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Abbreviations and symbols 

ALIN, ANLIN utility definitions in which values are combined additively 
CL clearance 
CLCR creatinine clearance 
CLCRpop value of creatinine clearance in typical individual 
CLR renal clearance 
CLNR non-renal clearance 
CLu unbound clearance 
CO covariate cut-off value at which doses are in(de)cremented 
COE cut-off value of desired effect required to be a responder  
CV  coefficient of variation 
Cav average concentration at steady state 
Css plasma concentration at steady state 
Css, T target plasma concentration at steady state 
Cu,ss unbound plasma concentration at steady state 
Cu,1h unbound plasma concentration 1 hour after start of drug treatment 
CYP2D6 debrisoquine hydroxylase 
D dose rate or daily dose 
DM dry mouth 
E drug effect 
EBE empirical Bayes estimates 
EC50 concentration resulting in half maximum effect 
EM extensive metaboliser 
Emax maximum effect 
fepop ratio of renal clearance over total clearance in typical individual 
fCL ratio of typical value of clearance for poor metabolisers over typical 

value of clearance for extensive metabolisers 
FO first order estimation method 
FOCE first order conditional estimation method 
FOCE INTER first order conditional estimation method with interaction 
fu unbound fraction in plasma 
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GQ Gaussian quadratures 
K number of dosing categories 
LAPLACE Laplacian estimation method 
MLIN, MNLIN utility definition in which values are combined multiplicatively 
NA not applicable 
NAT2 N-acetyltransferase 
ne not estimated 
OFV objective function value 
P proportion of patients that can be expected to be preferentially 

treated at a specific dose level 
PD pharmacodynamic 
PK pharmacokinetic 
PM poor metaboliser 
Pri(RE) probability of being a responder with respect to efficacy 
Pri(RESP) total probability of being a responder 
Pri(T) probability of being a responder with respect to toxicity 
PREDi individual prediction of target variable 
R risk function 
RLIN quadratic risk function on the linear scale 
RLOG quadratic risk function on the log scale 
RMSE root mean squared error 
% RSE relative standard error in % 
SAINT Stroke-Acute-Ischaemic-NXY-Treatment 
SD standard deviation 
T toxicity 
UUI number of urge urinary incontinence episodes per week 
Vc central volume of distribution 
VE value of treatment with respect to efficacy 
VT value of treatment with respect to toxicity 
WT body weight 

ij difference between individual prediction and observation (or target) 
 shape factor (sigmoidicity factor) in the Hill equation 
 difference between population and individual parameter estimate 
 typical value of a parameter, fixed effects parameter 
 correlation between individual estimates 
2 variance of the s
2 variance of the s



3

Introduction

Individualisation of drug therapy involves a qualitative and a quantitative 
decision corresponding respectively to the choice of drug and dose (1). The 
methodology presented in this thesis refers to individualisation with respect 
to dose. In some therapeutic situations the choice of the dose level to be 
administered is not restricted by practical considerations and any size of dose 
can be administered, e.g. parenteral administration. However, with most 
drugs, the number of dose levels available will be limited and a predefined 
dosing strategy will include a discrete number of doses to be used for 
individualisation. The situation with a limited number of dose levels is the 
focus of this thesis and, herein, methods for estimating optimal dosing 
strategies with a discrete number of doses for individualisation have been 
developed. Individualisation can be made on the basis of a measurable 
characteristic of the patient, known prior to drug administration, a priori 
individualisation, and/or on the basis of feedback observations from the 
patient following administration of an initial dose, a posteriori 
individualisation. Both modes of individualisation are dealt with in this 
thesis.

The developed methodology utilises population pharmacokinetic models, 
PK models, and population models relating pharmacokinetics to 
pharmacodynamics, PK/PD models. Population models describe how 
systemic exposure to a drug, e.g. plasma concentrations of the drug, and 
response, e.g. the desired effect or an adverse event, vary within a patient 
population depending on fixed effects, such as the dose, time and the 
characteristics of each patient, but also depending on unexplained random 
variability (2, 3). In general, and for the purpose of this thesis, it is essential 
that the models are predictive of the observed outcome. Failure to predict an 
outcome appropriately may be caused by model misspecification or bias in 
parameter estimates, and attention needs to be paid to these aspects when 
developing of a dosing strategy. 

Motivation for individualised dosing
The administration of a dose of a drug results in systemic exposure to the 
drug, usually measured as the plasma concentrations of the drug, and a 
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response in terms of desired and unwanted effects (Figure 1). The PK 
parameters describe how the body handles the drug and a PK model relates 
the dose to the systemic exposure. Similarly, the actions of a drug on the 
body are described by PD parameters and a PK/PD model relates the 
systemic exposure to the response.  

Response
Desired and/or adverse effects 
measured as, e.g. clinical end-
point, biomarker 

Dose 

PK/PD 
model

PK
model Systemic exposure

Concentration-time 
profile or other measure, 
e.g. Cmax, Css, AUC 

Figure 1 Illustration of how the dose, systemic exposure and response are related 
through PK and PD models. Cmax, maximum plasma concentration; Css, plasma 
concentrations at steady state; AUC, area under the plasma concentration versus
time curve. 

Patient populations are heterogeneous, and characteristics such as age, 
body weight, ethnicity, physiological functions, genetics, disease status and 
sensitivity to drug treatment vary from one patient to another. Other 
examples of differences between patients are their compliance with respect 
to the prescribed dosing regimen, the concomitant intake of other drugs, 
environmental factors and food and recreational habits. All of these aspects 
may affect the PK and/or PD parameters and, ultimately, the patient’s 
response to a given dose of a drug. This results in some patients 
experiencing adverse effects whereas others may fail to respond. 
Accordingly, treating all patients with the same dose may not be the optimal 
solution if the goal is to achieve a similar response in all patients. Thus, 
individualising the dosage for patients is one way to increase the proportion 
of patients being successfully treated as illustrated in Figure 2 for children 
receiving chemotherapy (4). 

The variations in the response can be described by the variability in the 
PK and/or PD parameters of the drug.  The overall variability can be divided 
into between- and within-patient variability. To some extent, the variability 
of each type can be explained by patient characteristics or other factors, but 
usually there is a random component reflecting some as yet unknown 
sources of variability (5, 6). 

Individualised dosing is of value when (i) there is an established dose-
exposure-response relation, (ii) the therapeutic index is small, i.e. the range 
between doses or exposures resulting in effective treatment and unacceptable 
toxicity, respectively, is narrow, (iii) between-patient variability in the PK 
and/or PD response to drug treatment is large, and (iv) the contribution of  
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Figure 2 Kaplan–Meier Estimates of Continuous Complete Remission in Patients 
with B-Lineage Acute Lymphoblastic Leukemia. The estimated rate of continuous 
complete remssion was significantly higher in the 69 patients receiving 
individualised treatment than in the 74 patients receiving conventional treatment. 
The estimated ( SE) rate of continuous complete remission at five years is shown 
for both groups (P = 0.02). From Evans et al. (4). Reproduced with permission. 
Copyright  2003 Massachusetts Medical Society. 

within-patient variability to the overall variability is low (1, 5, 7). There is 
no need for dosage individualisation for drugs with a large therapeutic index. 
In addition, when the within-patient variability is a major contributor to the 
overall variability, individualising the dose has little value (5, 6, 8). 

