plot comparing the distribution of
differences in objective function values (dOFV) of the
proposed uncertainty distribution to a theoretical Chi
square distribution with degrees of freedom equal to the
number of estimated model parameters. The uncertainty
distribution was deemed appropriate if its dOFV distribu-
tion was overlaid with or below the theoretical distribution.
The diagnostic was applied to the bootstrap of two real data
and two simulated data examples, featuring pharmacoki-
netic and pharmacodynamic models and datasets of 20-200
individuals with between 2 and 5 observations on aver-
age per individual. In the real data examples, the diagnostic
indicated that case bootstrap was unsuitable for NLMEM
analyses with around 70 individuals. A measure of
parameter-specific “effective” sample size was proposed
as a potentially better indicator of bootstrap adequacy than
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overall sample size. In the simulation examples, bootstrap
confidence intervals were shown to underestimate inter-
individual variability at low sample sizes. The proposed
diagnostic proved a relevant tool for assessing the appro-
priateness of a given parameter uncertainty distribution and
as such it should be routinely used.
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Bootstrap - Model diagnostics - Nonlinear mixed-effects
models

Introduction

The utilization of non-linear mixed effects models
(NLMEM) in drug discovery and development has
increased in the last decades. In a recent white paper aimed
at both decision makers and practitioners, the importance
and implementation of Model-Informed Drug Discovery
and Development (MID3) was outlined [1]. As exemplified
and stressed in this consensus paper, understanding and
quantifying model uncertainty has a central role in model-
informed decision-making. Model uncertainty includes
qualitative aspects, mainly the adequacy of the assumptions
underpinning the model(s), but also quantitative aspects,
mainly the joint uncertainty of the estimated parameters of
the model(s). A number of methods to quantify parameter
uncertainty are available. The most commonly used
method is to derive standard errors around the parameters
from the asymptotic covariance matrix, which is provided
as a standard output of most software. A drawback of this
uncertainty estimate is that parameter confidence intervals
(CI) as well as simulation and prediction uncertainties
require additional assumptions about the shape of the
uncertainty distribution. Most often a multivariate normal
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distribution is used, which provides CI that are symmetric
around the point estimate. To relax the assumption of
symmetric CI, likelihood profiling is sometimes used [2].
However, while applicable to the uncertainty of each
parameter separately, likelihood profiling does not allow
the use of the combined uncertainty around all model
parameters for simulations or predictions. The most fre-
quently used method for generation of parameter uncer-
tainty without symmetry constraint is the nonparametric, or
“case”, bootstrap [3]. Case bootstrap of independent data
consists of estimating model parameters on a number of
datasets obtained by resampling with replacement “pairs”
of dependent and independent variables. It is often con-
sidered as the gold standard for estimating parameter
uncertainty. Occasionally, other bootstrap variants are
used, for example nonparametric and parametric residual
bootstrap [4]. Sampling Importance Resampling (SIR) has
recently been proposed for improving the estimation of
parameter uncertainty in NLMEM [5]. Lastly, for models
estimated by Bayesian methods, the full posterior param-
eter distribution is typically used to represent parameter
uncertainty [6].

Case bootstrap is not devoid of limitations. It is for
example not suitable for “small” or highly designed
datasets for which stratification is impossible (such as
model-based meta-analysis [7]) or leads to too small sub-
groups. Using bootstrap in these cases has a high risk of
leading to biased uncertainty estimates. Models relying on
frequentist parameter priors for parameter estimation [8]
are also not suited for bootstrap, as the uncertainty of
parameters featuring highly informative priors and low
information in the data will be underestimated. In the
particular context of NLMEM, what represents a too small
dataset is not well known. In any case, a minimum dataset
size would need to take model complexity into account. As
models typically grow in complexity with increasing
dataset sizes in order to maximize the amount of infor-
mation extracted from the data, one might suggest that
datasets are often small with regards to the developed
models. In addition, typically each individual, or “case”,
only provides incomplete information about the parameters
that are to be estimated. Likewise, individuals contain
different amounts of information and are thus not fully
exchangeable. Reasons for this may be different designs
(doses, number or timing of observations) and different
covariate values, but even with the same design and
covariate values, the information about a parameter will be
linked to the individual’s value for that parameter and thus
differ between “cases”.

The appropriateness of the point estimates of model
parameters is typically scrutinized using a variety of
graphical diagnostics based on predictions, residuals and
simulations. The choice of models and estimation methods
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in an analysis is typically driven by such diagnostics. The
same is not true for estimates of parameter uncertainty.
Typically, the appropriateness of the uncertainty estimates
is not investigated. Instead, the choice of method for the
estimation of parameter uncertainty is usually based on the
expectation of performance combined with practical
aspects (runtime, model stability, etc.). In the present work,
we propose a diagnostic for estimates of parameter
uncertainty. The intention for its use is mainly to allow
assessment of the appropriateness of estimated parameter
uncertainty in relation to the underlying real dataset, but its
properties will also be explored in relation to simulated
data. For illustration of the parameter uncertainty diag-
nostic we have chosen to apply it to case bootstrap
estimates.

Methods
NLMEM

A NLMEM is a statistical model which typically describes
how an endpoint changes over time in different individuals.
It is usually defined by a set of differential equations and
comprises N, population parameters. The vector of pop-
ulation parameters P comprises both fixed and random
effects, which can be combined to obtain vectors of indi-
vidual parameters P;. Estimates of the population param-
eters, P, can be obtained from a dataset D containing a total
number of observations N, arising from N;; individuals
by minimization of the objective function value (OFV),
which is equal (up to a constant) to minus two times the
log-likelihood of the data given the parameters.

