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ABSTRACT
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Population pharmacokinetic (PK) – pharmacodynamic (PD) modelling, using nonlinear mixed
effects models, is increasingly being applied to obtain PK-PD information in drug
development. Covariate modelling, the establishment of relationships between model
parameters and patient characteristics, is undertaken to explain PK-PD variability and
facilitate dose adjustment decisions, and is consequently an important objective of population
PK-PD.

The aims of this thesis were to increase the efficiency, predictability and robustness of
covariate model building by examining in detail a number of aspects related to covariate
modelling. The thesis demonstrates that the likelihood ratio (LR) test can be applied with
confidence, in the assessment of statistical significance of parameter-covariate relationships
(in NONMEM analyses), only if an estimation method appropriate for the data- and error-
structure is utilised. Conversely, caution is needed in the interpretation of the LR test when
variance or covariance parameters are modelled, since the type I error rate may be severely
upward biased if the assumptions of normally distributed residuals and/or enough information
in the data are violated. The two stepwise covariate model building procedures, using
generalised additive models and NONMEM, were found to perform similarly in the examples
examined. However, differences in performance may prevail in other situations, e.g. when
sparse sampling precludes reliable individual parameter estimates. Stepwise selection was
shown to result in over-estimated covariate effects (selection bias), but the imprecision in the
estimates exceeded this bias. Important information about the PK-PD characteristics of a drug
is obtainable on the application of covariate models for time-varying covariates that account
for differences in variability between and within individuals, or estimate interindividual
variability in the covariate effect. The knowledge gained in this thesis will contribute to the
development of more predictable and robust covariate models, important both in
individualisation of dosage and the development of new drugs.
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ABBREVIATIONS & NOMENCLATURE

AIC Akaike information criteria
ALB albumin
ALKP alkaline phosphatase
ALT alanine aminotransferase
AST aspartate aminotransferase
AV artificial ventilation
BCOV baseline covariate value
BIL bilirubin
BSA body surface area
Circ0 baseline neutrophil cell count
Cobs,ij observed concentration for individual i at time-point j
Cpred,ij predicted concentration for individual i at time-point j
CAT concomitant treatment with catecholamine
CEN centre
CI confidence interval
CL clearance
CL/F clearance scaled by bioavailability
CLCR creatinine clearance
CON concomitant medication
COV covariate
CYP cytochrome P450
DCOV difference in covariate from baseline covariate value
EM extensive metaboliser (CYP2D6/2C19)
df degrees of freedom
fn() a function
F bioavailability
FDA (US) Food and Drug Administration
FO the first-order estimation method in NONMEM
FOCE the first-order conditional estimation method in NONMEM
FOCE INTER FOCE with interaction between interindividual and residual error
GAM generalised additive models
GAM-NM stepwise covariate model building procedure using GAM and NONMEM
GLAS Glasgow score
GLS generalised least squares
h hours
HCTZ concomitant treatment with hydrochlorothiazide
het-EM heterozygous extensive metaboliser
heteroscedastic error varying in magnitude (unequal variance)
hom-EM homozygous extensive metaboliser
homoscedastic constant error (equal variance)
HR heart rate
HT height
IIV interindividual variability
IOV interoccasion variability; within-individual between-occasion variability
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IU international units
iv intravenous
Ka first order absorption rate constant
kg kilogram
L litre
LR likelihood ratio
M mole per litre
mg milligram
MLR multiple linear regression
MPE mean prediction error; measure of bias
MTT mean transit time
n number (general)
NM-NM stepwise covariate model building procedure within NONMEM
OFV minimum objective function value
∆OFV difference in OFV; likelihood ratio
P typical (mean) value of the parameter P in the population
Pi individual estimate of the parameter P
PD pharmacodynamic
PE prediction error
posthoc individual empirical Bayes’ estimate; estimated a posteriori
PK pharmacokinetic
PM poor metaboliser (CYP2D6/2C19)
PROP concomitant treatment with propranolol
PT prothrombin level
Q intercompartment clearance
RMSE root mean square error; measure of precision
SAPS simplified acute physiology score
SBP systolic blood pressure
SE standard error
SECR serum creatinine
Slope coefficient in the linear drug effect
SMOK smoking
Type I error rate the probability of a false positive result
V volume of distribution (V1 – central volume of distribution)
V/F volume of distribution scaled by bioavailability
WT body weight
Xi individual covariate

α the intercept in GAM or MLR
β linear regression coefficient in MLR
γ feedback parameter (in neutrophil count model)
ε the difference between observed and individual predicted concentration, residual error
η the difference between population and individual parameter estimate
θ fixed effects parameter, the typical value of a parameter
κ the difference in the individual parameter between occasions
π2 variance of the κs
σ2 variance of the εs
ω2 variance of the ηs
Ω variance-covariance matrix of the ηs
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INTRODUCTION

1.1 Overview

Population pharmacokinetic (PK) – pharmacodynamic (PD) modelling involves the
application of nonlinear mixed effects models to repeated measurements data from a
group of people, in order to estimate mean PK-PD and variability parameters and to
describe variability in terms of patient characteristics. Modelling provides a tool for
learning/understanding the relationship between the drug dose and its concentration
(PK) and between the drug concentration and its effects/toxicity in the body (PD) (1).
PK-PD modelling can be utilised to support decisions in drug therapy, and to make
predictions and dosage recommendations (2), and thereby contributes to the efficiency
of the drug development process.

The population approach to analysis was originally proposed for application to
routinely collected clinical data (3, 4), i.e. sparse and unbalanced observations from a
large group of heterogeneous individuals. However, it is now applied more frequently
in clinical studies for assessing PK and PD characteristics (5, 6), and may entail
frequent or infrequent measurements in small and/or large populations through all
phases of drug development (7-11). The US Food and Drug Administration (FDA)
also encourage the use of the population approach for the evaluation of PK (9).

Traditional PK studies usually involve frequent sampling in a small, and often
homogeneous, group of individuals (12). Data are analysed using the so-called two-
stage method, where individual pharmacokinetic parameters are first calculated, and
means and variability are determined in a second stage.  In population PK-PD analysis
(hereafter referred to as population PK), data from all individuals are analysed
simultaneously, although the model is able to differentiate between interindividual and
intraindividual data (5), and mean and variability parameters are estimated at the same
time. This is a more efficient way of utilising the data, as information can be shared
among individuals. It enables parameter estimates to be obtained even for those
individuals with too few observations to allow estimation using alternative methods.
The nonlinear mixed effects approach has advantages over traditional PK methods
(13), in that it provides a more accurate estimate of the variability in the population.
Further, since this method does not necessitate frequent sampling, samples can be
drawn at regular visits to the clinic. The PK and PD of a drug can therefore more easily
be characterised in the patient group for which the drug is intended. Sparse sampling
also allows the study of populations which are difficult to study from an ethical
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perspective, such as neonates, the elderly, or the severely ill.

One of the main aims of population PK is covariate model building, i.e. the
establishment of relationships between model parameters and covariates. Covariates
are individual-specific variables that describe patient demographics (e.g. age, weight),
disease (e.g. organ function indices) or environmental factors (e.g. concomitant
medication, alcohol consumption). The parameter-covariate relationships can (partly)
explain why drug PK or PD varies among individuals. More importantly, sub-groups
in the patient population that are at risk of receiving toxic/ineffective concentrations
can be identified, and the need for and benefits of dose adjustment can be assessed. In
addition, covariate models can be used to help decide how dose adjustment optimally
should be achieved (e.g. (14-16)).

1.2 The mixed effects model

1.2.1 Model definition

Population PK utilises nonlinear mixed effects models, where the term ‘mixed’
denotes the combination of fixed and random effects. The population PK model can be
viewed as comprising three sub-models: structural, statistical and covariate. The
structural (PK-PD) sub-model describes the overall trend in the data (e.g. one-
compartment model, or Emax-model), using fixed effects parameters (e.g. clearance
(CL), or Emax). The statistical sub-model accounts for variability by using two levels
of random effects, interindividual variability (IIV) and residual variability. The
covariate sub-model expresses relationships between covariates and model parameters,
using fixed effects parameters.

The individual parameter (e.g. CLi) can be described by:

CLi = θCL + ηi (1.1)

The subscript i denotes individual, the fixed effects parameter θCL represents the mean
(typical) value of CL in the population, and ηi is a random effect accounting for the
individual difference from the typical value (IIV). The ηi values are assumed to be
normally distributed in the population, with a mean of zero, and an estimated variance
of ω2. The variance-covariance matrix of the ηs (Ω) is estimated. If CL is dependent on
renal function, CLi can be described as a function of a covariate reflecting renal
function, e.g. creatinine clearance (CLCR):

CLi = θCL + θCLCR × CLCR + ηi (1.2)

θCLCR is a fixed effects parameter describing the linear dependence of CL on the fixed
effect CLCR.
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Even if the mean parameters for an individual were known, and these were used to
predict the drug concentration in that individual at a certain point in time, j, the
measured (or observed) concentration (Cobs,ij) would differ from the predicted (Cpred,ij).
This discrepancy, εij, is referred to as residual error; it may be the result of assay error,
errors in dose or sampling time, and model misspecification.

Cobs,ij = Cpred,ij + εij (1.3)

The εij values are assumed to be normally distributed with a mean of zero, and an
estimated variance of σ2.

In equations 1.1 and 1.3, the models for the residual error and the IIV are additive, i.e.
a constant (homoscedastic) error is assumed, although different models may be used.
The error may be proportional to the predicted concentration (or the parameter), Cobs,ij

= Cpred,ij(1+εij), and the distribution may be assumed to be lognormal (rather than
normal), e.g. CLi=θCL×expηi. In these cases, the error increases proportionally with
increases in the concentration/parameter (with a constant coefficient of variation), and
thus is heteroscedastic. The additive and proportional residual error models can also be
combined, and in some situations more elaborate models are required, e.g. using log-
transformation, including auto-correlation (17) or varying residual error magnitude
between subjects (18).

If parameters show random variation within individuals between study occasions,
known as inter-occasion variability (IOV), this variability can also be quantified in the
population PK model (19). Equation 1.4 shows the model for IOV, where the CL of
drug in individual i at occasion k (CLik) differs from the mean CLi by an additional
(zero mean, variance π2) random effect, κik, which accounts for the intraindividual,
between-occasion variability.