When the majority of the variability in PK and/or PD is explained by a 
patient factor, a priori individualisation based on that patient factor is 
possible. Descriptors of body size, e.g. the body weight or the body surface 
area, are commonly used in oncology and in paediatrics. Other frequently 
used characteristics are those describing physiological functions, whereof 
renal function is the most common; it is usually represented as the estimated 
creatinine clearance, CLCR (9). In most cases, the sources to variability have 
not been identified so a priori individualisation cannot be realized, and 
adaptive dosing strategies involving dose titration are needed. This is 
accomplished by initial administration of a standard dose followed by 
individualisation on the basis of feedback observations from the patient 
within a reasonable time period for the drug of interest, i.e. a posteriori 
individualisation. 
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The therapeutic target 
A therapeutic target needs to be defined when one wishes to establish a 
dosing strategy for individualisation, that is, we have to state what we want 
to accomplish with the drug treatment. The chosen therapeutic target should 
reflect both the beneficial and the adverse effects of drug treatment and, by 
weighting these effects, a target value with the greatest probability of overall 
treatment success can be identified. The response to a drug can be reflected 
through a measure of the systemic exposure, desired and/or unwanted effects 
(Figure 1). Any of the measured variables can be used as the target variable, 
the choice being dependent on the knowledge of the drug of interest. The 
value of the target variable can be the same for the entire population or may 
vary between sub-populations, for example, being dependent on a patient 
factor.

The target can be composed of the weighted combinations of two or more 
variables describing the beneficial and adverse drug effects. Such composite 
targets can be expressed through what are termed utility or responder 
definitions; the concept of maximising the utility in the selection of doses 
has been advocated and used previously (10-12). Utility is a continuous 
function translating all levels of the desired and adverse effects into a utility 
value (Figure 3). The total utility value is the net effect of the desired and 
adverse events of a drug treatment. Each term contributing to the total utility 
value contains a factual portion, i.e. the probability of the event, and a value 
judgment (weighting) of the event (1, 11, 13). The objective part of the 
utility (and responder definitions), i.e. the probability of events, is based on 
population PK/PD models. The value judgements are subjective and require 
consideration from a clinical, or ultimately, from the patient’s point of view 
for definition (10-13). The utility value can be obtained by combining the 
weighted probabilities additively or multiplicatively (10). 

The term responder refers to those patients who have a certain defined 
response to a drug. For example, a patient experiencing a lowering of blood 
pressure of at least x mmHg and no severe toxicity is considered to be a 
responder. A responder definition can be viewed as an elementary utility 
function in which only the cut-off levels of desired and adverse effects 
resulting in beneficial treatment are specified, as a result of which, subjects 
are either considered to be responders or not. Hence, the probability of being 
a responder with respect to the desired and adverse events, respectively, 
according to such definition is defined by a step function and the total utility 
value is the probability to be a responder (Figure 3).
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Figure 3 Examples of utility and responder definitions. (A) The total utility is the 
sum of the utilities for desired and adverse effects, which are the probability of the 
desired and adverse effect, here weighted by 1 and -2, respectively. (B) Cut-off 
levels for desired and adverse effects resulting in beneficial treatment are specified, 
resulting in step functions describing the probability of being a responder with 
respect to desired and adverse effects. The total responder probability (or utility) is 
the sum of the responder probabilities for desired and adverse effects. 

In some situations, however, a single variable reflecting both safety and 
efficacy can be used as a target. A PK target, i.e. a measure of the systemic 
exposure, is motivated when the clinical effect is delayed or difficult to 
monitor (prophylaxis) and when there is a high correlation between exposure 
and effect. When the desired and adverse effects are mediated via the same 
mechanism and differ only by the magnitude of the effect, e.g. in 
anticoagulant therapy, the desired effect is a suitable PD target variable. In 
chemotherapy, haematological toxicity is often dose-limiting and in such 
situations the adverse effect can be used as a PD target variable. 

Biomarkers (14) being predictive of the desired or adverse effect are 
valuable as target variables, for example when the nature of the clinical end-
point makes it difficult to measure throughout clinical development, and can 
be used in both composite and single variable target definitions.  

The establishment of individualised dosing strategies 
A dosing strategy specifies the sizes of the initial and the maintenance doses 
and how often the drug should be administered. In the case of 
individualisation, the dosing strategy also needs to include descriptions of 
how individualisation should be performed and for which sub-populations it 
is necessary. For example, it might be necessary to reduce the dose by 50% 
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for patients with renal impairment defined as CLCR below 50 mL/min, or a
starting dose might be 100 mg of a drug, which could be increased to 200 
mg if the effect is unsatisfactory. Hence, defining a dosing strategy is a 
multidimensional problem as the dosing strategy comprises the 
establishment of several parameters. 

One method, sometimes employed for the establishment of individualised 
dosing strategies, is stochastic simulation (15). For alternative dosing 
strategies, the distribution of the target variable is simulated using a 
population model. Subsequently, one is decided to be the most appropriate 
on the basis of a drug specific criterion, e.g. less than 10% of the patients 
should exhibit plasma concentrations outside a specified interval. There are 
several examples where this approach has been used for dosing strategies 
with a priori individualisation (16-23). In those simulations, the dose and the 
individualisation aspects, i.e. definitions of sub-populations receiving each 
dose level, were pre-defined and were not estimated. 

To derive an optimal dosing strategy, however, estimation is necessary. 
This estimation requires that the definition of the therapeutic target variable 
is complemented with a specification of the seriousness of deviation from 
the target value, expressed quantitatively as a risk function, R. An optimal 
dosing strategy can then be estimated by minimising the overall expected 
risk, an approach that has been used previously (24-31). Ideally, the shape of 
R is defined from a clinical perspective and potential shapes are given in 
Figure 4. For instance, the use of an asymmetric R in which a negative 
deviation results in a higher risk than a corresponding positive deviation, 
would be motivated if failure to respond to drug treatment is considered to 
be more serious than experiencing toxicity. The target interval approach 
commonly applied in therapeutic drug monitoring may serve as another 
example of a shape for R. With this approach, all outcomes within the 
interval are equally desirable and associated with the same risk, but outside 
the range the risk is unacceptable. 

In the estimation, consideration must also be given to whether the 
optimisation with respect to the target variable should be made at only a 
specific time point or at several or all time-points. For example, dosing 
strategies have been established where the therapeutic target was the systolic 
blood pressure at 36 hours after the start of the dose administration (32), the 
serum concentrations over the entire steady state dosing period (24) and the 
maximum and trough plasma concentrations (33). 
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Figure 4 Examples of risk functions. Symmetric: the risk corresponds to the square 
of the deviation from the target (quadratic risk function); Asymmetric: the risk 
corresponds to the square of the deviation from the target on a log scale; Target 
interval approach: within the desired range any deviation is associated with the same 
risk, outside the range all deviations are equally unacceptable. 

A truly optimal dosing strategy would require the estimation of all 
parameters in the dosing strategy. However, it is usually only the size of the 
dose that is estimated along with other aspects, for example, the dosing 
interval or dose ratio, being fixed at a certain value or constrained to just a 
few values (24, 25, 27, 28, 30, 33, 34). Estimation of a priori dosing 
strategies with a discrete number of dosing categories has been described, 
but in those cases, the sub-populations that were to receive different doses 
were determined beforehand and fixed in the estimation (24, 28). For dosing 
strategies involving patient feedback, the design of dosing regimens mainly 
comprises estimation of the optimal initial dose for the whole target 
population followed by estimation of the optimal individual dose based on 
patient feedback, assuming all doses are possible (26, 29, 32, 34). In few 
cases, the updated individualised dose has been restricted to some pre-
defined dose levels because only certain doses were available (27, 30). 

Implementation of proposed methods for real drugs 
The methodologies developed in this thesis have been implemented through 
the estimation of dosing strategies for two real drugs, NXY-059 and 
oxybutynin. A dosing strategy for a priori individualisation was established 
for NXY-059, illustrating how the methodology could be applied during 
drug development. Oxybutynin has been on the market for a long time, but 
was used for exemplification of how the methods could be used in drug 
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development for the estimation of a dosing strategy for a posteriori 
individualisation.  

NXY-059
NXY-059 (disodium 4-[(tert-butylimino)methyl]-benzene-1,3-disulfonate N-
oxide, Cerovive), is a nitrone with neuroprotective (35-37) and free radical 
trapping (38) properties. NXY-059 is under development for the treatment of 
acute stroke and Phase III studies, known as the SAINT studies (Stroke-
Acute-Ischaemic-NXY-Treatment), are presently ongoing (39). Free radical 
mediated toxicity has been implicated as an important mechanism causing 
neuronal death following an ischaemic insult; therefore, free radical trapping 
may be useful as a therapeutic approach in the treatment of ischaemic stroke 
(40, 41). 