Bootstrap setup

Uncertainty in the population parameters estimated on
dataset D can be obtained via bootstrap. Bootstrap results
considered in this work consisted of N,,,, = 1000 param-
eter vectors obtained by fitting the model, i.e. estimating
the population parameters, in N,,, bootstrapped datasets.
The bootstrapped datasets were obtained from the original
data using case bootstrap, where the full data of one indi-
vidual was resampled with replacement to obtain boot-
strapped datasets containing the same number of
individuals as the original dataset. Some individuals are
thus present multiple times within a bootstrapped dataset,
in which case they are treated as independent individuals;
oppositely, some individuals are not present at all. Strati-
fication, i.e. the classification of individuals into subgroups
prior to resampling, was not used here. Model fitting of the
bootstrapped datasets was performed the same way as with
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the original dataset, with initial parameter estimates set to
P. Nonparametric percentiles-based CI were derived for
each parameter from all available bootstrap parameter
vectors, regardless of their termination status (i.e. runs with
and without successful minimization were used to compute
bootstrap CI).

dOFYV distribution diagnostic

A diagnostic was developed to assess whether the uncer-
tainty of NLMEM parameter estimates, as obtained by the
bootstrap procedure described above, was appropriate.

The new diagnostic is based on the comparison of the
distribution of the differences in OFV (dOFV) for a pro-
posed uncertainty estimate, in this case the bootstrap, to a
theoretical dOFV distribution. The two dOFV distributions
are generated according to the following procedure:

Bootstrap dOFV distribution

The bootstrap dOFV distribution is derived from the results
of the bootstrap of the original dataset, which consist of
Npoor parameter vectors. Each one of the N,,,, parameter
vectors has been estimated on a different bootstrapped
dataset. Each of these vectors is then used to evaluate the
likelihood of the original data given this particular vector.
For one vector, this means that the OFV of the original data
is calculated by fixing all model parameters to their value
in the vector (in the NONMEM [13] software, this corre-
sponds to using the bootstrap parameter vector as initial
estimates in $THETA, SOMEGA and $SIGMA and setting
MAXEVAL = 0 in $EST). This is done for each of the
Npoor Vectors, leading to Ny, OFVs. Next, the final OFV
of the original model, obtained with the final parameter
estimates on the original data (using MAXEVAL = 9999
in $EST), is subtracted from each of the N,,, OFVs. One
thus obtains N,,,,, dOFVs (Eq. 1).

dOFVyooy = OFV ~ OFV;, (1)

boorN D

where dOFVy,,n is the N-th bootstrap dOFV. The first
index of the OFV corresponds to the parameter vector used,
and the second to the dataset the parameter vector is esti-
mated (MAXEVAL = 9999 in NONMEM) or evaluated

(MAXEVAL = 0) on. P;,(,,,,N is the parameter vector esti-

mated on the N-th bootstrap dataset, and PD is the
parameter vector estimated on the original dataset D.

Theoretical dOFV distribution

The second dOFV distribution, referred to as the theoretical
dOFV distribution, corresponds to a Chi square distribution

with degrees of freedom (df) equal to the number of esti-
mated model parameters N, (Eq. 2).

dOFV jeoreticaN = 1 andom(XIZvPar) <2)

where dOFViyeorericav 18 the N-th Chi square dOFV
obtained by random sampling from a Chi square distribu-
tion with N, degrees of freedom.

The proposed diagnostic displays the quantile functions,
also known as the inverse cumulative distribution func-
tions, of the two dOFV distributions as illustrated in Fig. 1
(left panels—the bootstrap dOFV distribution is displayed
in blue and the theoretical dOFV distribution is displayed
in green). The quantile function specifies, for a given
probability in the probability distribution of a random
variable, the value at which the probability of the random
variable being less than or equal to this value is equal to the
given probability.

The principle behind the dOFV diagnostic is that if the
parameter vectors (obtained by performing a bootstrap for
example) were representative of the true uncertainty, their
dOFV distribution should follow a Chi square distribution
with a certain degrees of freedom. For unconstrained fixed
effects models, asymptotically the degrees of freedom of
the Chi square distribution should be equal to the number
of estimated parameters [9], and thus the bootstrap dOFV
distribution should overlay the theoretical dOFV distribu-
tion. However for NLMEM the exact degrees of freedom is
unknown. It could be equal or inferior to the number of
estimated parameters, notably due to the estimation of
random effects and other bounded parameters, which may
not account for full degrees of freedom. Other factors
influencing the dOFV distribution may be properties of the
estimation method (e.g. first or second-order approxima-
tions of the likelihood [10]) and the presence of model
misspecification. Because the true degrees of freedom is
unknown, the bootstrap dOFV distribution is not neces-
sarily expected to collapse to the theoretical dOFV distri-
bution when the uncertainty is appropriate. In the absence
of model misspecification, it is however expected to col-
lapse to the dOFV distribution obtained by stochastic
simulations and estimations (SSE, as described below). The
SSE dOFV distribution takes all model properties such as
the presence of random effects, boundaries, or the esti-
mation method into account, and thus represents the
expected dOFV distribution in the absence of model mis-
specification. The SSE dOFV distribution was computed
for the purpose of evaluating the proposed diagnostic, but it
is important to note that it is not part of the diagnostic in
practice due to its high computational burden. Instead, it is
computed here to evaluate whether the theoretical distri-
bution is a good enough surrogate for the SSE dOFV
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Fig. 1 dOFV distribution plots
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distribution for the investigated NLMEM. The SSE dOFV
distribution is obtained as follows:

SSE dOFV distribution

Ngsg = 1000 datasets are simulated based on the given
model, with simulation parameters equal to the parameters
P estimated on the original data. For each simulated
dataset, two OFVs are computed: the OFV obtained by
estimating model parameters on the simulated dataset
(using the simulation parameters as initial estimates in
$THETA, SOMEGA and $SIGMA and setting MAX-
EVAL = 9999 in $EST), and the OFV obtained by eval-
uating the simulation parameters on the simulated dataset
(using the simulation parameters as initial estimates in
$THETA, SOMEGA and $SIGMA and setting MAX-
EVAL = 0 in $EST). A dOFV is then computed for each
dataset as the difference between the second and the first
OFV. One thus obtains Ngsg SSE dOFVs (Eq. 3).

dOFVsspy = OF VISSSEN,SSEN - OF VPD,SSEN (3)

dOFVgspy 1s the N-th SSE dOFV. The first index of the
OFV corresponds to the parameter vector used, and the
second to the dataset the parameter vector is estimated
(MAXEVAL = 9999 in NONMEM) or evaluated (MAX-
EVAL = 0) on. Pgggy is the parameter vector estimated on
the N-th SSE dataset, and PD is the parameter vector
estimated on the original dataset D.

The dOFV diagnostic assesses whether a given uncer-
tainty method is appropriate for a given dataset and model:
the uncertainty is considered appropriate if its dOFV dis-
tribution is at or below the theoretical distribution. In
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addition, in this work we evaluated whether using the
theoretical dOFV distribution as a surrogate for the SSE
distribution was appropriate.

The adequacy of parameter uncertainty obtained by
bootstrap was evaluated based on two real data examples and
two simulation examples using the new dOFV distribution
diagnostic as well as other parameter distribution metrics.

For the real data examples, bootstrap dOFV distribu-
tions were assessed for (i) the original dataset, (ii) 10
datasets simulated with the final model and parameters
estimates using the original design, and (iii) 10 datasets
simulated with the final model and parameters estimates
using the original design but with an 8-fold increase in
the number of individuals. From these investigations both
the influence of dataset size (original size for i and ii,
increased size for iii) and model misspecification (po-
tential misspecification for i, no misspecification for ii and
iii) on bootstrap uncertainty adequacy could be assessed.
SSE and theoretical dOFV distributions were assessed for
all scenarios. Note that SSE dOFV distributions are
identical for i and ii, and that theoretical dOFV distri-
butions are identical for 1, i1 and iii.

For the simulation examples, bootstrap dOFV distribu-
tions were assessed for 100 simulated datasets for each
dataset size. SSE and theoretical dOFV distributions were
also assessed. The adequacy of parameter uncertainty was
further evaluated based on parameter CI, using parameter
CI obtained from the SSE (using 1000 samples) as the
reference. Coverage at the 90 % level was investigated for
each parameter by calculating the percentage of datasets
for which the 90 % CI included the true simulation value
for that parameter.
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Table 1 Summary of the investigated real data and simulation examples
Example Model Total number Number of random Number of Number of  Number of
of parameters effect parameters individuals  observations observations/
(proportion) individual
Phenobarbital [11] 1-compartment PK model, multiple 7 3 (0.43) 59, 472° 155, 1240° 2.6
i.v. doses, linear elimination
Pefloxacin [12] 1-compartment PK model, multiple 10 7 (0.70) 74, 592* 337, 2696 4.6
i.v. doses, linear elimination
Simulation 1 (PK) 1-compartment PK model, single i.v. 5 3 (0.60) 20, 50, 200 80, 200, 800 4
dose, linear elimination
Simulation 2 (PD) Emax PD model with baseline 7 3(0.43) 20, 50, 200 80, 200, 800 4

PK pharmacokinetic, PD pharmacodynamic, i.v. intravenous

* Simulated data (8-fold increase in the number of individuals compared to the original dataset)

Investigated examples
Table 1 provides a summary of all investigated examples.
Phenobarbital

The phenobarbital dataset [11] consisted of 155 observa-
tions from 59 infants. Phenobarbital pharmacokinetics
(PK) were described by a one-compartment model with
multiple i.v. bolus administration and linear elimination.
The model included seven parameters: clearance (CL) and
volume of distribution (V) with inter-individual variability
(IIV), two covariate relationships (body weight on CL and
V), and additive residual unexplained variability (RUV).

Pefloxacin

The pefloxacin dataset [12] consisted of 337 observations
from 74 critically ill patients. The PK of pefloxacin was
described by a one-compartment model with multiple i.v.
bolus administration and linear elimination. The model
included ten parameters: CL and V with IIV and inter-occa-
sion variability (IOV) with correlations between the vari-
abilities of CL and V within a level, one covariate relationship
(creatinine clearance on CL), and proportional RUV.

Simulation 1

Data was simulated from a one-compartment PK model
with a single i.v. bolus administration of 100 and linear
elimination. The model included five parameters: CL and
V, equal to 1 and each displaying 30 % exponential IIV,
and an additive RUV on the log scale with a standard
deviation of 0.2. Three different dataset sizes were inves-
tigated: 20, 50 and 200 individuals, with four observations
each at 0.25, 0.5, 1 and 2 units post dose.

Simulation 2

Data was simulated from a pharmacodynamic (PD) dose—
response sigmoidal Emax model with baseline. The model
included seven parameters: a baseline (EO) of 10, an
additive maximum effect (EMAX) of 100 with a dose
leading to half the maximum effect (ED50) of 5, a Hill
factor (HILL) of 0.7, 30 % exponential IIV on EO and
EDS50, and a proportional RUV with a standard deviation of
10 %. Three different dataset sizes were investigated: 20,
50 and 200 individuals with four observations each at doses
of 0, 2.5, 5 and 15.

Software

Data simulation and analysis including parameter estima-
tion and evaluation was performed with NONMEM 7.2
[13] using PsN [14] as a modelling environment. The
dOFV diagnostic is fully automated for bootstrap using the
-dOFV option in PsN. Post-processing and graphical output
was performed in Rstudio 0.99.484 with R 3.2.1 [15].