CLik = θCL + ηi + κik (1.4)

The three sub-models are interrelated, and the choice of structural (and statistical)
model may affect the choice of covariate model and vice versa (20). The process of
finding a model that adequately describes the data is thus an elaborate task, where
model refinement/checking must be performed in several steps. In a general approach
to building the population PK model, after identifying an acceptable structural model,
including adequate random effects, the influences of covariates are explored, and
finally the model components are re-tested for relevance.
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1.2.2 Model estimation

There are a number of software packages for estimating population PK (21, 22), all of
which are based on hierarchical nonlinear mixed effects modelling (23). The methods
can be categorised into three groups: parametric, (semi-)nonparametric and Bayesian.
The parametric methods (e.g. NONMEM (24), NLME in S-PLUS (25), NLINMIX in
SAS (26), WinNonMix (27)) differ from the nonparametric methods (e.g. NPML (28),
NPEM (29), (semi-nonparametric) NLMIX (30)) by the assumption of a specific
distribution of the random effects. In the Bayesian (e.g. POPKAN (31), BUGS (32))
software, prior information on the parameters is utilised in the estimation. Limited
comparisons of the software have been made, and these showed no major differences
in the resulting models (33, 34). However, the covariates are handled in different ways
in these software groups. The general issues on covariate modelling discussed in this
thesis apply to all parametric methods, although the focus will be on NONMEM (24)
as this software was used in the analyses.

1.2.2.1 Estimation in NONMEM

In NONMEM, parameters are estimated via a maximum likelihood approach, whereby
a joint function (the objective function) of all model parameters and the data (the
observations) is evaluated. This function expresses the likelihood that the observations
arise from the model parameters (the probability of the data, given the model
parameters); the greater the likelihood, the better the fit of the model to the data. The
maximum likelihood parameter estimates are the parameter estimates yielding the
greatest probability that the given data occur.

NONMEM estimates parameters by minimising the extended least squares objective
function, which is approximately proportional to minus two times the logarithm of the
likelihood (-2log likelihood) of the data (24). Under the assumption of normality,
maximum likelihood estimates are obtained at the minimum objective function value
(OFV) (35). Standard errors for the parameter estimates can also be obtained via
maximum likelihood estimation.

The explicit likelihood function is difficult to specify (and evaluate) because the
random effects enter the model nonlinearly. In NONMEM, this is handled by using
approximations to the nonlinear model, involving linearization in the random effects.
The first and (to date) most frequently used method is the so-called first-order (FO)
method. In this method, a first-order linearization (Taylor series expansion) around the
expected values of the random effects, i.e. η and ε equal to zero, is employed. The
method only provides estimates of the population parameters, although individual
parameter estimates can be obtained a posteriori, based on the population mean
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parameters, as empirical Bayes (posthoc) estimates (36). These are also referred to as
conditional estimates.

The first-order conditional estimation (FOCE) method (36) is more elaborate. It differs
from the FO method in that the linearization is performed around the individual
conditional estimates of the η values. This method is more time-consuming, since
individual estimates need to be obtained during each iteration. The FOCE method is
more useful when the number of observations per individual increases, and the model
becomes more nonlinear (36).

There is a more sophisticated version of the FOCE method, which incorporates the
interaction between interindividual and intraindividual (residual) random effects (36)
(FOCE INTER). This method differs from the FOCE method in the way that the
residual error is handled. With the interaction option, the dependence of the model for
intraindividual error on the η values is preserved during computation of the OFV. This
means that the residual error is evaluated at the predictions based on the conditional
parameter estimates, rather than at the typical predictions (which is the case if the
interaction option is not used). This method appeared to be valuable in the analysis of
rich data containing interactions between η and ε (37). It is noteworthy that it is
reasonable to assume such interactions in most PK-PD data sets.

The Laplacian estimation method is similar to the FOCE method; however, instead of
first-order derivatives, second-order derivatives with respect to the η values are used.
This method is especially useful when there is a high degree of nonlinearity in the
model (36, 38).

The likelihood option is required for estimating discrete data, using logistic (mixed
effects) models. The individual predictions are then set to the value of the conditional
likelihood of η for the observations (rather than to a prediction of the observation). The
OFV is then equal to -2log likelihood of the data.

1.3 Covariate modelling

Building the covariate model can be a time-consuming and often difficult task –
especially if there are a large number of covariates to consider. Apart from finding
important (predictive) covariates, the functional form of the relationship also has to be
specified. Suggestions on how to aid covariate model building have been made (e.g.
(39-42)), and several approaches to covariate model building are employed, although
to date there is no consensus regarding how to best build these models.
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1.3.1 Covariate data – graphical presentation

An exploratory analysis, using graphical techniques (43), is recommended to make
effective use of the data (2). Histograms of covariates can be useful for assessing
covariate distributions and identifying outliers, missing values, and sub-groups in
which there are few individuals. The combination of groups with few subjects,
exclusion of outliers from the analysis, or transformation of covariate data can then be
considered before modelling. Scatter plots of one covariate versus another (pairs plots)
are valuable for assessing the correlations between covariates, and these can be
combined with the calculation of correlation coefficients (43). It may be necessary to
choose between two highly correlated covariates, as the correlation may affect the
parameter estimates and their precision (44), and also the power of detecting covariate
relationships (45).

1.3.2 Identification of candidate covariates

Covariate modelling is an iterative procedure, and the identification of potential
covariates often starts from a defined model without parameter-covariate relationships
(basic model). The covariates may be screened within the mixed effects model or, as
this may be very time-consuming, methods of reducing the number of covariates to try
in the model may be applied. These methods usually make use of the empirical Bayes
(posthoc) estimates of the parameters in graphical analysis (39), stepwise generalised
additive models (GAM) (40), stepwise multiple linear regression, or tree-based
modelling (46). The covariates identified as important are usually either included in
the model using stepwise forward inclusion, or combined in a model including all
found variables (full model) from which covariates are tested using stepwise backward
deletion. An automated procedure where the covariate model is built within
NONMEM in a stepwise fashion has also been presented (41). Although these
procedures are frequently used, no previous comparison of their performance has been
made.

Stepwise testing of covariates is frequently employed. In 1999 to 2002, 94 of 98 papers
concerning covariate model building in NONMEM included stepwise methods. There
are, however, general problems associated with stepwise regression, one being that the
multiple testing performed may lead to a high risk of false variables included in the
model (47). Another issue is that stepwise procedures tend to select effects with
relatively larger coefficients and to overestimate these (i.e. selection bias) (48-50).
Until now, no investigation has been made regarding the magnitude (and implications)
of selection bias in the area of nonlinear mixed effects modelling.
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There are alternatives to stepwise methods. One is to specify a ‘best-guess’ model
based on the known characteristics of the drug (49, 51). This may not always be
straightforward and, if the purpose of the covariate modelling is to screen for new
covariates, it is of little use. Kowalski and Hutmacher (42) have presented an
algorithm for screening covariates, employing a full model (including all potential
parameter-covariate relationships) approach. All possible sub-models are evaluated
from the parameter estimates and the covariance matrix of the estimates from the full
model fit, and ranks of the most probable covariate models are derived.

1.3.2.1 Graphics

To identify potential influential covariates, plots of weighted residuals versus the
covariates were originally recommended. However, these plots did not indicate which
model parameter the covariate was likely to affect. Parameter-covariate correlations
may be revealed from plots of posthoc estimates of the parameters versus the
covariates (exemplified in Fig.1.1), as proposed by Maitre et al. (39). The shape of the
relationship may also be discernable in the plots, and may be enhanced by the use of
nonparametric smooth curves. These plots are commonly used (52-57). However, there
are drawbacks associated with graphical exploration, as pointed out by Wakefield and
Bennett (58), as decisions based on graphics tend to be somewhat subjective. In
addition, the quality of the posthoc parameter estimates may influence the usefulness
of these graphs. In cases where there is little information about individual parameters
because of sparse sampling, the estimates tend to be biased towards the population
mean.
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Figure 1.1 Individual empirical
Bayes (posthoc) estimates of CL,
from a basic model, versus CLCR.
The solid line is a nonparametric
smooth of the data.
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1.3.2.2 Stepwise generalised additive modelling

The procedure, proposed by Mandema et al., for identifying possibly important
covariates utilises stepwise built GAM (40). In this procedure, the individual posthoc
parameter estimates (Pi), obtained from a model without covariates, are (separately)
regressed on the individual covariates (Xi) according to the general equation:

Pi = α + f1(X1i) + f2(X2i) + … + fn(Xni) (1.5)

The α is an intercept, and the function fn() represents any function, e.g. linear or spline
functions. For each covariate, a range of optional models is first defined. For example,
in the program Xpose (59), the model scope is: not included, included in a linear
relationship, included in a nonlinear (spline) relationship. The model for the parameter
is built using stepwise addition/deletion, where the covariates are allowed in the model
in any of the pre-defined relationships. In each step, the single added (or deleted) term
that decreases the Akaike information criteria (AIC, proportional to the residual sum of
squares from the GAM fit, plus a penalty for the number of parameters) to the greatest
extent is retained in the model. The search stops when no further decrease in AIC is
achievable.

The GAM procedure has been used in a number of applications, e.g. (60-74). It can
also be used for assessing the stability of covariate selection in a method called the
bootstrap of the GAM (59, 75). In this method, bootstrap data sets are created by
random sampling (with replacement) of the posthoc parameters and the associated
covariates. The GAM procedure is applied to each of the bootstrap data sets, and the
frequency with which a covariate/covariate model appears in the model is assessed.
Apart from relying on the quality of the posthoc estimates, there are two other
important drawbacks with the GAM: it does not account for time-varying parameters
and/or covariates, or for parameter-covariate correlations.

1.3.2.3 Stepwise multiple linear regression

Stepwise multiple linear regression (MLR) can also be used to identify potential
covariates. The major difference from the GAM procedure is that the models for the
covariates are restricted to being linear.