Clinical biomarkers predicting the effect of NXY-059 are not available; 
therefore, the unbound plasma concentration of NXY-059 was judged the 
most suitable variable for use as a predictor for safety and efficacy, and 
hence, to use as the target variable. NXY-059 is moderately bound in 
plasma, primarily albumin, the unbound fraction in plasma (fu) being 0.61. 
NXY-059 is mainly eliminated by renal excretion, mostly via filtration. It 
has been demonstrated that the unbound clearance, CLu, is linearly related to 
CLCR in healthy elderly subjects, and it was concluded that the ability to 
eliminate NXY-059 could be approximately predicted from the CLCR (42). 
This was confirmed in patients with renal impairment (43). Acute stroke 
patients display a high incidence of associated renal impairment; therefore, 
an individualised a priori CLCR-based dosing strategy was considered to be 
a way of attaining the target exposures of unbound NXY-059 in plasma in 
most patients without producing too high an exposure in those patients with 
moderate to severe renal impairment. 

Oxybutynin 
Oxybutynin is an anticholinergic drug, which also exhibits a direct 
spasmolytic effect on bladder smooth muscle, and is used in the treatment of 
overactive bladder (44, 45). Oxybutynin serves as an example of treatment 
where individualisation aims at a composite therapeutic target, as titration to 
determine the ideal dose for an individual is based on the clinical response 
with respect to bladder control and adverse effects. The beneficial effects of 
oxybutynin that patients can experience are related to the number of 
micturitions and incontinence episodes, and a common primary clinical 
endpoint used in studies of urinary incontinence is the number of urge 
urinary incontinence episodes per week, UUI (46). The most frequent 
adverse effects are primarily related to the anticholinergic actions of 
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oxybutynin, dry mouth being the most common (45). Clinical data and 
population models for the beneficial and adverse effects of oxybutynin are 
available (12, 47), making possible the optimisation of individualised dosing 
strategies with the aim of achieving maximal utility or maximal responder 
probability. 

Population PK/PD modelling 
The ultimate goal of collecting PK and PD information is to develop optimal 
dosing guidelines, including dose individualisation, resulting in safe and 
effective treatment in the intended patient population, the target population. 

The integration of PK and PD information in the development of a new 
drug may lead to earlier identification of optimal dosing strategies; to 
archive this end, studies of exposure-response (PK/PD) relations are of 
particular importance (48-51). To utilise the available PK and PD data as 
efficiently as possible for optimal dose selection, PK/PD modelling and 
simulation has been widely advocated during all stages of drug development 
from an academic, industrial and regulatory perspective (7, 52-62). The 
incorporation of biomarkers in PK/PD modelling has been motivated by the 
pressure for an early answer about the likelihood of the success of a 
treatment and for early optimisation of the dosing strategy (63-66).

During recent decades the population (hierarchical) PK/PD modelling 
approach (67-70) has evolved and is recommended as an essential tool to 
improve efficiency and facilitate decision making during drug development 
and in regulatory assessment (3, 71-77). One advantage of the population 
approach is that, usually, the models are developed using data from studies 
where measurements of systemic exposure and response have been collected 
in a large number of heterogeneous patients. Hence, it is possible to 
characterise PK and PK/PD relations, including the development of models 
describing the extent and sources of variability, in a population similar to the 
target population. This is particularly valuable, as information associated 
with the target population is crucial for the successful development of dosing 
strategies.

PK/PD modelling and simulation have been found to be beneficial in 
clinical drug development, the main applications being dose selection 
(including individualisation) and usage of the derived information in the 
labelling of the drug. In addition, it has been reported that using PKPD 
information can influence the direction of the development program and has 
been associated with time savings (57, 78-82).
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The non-linear mixed effect model
Traditionally, population modelling was performed in two stages (83-85). 
Initially, each individual was described, an approach requiring an extensive 
number of samples in every individual. This was then followed by 
calculation of the mean and standard deviation of the PK and PD parameters 
in the population studied. Lately, the non-linear mixed effects modelling 
approach has become increasingly common; it involves the simultaneous 
estimation of the mean and variance parameters using data from all patients. 
The term mixed refers to the combination of fixed and random effects for the 
description of the data. Examples of fixed effects are the sampling times, 
dose sizes and patients factors. This approach allows sparse sampling to be 
conducted for each individual. A detailed description of the hierarchical 
nonlinear mixed effects model can be found in Davidian and Giltinan (86), 
and an overview is given in the following.  

The jth observation in individual i (yij) can be described by 

ijiijij )P,x(fy   (1) 

where f(…) is the individual prediction described by a linear or nonlinear 
function with parameter vector Pi and independent variables xij (time, dose). 

ij is a random effect describing the discrepancy between the individual 
prediction and the observation. ij values are assumed to be normally 
distributed with a mean of zero and an estimated variance of 2. It is usually 
referred to as the residual error and reflects errors like model 
misspecification and analytical assay errors. Other models can be used, 
where the deviation is proportional to f(…), for example. The next level of 
the model describes the inter-individual variability in Pi, as exemplified by 
the following models, 

kikkip   (2) 

kiep kki  (3) 

where pki is the kth individual parameter in Pi and k the typical value of pk.
The deviation between the individual and typical parameter value is 
described by the random effect ki, assumed to be normally distributed with 
a mean of zero and a variance of 2

k , and the variance-covariance matrix of 
the s is estimated. The typical parameter values can also be dependent on 
individual patient factors, known as covariates. In such a case, the typical 
value will be a function of the individual’s covariate value, thereby 
explaining part of the inter-individual variability in that parameter. In 
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addition, individual parameters vary over time and, for practical reasons, this 
intra-individual variability is usually estimated as the inter-occasion 
variability. The inter-occasion variability can be introduced in the model as 
an additional random effect (6). 

Model estimation 
Numerous software packages are available that are suitable for population 
PK/PD analysis (87). All of them are based on a hierarchical nonlinear 
mixed effects model, but they apply different estimation methods: (i)
parametric maximum likelihood, e.g. NONMEM (88), WinNonMix (Pharsight 
Corp, Mountain View, CA, USA), NLMIXED (SAS Institute Inc, Cary, NC, 
USA) and nlme within S-Plus (Insightful Corp, Seattle, WA), (ii) non-
parametric maximum likelihood, e.g. NPLM (89) and NPEM (90) and (iii)
Bayesian methods, e.g. BUGS (91). Within the PK/PD modelling area, 
NONMEM is the software most widely used. 

The software applied in this thesis, NONMEM and NLMIXED, utilises 
parametric maximum likelihood methods. In parametric maximum 
likelihood methods, the parameters of a model are estimated by maximising 
the probability of the data under that model (92). In NONMEM, the estimation 
is performed by minimising the extended least squares objective function, 
which is approximately proportional to minus two times the logarithm of the 
likelihood of the data (88, 93). The computation of the likelihood function 
involves the evaluation of a multiple integral, which, in most cases, cannot 
be solved exactly owing to the inter-individual random effects that enter 
non-linearly into the model (86, 88, 94). In NONMEM, the problem has been 
approached by approximating the expression being integrated by 
linearisation of the non-linear model, resulting in a closed form solution of 
the likelihood (88, 92). NONMEM offers several alternative methods 
employing different types of linearization (95), for example, the first order 
method, FO, the first order conditional estimation method, FOCE, and the 
Laplacian method, LAPLACE, of which, FO and LAPLACE are available in 
NLMIXED (96). Another way to evaluate the likelihood integral is to retain 
the model expression, but make an approximate calculation of the integral by 
numerical integration, e.g. through Gaussian quadratures, GQ, as applied in 
NLMIXED (94, 96). 