Results
Real data examples

In the two investigated real data examples, theoretical and
SSE dOFV distributions were almost superimposed
whichever dataset size (Fig. 1). Bootstrap dOFV distribu-
tions showed different patterns for different dataset types
(observed vs. simulated data) and sizes.

For the original datasets (left panel of Fig. 1), bootstrap
dOFV distributions deviated clearly from the theoretical
dOFV distributions, with dOFVs consistently higher than
expected from the theoretical distribution. Estimated
degrees of freedom were 4—7 df (i.e. around 65 %) higher
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Table 2 Degrees of freedom of
the dOFV distributions for the
real data and simulation
examples

Real data examples Df Chi square Df original Df sim 1x Df sim 8x
(theoretical) median (range) median (range)
Phenobarbital [11] 7 11.4 8.81 (6.86, 14.3) 7.35 (6.45, 8.45)
Pefloxacin [12] 10 16.5 11.3 (8.48, 14.0) 10.0 (9.78, 10.9)
Simulation Df Chi square Df 20-4 Df 50-4 Df 200-4
examples (theoretical) median (range) median (range) median (range)

Simulation 1 (PK)
Simulation 2 (PD)

6.25 (4.32, 10.6)
8.39 (5.74, 14.4)

5.48 (4.10, 7.15)
7.55 (6.22, 9.93)

5.07 (4.42, 5.94)
7.15 (6.24, 8.08)

than their reference, at 11.4 and 16.5 instead of 7 and 10 for
phenobarbital and pefloxacin, respectively (Table 2).

For the simulated datasets of equal size (middle panel of
Fig. 1), bootstrap dOFV distributions also deviated from
the theoretical dOFV distributions, although the extent of
deviation was reduced. The median degrees of freedom
was 8.8 instead of 7 for phenobarbital (i.e. around 26 %
higher) and 11.3 instead of 10 for pefloxacin (i.e. around
13 % higher). Differences in degrees of freedom between
datasets were high, with degrees of freedom spanning
5.5-7.5 df.

For the simulated datasets of eight-time increased size
(right panel of Fig. 1), bootstrap dOFV distributions were
much closer to the theoretical dOFV distributions: the
median degrees of freedom was 7.4 instead of 7 for phe-
nobarbital (i.e. around 6 % higher) and exactly 10 for
pefloxacin (i.e. no increase). Differences in degrees of
freedom between datasets were less marked than with
datasets of equal size, with degrees of freedom spanning
1-2 df.

Simulation examples

As for the real data examples, theoretical and SSE dOFV
distributions were almost superimposed whichever dataset
size (Fig. 2), and bootstrap dOFV distributions showed
different patterns for different dataset sizes. Bootstrap
dOFV distributions behaved similarly for the two simula-
tion examples.

The range of bootstrap dOFV distributions decreased
with increasing dataset size, and approached more and
more the theoretical dOFV distribution. For the smallest
dataset size of 20 patients (left panel of Fig. 2), the mean
bootstrap degrees of freedom was 25 % higher than the
theoretical for the PK example and 20 % higher for the PD
example (Table 2). With 50 patients (middle panel of
Fig. 2), discrepancies were reduced to 10 % increases over
the theoretical for both examples. At the highest sample
size of 200 patients (right panel of Fig. 2), discrepancies
had almost disappeared. As previously observed with the
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real data examples, differences in degrees of freedom
between datasets also decreased with increasing dataset
size. Ranges decreased from 6 to 1.5 df in the PK example
and from 8 to 2 df in the PD example, approximately
halving at each dataset size.

For the simulation examples, further properties of the
bootstrap could be investigated as the true uncertainty
distribution could be estimated from the simulations. Fig-
ure 3 displays the 90 % coverage of model parameters for
each dataset size. Trends with increasing dataset size were
similar between the two examples: bootstrap coverage was
always satisfactory for fixed effects, but deviations from
the expected coverage were observed for random effects at
the lowest sample size and to a lesser extent at the middle
sample size. Coverage of IIV and RUV were between 0.70
and 0.80 instead of 0.90 for datasets with 20 patients in
both examples. With 50 patients, coverage increased to
0.85 except for the RUV of the PK example, which peaked
at 0.95. Coverage of all random effects was close to the
expected level with 200 patients.

Figure 4 displays the outer bounds of increasing CI
levels of the IIV parameters of the PD example based on
the bootstrap and on the reference SSE for each dataset
size. Values were normalized by the true simulation value
of each parameter. Discrepancies between the bootstrap
and the reference CI bounds were apparent at low sample
sizes, but disappeared as sample size increased to 50
patients for IIV EO or to 200 patients for IIV ED50. With
20 patients, bootstrap underestimated the uncertainty of all
IIV parameters. Both bounds were underestimated, mean-
ing that the CI were not only too narrow but also shifted
down. Medians of the bootstrap distributions (i.e. CI = 0)
were 20-25 % lower than the true simulation parameter.
Some downward bias was also observed for the medians of
the SSE. Bootstrap upper bounds were consistently below
the reference bounds, with differences increasing with
increasing CI: the upper bound of the 95 % CI of IIV EO
was 35 % above the simulation value with bootstrap, ver-
sus 70 % with the reference. For IIV ED50, this value was
60 % with bootstrap instead of 120 % with the reference.
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Lower bounds were also below the reference bounds, but
differences decreased with increasing CI and were less
marked. For IIV EO, the lower bound of the 95 % CI was
60 % below the simulation value with bootstrap, versus
55 % with the reference. For IIV EQ, the lower bound of
the bootstrap 90 % CI converged to the lower bound of the
reference, 80 % below the simulation value. With 50
patients, bootstrap and reference CI bounds for IIV EO
overlapped at all CI and medians were at the true simula-
tion value. This was not the case for IIV ED50, which
displayed similar patterns with 50 patients than with 20
patients, even if differences between the bootstrap and the

90% coverage

reference were less marked. With 200 patients, bootstrap
and reference CI bounds overlapped for all CI for both ITV.