Pi = α + β1×X1i + β2×X2i + … + βn×Xni (1.6)

The α is the intercept, and the βs are the linear regression coefficients. The model can
be built in a similar stepwise addition/deletion fashion to that used with the GAM
procedure. MLR has been employed in  a number of analyses, e.g. (43, 76-88). The
method suffers from the same drawbacks as the GAM procedure, but as the linear
assumption does not always hold, the GAM procedure may be more effective.
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1.3.2.4 Stepwise automated covariate model building within NONMEM

In the stepwise procedure suggested by Jonsson and Karlsson (41) the covariate model
is built in an automated fashion within the mixed effects model in NONMEM. Starting
from a basic model, the covariate model is first built up using forward inclusion. In
each step, all possible parameter-covariate relationships are tested individually. The
term that most reduces the OFV, provided that the reduction is greater than a specified
value (e.g. 3.84, p<0.05, see section 1.3.4.2), is retained in the model. Continuous
covariates are first tried in linear functions and, once included in the model, in the next
step in a nonlinear function (two linear splines joined at the median covariate value).
When no more covariates can be included (according to the specified criterion) a full
model is defined. From this full model, all parameter-covariate relationships are re-
tested by stepwise backward deletion applying a stricter criterion (e.g. p<0.01). A
‘final’ model is obtained when all covariates are ‘significant’ according to this
criterion.

This procedure handles most of the drawbacks seen with the GAM and MLR
procedures, although it can be very computer-intensive (time-consuming).

1.3.3 Formulating the covariate model

Covariates are usually included in the mixed effects model to influence structural
parameters, although covariate effects can also be considered in the statistical sub-
model. For example, the magnitude of IIV may differ between sub-types of a
polymorphic enzyme, or the residual error magnitude may vary at different study sites.

1.3.3.1 Categorical covariates

Categorical covariates are qualitative variables. These can be binary (e.g. concomitant
medication: yes/no, sex: male/female), or have multiple categories and be ordered (e.g.
smoking: no, <20 cigarettes/day, >20 cigarettes/day) or non-ordered (e.g. race). A
binary covariate can be handled in the model by use of an indicator variable, coded as
zero or one; e.g. patients can be treated with a concomitant drug (DRUG=1) or not
(DRUG=0).

P = θ1 + θ2 × DRUG (1.7)

θ1 is the typical value of the parameter (P) in a patient not treated with the drug, and θ2

will represent the increase/decrease in P caused by the treatment with the concomitant
drug. The model can be re-parameterised (Eq.1.8) so that θ2 represents the fractional
change in P:

P = θ1 × [1+ θ2 × DRUG] (1.8)
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If the covariate has multiple categories, each category is assigned an indicator variable
(COV=1, 2, 3 etc.). The model can be formulated as in Eq.1.9, where each category
has its own parameter estimate. Eq.1.10 may be preferred if the covariate is ordered, as
this ensures an ordered effect (if parameter estimates are constrained to being
positive).

θ1     if COV = 1 θ1        if COV = 1
P = θ2     if COV = 2 (1.9) P = θ1+ θ2            if COV = 2       (1.10)

θ3     if COV = 3 θ1+ θ2+ θ3   if COV = 3

1.3.3.2 Continuous covariates

Continuous covariates have a defined scale, and can be quantified (e.g. body weight
(WT), age, CLCR). The simplest model (apart from treating the covariate as
categorical) is one in which the parameter is a linear function of the continuous
covariate, here exemplified by WT:

P = θ1 + θ2 × WT (1.11)

θ1 is the typical value at WT=0 and θ2 represents the change in P with each unit
change in the covariate. To give θ1 a more meaningful value, Eq.1.11 can be re-
parameterised so that the relationship is centred on a value in the covariate distribution,
e.g. the (baseline or overall) median covariate value:

P = θ1 × [1 + θ2 × (WT – median WT)] (1.12)

In this case, θ1 represents the estimate of P in an individual with median WT (rather
than the estimate in an individual weighing 0 kg), and θ2 the fractional change in P
with each kg change in WT from median WT. This parameterisation prevents P from
becoming negative, by setting constraints on the value of θ2.

In many cases, and especially if the covariate covers a large range of values, the data
may not be satisfactorily described by linear models. The simplest nonlinear model
combines linear splines as in Eq.1.13.

θ1 × [1 + θ2 × (WT – median WT)]    if WT ≤ median WT
P = (1.13)

θ1 × [1 + θ3 × (WT – median WT)]    if WT > median WT
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Other nonlinear relationships are obtained using a power model (Eq.1.14), a (sigmoid)
Emax-model (Eq.1.15), or an exponential model (Eq.1.16), see Fig.1.2.

P = θ1× [WT / median WT]θ2 (1.14)

P = θ1 × WTθ3 / (θ2
θ3 + WTθ3) (1.15)

P = θ1 × exp[θ2 × (WT – median WT)] (1.16)

The covariate could also be transformed, e.g. by log-transformation, before it is used in
the model, resulting in a log-linear relationship (Eq.1.17, Fig.1.2).

P = θ1 × [1 + θ2 × log(WT / median WT)] (1.17)

In these models, time-varying covariates are treated in the same way as time-constant
covariates. However, it may be of value to consider models that allow time-varying
covariates to be treated differently, as additional information may be linked to the
magnitude or frequency of change of the covariate (89).
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Figure 1.2 Schematic pictures of the models (in Eq.1.11-1.17) for continuous covariates,
the typical value of the parameter versus weight.
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1.3.4 Model selection

The decision to include a covariate in a final model should preferably be based on a
combination of statistical significance, mechanistic plausibility and the clinical
relevance of the relationship. Statistical significance can be judged using the so-called
likelihood ratio (LR) test (see section 1.3.4.2). The mechanistic plausibility varies from
drug to drug, and has to be decided based on subject-matter information (1). Clinical
relevance (impact on labelling) also differs between situations, and is therefore
difficult to include in the model building process (although it has been done using
Bayesian modelling (58)). The clinical significance can be evaluated from the
reduction in IIV (and residual error) associated with the covariate, or can be appraised
from the effect of the covariate in individuals with extreme covariate values, although
this is approximate since the value of the covariate coefficient will depend on which
other covariates are in the model (58). In addition, covariate relationships supported by
only a few individuals are normally not included in the model (90).

1.3.4.1 Graphical analysis

Graphical analysis can be used to check modelling assumptions in all stages of model
development (18), and it is also an important tool for judging goodness-of-fit.
Goodness-of-fit plots include observed (measured) versus predicted response,
observed response versus individual predictions, and residual diagnostics. In addition,
graphs of posthoc η values versus covariates can be used to check a final model, as no
trends should be visible if no further covariates influence the parameters.

1.3.4.2 Statistical comparison

The OFV output by NONMEM is approximately proportional to -2log likelihood of
the data, under the assumption that the model is the true model (23, 91) and that the
errors are normally distributed (35). The difference in OFV (∆OFV, likelihood ratio)
between two nested models (i.e. the larger model can be reduced to the smaller) is
approximately χ2-distributed, with degrees of freedom (df) equal to the number of
differing parameters. Based on this, the improvement in model fit from the inclusion
(or deletion) of a model parameter can be assigned a significance level. ∆OFVs of 3.84
and 6.63 correspond to nominal p values of <0.05 and 0.01 (df=1), respectively. The
LR test is frequently used for assessing the statistical significance of included
parameters (covariates) in a model. There are indications,  from studies of confidence
intervals based on standard errors (SE) (92, 93) or from using the LR test (94), that the
type I error rate (the risk of a false positive result) could larger than expected. This
may (in part) be due to the asymptotic properties of the test, and the approximations



21

made to the model during estimation. Despite these indications, no systematic
exploration of the performance of the LR test has been reported in the literature.

Although no significance levels can be assigned to differences in OFV between non-
nested models, comparison can be made using the AIC. This is computed in the same
way as the ∆OFV, but differing numbers of parameters (nP) in the models are adjusted
for: AIC=OFV1-OFV2 + 2 × (nP1-nP2). Confidence intervals for parameter estimates
can be calculated from the estimated SEs, although the CI derived in this way is
generally too narrow (92, 93), and is assumed to be symmetrical (which is not
necessarily true). Non-symmetrical CI can be derived from likelihood profiling (95),
where the parameter value associated with a fixed ∆OFV is determined (by repeatedly
fixing the parameter to increasing/decreasing values), or by bootstrapping (96). A large
number of bootstrap data sets are then created (by random re-sampling of individuals,
with replacement), the model is fitted to each of these and the CI can be computed
from the resulting distribution of parameter estimates.

1.3.5 Assessing the performance

Depending on the objective of the analysis, the need for model validation may vary. If
the model is going to be used for predictions, clinical trial simulation (97, 98), or
incorporated in the drug label (9) validation is essential. There is no consensus on how
validation should be performed (9, 99), and “innovative approaches” are encouraged
by the FDA (9). However, the focus is mainly on predictive performance, which is an
important aspect if the model is intended for predictive purposes.

Predictive performance is generally assessed by fixing the final model parameters and
using them to predict another data set. This data set should optimally be a separate
(external) data set, and although this has been achieved in some analyses (e.g. (100-
103)), it is generally not feasible. Data splitting or re-sampling (bootstrap) techniques
are therefore frequently applied; these provide nearly unbiased estimates of
performance. Data splitting involves randomly splitting the data set into an ‘index’
part, used for model development, and a ‘test’ part, on which the final model
parameters are applied. It has been utilised in population PK studies, e.g. (85, 86, 104,
105), although the sample size often precludes the use of data splitting. Cross-
validation is a repeated data splitting method (described in (96)), in which the full data
set is used to develop the model. The data are then randomly split into a number (n) of
parts of approximately equal size. The final model parameters are estimated on n-1
parts, and these are used to predict the excluded part of the data. This procedure is then
repeated n times, so that predictions are obtained for all parts. Cross-validation can be
applied with various numbers of splits (e.g. (106-109)), from two to maximally the
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number of individuals in the data set (i.e. leaving one individual out at a time).
Bootstrapping (110) can also be used for internal validation of population models (e.g.
(74, 75, 111-113)). The full data set is used for model development, and the model
performance can be assessed on the bootstrap data sets.

1.3.5.1 Metrics for assessing performance

The prediction errors (PE), calculated on concentrations, are frequently used for
evaluating predictive performance. This is defined as the difference between observed
and (population) predicted concentrations.

PE = Cobs – Cpred (1.18)

The mean prediction error (MPE) is a measure of bias (114), and for an unbiased
prediction the CI of the MPE should include zero. The root mean square error (RMSE)
is a measure of precision (114); the smaller the RMSE the more precise the prediction.