The choice and accuracy of the estimation method depends on the nature 
of the data and the degree of nonlinearity in the model with respect to inter-
individual random effects (95). If an inappropriate method is used, this may 
result in bias in the estimates of the parameters, which has been reported in 
population PK or PK/PD modelling when FO or FOCE have been applied 
within NONMEM (97-99). Severe bias in estimated parameters could 
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invalidate any intended use of the model. For example, one consequence of 
bias is the inability of the model to mimic the original data upon simulation, 
which is of importance in the application of population models described in 
this thesis and in the evolving science of clinical trial simulation (56, 100). 
One sign of estimation bias is that different methods of estimation yield 
different parameter estimates (101-103). Another diagnostic tool available in 
NONMEM, is the arithmetic mean of empirical Bayes estimates of s
(ETABAR) and the determination of whether its difference from zero is 
statistically significant. Further, if simulations under the model cannot mimic 
the observed data, it may be an indication of bias in the estimated 
parameters. Then, an investigation can be performed to evaluate whether 
bias is present, for example by repeated simulation followed by estimation 
(102).
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Aims

The aim of this thesis was  

to develop, and to demonstrate the feasibility of implementation in drug 
development, rational methods for the estimation of dosing strategies to be 
used for a priori or a posteriori individualisation when aiming at therapeutic 
targets, by using population pharmacokinetic-pharmacodynamic models. In 
the course of pursuing this aim, a problem of bias in the parameter estimates 
for some population models commonly used for the establishment of dosing 
strategies was encountered. This problem was explored and a solution to 
obtain less biased population parameter estimates was identified. 
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Methods

Individualised dosing strategies 
Methods for estimating optimal dosing strategies, with a discrete number of 
dosing categories, to be used for individualisation a priori (Papers I - II) or a
posteriori (Papers III – IV) were developed. Factors influencing the 
optimally estimated dosing strategy were investigated. The methods involves 
the simultaneous estimation of dose sizes and individualisation conditions 
and the dosing strategies were estimated under the assumption that the 
titration phase is unimportant and/or short in relation to the maintenance 
phase, i.e. the target should be reached at steady state. 

Initially, an overview is given of the proposed methods, this is then 
followed by descriptions of key issues that need to be defined in the 
development of the dosing strategy, together with the definitions made in 
each paper. Simulations and estimations were performed using the NONMEM
program, although the estimation is not so complicated that it requires the 
sophistication of software for nonlinear mixed effects modelling. For the a
posteriori dosing strategies software offering the possibility to apply mixture 
models is necessary. In the following, i, is the index given to individual 
values.

General description of methodology 
The estimation of individualised dosing strategies composed of a discrete 
number of dose sizes, involves the estimation of the K sizes of dose rates for 
the K subpopulations, here exemplified when aiming at a PK target variable, 
the steady state concentration, Css.

KionsubpopulatforCL/D
 ..

2ionsubpopulatforCL/D
1ionsubpopulatforCL/D

CPRED

iK

i2

i1

i,ssi  (4) 
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In equation 4, PREDi is the individual prediction of the target variable in 
the ith individual (here, Css,i), given by the estimated optimal dosing regimen 
and the individual pharmacokinetic parameters required to relate the dose to 
the target variable (here, individual clearance values, CLi).

In the case of a priori dosing strategies, the subpopulations assigned 
different dose levels are delimited by a patient factor, e.g. body weight or 
CLCR. The estimation of an optimal dosing strategy then involves the 
simultaneous estimation of dose rates, D1, D2,…DK, and the n-1 cut-off 
values of the patient factor, CO1, CO2,… COK-1, at which doses are 
in(de)cremented. 

When individualisation is based on feedback from the patient, i.e. a
posteriori individualisation, subpopulations cannot be defined on the basis of 
a patient factor. Instead, the estimated optimal dosing strategy is specified in 
terms of dose rates, D1, D2,…DK, and the proportions of patients that can be 
expected to be preferentially treated at the different dose levels, P1, P2, …. 
PK-1. PK is one minus the sum of all the other proportions.  

The optimal dosing strategy is defined as the one that minimises a defined 
risk function, R, describing the seriousness of a deviation from the target 
value (here, Css, T). Examples of R are quadratic risk functions on the linear, 
RLIN, or log, RLOG, scale (equation 5). 

N

1i

2
iT,ssLOG

N

1i

2
iT,ssLIN

)PREDln()Cln(R

PREDCR

 (5) 

Using RLIN yields the following underlying model: 

iiT,ss PREDC  (6) 

i is the individual deviation from the target with an assumed variance of 
2. The minimisation is performed using a data set with N individuals 

mimicking the population to be treated. The data set comprises the (i) target 
value, (ii) individual PK parameters (here, CLi) simulated based on a 
population PK or PK/PD model and, (iii) when applicable, relevant covariate 
distributions. In this minimisation the dependent variable (the observation) is 
represented by the target value (here, Css,T), the independent variables (i.e.,
the input variables) are the individual PK/PD parameters (here, CLi) and 
covariates (when relevant) and the dosing strategy defines the parameters 
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estimated (Ds and COs/Ps). Minimising R corresponds to minimising the 
objective function value, OFV, with respect to the parameters in the dosing 
strategy. 

Development of individualised dosing strategies 
The optimisation of individualised a priori dosing strategies was illustrated 
using simulated data for the situation when CL is linearly related to CLCR 
and doses are to be adjusted on the basis of CLCR (Paper I). An a priori 
dosing strategy was also estimated for a real drug as discussed in the section 
‘NXY-059: population PK and dose estimation’ (Papers I and II). 
Individualised a posteriori dosing strategies were estimated with the 
intention to reach a PK or PD target (Paper III) or targets combining the 
desired and undesired effects, i.e. utility and responder probability (Paper 
IV). Developing an individualised dosing strategy requires that some 
decisions and considerations are made in advance. Table 1 presents the 
relevant steps from a general perspective, together with the default 
definitions as used in the separate papers. Each step is discussed below. 

Target definition 
The definition of the therapeutic target should reflect what is to be achieved 
and involves choosing a target variable and specifying the seriousness of 
deviations from the target using a risk function, R. 

In this thesis, optimal dosing strategies were estimated by minimising 
RLIN or RLOG (equation 5). In addition, a limited investigation was made of 
the impact of using risk functions with other shapes (Paper I). The risk 
functions applied were symmetric, but non-quadratic, or non-symmetric. 

The target variable was a single PK (Table 1, Papers I - III) or PD (Table 
1, Paper III) variable or a more complex variable demanding the use of a 
utility function or responder definition (Paper IV) that combines multiple 
effects/side-effects. 

The definition of utility was based on the value of the treatment with 
respect to its efficacy, VE, and toxicity, VT. VE was linearly related to the 
drug effect, E, and ranged between 0 and 1 corresponding to no and full drug 
effect, respectively (equation 7). (In the case of the maximal drug effect, E 
was equal to 0.) Toxicity, T, was assessed on a 4-category ordinal scale with 
categories m = 1, 2, 3 and 4. VT was linearly (equation 8) or non-linearly 
(equation 9) related to T, and ranged between 0 and -1. In equations 8 and 9, 
Pri(T = m) stands for the individual probability that the toxicity equals a 
specific category, m. Four different utility functions were used in this 
investigation (equations 10 – 13). 
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A responder was defined as a patient experiencing an efficacy response 
less than or equal to a pre-specified value of E, denoted COE, and a toxicity 
less than or equal to a certain severity score m, denoted mx. A Hill equation 
with a high value of the sigmoidicity factor, , was used to approximate the 
probability of being a responder with respect to efficacy, Pri(RE), to a value 
of either 0 or 1. The total probability of being a responder, Pri(RESP), was 
obtained according to equation 14, in which Pri(RT) is the probability of 
experiencing a toxicity score  mx. 

)RT(Pr
COEE

E
1)RT(Pr)RE(Pr)RESP(Pr i

i

i
iii  (14) 

The sensitivity of the estimated dosing strategies to inter-individual 
variability in the utility and responder definitions was assessed by adding a 
random variability in VT or COE, respectively. 