Discussion

The dOFV diagnostic enabled to assess whether a given
uncertainty estimate could be considered adequate. When it
was not, i.e. when the dOFV distribution of the bootstrap
was above the theoretical distribution, it translated into
suboptimal coverage of the random effects, for which both
the medians and the CI widths were underestimated.
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Difference of about 1.5 df led to an underestimation of the
90 % coverage by 5-20 %, and to underestimations of
medians and 90 % CI widths by about 20 %. Diagnosing a
priori in which cases bootstrap is inadequate based on
sample size proved inappropriate for NLMEM, as will be
discussed below. An a posteriori method, based on
parameter-specific “effective” sample sizes, will be pro-
posed. In the investigated examples, effective sample sizes
greater than 45 individuals led to good coverage and CI,
and could be used to identify parameters which uncertainty
was not well described by the bootstrap. Depending on the
purpose of the modelling, this could for example be
addressed by using a different uncertainty method less
sensitive to sample size, such as SIR [5].

Development and use of the dOFV distribution
diagnostic

To the authors’ knowledge, this is the only currently
available diagnostic of this kind for NLMEM, and poten-
tially for other types of models as well. The dOFV diag-
nostic is a global test: as the dOFV distributions do not
differentiate between parameters, it does not indicate for
which parameter(s) the uncertainty is not well described.
The diagnostic was exemplified on bootstrap, but it can be
applied to any method for assessing parameter uncertainty,
provided parameter vectors can be drawn from the pro-
posed uncertainty distribution (which is not the case for
likelihood profiling for example). The developed diagnos-
tic is based on evaluating the likelihood of the data at hand
for a number of parameter vectors drawn from the pro-
posed uncertainty. If the proposed uncertainty is the true
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uncertainty, differences between these likelihoods and the
likelihood of the final parameter estimates, summarized by
the dOFV distribution, are expected to follow a Chi square
distribution. Given the importance of parameter uncertainty
in decision-making, there is no reason why scrutiny
towards uncertainty estimates should be ignored. Along
with other efforts towards a standardization of model
building and evaluation procedures [16], the dOFV diag-
nostic should be an integral part of model assessment. This
is particularly true as the performance of the different
methods to obtain estimates of parameter uncertainty
remains unclear. The methods themselves are not stan-
dardized: bootstrap for example can be done in many dif-
ferent ways [17], both in the computation of the
bootstrapped datasets (nonparametric and parametrics
methods, stratification strategy) and in the computation of
the resulting uncertainty (for example handling of sam-
ples for which minimization was not successful, bias-cor-
rection [18], Winsorization [19]). Recent work based on
extensive simulations [20, 21] has investigated the per-
formance of the covariance matrix and different bootstrap
methods and provided some guidance towards in which
settings to use which method. However, simulation studies
will never be able to cover the full space of possible
designs, models and methods. A diagnostic for assessing
the appropriateness of a particular method with a particular
model and data is thus greatly needed.

Limitations of the dOFYV distribution diagnostic

Two assumptions were made when using the theoretical
distribution as reference distribution in the dOFV
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diagnostic: that the dOFV distribution follows a Chi square
distribution at the investigated sample sizes, and that the
degrees of freedom of this distribution corresponds to the
total number of estimated parameters for NLMEM. These
assumptions were tested by computing the SSE dOFV
distributions, which correspond to the empirical dOFV
distributions obtained by fitting the model on data simu-
lated from that model. In all investigated examples, the
SSE dOFV distributions did not differ from the theoretical
dOFV distributions and followed a Chi square distribution
with degrees of freedom equal to the total number of
estimated parameters. This allowed the use of the theo-
retical distribution in the investigated settings. Generaliz-
ing these results, it was expected that the dOFV distribution
would follow a Chi square distribution at commonly used
sample sizes in NLMEM. However, it remains question-
able whether the degrees of freedom would always be
equal to the number of estimated parameters, in particular
under higher nonlinearity or additional parameter con-
straints. In any case, the degrees of freedom can only be at
or below the number of parameters, so any dOFV distri-
bution above the theoretical distribution is known to be a
suboptimal description of parameter uncertainty. If the
dOFV distribution of a proposed uncertainty were to be
below the theoretical, the authors recommend performing
an SSE-type exercise in order to obtain a more precise
estimate of the expected dOFV distribution. No formal test
such as the Kolmogorov—Smirnoff test was performed to
assess whether the dOFV distribution was significantly
different than the theoretical distribution. Such a test was
not considered for two reasons. First, it was uncertain to
which extent the theoretical distribution would correspond
to the true empirical distribution for all NLMEM. Second,
the degrees of freedom was judged to provide more
information on the extent of the inadequacy than a yes/no
answer from a formal hypothesis test.