To account for heteroscedasticity in the data, the PE can be weighted by the standard
deviation (SD) of the prediction, yielding a standardised PE (115) (used by e.g. (76,
100, 103, 116)). The SD of the prediction can be derived from the model in
NONMEM. Another way to handle heteroscedasticity is to log-transform
concentrations before calculating the PE (e.g. (41)). If there is more than one
concentration per individual, this presents a further problem, as concentrations within
an individual are not independent. One way of solving this is to choose a specific time-
point of interest.

A model could also be validated using model parameters (104). The final model is then
applied to predict individual parameters, and bias and precision in comparison to the
population prediction can be determined. The improvement in bias/precision can be
compared to that of the basic model.
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1.4 Simulations – methodological studies

Methodological PK studies often utilise (Monte Carlo) simulations (117). Simulated
data have certain advantages compared to real data, the most important being that the
truth (i.e. the true underlying model) is known. This makes it possible to address
certain questions when all other conditions are known (and fixed). In addition, it
enables making replicates so as to make inferences. However, simulated data often
lack the complexity of data collected in real trials. Covariate data are especially
difficult to mimic in simulations, because of the difficulty of defining the distributions,
including the correlations between covariates and the potential time-variation. As a
compromise, the covariate structure can be adopted from a real data set while the PK
(PD) data are simulated. The studies comprising this thesis combine simulations with
analysis of real data.
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AIMS OF THE THESIS

The aims of this thesis were to enhance knowledge and understanding of methods used
in nonlinear mixed effects covariate model building by exploiting new models and
methods, to improve decision-making in model building, and to make covariate
modelling more efficient, predictable and robust. In particular, the aims were:

 To investigate the properties, performance and limitations of the LR test when
judging statistical significance in NONMEM analyses, with particular emphasis
on improving understanding of the conditions under which this test may or may
not be reliable.

 To compare frequently used stepwise covariate model building methods with
respect to performance, to guide data analysts in the choice of method.

 To assess the magnitude and implications of selection bias in the estimates of
stepwise selected covariate effects.

 To investigate whether extended covariate models, applicable to time-varying
covariates, can enhance knowledge of the PK-PD characteristics of a drug and
improve therapeutic decision-making.

 To illustrate the use of covariate model building strategies, and apply the
findings in this thesis, using real data.
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METHODS

3.1 Simulation and analysis of data - software

All simulations and model fitting were carried out using NONMEM (24) version V or
VI (beta). When the properties of the LR test were explored, different estimation
methods were applied: the FO method, the FOCE method, the FOCE INTER method,
the Laplacian method, and a generalised least squares (GLS) method, which used
predictions from a first fit in the residual error of a second fit. The Laplacian method
with the likelihood option was used for the categorical data. The FOCE INTER
method was used in all other studies; however, for the darifenacin analysis, because
the FOCE INTER method was not successful, a GLS related approach was applied.

S-PLUS for Windows (v. 2000, Insightful Corporation, Seattle, WA), and Xpose (v.
3.0) (59) were used for graphics. The GAM routine, as implemented in Xpose, was
used for covariate identification. Perl (v. 5.6) was used for scripts for data-extraction
and simulation routines.

3.2 Data & models

Linear PK was assumed in all studies, thus the term ‘nonlinear model’ refers to a
curve-linear model and not saturable PK.

3.2.1 Simulations to assess the Type I error rate (Papers I-III)

Data were simulated to assess the frequency of type I errors (the risk of a false positive
result), when the LR test is applied to test the inclusion of an additional (false)
parameter in a model. Alterations were made to the simulation model and to the data
set, to explore the properties of the LR test.

3.2.1.1 One-compartment pharmacokinetic model (Papers I-II)

PK data were simulated from a one-compartment intravenous (iv) bolus model. The
default data set contained 50 individuals, with 2 samples per individual drawn at 1.75
and 7 hrs after drug administration. The typical values of CL and V were set to 10 L/hr
and 100 L, respectively. IIV (ω) for both parameters was set to 0.3 (diagonal variance-
covariance structure), and lognormally distributed. The residual error was simulated to
be proportional to the individual concentrations (i.e. heteroscedastic), lognormally
distributed, and with σ=0.1. A dose of 1 unit was assumed.
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The number of subjects in the data set and the number of samples per subject, the
sampling times, and the magnitudes of the interindividual and residual errors were
varied. Modifications were also made to the model. For example, the heteroscedastic
residual error was varied so as to be normally distributed or heavy-tailed
(symmetrically) distributed, and an additive (homoscedastic) residual error model was
investigated. Data were also simulated without the η-ε interaction, i.e. where the
residual error magnitude was proportional to the population predicted concentrations.
A linear model with homoscedastic error, corresponding to a log-transform of the
default model, was also used.

3.2.1.2 Logistic model for ordered categorical data (Paper III)

Categorical data with 4 ordered levels (e.g. corresponding to an effect judged as none,
mild, moderate, or severe) were simulated from a logistic model for 200 individuals. 8
observations per subject were made. The (population) average baseline probability of
being in each category was 25%, and IIV (ω=1) was included. No drug effect was
assumed in the model.

The number of subjects in the data set, the number of samples per subject, and the
magnitude and distribution of IIV were varied.

3.2.2 Real data to assess the Type I error rate (Paper I)

This data set originated from a study of the anti-hypertensive agent prazosin, in which
64 individuals were treated with repeated oral doses of the drug. Data from the first
visit, with 9-10 samples per individual, were used.

A one-compartment model with first order absorption (CL/F, V/F and Ka) was applied
to the data. IIV in all PK parameters, and the population covariance between CL/F and
V/F, were estimated. A proportional residual error was used.  The data set contained
ten covariates, six categorical and four continuous: sex (SEX; male 42, female 22);
race (RACE; Caucasian 44, Black 20); smoking (SMOK; yes 16, no 48); concomitant
medication with hydrochlorothiazide (HCTZ; yes 35, no 29); concomitant medication
with propranolol (PROP; yes 10, no 54); other concomitant medication (CON; yes 51,
no 13); age (AGE; 24-69 years); height (HT; 140-188 cm); weight (WT; 51-137 kg);
serum creatinine (SECR; 0.7-1.8mg/dl). A dichotomous dummy covariate (0, n=32; 1,
n=32) was randomly assigned to each individual.



27

3.2.3 Simulated data to compare stepwise covariate modelling (Paper IV)

Ten simulated data sets (previously used (41)) were generated from a one-
compartment model with first-order absorption, under steady-state conditions. The
data sets included approximately 3 observations from each of 64 individuals (230
observations in total). Samples were drawn either at 0.5, 2, 4, and 6, or at 0.5, 2, 8, and
12 hours post-dose. The IIV was lognormally distributed (ωCL/F=ωV/F=0.25, ωKa=0.20),
and a proportional residual error (σ=0.15) was applied in the simulations. CL/F was
related to sex (males had a 19.5% higher typical CL/F than women) and nonlinearly to
age (constant below median age, and linearly decreasing by 3.85% for each unit
increase in age from median). V/F increased linearly with bodyweight (0.6%
higher/lower V/F with each unit increase/decrease in WT from median WT) and was
related to concomitant medication with hydrochlorothiazide (56% lower V/F in
patients receiving HCTZ). The absorption rate constant was not influenced by any
covariate. The covariate data, adopted from a clinical trial of the antihypertensive drug
prazosin, are summarised in 3.2.2.

3.2.4 Real data to compare stepwise covariate modelling (Paper IV)

The data originated from a study of multiple iv infusions of the antibiotic agent
pefloxacin to 74 critically ill patients. Approximately 3 samples were drawn per
individual at each of 1 to 3 occasions (337 plasma concentration measurements in
total). A basic one-compartment model was used to describe the data. IOV was
modelled in CL and V, and IIV in CL, assuming lognormal distributions, and a
proportional residual error model was used.

The covariate data included 4 categorical and 12 continuous covariates: SEX (male 57,
female 17); centre (CEN; 1 [30], 2 [44]); concomitant medication with catecholamine
(CAT; yes 22, no 91); artificial ventilation (AV; yes 71, no 42); WT (43-125 kg); AGE
(18-84 years); CLCR (0.4-312 mL/min); Glasgow score (GLAS; 3-15); simplified
acute physiology score (SAPS, 1-26); albumin (ALB; 17-40 g/L); bilirubin (BIL; 4-
150 mmol/L); alanine aminotransferase (ALT; 3-200 IU/L); alkaline phosphatase
(ALKP; 32-615 IU/L); prothrombin level (PT; 36-100 %normal); systolic blood
pressure (SBP; 60-175 mm Hg); heart rate (HR; 60-170 beats/minute).

3.2.5 Simulated data to assess selection bias (Paper IV)

100 data sets were simulated from a model for the pefloxacin data (described in 3.2.4).
The model included 9 parameter-covariate relationships: CL was related to SEX, CEN
and linearly to BIL, CLCR, and AGE; V was related (linearly) to WT, CLCR, BIL and
ALKP.



28

3.2.6 Data sets & models – time-varying covariates (Paper V)

3.2.6.1 Gentamicin

The PK data set came from a study of 210 cancer patients treated with iv doses of
gentamicin.  Patients were followed for one to five courses (median one), over a
maximum of 25 months, and 1-9 samples per patient and occasion were drawn,
resulting in 574 samples in total. The model, adopted from Rosario et al. (105), was a
two-compartment model which estimated IIV in CL and intercompartment clearance
(Q), and also encompassed a combined additive and proportional residual error model.
CL was related to CLCR, and V1 was related to body-surface area (BSA) and ALB.

CL (L/h) = θCL × [1 + θCLCR × (CLCR - 81)]   (3.1)

V1 (L) = θV × BSA × [1 - θlog(ALB) × (log (ALB) - log(34))] (3.2)

The covariates all varied with time, and the baseline values (BCOV) and individual
changes from baseline (DCOV), based on observed values in each individual, were
(median, range): BCLCR (71.7, 14.8-180 mL/min), DCLCR (1.4, -65.8 – +79.4
mL/min), BALB (35, 14-47 g/L), DALB (-2, -16 – +13 g/L),  BBSA (1.7, 1.3-2.3 m2),
DBSA (0, -0.2 – +0.1 m2).