Population PK/PD model and covariate distribution 
A PK/PD model and covariate distribution (when relevant) are used to 
simulate individual PK and PD information for a population mimicking the 
intended one. This information together with the estimated dosing strategy 
yield the expected outcome. Therefore, the population PK/PD model needs 
to describe the relationship between dose input and the selected target 
variable in the target population, including covariate relations and models for 
inter-patient variability. The covariate distributions that need to be defined 
are those that are part of the target definition or the population PK/PD 
model. Covariate distributions should reflect the distributions in the intended 
patient population and may be obtained by parametric simulation or from an 
empirical database. 

The PK model used for the simulation work in Paper I assumed a linear 
relation between CL and CLCR (Table 1). Data sets including individual 
estimates of CL and CLCR (N = 5 000 in each data set) were simulated. The 
data sets described populations with varying characteristics achieved by  
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Table 1 Steps considered in the development of individualised dosing strategies. The 
definitions relevant to each paper are specified.

Action Simulated data 
(Paper I) 

Simulated data 
(Paper III) 

Dosing
strategy 

A priori based on CLCR A posteriori A posteriori

Target
variable

Cav = 1 Css = 1 Fraction of Emax = 
0.1, 0.25, 0.5, 0.75 
or 0.9 

Risk
function 

RLOG RLOG RLIN 

PK/PD 
model

Cav = D/CL
CL = CLR + CLNR 
CLR = CLCR 
CLNR = CLR/fepop - CLR
Unexplained variability in 
CLR and CLNR 

Css = D/CL 
Unexplained 
variability in CL 

Css = D/CL 

50ss

ssmax

ECC
CEE

Unexplained 
variability in CL 
and EC50

Covariate
distribution 

Log-normal distribution of 
CLCR

NA NA 

Constraints Discrete number of dose 
rates (K = 1, 2, 3, 4 or 5). 
CO restricted to multiples 
of 5 mL/min. 

Discrete number of 
dose rates (K = 1 or 
2).

Discrete number of 
dose rates (K = 1 or 
2).

Estimation Direct and stepwise 
estimation method 
Sensitivity analysis: (i) risk 
function, (ii) CLCR 
distribution, (iii) estimation 
method (direct versus
stepwise) 

Direct estimation 
Sensitivity analysis: 
(i) risk function 

Direct estimation 

Selection of 
final

strategy 

No selection made, but 
relative trade-off made by 
comparison between overall 
variability in Cav and 
number of dosing 
categories. 

No selection made, 
but relative trade-
off made by 
comparison between 
overall risk and 
number of dosing 
categories. 

No selection made. 
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Table 1 continued
Action NXY-059 

(Papers I and II) 
Oxybutynin 
(Paper IV) 

Dosing
strategy 

A priori; based on CLCR for the maintenance 
infusion and based on CLCR and/or body weight 
for the loading infusion. 

A posteriori

Target
variable

Cu,1h = 70 mol/L (Paper I), 100 and 200 mol/L 
(Paper II, Study 2) and 250 mol/L (Paper II, 
SAINT)
Cu,ss = 70 mol/L (Paper I), 100 and 200 mol/L 
(Paper II, Study 2) and 250 mol/L (Paper II, 
SAINT)

Utility = 1 or 
Responder
probability = 1 

Risk
function 

RLOG RLIN

PK/PD 
model

Population PK model (Table 7) for Study 1 (target 
 200 mol/L) and for combined studies (target 250 
mol/L) 

fu = 0.61 for all patients 

Population models: 
daily dose-UUI and 
daily dose-DM (47). 

Covariate
distribution 

Empirical distributions from target population 
(n=902) of CLCR with median (range) of 
63 (30 - 183) mL/min and 38% CV and body 
weight with median (range) of 72 (36 - 15) kg and 
19% CV, (104) and AZ data on file. 

na

Constraints Discrete number of dose sizes (K = 1 or 2 for 
loading infusion, K = 1, 2, 3, or 4 for maintenance 
infusion)
Patients with CLCR < 30 mL/min excluded. 
CO restricted to multiples of 5 mL/min. 

Discrete number of 
dose sizes (K = 1 or 
2)

Estimation Stepwise search method 
Maintenance and loading infusions were estimated 
separately. 
Sensitivity analysis: (i) uncertainty in population 
parameter estimates (Paper I) 

Direct estimation 
Sensitivity analysis: 
(i) inter-individual 
variability in utility 
and responder 
definition.

Selection of 
final

strategy 

Quality of therapy: Acceptable if at least 90% of 
population achieved Cu,1h  50, 70, 150 and 150 

mol/L for the 4 different targets, respectively, and
less than 5% of population had values of  Cu,1h
100, 150, 300 and 400 mol/L for the 4 different 
targets, respectively. The same criterion was used 
for the maintenance infusion and Cu,ss.
Practical consideration: Lowest number of dose 
sizes. 

No selection made 
but relative trade-
off made by 
comparison between 
RMSE and the 
number of dosing 
categories. 
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altering typical values of CLCR, CLCRpop, and of the ratio of CLR (renal 
clearance) to CL, fepop. In addition, the extent of unexplained variability in 
CLCR, CLR and CLNR (non-renal clearance) was varied. CLCR, CLR and 
CLNR were log-normally distributed. Sensitivity analysis was performed to 
examine the adequacy of approximating CLCR by a truncated lognormal 
distribution. 

The estimation of dosing strategies for NXY-059 (Papers I and II)  
utilised the most recently developed population PK model, given in detail in 
‘Results, NXY-059 (Papers I and II)’, and empirical covariate distributions 
from the target population (Table 1).

Estimation of a posteriori dosing strategies aiming at the PK target (Paper 
III) involved a steady state model (Table 1). Data sets were simulated with 
individual values of CL (N = 10 000 in each data set) describing populations 
with different distributions of CL in terms of the extent of inter-patient 
variability and the shape (log-normal unimodal and bimodal distributions). 
The bimodal distributions were generated to reflect drug metabolised by 
debrisoquine hydroxylase (CYP2D6) or N-acetyltransferase (NAT2) and the 
proportion of poor metabolisers, PMs, was 6% and 50% for CYP2D6 and 
NAT2 polymorphism, respectively.  

For a posteriori dosing strategies aiming at a PD target (Paper III) the 
PK/PD model consisted of a steady state PK model and a Hill equation 
(Table 1). Accordingly, additional factors affect the PD target compared 
with the PK target and situations related to the inter-patient variability in CL 
and EC50 (concentration resulting in half maximum effect), the level of 
desired effect (% of maximum effect, % of Emax) and the steepness of the 
concentration-effect relation, , were studied. Data sets were simulated with 
individual values of CL and EC50 (N = 10 000 in each data set) describing 
populations with varying inter-patient variability and correlation between 
individual estimates. Dosing strategies were estimated, setting the target 
value and  to varying values. 

Published population models describing the dose-efficacy and dose-
toxicity relations for immediate- and controlled-release oxybutynin 
formulations (47) were used when the aim was to estimate dosing strategies 
by maximising utility or responder probability (Paper IV). Efficacy was 
evaluated as UUI and was modelled assuming a Poisson distribution. The 
exponential decrease in UUI was modelled as a function of placebo, i.e.
time, and daily dose. Toxicity was assessed as the severity of dry mouth, 
DM, on a 4-category ordinal scale (m = 1, 2, 3 and 4 corresponding to none, 
mild, moderate and severe, respectively) and the cumulative probabilities of 
DM were modelled using a proportional odds model and were found to be 
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dependent on the daily dose (there was no effect of placebo). Based on the 
models, individual parameter values were simulated for one large population 
(N = 10 000) for which optimal dosing strategies were estimated, given 
various definitions of utility and responder. 

Constraints
The optimisation of the dosing strategy is usually made under one or several 
constraints, such as safety or some practical consideration (29, 31). These 
constraints may be categorized into (i) dosing constraints, e.g. the number of 
sizes of doses available or the dose ratio(s) allowed where a dose ratio is the 
high dose over the low dose for two adjacent doses, (ii) individualisation 
constraints, e.g. the number of sub-populations and (iii) covariate 
constraints, e.g. patients with certain characteristics not being treated. 