Bootstrap adequacy in real data examples

In addition to the development of the dOFV diagnostic, this
work also provided insight on the performance of case
bootstrap in a number of scenarios. Bootstrap proved
unsuitable for the real data examples investigated. The
estimated degrees of freedom of the dOFV distributions
were more than 1.5-fold their expected value. The data
contained moderate numbers of individuals (59-74), but
few observations per individual as well as unbalanced
designs. Regarding the models, their structures were simple
(linear processes and well informed covariate relation-
ships) but featured many random effects, especially in the
pefloxacin example. It is important to note that no strati-
fication was performed here. Stratification on the number
of observations per individual could have been beneficial in

both examples, as the number of observations per patient
spanned rather heterogeneous ranges (between 1 and 6 for
phenobarbital and between 3 and 9 for pefloxacin). How-
ever, the number of strata to use would not have been
straightforward and would potentially have led to too small
subgroups. Stratification on other variables such as
covariates included in the model or dose were not con-
sidered here as their distribution was homogenous or
irrelevant. In the pefloxacin example, 5 % of the bootstrap
runs failed and 50 % had one or more unestimable variance
parameters, highlighting further limitations of the bootstrap
when minimization is problematic. The dOFV distribution
using only successful runs without boundary issues differed
from the presented distribution, which included all runs
(data not shown). Excluding problematic runs lead to a
distribution closer to the Chi square distribution, with a
degrees of freedom of 14 instead of 16.5. CI were also
modified, confirming that the way bootstrap runs are han-
dled can influence the results. Lastly, simulations based on
the published models and realized designs were performed
to test the influence of model misspecification in the
observed inadequacy of the bootstrap: inadequacy was still
apparent, but to a lesser extent. These results confirmed
that the performed bootstrap was suboptimal, but showed
that part of the discrepancy seen with the real data was due
to model misspecification.

Bootstrap adequacy in simulation examples

Compared to the real data examples, data in the simulation
examples was richer and more balanced, with the number
of individuals varying from 20 to 200. The PK model was
similar to the real data example, but the PD model, a sig-
moid Emax function, contained more nonlinear parameters.
Both examples showed similar increases in degrees of
freedom at low sample size as the simulations based on the
real data examples, i.e. increases around 25 % over the
expected value. The simulation examples enabled to link
the global adequacy of the uncertainty estimated by the
bootstrap (over all parameters), as measured by changes in
dOFYV distribution, to the local adequacy of this uncertainty
(for each parameter separately). The observed inadequacy
of the bootstrap at low sample size could thus be attributed
to a suboptimal estimation of the uncertainty of the random
effects parameters only, as shown by less datasets than
expected including the true simulation value (i.e. subopti-
mal coverage). Focusing on these parameters, it became
apparent that at low sample sizes bootstrap CI around
random effects were decreased as well as shifted down-
wards, underestimating both the actual values of the ran-
dom effect and their uncertainty, especially in the upper
bounds.
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Difficulty of defining sample sizes sufficient
for the bootstrap to be adequate

The performance of case bootstrap is expected to depend
on the number of “cases”, i.e. individuals in typical
NLMEM settings, which is why the simulations investi-
gated the impact of increasing number of individuals.
However, the investigated examples highlighted the com-
plexity of defining an appropriate dataset size for bootstrap:
similar changes in degrees of freedom were observed for
datasets with 20 individuals as for datasets with 60-70
individuals. The performance of bootstrap thus does not
only depend on the number of cases. It also depends upon
the homogeneity of the information content between the
cases, or an appropriate stratification strategy under
heterogeneity, so as to preserve the overall information
content of the bootstrapped dataset. However, stratification
decreases the effective sample size and introduces vari-
ability. In addition, the definition of strata may indeed not
be straightforward in many clinical settings where design
parameters are very different between individuals, and may
thus lead to different results under different stratifications.
Another issue for mixed models is that the information
contained in an individual about a parameter does not only
depend on the design, but also on the individual’s param-
eter value. Stratification at the individual parameter level is
however highly problematic. Lastly, the information con-
tent of the data always needs to be related to the size and
complexity of the model. Typically, richer datasets lead to
more complex models and thus the effective information
content may actually be similar between datasets of various
sizes for models of various sizes. In addition, the different
parameters of nonlinear models are not informed equally
by a given design, and thus in theory the adequacy of
uncertainty estimates should be defined at the parameter
level.

Using parameter-specific “effective” sample sizes
to better identify when bootstrap is adequate

Instead of trying to assess the adequacy of bootstrap based
on the number of individuals, one could try to quantify the
information content for each parameter separately, taking
all these factors into account. A possibility for doing so
could be to calculate an effective sample size for each
parameter. The effective sample size represents how many
individuals with perfect information the estimated uncer-
tainty for one parameter corresponds to. Calculating the
effective sample size can be done for fixed and random
effects using the formulas for standard errors of means
(Eq. 4) and variances (Eq. 5). In the simple case of a model
where all fixed effects are associated with one random
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effect, the effective sample size N can then be calculated as
follows:
_ SD(X) VAR(X)

W ="5 - VAR(X) “)
where X is the estimated fixed effect for the population, X
is the vector of the individual parameters, SD(X) is the
standard deviation of the individual parameters, N is the
effective sample size.VAR(X) corresponds to the variance
of the random effect associated with X and SE(X) to the
estimate of the standard error of the fixed effect.

SE(VAR(X)) = VAR(X)\/% ~ N
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where VAR(X) is the estimated random effect variance,
SE(VAR(X)) its estimated standard error, N is the effective
sample size, SD(X) is the estimated random effect standard
deviation and RSE(VAR(X)) is the relative standard error
of VAR(X).