3.2.6.2 Pefloxacin

The data set, pefloxacin PK, is described in detail in 3.2.4. The model for the data
(adopted from Karlsson et al. (19)) was a one-compartment model which estimated
only IOV (i.e. not IIV) in CL and V, and included a proportional residual error. Only
the covariate model for CL was considered, this included CLCR, BIL, AGE, CEN,
SBP and WT (up to median WT; above median WT θWT=0) according to the following
model:

CL (L/h) = θCL× exp [θCLCR× (CLCR-100) - θBIL× (BIL-25) - θAGE× (AGE-45)

+ θCEN× CEN - θSBP× (SBP-115) + θWT× (WT-65)]    (3.3)

CLCR, BIL and WT varied over time, and BCOV and DCOV were (median, range):
BCLCR (105, 0.4-312 mL/min), DCLCR (13, -128 - +203 mL/min), BBIL (21, 6-150
µmol/L), DBIL (-1.5, -69 – +40 µmol/L), BWT (67, 43-125 kg), DWT (-3, -16 – +8
kg).
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3.2.6.3 Voriconazole

The data set originated from two paediatric studies where children, aged 2-11 years,
were treated with iv infusions of the antifungal agent voriconazole on one to five
occasions. In total, 355 plasma voriconazole concentrations were measured (on
average 10 per individual) over 0.2-7.6 days. The PK model (118) included 2
compartments, and IIV was modelled for CL (only). The analysis was performed using
log-transformed data with an additive residual error, which varied in magnitude among
individuals (18). The disposition parameters were normalised to bodyweight and the
influence of CYP2C19 genotype (poor metaboliser [PM]=1, else 0) on CL was
included. The model also included relationships between CL and the two time-varying
covariates ALT and ALKP.

CL (L/h) = θCL× WT× [1-θlog(ALT)× (log(ALT)-log(25))]

× [1-θlog(ALKP)× (log(ALKP)-log(136))] × [PM× (1-θPM)]      (3.4)

The BCOV and DCOV were (median, range): BALT (25, 7-159 IU/L), DALT (2.5, -
136 – +437 IU/L), BALKP (136, 47-309 IU/L), DALKP (-13, -101 – +453 IU/L).

3.2.6.4 Paclitaxel myelosuppression

The data comprised neutrophil counts monitored in 45 cancer patients receiving iv
infusions of paclitaxel.  In total, 530 observations were collected over 196 courses (1-
18 courses per patient, median 3). Unbound plasma concentrations of paclitaxel were
measured in two of the courses (3.5 samples per patient on average). The neutrophil-
time data were described using a semi-physiological model (119), in which the time-
course of the neutrophil counts was related to the concentration-time profile of
unbound paclitaxel. Parameters estimated included the baseline cell count (Circ0), the
mean transit time (MTT) of the cells through the transit compartments, a feedback
parameter (γ) affecting cell proliferation, and the linear drug effect (Slope). IIV was
estimated in Circ0, MTT and Slope, and a proportional residual error model was used.

The time-varying covariate BIL affected Slope and MTT.

Slope (µM-1) = θSlope× [1-θBIL× (BIL-6)] (3.5)

MTT (h) = θMTT× [1-θBIL× (BIL-6)] (3.6)

The BCOV and DCOV were (median, range): BBIL (6, 4-37 µmol/L), DBIL (-1, -24 –
+36 µmol/L).
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3.2.7 Darifenacin data & model (Paper VI)

Plasma concentration data from 337 individuals were pooled from 17 Phase I studies
(292 subjects, median 28 darifenacin observations per subject) and 1 Phase II study (45
subjects, median 7 darifenacin observations per subject). The covariate information
included dose (1-45 mg), formulation (1 iv and 5 oral), single/multiple dose,
concomitant administration with ketoconazole/erythromycin, CYP2D6 genotype
(homozygous-extensive metaboliser [hom-EM] 177, heterozygous-extensive
metaboliser [het-EM] 70, PM 28); phenotype (EM 152, PM 21); RACE (Caucasian
281, Black 9, Japanese 42, other 5); AGE (18-85 years); WT (50-115 kg); HT (1.49-
1.95 m); SECR (0.418-1.42 mg/dL); ALB (2.4-7.5 g/dL); BIL (0.193-5.85 mg/dL);
aspartate aminotransferase (AST; 4-68 IU/L); ALT (7-63 IU/L); ALKP (3-289 IU/L));
SEX (male 293; female 44); alcohol use (0 units/week 70, 1-15 units/week 203, 16-30
units/week 21, >30 units/week 1); SMOK (yes 192, no 95); food (fasted 256, high-fat
fed 65, low-fat fed 16); observation time (8am-24pm 8272 observations, 24pm-8am
1032 observations).

The established basic model for darifenacin was a two-compartment model with first
order absorption. IIV was modelled in CL, V, Ka and the bioavailability (F), and IOV
was modelled in F, assuming lognormal distributions. A combined additive plus
proportional residual error model was used, and the residual errors of the iv
formulation were estimated separately from those of the oral formulations.

3.3 Analysis procedures & methodology

3.3.1 Covariate model

Covariates were modelled, in the mixed effects model, as being proportional to the
typical parameter, as shown for a categorical (dichotomous 0/1) covariate in Eq.3.7.
Continuous covariates were centred on the median value (Eq.3.8).

P = θP × [1 + θCOV × COV] (3.7)

P = θP × [1 + θCOV × (COV – median COV)] (3.8)

3.3.2 Estimation of Type I error rates of the LR test (Papers I, II & III)

Two nested models (reduced and full) were fitted to the simulated data set. The
reduced model was the same model as that used for simulation (apart from the
approximations inferred by the estimation method), and the full model differed from
the reduced one by the addition of one parameter. The ∆OFV between model fits was
calculated. One thousand replications were generated, yielding an empirical
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distribution of ∆OFVs under the null hypothesis. The 1000 ∆OFVs were ranked and
the fraction of values larger than 3.84 was determined. This fraction represent an
estimate of the type I error rate when the LR test is applied at p<0.05.

The added parameter in the full model was either a covariate influencing a structural
(fixed effects) parameter (Papers I & III), a covariate influencing a variance parameter
(Paper II), or a parameter describing variance or covariance (Papers II & III).

Apart from the variations in the simulation model and data set (described in 3.2.1),
different estimation methods were also investigated (see section 3.1).

3.3.2.1 Inclusion of a false covariate effect

A dichotomous (0/1) covariate was added to the data set; each individual was
randomly assigned either 0 or 1, with a probability of 0.5 of being assigned 1. The
dichotomous covariate was included in the full model as influencing CL or V (Paper
I), the IIV in CL or V (Paper II), or the residual error variability (Paper II). In the first
case, a sub-group effect in CL (or V) was estimated, and in the two latter cases,
variability was partitioned into two groups.

In the logistic model (Paper III), a false drug effect was estimated in the full model.
Each individual was then assigned a dummy dose of 1 unit, so that 4 observations were
made at baseline and 4 after dosing. The false drug effect was modelled as a step
function, and influenced the probabilities of experiencing the different effect scores.

3.3.2.2 Inclusion of false covariance

The data were always simulated using a diagonal variance-covariance structure (i.e. no
covariance between parameters). The additional parameter in the full model was one
describing population covariance between CL and V (Paper II), implemented by using
the BLOCK(2) option in NONMEM.

3.3.2.3 Inclusion of false variance

In these situations, the data were simulated without IIV (i.e. ω was set to zero) in V
(Paper II) or in the baseline probability (Paper III). The additional parameter in the full
model was a parameter estimating IIV, i.e. ωV (Paper II) or ωBaseline probability (Paper III).
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3.3.3 Covariate randomisation - Type I error rates for real data (Paper I)

A randomisation test (120) was used to estimate the type I error rates for a real data
set, and also to determine the critical value (∆OFV) corresponding to a desired
significance level for a specific data set and model parameter. Individual covariate
vectors were first randomly permuted between individuals, thus breaking any existing
covariate-parameter relationships while maintaining the relevant structure of the PK
and covariate data, generating a ‘pseudo-new’ data set. Second, a model including a
parameter-covariate relationship (full model) was fitted to the ‘pseudo-new’ data set,
and the ∆OFV from the reduced model was determined. The permutation/full model
fitting was repeated 1000 times. Estimates of the type I error rate were obtained as
described in 3.3.2. The value corresponding to the 5th percentile was noted, this is an
estimate of the ∆OFV that should be used for p<0.05.

The procedure was repeated for CL/F and V/F, using each of the 10 covariates in the
data set and the dummy covariate.

3.3.4 Comparison of stepwise covariate model building procedures (Paper IV)

Covariate models were built for 10 simulated and 1 real data sets, applying two
stepwise procedures in which the model was either built using NONMEM in both
forward inclusion and backward deletion steps (NM-NM), or using GAM in the
forward inclusion part followed by backward deletion in NONMEM (GAM-NM).
Different variants of the procedures (e.g. to evaluate time-saving options or account for
time-varying covariates) were investigated. Covariate models were evaluated and
compared with respect to included covariates, and predictive performance (described
in 3.4.2).

3.3.4.1 NM-NM

The covariate model was built using the automated stepwise procedure within
NONMEM (41). Forward inclusion, starting from the basic model, was carried out,
applying p<0.05. Backward deletion, to re-test the found parameter-covariate
relationships, was performed from the full model applying p<0.01.

The variants of the NM-NM procedure comprised fixing part of the parameters during
estimation and, for the real data set, treating all observations as originating from the
same individual (naïve pooling).
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3.3.4.2 GAM-NM

Empirical Bayes (posthoc) parameter estimates were obtained from a fit of the basic
model. The GAM procedure (40) was used, regressing each parameter on the
covariates and trying linear and nonlinear relationships. All parameter-covariate
relationships detected in the GAM procedure were combined in the nonlinear mixed
effects model in a full model. Backward deletion was carried out from the full model,
in the same manner as described in 3.3.4.1.

The most important variants of the GAM procedure were: utilising the posthoc
parameters or the η values, only considering linear models (similar to MLR), and
treating separate occasions as different individuals (for the real data set).

3.3.5 Assessment of selection bias (Paper IV)

The model used for simulation was fitted to each simulated data set. The stepwise NM-
NM routine (described in 3.3.4.1) was also applied to each of the data sets, starting
from the basic model. Two sets of estimates (simulation model and stepwise) of the
covariate coefficients resulted.