The constraints applied in this thesis primarily concerned the number of 
dose sizes available (Table 1). In Paper I, some alternative constraints related 
to the commonly used ratio of doses and CO were investigated. 

Estimation of dosing strategy 
Once the target, PK/PD model, covariate distribution and the constraints 
have been defined, the optimal dosing strategy was estimated by minimising 
the expected total risk. At this stage, the sensitivity of the estimated dosing 
strategy to the properties defined can be examined. The properties of interest 
are, for example, the influence of the shape of R, uncertainty in the estimates 
of the population PK/PD parameters, definition of covariate distribution and 
the effect of using different estimation methods, as illustrated in this thesis 
(Table 1).

The estimation of the parameters in an a priori dosing strategy 
(D1,D2,…DK and CO1,CO2,… COK-1, equation 4) is numerically difficult 
because the COs are change-point parameters and the derivative of the 
function is not defined across all CLCR (105). To overcome the problem, 
two estimation procedures were proposed: one stepwise and one direct. In 
the stepwise procedure, the optimal dosing strategy was determined using a 
stepwise search for the optimal dosing strategy, allowing the CLCR COs to 
increase in multiples of 5 mL/min. The optimal dosing strategy was 
considered to be the one giving the lowest OFV, corresponding to 
minimising the overall risk. In the direct method, the change-point model 
was approximated using a Hill equation with the shape factor,  fixed at a 
high value (equation 15).  

K
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For the a posteriori dosing strategies, the sub-populations were not 
defined by an observed patient factor and the estimation required an 
alternative approach where a mixture model was applied in NONMEM (88). 
There are several possible models (M1, M2,…, MK) in a mixture model, and 
estimated are the parameters (here D1, D2,…, DK) and the probabilities (P1,
P2,…, PK-1; PK being one minus the sum of all other probabilities) of each 
model. The probabilities correspond to the sizes of the subpopulations. The 
individual likelihood, Li, of an observation is the sum of the individual 
likelihood of each sub-model, Lik, each being weighted by its probability: 

),D(LP),P,...P,D,...D(L 2
kik

K

1k
k

2
1K1K1i  (16) 

2 is the error variance and Pk is the probability of the kth dose level for 
the ith individual. For the specific problem, R should be minimised, meaning 
that for each individual, only the dose (or the Lik) with the lowest deviation 
from the target should contribute to Li. The larger the value of 2 is, the 
lower the difference in the likelihoods of the different components of the 
mixture model will be. As this parameter, 2, is artificial, 2 was fixed at a 
low value in the estimation according to a two-step procedure. In the first 
step, all parameters, including 2, were estimated for the model of interest. 
In the second step, 2 was fixed at 1/100th of the 2 estimated from step 1. 
The appropriateness of this procedure was investigated in Paper III for a case 
where a dosing strategy consisting of two doses was estimated when the PD 
target value was set to 90% of Emax. The dosing strategy was estimated for a 
population with variability in CL only (CV = 30%). Both EC50 and Emax were 
fixed at 1 for all subjects and  was 2. The estimation was performed for one 
hundred data sets with N = 10 000 patients. 

Selecting a dosing strategy 
When the optimal dosing strategy is estimated under more than one set of 
constraints, a selection between rival strategies must be made in which the 
benefit of individualisation is assessed on the basis of practical 
considerations and the clinical relevance of the benefit. In such a selection, 
the practicality of a dosing strategy would be compared with the deviation 
from the target expressed either in terms of the risk function or by some 
other criteria. In Papers III and IV the value of the risk function or the root 
mean squared error of the achieved outcome compared to the target value, 
RMSE, was used for this assessment. The RMSE was calculated as 
previously described (106). An example of a different selection criterion is 
the one used for NXY-059 (Table 1).
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NXY-059: population PK and dose estimation 
Population PK models for NXY-059 were developed on the basis of the data 
obtained from two clinical studies (Studies 1 and 2), with the secondary 
objective being to study the PK characteristics of NXY-059 in patients with 
acute stroke. The primary objective in these studies was to study safety and 
tolerability of NXY-059 and those results have been described previously 
(107, 108). The studies were performed over time and, therefore, the 
population PK analyses comprised population models for each study, ending 
up with a final model based on both studies. Applying the methodology 
described in ‘Methods, Individualised dosing strategies’, the models were 
used in drug development to establish and update the individualised dosing 
strategy for NXY-059 (Figure 5); the most recent estimation being for the 
presently ongoing SAINT studies. 

Performance of study using selected dosing strategy 

Dose
selection 
Study 1 

Population 
PK model 
Study 1 

Population 
PK model 
Study 2 

Population 
PK model 

Studies 1 and 2

Dose estimation 
Future study 

 (SAINT) 

Dose
estimation 

Study 2 

Basis for dose estimation updated with gained knowledge  

Figure 5 Scheme for events described in development of NXY-059.  

Patients and design 
Patients with acute ischemic or haemorrhagic stroke were treated with NXY-
059 (in either a low or high dose) within 24 hours of the onset of symptoms 
of stroke. Two major differences should be noted between the studies: these 
were that patients with haemorrhagic stroke were excluded from Study 2 and 
the lower limit for inclusion with respect to calculated CLCR was < 50 
mL/min and < 30 mL/min in Studies 1 and 2, respectively. 

NXY-059 was given as a continuous intravenous infusion for 72 hours, 
including a 1-hour loading dose being given to achieve the target level 
quickly. Infusion rates were individualised on the basis of the calculated 
CLCR using the Cockcroft and Gault method (109), as summarised in Table
2.
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Table 2 Infusion rates used in NXY-059 studies
Study Target unbound 

concentration
( mol/L) 

Creatinine
clearance
(mL/min) 

Loading 
infusion
( mol/h) 

Maintenance
infusion
( mol/h) 

 Low 
dose 

High
dose 

 Low 
dose 

High
dose 

Low
dose 

High
dose 

Study 1 20a 40a  60 656 1311 223 446 
 20a 40a 50 – 59 50% reduction 50% reduction 
Study 2 100 200 > 80 2400 4774 1102 2212 
 100 200 51 – 80 2400 4774 688 1360 
 100 200 30 – 50 2400 4774 433 854 
a The aim was for > 90% of the patients to achieve unbound concentrations of  20 mol/L 
and 40 mol/L for the low- and high-dose groups, respectively. 

In both studies, venous blood samples were collected before the start of 
the infusion and then it was planned to collect between four and eight 
samples at subsequent times during and after the loading and maintenance 
infusions. After 24 hours, one sample was taken to measure the unbound 
plasma concentrations of NXY-059. Concentrations of NXY-059 were 
determined in plasma and plasma ultrafiltrate (unbound concentration 
determined by the use of ultrafiltration) using a validated column-switching 
high-performance liquid chromatographic method (42). All plasma drug 
analyses were performed at AstraZeneca R&D, Södertälje, Sweden. 

Justification of targets in the establishment of dosing strategies 
Given that there are no biomarkers available that predict the effects of NXY-
059, the unbound plasma concentration of NXY-059 was considered the 
most suitable target variable.  

At the time of planning Study 1, an unbound plasma concentration of 40 
mol/L had been shown to be neuroprotective in a rat transient focal cerebral 

ischemia model (110), an exposure level shown to be safe in healthy 
volunteers (42). Therefore, the aim was to reach a steady state unbound 
plasma concentration of NXY-059 (Cu,ss) of   20 and 40 mol/L in > 90% 
of the patients in a low and high dose group, respectively. For patients with a 
CLCR < 60 mL/min a dose adjustment was recommended. The known 
CLCR - CLu relation (42) and a distribution of CLCR in stroke patients from 
a previous clinical study (104) and other observations (AstraZeneca, data on 
file) were used to derive maintenance infusion rates (Table 2). This was not 
achieved by estimation, but through the evaluation of various infusion rates, 
to find one resulting in the desired target exposure. 