The effective sample size for fixed effects and inter-in-
dividual variances is expected to be at maximum the total
number of individuals in the dataset. For inter-occasion
variances, the effective sample size is at maximum the total
number of occasions (i.e. the sum of the number of occa-
sions per individual) minus the total number of individuals,
as random effects related to inter-individual variances need
to be differentiated from those related to inter-occasion
variances. Similarly, for residual error variances, N can be
as high as the total number of observations minus the
number of individuals and minus the sum of the number of
occasions per individual. Effective sample sizes were cal-
culated for the real and simulated data examples and are
displayed in Fig. 5. For phenobarbital, the number of indi-
viduals with perfect information was below 6 for CL, V and
IIV CL but at 30 for IIV V. For pefloxacin, the effective
sample size was around 30 for fixed effects, between 15 and
20 for inter-individual variances and very low for IOV V.
The effective sample size for the RUV was close to the total
number of individuals in both real examples. Such low
effective sample sizes support the fact that bootstrap was not
appropriate in these examples. Effective sample sizes with
simulated PK data ranged from 10-15 with 20 patients, to
35-45 with 50 patients and to 110-175 with 200 patients.
They were relatively homogenous between parameters. In
the PD example, effective sample sizes were lower and more
heterogeneous. ED50 presented effective sample sizes close
to 0 due to extreme values in the bootstrap driving the
standard error at low sample sizes to very high values
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Fig. 5 Effective sample sizes calculated for selected model param-
eters of the real data and simulation examples based on bootstrap
uncertainty estimates. Colors correspond to the different examples
and dataset sizes. Grey dashed lines correspond to the total number of
individuals in the different examples. Pheno. phenobarbital, Pef.
pefloxacin, Sim simulation, pat. patients, CL clearance, V volume of
distribution, IV inter-individual variability, IOV inter-occasion
variability, RUV residual unexplained variability, EO baseline,
ED50 dose leading to half the maximum effect

[SE(ED50) = 10 for 20 patients, 40 000 for 50 patients vs.
1 for 200 patients]. Even with 200 patients the effective
sample size was low as the standard error was still much
higher than the II'V. For the remaining parameters, effective
sample sizes were higher: N was close to the total number of
individuals for EQ, between half and the total number of
individuals for IIV and less than the number of observations
minus the number of individuals for RUV. If one wants to
establish a cut-off for when the bootstrap is valid, these
results could indicate that the minimum number of effective
individuals needs to be at least 45, which is the maximum N
observed in all examples for which bootstrap was not con-
sidered appropriate (real data and simulations below 200
patients). This is a valuable result, however it is important to
point out that the concept of effective sample size was
developed in an exploratory manner here and thus more
investigations are needed if it is to become an established
diagnostic. For example, the influence of fixed effects not
related to IV, for which N cannot be calculated, was not
investigated. The correlation of N with shrinkage could be
of interest in order to use shrinkage as an alternative,
potentially more straightforward way to estimate effective
sample sizes. A high correlation between these two metrics,
with high shrinkage corresponding to low N, was observed
in the investigated example, but the establishment of a
quantitative relationship was not attempted. The impact of
covariate effects on the N of corresponding fixed effects
may also need to be investigated: for the phenobarbital
example, N for CL and V increased 6-fold when fixing the
covariate effect instead of estimating it. Lastly, the precision
around the calculated N was not quantified in this work. N

was observed to be sometimes quite variable between sim-
ulated datasets, which may need to be considered if taking
decisions based on the calculated effective sample size.

Conclusion

A diagnostic based on dOFV distributions was developed and
is recommended to be routinely used to assess the appropri-
ateness of a given parameter uncertainty distribution. A
bootstrap dOFV distribution higher than the theoretical dis-
tribution translated into an underestimation of the medians and
the CI widths of the random effects. Case bootstrap proved
unsuitable for datasets for sample sizes up to 70 individuals,
but sample size was not deemed a good predictor of bootstrap
appropriateness. Parameter-specific “effective” sample sizes,
showing good bootstrap results above 45 effective individuals,
could be used instead, but require more investigation.

Acknowledgments The research leading to these results has received
support from the IDeAl consortium under Grant agreement No.
602552 from the European Union’s Seventh Framework Programme
(FP7/2007-2013). It has also received support from the Innovative
Medicines Initiative Joint Undertaking under Grant Agreement No.
115156, resources of which are composed of financial contributions
from the European Union’s Seventh Framework Programme (FP7/
2007-2013) and EFPIA companies’ in kind contribution. The
DDMoRe project is also supported by financial contribution from
Academic and SME partners. The authors thank two anonymous
reviewers for triggering insightful reviews of this manuscript.

Compliance with ethical standards

Conflict of interest The authors declare that they have no conflict of
interest.

Open Access This article is distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://crea
tivecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided you give
appropriate credit to the original author(s) and the source, provide a
link to the Creative Commons license, and indicate if changes were
made.

References

1. Marshall SF, Burghaus R, Cosson V, Cheung SYA, Chenel M,
DellaPasqua O, Frey N, Hamren B, Harnisch L, Ivanow F, Ker-
busch T, Lippert J, Milligan PA, Rohou S, Staab A, Steimer JL,
Tornge C, Visser SAG (2015) Good practices in Model-Informed
Drug Discovery and Development (MID3): practice, application
and documentation. CPT Pharmacomet Syst Pharmacol. doi:10.
1002/psp4.12049

2. Sheiner LB (1986) Analysis of pharmacokinetic data using
parametric models. III. Hypothesis tests and confidence intervals.
J Pharmacokinet Biopharm 14(5):539-555

3. Efron B (1979) Bootstrap methods: another look at the Jackknife.
Ann Stat 1:1-26. doi:10.1214/a0s/1176344552

4. Davison A, Hinkley D (1997) Bootstrap methods and their
application. Cambridge University Press, Cambridge

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.1002/psp4.12049
http://dx.doi.org/10.1002/psp4.12049
http://dx.doi.org/10.1214/aos/1176344552

608

J Pharmacokinet Pharmacodyn (2016) 43:597-608

5.

10.

11.

12.

13.

14.