The biases in the stepwise coefficients were calculated as the MPE between the true
coefficients and the stepwise estimates. The true coefficients were the estimates
obtained from applying each of the stepwise selected covariate models to a separate
large data set. The biases were compared to the precision of the simulation model
estimates; i.e. the RMSE between simulation coefficients and simulation model
estimates.

3.3.6 Application of two models for time-varying covariates (Paper V)

Two extended models applicable to time-varying covariates were applied to 4 data
examples. In the first model, it was acknowledged that the covariate effect may differ
between individuals and within an individual. The standard covariate model was split
into a BCOV effect, describing variation between individuals, and a DCOV effect, that
described variation within individuals:

P = θP × [1 + θBCOV × (BCOV – median BCOV) + θDCOV × DCOV] (3.9)

In this model, θBCOV is the effect of interindividual variation, and corresponds to the
fractional change in P with each unit difference in BCOV from median BCOV. θDCOV

describes the effect of intraindividual covariate variation, and is the fractional change
in P with each unit change in DCOV. If the values of θBCOV and θDCOV are similar,
there is no indication of different inter- and intraindividual models, and the original
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model can be used. If they are different, both may prove to be important for predicting
the parameter, or the model may be reduced by the term not proving valuable.

The second model, which can be used independently of or in combination with the
first, estimates IIV in the covariate effect:

Pi = θP × [1 + θCOV × expηcov, Pi× (COV – median COV)] expηPi (3.10)

ηcov, Pi is a random variable (zero mean, variance ω2) which allows the covariate effect
to vary in magnitude between individuals. A change of one unit in the covariate may
thus cause Pi to alter substantially in one individual, while in another individual the
effect may be moderate. In Eq.3.10, DCOV (but not BCOV) can be used instead of
COV. In all situations where DCOV was found to be important, IIV in DCOV was
also tested.

3.3.7 Darifenacin covariate analysis (Paper VI)

Covariate modelling was carried out starting from the defined basic two-compartment
model for darifenacin. In the analysis, the choice of model building methods was made
considering both ‘best-practices’ approaches and practical aspects. Special emphasis
was put on the choice of estimation method, covariate model building method,
handling of time-varying covariates, and the criteria used in model building.

Covariate distributions were examined and data transformation was considered before
the analysis. Covariate relationships, expected from prior findings to be important,
were included in the model before screening for other influential covariates. Plots of
posthoc ηi values for the darifenacin PK parameters (from the model including the pre-
defined covariates) versus the covariates were constructed to demonstrate potential
relationships. The computer run times governed the choice of model building
procedure, therefore slightly different approaches than those described previously were
used. The GAM procedure was applied to identify possibly influential covariates, in
part treating data from different occasions within one individual as data from separate
individuals to account for time-varying covariates. The covariates identified as
important were included in the nonlinear mixed effects model using a stepwise
procedure. The covariates were first included univariately in the model and ranked
according to the associated ∆OFV.  Variables were then tested stepwise in the model,
in descending order. Only covariates producing a ∆OFV>3.84 were included in the
model. When no more variables could be incorporated into the model according to this
criterion, backward deletion was performed. Stricter criteria were then applied; only
covariates that were deemed as physiologically plausible and associated with an
increase in ∆OFV>10.83 were retained in the model.
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3.4 Model comparison

3.4.1 Comparison of covariate models (Papers IV, V & VI)

Covariate model comparison was based on differences in OFV, using the LR test.
Visual assessment of goodness-of-fit graphs and evaluation of parameter estimates and
the standard errors (SE) of the estimates were also used to guide the choice of final
model.

In paper IV, the covariate models selected stepwise were compared with respect to
included parameter-covariate relationships.

3.4.2 Assessment of predictive performance (Paper IV)

3.4.2.1 External data

The abilities of the final covariate models (for the simulated prazosin and pefloxacin
data sets) to predict a large (simulated) test data set were assessed. Parameters of each
final model were fixed and used to predict the observations in the test data set. The
RMSE and the MPE were calculated using log-transformed observed and predicted
concentrations.

3.4.2.2 Cross-validation

Cross-validation was applied to assess predictive ability in the real pefloxacin data
example. The data set was split into 10 approximately equal parts (random allocation
of individuals). The final model was estimated on 9/10 of the data, and the parameter
estimates were fixed and used to predict the remaining 1/10. This was repeated so that
predictions for all parts of the data set were obtained. The abilities to predict CL and V
were assessed separately. One observation (concentration) per individual was used to
calculate predictive performance. These observations were chosen to be parameter-
information-rich based on the partial derivatives with respect to the parameter, e.g. for
each individual the observation with the largest partial derivative with respect to CL
(ηCL) was chosen to predict CL. The RMSE and MPE, standardised to the SD of the
predicted concentration, were calculated.
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RESULTS

4.1 Type I error rates of the LR test (Papers I, II & III)

4.1.1 Inclusion of a false covariate effect

When the FO method was used, the estimated type I error rates for including a false
covariate relationship affecting a structural parameter exceeded the expected type I
error rate. The number of individuals in the data set had no major influence, although
the type I error rate increased considerably with more frequent sampling (Fig.4.1). For
example, a type I error rate of 0.45 was seen, versus the expected 0.05, when 19
observations per individual were used.  Also an increased residual error magnitude
(σ=0.4) affected the type I error rate (Fig.4.2).

The FOCE method performed consistently better than the FO method (Fig.4.1),
although the type I error rate still deviated substantially from the expected when
frequent sampling was applied. No further improvement was seen when the Laplacian
method was used. When FOCE INTER was applied, however, a considerable
improvement was evident. When the level of residual error was low (σ=0.1), the
estimated type I error rates were in close agreement with the expected, regardless of
sampling strategy (Fig.4.1). This was also true with a higher level of residual error
(σ=0.4), except when the number of samples per individual was low or when there
were very few individuals in the data set (Fig.4.2).

For the FO method, different structural and residual error models were compared. It
was evident that the type I error rate was affected by the residual error magnitude
when the residual error model was heteroscedastic, but not when the residual error was
homoscedastic (Fig.4.3). The sampling frequency influenced the type I error rate to a
large extent when the structural model was nonlinear, but not when it was linear
(Fig.4.3). If FOCE was used for the nonlinear model with homoscedastic error, and
FOCE INTER for the models with heteroscedastic error, the type I error rates were
reduced to close to the expected. The performance of the LR test was also improved
when the FO method was used in a GLS type procedure, or to analyse data lacking η-ε
interaction, i.e. data where the residual error was simulated to be proportional to the
population prediction. When a false covariate (drug effect) was included in the logistic
models, the estimated type I error rates were similar to the expected in all situations.
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Figure 4.1 σ=0.1. Estimated
type I error rate for false
covariate inclusion for an
expected type I error rate of 5%
versus the number of
individuals in the data set. Each
panel represents one sampling
strategy with 2, 4 and 19
samples per individual,
respectively. Results from
analysing each data set using
the FO method (closed
triangles), FOCE (open
diamonds) and FOCE INTER
(open squares) are shown.
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Figure 4.2 σ=0.4. Estimated
type I error rate for false
covariate inclusion for an
expected type I error rate of 5%
versus the number of
individuals in the data set. Each
panel represents one sampling
strategy with 2, 4 and 19
samples per individual,
respectively. Results from
analysing each data set using
the FO method (closed
triangles), and FOCE INTER
(open squares) are shown.
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Figure 4.3 Estimated type I error rate for false covariate inclusion for an expected type I error rate of
5%, using the FO method and a nonlinear model with heteroscedastic (exponential) error (closed
squares) or homoscedastic error (open squares), a linear model with heteroscedastic (normal) error
(closed circles) or homoscedastic error (open circles). A logistic model for dichotomous data (open
triangles) was also used. The result from changes in the residual error magnitude, the number of
samples per individual, and the number of individuals in the data set are shown in panels a, b and c,
respectively.
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The estimated type I error rates of the FO method were also found to be parameter-
(and sample spacing-) dependent. The former was confirmed with real data; the type I
errors estimated by using covariate randomisation were on average 0.34 and 0.25 (for
the expected 0.05) for CL/F and V/F, respectively. (The corresponding values with
FOCE INTER were 0.06 and 0.05.) The appropriate ∆OFVs, to use for a type I error
rate of 0.05 with the FO method, were estimated to be 15 for CL/F and 10 for V/F.

For the FOCE INTER method, the type I error rates for covariates affecting the IIV or
the residual error magnitude were also in agreement with the expected. This was not
the case for the FO method.

4.1.2 Inclusion of a false variance or covariance term

When the additional parameter in the model was a false variance term affecting V, and
the FOCE INTER method was used, the type I error rate was affected by the residual
error distribution. With a proportional residual error with normal distribution, the type
I error rates were slightly below the expected. On the other hand, when an exponential
model was applied (lognormal distribution of the errors), the type I error rates were
inflated both when the residual error magnitude was increasing (Fig.4.4), and when
there were increasing numbers of subjects in the data set (data not shown). Similar
trends were seen when the residual error distribution was heavy-tailed (symmetrical).

Inclusion of a false variance parameter in the logistic model resulted in type I error
rates well below the expected in all situations, e.g. the estimated type I error rate was
0.014 versus the expected 0.05 with the default data set. No major influences were
seen from any of the variations tried.