The infusion rates for Study 2 and the SAINT studies were estimated by 
applying the methodology described previously (in ‘Methods, Individualised 
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dosing strategies’) with the definitions (given in Table 1) being based on the 
most recently available knowledge. It was considered to be more important 
to ensure an effective exposure to the drug than to pay great heed to the risk 
of undesired effects arising from too high an exposure. This motivated the 
use of the chosen risk function, RLOG. In planning Study 2, the target values 
were increased (100 and 200 mol/L) on the basis of results demonstrating 
that higher concentrations were required for efficacy than had previously 
been believed and that the neuroprotective effect was linearly related to 
plasma concentration (35, 36). The chosen target value for the SAINT studies 
(250 mol/L) was based on the average exposure at the highest dose in 
Study 2, which had been well tolerated, and the fact that increasing the 
exposure was expected to be therapeutically beneficial considering the linear 
relationship between neuroprotection and plasma concentrations in the 
permanent focal ischemia model (36, 108).  

Population PK analyses 
The population pharmacokinetic analyses were carried out using non-linear 
mixed effect modelling by means of NONMEM version V (88) using FO, 
FOCE or FOCE INTER (the first-order conditional estimation method with 
interaction). The statistical package S-Plus version 5 (Insightful Corporation, 
Seattle, WA) together with Xpose versions 2 and 3, was used for data set 
checkout, exploration and visualisation, model diagnostics, and model 
comparison (111). The main tool used for selection between hierarchical 
models was the likelihood ratio test (88). 

Existing knowledge of that NXY-059 could be described by a two-
compartment open pharmacokinetic model (42) was used as the starting 
point in the analysis of Study 1. Analysis of the combined data started out 
from the final model for Study 2, with the main aims being: (i) to elucidate 
whether the PK of NXY-059 was non-linear with respect to elimination 
and/or protein binding; and (ii) to explain the differences in covariate 
relations for clearance between studies. To enable simultaneous modelling of 
non-linear protein binding and non-linear elimination, unbound 
concentrations were included in the data set. 

Exponential models were used to account for inter-individual variability 
and covariance between inter-individual random effects was considered. 
Different models were evaluated for the description of the residual error, 
including an additive, a proportional, and a combined additive and 
proportional model on untransformed data and an additive model on log-
transformed data. 
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Covariate models were built applying a stepwise, generalised additive 
modelling procedure (112, 113) for identifying covariate-parameter 
relations, followed by stepwise forward inclusion (of selected relations) and 
backward elimination within NONMEM in Study 1 (114). In Study 2, a 
stepwise, covariate model building procedure within NONMEM was used 
(115).

Bias in parameter estimates 
Many outcomes in clinical trials are reported as ordinal data from repeated 
measurements. Modelling such data is common in drug development (12, 47, 
116-122), thereby demanding appropriate methods to obtain models that are 
useful for the description, prediction and estimation of dosing strategies. The 
aim of Paper V was to investigate the bias in parameter estimates, when 
models for ordinal data from repeated measurements were estimated using 
different estimation methods, with a focus on non-even distributions of the 
response categories and the impact of inter-patient variability. 

Model for simulation and estimation 
The response was a four-category variable on the ordinal scale with 
categories m = 0, 1, 2 and 3. Original data sets were simulated from a 
cumulative logit model with random intercept (47, 117, 123) and a fixed 
study design was adopted. For the jth observation in the ith individual, Yij,
the probability of having a response that is larger or equal to Ym (pmij), are 
given by equations 17 - 19.
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The function g[.] denotes the logit transform of a probability, which was 
applied to constrain probabilities between 0 and 1. 1 to 3 specifies the 
intercept of each logit, where 2 and 3 are increments constrained to be 
negative. fP is a function representing the effect of placebo and was, in this 
case, a step function: fP = 4*OCC where OCC = 0 for baseline observations 
and OCC = 1 for all other observations. The effect of the drug, fD, was 
described with a linear relation as follows: fD = DOSE* 5. i is a normally 
distributed individual-specific random effect with a mean of zero and a 
variance of 2.

Procedure
Data sets, comprising 1000 patients with four observations each, containing 
only baseline observations or observations at baseline and following 
treatment with placebo and drug, were simulated using the cumulative logit 
model with random intercept. Parameter values, PTRUE, were set to ensure 
that original simulated data sets were obtained with different distributions of 
the responses between the four categories (Table 3), the overall inter-
individual variance, 2, being varied. 

Table 3 Distribution of responses between categories and true estimates of variances 
for the original data sets.

Scenario Data Proportions of category 0/1/2/3 
at baseline (%) Variance ( 2)

A B 25/25/25/25 4a, 10, 40 

B B 82.5/10/5/2.5 4, 10, 40

C B 90/5/3/2 0.5, 2, 4, 10, 40

Db B + P + D 25/25/25/25 4a

Ec B + P + D 96.5/1.2/1.4/0.84 0.5, 4, 40 
a The proportions of categories 0/1/2/3 at baseline (%) were, in this case, 24/26/26/24.
b The proportions of category 3 following treatment with placebo and the highest drug dose 
were 30% and 50%, respectively. 
c The proportions of category 3 following treatment with placebo and the highest drug dose 
were 3% and 6%, respectively. 
B = baseline; P = placebo; D = drug 

For each scenario, 100 original data sets were simulated using NONMEM,
and the model used for simulation was fitted to each data set using methods 
employing different approximations of the likelihood integral; LAPLACE in 
NONMEM (without and with the centering option) and NLMIXED, and the GQ 
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method in NLMIXED (with three versions of the GQ method being tested) 
(88, 94, 96). The distribution of the responses for the original data sets was 
compared with the corresponding distribution for data sets simulated from 
estimated population parameters with  given by N(0, 2

est), where 2
est is 

the estimated variance, or from estimated population parameters but with 
given by empirical Bayes estimates, EBE. The relative estimation error was 
calculated for each parameter according to equation 20, where PEST is the 
estimated parameter value. The bias and precision in parameter estimates 
were presented by plotting the relative estimation errors as box-plots. 

|P|
PPerrorestimationRelative

TRUE

TRUEEST  (20) 
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Results

A priori covariate-based dosing strategies (Paper I) 
Factors determining the dosing strategy 
The main factor determining the optimal dose ratio, that is, the ratio of the 
high dose over the low dose for two adjacent doses, was fepop, which is 
closely linked to the extent of the variability in CL explained by CLCR 
(Figure 6, panel A). In addition, the estimated dose ratios correlated 
positively with the range and/or variability in CLCR. 
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Figure 6 Main factors determining the a priori dosing strategy. (A) Estimated 
optimal dose ratio versus fepop, where ratio is the high dose over the low dose for 
two adjacent doses and the doses are numbered in order of increasing renal function. 
(B) Estimated optimal cut-off (CO) values versus the median CLCR in the 
population for a dosing strategy with two dosing categories (fepop = 1 or 0.5) and for 
a dosing strategy with three dosing categories (fepop = 1). The thin dashed line is the 
line of identity. In both graphs the unexplained variabilities in CLR, CLCR and 
CLNR were 20%, 35% and 40% CV, respectively. In plot A the typical CLCR in the 
population was 75 mL/min. 
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The optimal CO, on the other hand, was dependent on the distributions of 
CLCR. For a dosing strategy with two dosing categories the optimal CO was 
in close agreement with the median CLCR in the population, with no or little 
influence from fepop (Figure 6, panel B). Similarly, for dosing strategies 
involving more than two dosing categories, the estimated COs paralleled 
median CLCR in the population but estimates were shifted upward- and 
downward, respectively (Figure 6, panel B).  