Dosne A-G, Bergstrand M, Harling K, Karlsson MO (2013)
Improving the estimation of parameter uncertainty distributions
in nonlinear mixed effects models using sampling importance
resampling. J Pharmacokinet Pharmacodyn. doi:10.1007/s10928-
016-9487-8

. Jackson CH, Sharples LD, Thompson SG (2010) Structural and

parameter uncertainty in Bayesian cost-effectiveness models. ] R
Stat Soc Ser C Appl Stat 59(2):233-253. doi:10.1111/j.1467-
9876.2009.00684.x

. Korell J, Martin SW, Karlsson MO, Ribbing J (2016) A model-

based longitudinal meta-analysis of FEV1 in randomized COPD
trials. Clin Pharmacol Ther 99(3):315-324. doi:10.1002/cpt.249

. Gisleskog PO, Karlsson MO, Beal SL (2002) Use of prior

information to stabilize a population data analysis. J Pharma-
cokinet Pharmacodyn 29(5):473-505. doi:10.1023/a:102297
2420004

. Wilks SS (1938) The large sample distribution of the likelihood

ratio for testing composite hypotheses. Ann Math Statist 9:60-62
Wahlby U, Jonsson EN, Karlsson MO (2001) Assessment of
actual significance levels for covariate effects in NONMEM.
J Pharmacokinet Pharmacodyn 28(3):231-252

Grasela TH Jr, Donn SM (1985) Neonatal population pharma-
cokinetics of phenobarbital derived from routine clinical data.
Dev Pharmacol Ther 8(6):374-383

Wahlby U, Thomson AH, Milligan PA, Karlsson MO (2004)
Models for time-varying covariates in population pharmacoki-
netic-pharmacodynamic  analysis. Br J Clin Pharmacol
58(4):367-377. doi:10.1111/j.1365-2125.2004.02170.x

Beal S, Sheiner LB, Boeckmann A, Bauer RJ (2009) NONMEM
User’s Guides. (1989-2009). Icon Development Solutions, Elli-
cott City

Lindbom L, Pihlgren P, Jonsson EN (2005) PsN-Toolkit-a col-
lection of computer intensive statistical methods for non-linear

@ Springer

15.

16.

17.

18.

19.

20.

21.

mixed effect modeling using NONMEM. Comput Methods Pro-
grams Biomed 79(3):241-257. doi:10.1016/j.cmpb.2005.04.005
R Core Team (2015) R: a language and environment for statis-
tical computing. Foundation for Statistical Computing, Vienna
Byon W, Smith MK, Chan P, Tortorici MA, Riley S, Dai H, Dong
J, Ruiz-Garcia A, Sweeney K, Cronenberger C (2013) Estab-
lishing best practices and guidance in population modeling: an
experience with an internal population pharmacokinetic analysis
guidance. CPT Pharmacomet Syst Pharmacol 2(7):1-8. doi:10.
1038/psp.2013.26

Wehrens R, Putter H, Buydens LMC (2000) The bootstrap: a
tutorial. Chemometr Intell Lab Syst 54(1):35-52. doi:10.1016/
S0169-7439(00)00102-7

Efron B (1982). In: The Jackknife, the bootstrap and other
resampling plans. CBMS-NSF regional conference series in
applied mathematics. Society for Industrial and Applied Mathe-
matics, pp i—xi. doi:10.1137/1.9781611970319.fm

Ette EI, Onyiah LC (2002) Estimating inestimable standard errors
in population pharmacokinetic studies: the bootstrap with Win-
sorization. Eur J Drug Metab Pharmacokinet 27(3):213-224
Thai HT, Mentre F, Holford NH, Veyrat-Follet C, Comets E
(2013) A comparison of bootstrap approaches for estimating
uncertainty of parameters in linear mixed-effects models. Pharm
Stat 12(3):129-140. doi:10.1002/pst.1561

Thai HT, Mentre F, Holford NH, Veyrat-Follet C, Comets E
(2014) Evaluation of bootstrap methods for estimating uncer-
tainty of parameters in nonlinear mixed-effects models: a simu-
lation study in population pharmacokinetics. J Pharmacokinet
Pharmacodyn 41(1):15-33. doi:10.1007/s10928-013-9343-z


http://dx.doi.org/10.1007/s10928-016-9487-8
http://dx.doi.org/10.1007/s10928-016-9487-8
http://dx.doi.org/10.1111/j.1467-9876.2009.00684.x
http://dx.doi.org/10.1111/j.1467-9876.2009.00684.x
http://dx.doi.org/10.1002/cpt.249
http://dx.doi.org/10.1023/a:1022972420004
http://dx.doi.org/10.1023/a:1022972420004
http://dx.doi.org/10.1111/j.1365-2125.2004.02170.x
http://dx.doi.org/10.1016/j.cmpb.2005.04.005
http://dx.doi.org/10.1038/psp.2013.26
http://dx.doi.org/10.1038/psp.2013.26
http://dx.doi.org/10.1016/S0169-7439(00)00102-7
http://dx.doi.org/10.1016/S0169-7439(00)00102-7
http://dx.doi.org/10.1137/1.9781611970319.fm
http://dx.doi.org/10.1002/pst.1561
http://dx.doi.org/10.1007/s10928-013-9343-z

	dOFV distributions: a new diagnostic for the adequacy of parameter uncertainty in nonlinear mixed-effects models applied to the bootstrap
	Abstract
	Introduction
	Methods
	NLMEM
	Bootstrap setup
	dOFV distribution diagnostic
	Bootstrap dOFV distribution
	Theoretical dOFV distribution
	SSE dOFV distribution

	Investigated examples
	Phenobarbital
	Pefloxacin
	Simulation 1
	Simulation 2

	Software

	Results
	Real data examples
	Simulation examples

	Discussion
	Development and use of the dOFV distribution diagnostic
	Limitations of the dOFV distribution diagnostic
	Bootstrap adequacy in real data examples
	Bootstrap adequacy in simulation examples
	Difficulty of defining sample sizes sufficient for the bootstrap to be adequate
	Using parameter-specific ‘‘effective’’ sample sizes to better identify when bootstrap is adequate

	Conclusion
	Acknowledgments
	References