When the FOCE INTER method was used and the additional parameter included in the
model was a covariance term, the residual error distribution also influenced the type I
error rate. With an increasing residual error magnitude, increased type I error rates
were evident if the residual error distribution was lognormal (exponential model),
while if the error distribution was normal, the type I error rates were unaffected by
residual error magnitude if there was enough information in the data (4 observations
per individual; Fig.4.5). However, even with a normally distributed error, large
deviations from the expected type I error rate were evident when the information
content in the data was low (few samples per individual, sampling at un-informative
time-points, large residual variability; Fig.4.5). In the situation when the information-
content per individual was especially low (2 samples per individual, σ=0.3) the type I
error rate increased considerably with increasing numbers of individuals in the data
set, while this was not the case when the sampling frequency was increased to 4
samples per individual (data not shown).
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Figure 4.4 Estimated type I error rate, for an expected type I error of 5% for inclusion of
a false variance term, versus the residual error magnitude. The FOCE INTER method
was used with residual error distributions that were lognormal (exponential model;
filled symbols) or normal (proportional model; open symbols). Two (circles), 4
(triangles), or 19 (squares) observations per individual were used. A heavy-tailed
(symmetric) residual error was also applied, with 2 observations per individual (semi-
filled circle).
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Figure 4.5 Estimated type I error rate, for an expected type I error of 5% for inclusion of
a false covariance term, versus the residual error magnitude. The FOCE INTER method
was used with residual error distributions that were lognormal (exponential model;
filled symbols) or normal (proportional model; open symbols). Four observations per
individual (squares) and 3 observations per individual when the last sample was drawn
at 18 hr (circles) or at 12 hr (diamonds) were used.
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4.2 Comparison of stepwise covariate model building procedures (Paper IV)

The two stepwise procedures performed similarly in the data sets explored – the
variability between procedures was of the same magnitude as the variability within
procedures (between data sets). For the simulated data sets, the final models of the
NONMEM procedure and the GAM procedure using posthoc η values were the same
(Table 4.1). These procedures also identified the majority of the covariate relationships
supported by the data (determined by backward elimination from the true covariate
model), and the predictive performances of the models were not very different from
that of the supported model (Fig.4.6). When some parameters were fixed during
estimation in the NONMEM procedure, or only linear relationships were explored in
the GAM procedure, a diminished ability to find true covariates was evident and the
precision in the prediction of the separate data set was reduced (Fig.4.6). There was
also a tendency for the linear GAM procedure to find more false covariate
relationships, although most of these were eliminated in the backward step.

For the real data set, the full NM-NM model had a lower OFV than the full GAM-
model where each occasion was treated as a separate individual. However, the final
models of these two procedures were exactly the same. The NM-NM procedure used
with the (naïve) pooled data approach resulted in the largest number of parameter-
covariate relationships. Apart from this, only small differences in the final covariate
models found by the variants of the procedures were seen. The predictive
performances (based on cross-validation) of the final models overlapped, both with
respect to standardised MPE and RMSE (data not shown). A small negative bias in the
points influencing CL was seen, while a small positive bias and a tendency to better
precision in the prediction of the points influencing V were found.
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Table 4.1 The total number of true and false covariates in the final models found, for CL and
V, by the different stepwise procedures, in the 10 simulated prazosin data sets.

CL V
 AGEa SEX False HCTZ WT false
GAM(eta)-NM 9 (7) 5 2 10 3 2
GAM(parameter)-NM 8 (6) 4 2 10 2 2
Linear GAM(parameter)-NM 7 (0) 3 1 10 2 2

NM-NM 9 (7) 5 2 10 3 2
NM-NM fixed thetas 8 (2) 3 2 10 3 2
NM-NM fixed parameters 6 (0) 2 2 10 1 -

Supportedb 9 (7) 6 10 4 
aNumber of times identified in the right functional form (i.e. nonlinear) in parentheses
bModel resulting after backward elimination in NONMEM, starting from the true model

Figure 4.6 Box-and-whiskers plot of
the RMSE between the log of the
observed and predicted concentrations
obtained with the basic, NM-NM with
fixed parameters, NM-NM with fixed
thetas, GAM(parameter), GAM(eta)-
NM, linear GAM(parameter)-NM,
NM-NM, supported, simulation
(estimated) models and the simulation
coefficients for the 10 simulated
prazosin data sets. The filled dot
represents the median, the box range
is the interquartile range, and the
whiskers extend to values less
than/greater than/equal to 1.5 times
the interquartile range. Values beyond
these limits are shown as empty dots.Simulation coefficients

Simulation model
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4.3 Selection bias in stepwise covariate modelling (Paper IV)

Of the 100 simulated data sets, the stepwise NM-NM procedure selected the
relationships CL-BIL and V-WT in 99, CL-CLCR in 96, V-CLCR in 80, CL-CEN in
75, CL-SEX and CL-AGE in 66, V-AP in 63, and V-BIL in 60. For the covariate
effects that were selected in the majority of the data sets (e.g. CL-BIL and V-WT; data
not shown), there were only minor differences between the simulation model and
stepwise estimates (Fig.4.7). However, when the effects were found less frequently,
upward biases in the stepwise estimates were evident. Nonetheless, the RMSE of the
simulation model estimates always exceeded the MPE of the stepwise estimates,
indicating that the bias is less important (Table 4.2). The predictions of the stepwise
model estimates were only slightly less precise than those of the simulation model
estimates, and the biases were of similar magnitude (data not shown).

Table 4.2 Bias of stepwise model estimates in the subset of data sets where the covariate
effect was identified, and precision of simulation model estimates from all (100) data sets, for
covariate effects on CL in the simulated pefloxacin data.

Covariate

Bias stepwise
estimates, subset

%MPEa

Precision simulation
model estimates, 100

%RMSEb
Ratio

Bias/precision
AGE -12 35 -0.34
BIL 2 11 0.19
CEN -14 39 -0.35

CRCL 8 22 0.38
SEX -8 27 -0.30

aExpressed as the percentage of the true coefficient
bExpressed as the percentage of the simulation coefficient

Figure 4.7 Box-and-whiskers plot of
estimated covariate coefficients for
CL in the simulated pefloxacin data
sets. All values are normalised by
division with the respective values
used for simulation. For each
covariate, from top to bottom, the
stepwise NM-NM model estimates,
the simulation model estimates from
the subset of data sets where the
covariate effects were found
(indicated by the number), and the
simulation model estimates from all
100 data sets, are shown. The filled
dot represents the median, the box
range is the interquartile range, and
the whiskers extend to values less
than/greater than/equal to 1.5 times
the interquartile range. Values beyond
these limits are shown as empty dots.
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4.4 Two models for time-varying covariates (Paper V)

The time-variation in the covariates can be demonstrated in a plot of the covariate
versus time, as is shown in Fig.4.8 for gentamicin CLCR. The overlaid non-parametric
smoother can help identify trends in the data. In addition, to illustrate how the time
changes affect PK (or PD) observations, the time-points at which the observations
were made can be added to the graph, as shown in Fig.4.9 for voriconazole ALKP.

The two extended models for time-varying covariates provided significantly (p<0.01)
better descriptions, than the original models, of all four data sets. In all, the models
were applied to 10 parameter-covariate relationships, and in only 2 of these did the
final models not differ from the original starting models (Table 4.3). The model where
different inter- and intraindividual covariate effects were estimated was found to be
significantly better in 3 of the parameter-covariate relationships, although in 2 of these
only one parameter (θBCOV or θDCOV) was supported (Table 4.3). In 3 of the cases
where this extended model did not provide a significant improvement in fit, it was
found that only DCOV (1 case) or only BCOV (2 cases) was supported.

The second model, in which the covariate effect was allowed to differ between
individuals, was found to provide significant improvement to the model in 4 cases;
pefloxacin CL-CLCR, voriconazole CL-log(ALT), CL-log(DALKP), and paclitaxel
PD Slope-DBIL (Table 4.3).

Table 4.3 Application of the two extended models for time-varying covariates

Data set - model θBCOV (%RSE) θDCOV (%RSE) Improvement† Final model
Gentamicin

CL-CLCR 0.0098 (5.4) 0.0069 (22) S BCOV, DCOV
V-log(ALB) -0.36 (30) -0.60 (30) NS original
V-BSA 8.63 (2.5) 3.89 (110)‡ NS BCOV

Pefloxacin
CL-CLCR 0.0035 (18) 0.0024 (40) NS* IIV*

CL-BIL -0.0064 (12) -0.0016 (130)‡ S BCOV
CL-WT 0.036 (22) -0.012 (180)‡ NS BCOV

Voriconazole
CL-log(ALT) 0.35 (3) 0.32 (21) NS* IIV*

CL-log(ALKP) -0.16 (192)‡ 0.56 (26) NS* DCOV+IIV*

Paclitaxel PD
MTT-BIL -0.012 (95) -0.020 (81) NS original

 Slope-BIL -0.0047 (250)‡ -0.040 (22) S DCOV+IIV*

†S=significant based on LR test (p<0.01), NS=non-significant (p>0.01)
‡Not supported in model
*Significant improvement when IIV in the covariate effect was included
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Figure 4.9 Log(ALKP) versus time, voriconazole
data set. Data from the same individual are
connected, the broken line is a smooth of the data,
and the time-points where the PK observations
were made are indicated by vertical tick marks.
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Figure 4.8 CLCR versus time, gentamicin data set.
Data from the same individual are connected, and
the broken line is a smooth of the data.
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4.5 Darifenacin covariate analysis (Paper VI)

Several covariates that were expected from prior findings to be important were
included in the model, before screening for other parameter-covariate relationships. CL
differed between CYP2D6 genotypes (EM/PM) and was affected by concomitant
administration of ketoconazole. The F was dose- and formulation-dependent, and was
influenced by genotype (EM/PM) and co-administration of ketoconazole and
erythromycin. The Ka differed between formulations.

Since there were insufficient numbers of individuals in all the race groups, the race-
covariate was dichotomised: Japanese were treated as one group and all other races
were combined in another. In the 18% of subjects missing genotype information,
phenotype information was substituted when possible.

The preferred estimation method was FOCE INTER, since the data were characterised
by frequent sampling and heteroscedastic error. However, because of numerical
problems, this method could not be used and a GLS-related approach with FOCE was
chosen. Further, the computer run times limited the choice of model building
approaches, and necessitated slightly different strategies from those described
previously.

The GAM procedure was chosen in order to limit the number of potential covariates to
evaluate. This was combined with a stepwise inclusion and backward deletion
approach in NONMEM. To be included in the final model, covariates were to be
statistically significant and mechanistically plausible. When applying these criteria, the
covariates remaining in the final model were a race effect on F, and a gender and
night-time effect on CL. Japanese subjects demonstrated a 55.5% lower F than
Caucasians. Females had a 31.1% lower CL than males. Night-time observations were
characterised by a 9.9% lower CL. The genotype effect on F was split into three
categories (hom-EM, het-EM and PM) to accommodate differing metabolising
capacities between hom-EM and het-EM subjects. This improved the fit slightly, but
the effect of het-EM was not supported on CL. The covariate model for the other
covariates was not changed compared to the two-category model.
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DISCUSSION

When studying the literature on population PK-PD covariate model building, it is
evident that statistical significance based on the LR test is extensively used as a model
building criterion, singly or in combination with other criteria. It is also clear that
several different approaches are used to build the covariate model, although the vast
majority of these include stepwise methods.

For the FO method, the application of the LR test often resulted in large differences
between the estimated and expected type I error rates. The differences were especially
pronounced in cases when frequent sampling was applied and/or there was large
(heteroscedastic) residual variability in the data. This deviation seems to be caused by
the approximations made to the model during estimation: (i) the approximation of the
influence of the random effects of nonlinear models, and (ii) ignoring any interaction
between η-ε present in the data. Nonlinearity in the random effects is handled better by
the FOCE method. Thus, the type I error rate is always lower with this method than
with the FO method. When there is no residual error (and therefore no interaction)
such as in the logistic model, the result of the LR test is the expected. Also, when the
heteroscedastic residual error is properly accounted for by the use of the η-ε interaction
option (FOCE INTER) the estimated type I error rates are in agreement with the
expected. Data collected in PK-PD trials are expected to contain both nonlinearity and
some degree of heteroscedasticity (i.e. interaction), and accordingly FOCE INTER
would be the method of choice if statistical significance is to be used as a model
building criterion. However, due to the asymptotic properties of the test, even with
FOCE INTER, deviations from the expected type I error rate are likely when the
information in the data is sparse (few individuals, few observations per individual
and/or large residual variability). In situations when the FOCE INTER method is not
practicable, type I error rates closer to the expected can be obtained by using other
methods to account for the heteroscedasticity, such as a GLS-type procedure, or by
log-transforming the data (which may reduce both nonlinearity and heteroscedasticity).
However, for a better control of the significance level, the critical value (∆OFV) to use
for a desired type I error rate with a certain method/data set/parameter can be
determined by randomisation testing with a covariate.

The implications of the inflated type I error rates of the LR test (when the FO method
is applied) may differ depending on the purpose of the statistical test. If the test is used
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to screen for covariate relationships, there is a high risk of false variables being
included. Thus, many of the models found in the covariate literature are likely to
contain too many covariates. The false covariates may lead to less precise model
predictions, or collection of unnecessary information in future studies. The application
of a stricter criterion, e.g. corresponding p<0.001, during model building is sometimes
seen. Although this is likely to reduce the number of false covariates, it cannot fully
protect from false variables, and it could also result in the discarding of important
relationships by applying a criterion that is too stringent. It can be argued that
statistical significance is not the only, and in some situations not the most important,
criterion in covariate modelling. The risk of inclusion of false covariates may be
reduced if the LR test is combined with other methods/criteria (graphics, mechanistic
plausibility, clinical importance). The most important consequence may therefore be
when a pre-specified covariate effect is to be tested for significance, such as a drug
effect in dose-effect studies or an interaction in a drug-drug interaction study.

The results of the LR test for assessing statistical significance for the inclusion of
covariates when the FO method is applied also illustrate what the effects of model
approximations can be. This may be valuable in the development of new methods. It
has already had an impact on the development of NONMEM, in that new methods will
be available in future versions of NONMEM (Stuart Beal, personal communication),
e.g. the interaction option will be possible with methods other than FOCE.

The LR test is also often employed to assess statistical significance when modelling
the variance part of the model. The present results show that the LR test cannot be
used with confidence when including variance or covariance parameters in the model,
since the type I error rate is sensitive both to deviations from the assumptions of
normality of the residuals and to insufficient information per individual in the data.
The use of other methods, such as graphical diagnostics, therefore gains extra
importance when modelling the statistical part of the model. This sensitivity to
deviations from normality has previously been seen with linear mixed effects models
(121), and thus appears to be a general problem related to the LR test.

The two stepwise covariate model building procedures, utilising GAM and
NONMEM, performed similarly in the examples investigated. Thus the choice of
procedure could be based on other more practical aspects, e.g. analyst- or computer-
time efficiency. However, there are other situations when larger differences between
procedures could be expected – such as when the sampling design (too few
observations per individual) precludes estimation of individual parameters with decent
quality, or when time-variations in covariates and/or parameters are not easily
accounted for. In these cases, the NONMEM procedure would be preferred. Both
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stepwise methods will be affected by selection bias, although this was only explored
using the NONMEM procedure. Upward biases in the stepwise estimated covariate
coefficients were evident, but the selection bias seemed to be of minor importance in
comparison to the imprecision in the estimates in this example.

If the model is intended for individual dose predictions, simplicity as well as good
predictive ability are required. Consequently, covariates that do not improve the
predictive performance should not be included. The stepwise procedures are only
based on statistical criteria, although it would be sensible to include predictive ability
as a model building criterion. A concern with the stepwise procedures is that the over-
estimated coefficients may result in poor predictive performance for the model. While
the difference in predictive performance between the stepwise selected and true
(simulation) models was relatively small in our example, it may be an issue in other
cases. Other strategies for building covariate models may therefore be considered. One
way to obtain unbiased estimates of the covariate effects is to specify the covariate
model based on prior knowledge and expectations about the drug in a best-guess
model (49, 51), and estimate these effects. This is a sensible strategy, but it is not
always straightforward since covariate relationships known to be of importance may
not be supported by the data due to design issues, for example no age effect will be
found if the age range in the study is too narrow. Model parameters may therefore still
need to be tested, e.g. by backward deletion. Furthermore, the knowledge about a new
drug may be limited, in which case an exploratory search is still necessary. A rational
approach to exploratory analysis is to limit the covariate scope to only plausible
covariates, since this saves run time and reduces the risk of selecting false variables as
a result of multiple testing. Then again, implausible covariates are sometimes tested
purposely to verify a lack of effect. The covariate scope can also be reduced by
choosing one of two highly correlated covariates, this avoids the problems with
accuracy and precision that can occur if two co-linear variables enter the model
simultaneously (44).

Normally, time-varying covariates are not handled differently in the model from time-
constant covariates. It is thus implied that the parameter associated with a covariate
will change with every change in the covariate, and that this relationship is the same
for all individuals. This may not always be the case, as was evident when the extended
models for time-varying covariates were applied. There may be extra knowledge
linked to the covariate change, and this can be gained by the implementation of these
models. This knowledge is potentially valuable for decisions regarding drug therapy.
The time variation in the covariate may not be related to changes in the parameter, in
which case only the baseline covariate is important. In such a situation there would be
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no additional gain in measuring the covariate more than at baseline. Large
interindividual variability in a covariate relationship may indicate that individual dose
adjustment based on the covariate is less useful, as the effect of the covariate change
will differ between individuals. More frequent monitoring of the patients may
therefore be needed.

This thesis calls attention to a number of issues to consider when building the covariate
model. These are summarised and illustrated with the darifenacin covariate analysis:

1. The choice of estimation method.

The darifenacin data set included frequent sampling in the majority of individuals, and
the residual error was heteroscedastic. Thus, the preferable method would be FOCE
INTER, although this method was in fact unusable because of numerical problems.
Since covariate randomisation was not practicable because of long run times
(regardless of method) the choice of method was FOCE, with a GLS-related approach
to account for the η-ε interaction.

2. The choice of covariate model building approach.

Covariates indicated to be important in previous findings were first specified in the
model. However, the aim of the modelling was to search for new potential covariate
influences. Thus, an exploratory search was also carried out. The long run time
dominated in the decisions on modelling approach, and precluded the use of the
stepwise NONMEM method. The GAM procedure was therefore used to limit the
number of covariates to test, and a modified stepwise approach was applied to
incorporate covariates in the mixed effects model.

3. The handling of time-varying covariates in the model.

To account for time variation, data originating from different study occasions were
treated as separate individuals in the GAM. None of the covariates in the final model
varied with time.

4. Criteria to include a covariate in the final model.

Apart from being statistically significant, the mechanistic plausibility of the covariates
in the final model was also considered: (i) the race effect in F may have been due to
extrinsic factors (such as diet), (ii) the gender effect in CL may be explainable by
lower CYP2D6 activity in females (122), and (iii) the night-time effect in CL indicates
a circadian rhythm.
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SUMMARY & CONCLUSIONS

The aims of this thesis were to increase the efficiency, predictability and robustness of
covariate model building. To meet these goals, the following were carried out: (i) the
first systematic investigation of the performance of the LR test when modelling with
NONMEM, (ii) the first comparison of covariate model building strategies, (iii) the
first assessment of the magnitude of selection bias in PK-PD nonlinear mixed effects
modelling, and (iv) the first systematic study where models for time-varying covariates
were applied. The conclusions from these studies are:

 The frequency of type I errors, when the LR test is applied for testing covariate
effects in a model, is severely upward biased when an inappropriate estimation
method is used. If a method suitable for the data and error structure is utilised,
e.g. FOCE INTER for a nonlinear model with heteroscedastic error, the type I
error rates are in agreement with the expected, and the LR test can be used with
confidence for assessing statistical significance.

 Covariate randomisation provides a means of obtaining agreement between
estimated and expected type I error rates in situations where an otherwise
appropriate estimation method is not practicable.

 The LR test is only applicable for testing inclusion of variance/covariance
parameters in the model if an appropriate estimation method is used and if the
underlying assumptions of normality of the residuals and enough information in
the data hold true.

 The stepwise covariate model building methods performed similarly in the
examples investigated, allowing the choice of procedure to be based on more
practical aspects. There may however be other situations where differences in
performance may prevail, such as when sampling is too sparse to give reliable
individual parameter estimates or it is not possible to account for time variation
in the GAM procedure.

 Selection bias was evident in the stepwise selected covariate coefficients,
although this bias was minor in comparison to the imprecision. If the model is
intended for prognostic purposes it may still have to be considered, and other
ways of building the model may be required.
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 By applying covariate models that estimate interindividual variability in the
covariate effect, or account for differences in variability between and within
individuals in a time-varying covariate, important knowledge can be gained
about the PK-PD characteristics of a drug. This knowledge is of value for
decisions on drug therapy and in drug development.

 Regardless of what may be perceived as “best-practice” with respect to
covariate model building, modelling practicalities, such as run times, govern
which methods are possible to use. Knowledge of properties and limitations of
other methods allows the modeller to make an informed choice between
alternative modelling approaches.
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