The gain from adding dosing categories was large when the 
individualisation involved two or three dosing categories but extending the 
number of dosing categories further resulted in just a marginal benefit 
(Figure 7, panel A). As can be expected, a population with a wide range of 
CLCR values gained more by individualisation than a population with a 
narrow range. Fixing the dose ratio and the CO to commonly used values 
resulted in less gain and, for some situations, even an increase in the overall 
variability (Figure 7, panel B). 
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Figure 7 Value of individualisation for (A) optimal dosing strategies with 2 to 5 
dosing categories and (B) dosing strategies with certain constraints imposed. The 
gain is expressed as the change in overall variability for each dosing strategy relative 
to the overall variability for a dosing strategy consisting of just 1 dose. DR, dose 
ratio; CO, cut-off. The typical CLCR in the populations was 75 mL/min, the 
unexplained variabilities in CLR, CLCR and CLNR were 20%, 35% and 40% CV, 
respectively.

Sensitivity analysis 
The estimated optimal dosing strategies with two dosing categories using 
four real distributions of CLCR were in agreement with corresponding 
dosing strategies estimated using four matching simulated CLCR 
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distributions. The simulated distributions were matched to the real 
distributions with respect to the median and variability and the estimations 
were performed for populations with fepop = 1 and 20% CV unexplained 
variability in CLR. The estimated dose ratios and COs did not differ by more 
than 0.1 and 5 mL/min, respectively. The results confirmed that the 
simulated CLCR distributions provide a satisfactory representation of the 
real distributions for the purpose of dosing strategy estimation. 

Comparison of the estimated dose sizes and COs obtained from the two 
estimation methods, the stepwise and direct methods, was performed for one 
series of simulated data sets with fepop varying from 0.33 to 1, a typical 
CLCR of 75 mL/min and unexplained variabilities in CLR, CLCR and 
CLNR of 20, 35 and 40% CV, respectively. No large discrepancies were 
revealed; for a dosing strategy with four categories, the estimated dose sizes 
and COs did not differ by more than 4% and 7 mL/min, respectively, for any 
of the cases. 

Using non-quadratic and/or asymmetric risk functions did not have a 
marked impact on the choice of dosing strategy in terms of dose ratios and 
cut-offs, as assessed for a dosing strategy with two dose levels (fepop = 1 and 
20% CV unexplained variability in CLR). However, an asymmetric risk 
function that penalises upward deviations from the target more than 
equivalent downward deviations resulted in lower estimates of the dose 
sizes, and vice versa, compared with a symmetric risk function.  

A posteriori dosing strategies (Papers III and IV) 
Illustration of methodology 
By fixing 2, the estimated parameters moved towards a stable value with a 
decreasing 2; the same behaviour was observed for the value of the 
minimised risk function (Figure 8). The interval between the fixed 2 that 
provided appropriate estimates was found to be sufficiently wide for a 
variety of conditions studied. The results supported the supposition that the 
method behaves as desired using the two-step procedure, i.e. that all 
parameters, including 2, were estimated in the first step for the model of 
interest and in the second step 2 was fixed at 1/100th of the estimated 2

from step 1. 
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Figure 8 Influence of the fixed value of the variance estimate, 2, for one hundred 
data sets, on (A) the estimated parameter values, and on (B) the value of risk 
function. The highest fixed value corresponds to the estimated 2. D1 corresponds to 
the low dose rate, INCR is the dose increment from low to high dose and P1 is the 
proportion of patients assigned the lower dose. 

Aiming at a single PK or PD target 
Many of the trends in the results were easily foreseeable, but making a 
quantitative decision about the optimal dosing strategy would have been 
difficult without performing an estimation of the strategy. 

When aiming at the PK target (Css), the ratio between the high and low 
dose increased with increasing variability in CL for unimodal distributions 
(Figure 9, panel A). The corresponding estimated P1 was constant at 50% 
employing an R on the log scale (RLOG), but decreased with increasing 
variability when the R was on the linear scale (RLIN) (Figure 9, panel A). 
When there was a large difference in the typical CL between PMs and EMs 
(fCL = 0.1), the dose ratio was approximately 10, which is in accordance with 
the difference between PMs and EMs. P1 coincided with the proportion of 
PMs in the population: 0.06 and 0.5 for CYP2D6 and NAT2 polymorphism, 
respectively (Figure 9, panel B; results shown for CYP2D6 only). 

The dosing strategy aiming at the PD target was affected by all the factors 
studied (Figure 10). The dose ratio increased with the increasing total 
variability in CL and in EC50, and with increasing correlation between 
individual estimates of CL and EC50. The influence of the steepness of the 
concentration-effect curve on the estimated dose ratio interacted with the 
defined level of the target. P1 increased with increasing target level in all 
situations, the rate of increase being dependent on the variability, correlation 
and steepness of the effect-concentration curve. 
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Figure 9 The dose ratios, i.e. the ratio of the high over the low dose rate, and the size 
of the sub-population assigned the low dose (P1) versus (A) variability in clearance 
for a population with a log-normal distribution of clearance, and versus (B) the ratio 
of the typical value for the clearance for poor metabolisers over the typical value for 
the clearance for extensive metabolisers (fCL) for a population with a bimodal 
distribution of clearance, i.e. with elimination via CYP2D6. 
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Figure 10 Influence of target level, extent of variability in CL and EC50, correlation 
between individual estimates of CL and EC50 and the steepness of the effect-
concentration curve ( ) on (A) the estimated dose ratios (high to low dose sizes), and 
on (B) the proportion of the population assigned the low dose (P1). Default settings: 
variability in CL and EC50 30% and 50% CV, respectively; correlation 0;  = 1. 
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Aiming at maximal utility and responder probability 
The estimated single dose for the whole population, was similar for the four 
utility definitions, but estimation of dosing strategies involving two dosing 
categories, revealed a larger dependence on the utility definitions (Table 4).
For example, when utility was maximised according to ALIN, the results 
suggested that one proportion of the patients (11%) did not gain from the 
drug treatment.  

Table 4 Estimated dosing strategies for oxybutynin given the four utility definitions. 
D1 and D2 are given as the daily dose in mg. 
Utility definition # dosing categories D1 (P1) D2 RMSE 
ALIN 1 8.69 NA 0.72 
 2 0.00 (0.11) 9.95 0.69 
ANLIN 1 9.31 NA 0.57 
 2 6.26 (0.34) 12.6 0.54 
MLIN 1 9.61 NA 0.59 
 2 7.90 (0.52) 12.5 0.58 
MNLIN 1 10.9 NA 0.50 
 2 8.40 (0.43) 14.6 0.48 
D1, size of the single or the low daily dose; D2, the size of the high daily dose; P1, the 
proportion of patients expected to be preferentially treated with the low dose; RMSE, root 
mean squared error; NA, not applicable. 

When maximising responder probability, the dose sizes decreased and P1
increased with increasing COE, i.e. with a decreasing demand on efficacy 
(Figure 11, panel A). In addition, the corresponding estimated dose sizes and 
P1 were higher when the responder definition was more tolerant toward 
toxicity (data not shown). 

Estimation of individualised dosing strategies was possible and the gain 
from individualisation was assessed using the RMSE, which reflects the 
value of the risk function. In all cases studied, the gain was greater when 
dosing strategies were estimated by maximising responder probability 
compared with the gain obtained when maximising utility (Figure 11, panel 
B and Table 4).

Introduction of a random variation between patients in the utility or 
responder definition resulted in dosing strategies similar to those estimated 
without the random variability. In addition, the gain with individualisation 
was not larger when individual utility or responder definitions were used. 
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Figure 11 (A) Estimated daily dose and proportion (P1) of patients that can be 
expected to be preferentially treated at the lower dose level versus the efficacy 
response level required to reach to be a responder (COE). (B) Root mean squared 
error (RMSE) versus the efficacy response level required to reach to be a responder 
(COE), for optimally estimated dosing strategies and for strategies comprised of one 
single dose of 5, 10 or 15 mg. With respect to toxicity, a patient experiencing a dry 
mouth score  2 was considered a responder.  

NXY-059 (Papers I and II) 
PK results 
A total of 97 and 87 patients with acute ischemic or haemorrhagic stroke 
were treated with NXY-059 in Studies 1 and 2, respectively, whereof 179 
had PK information available (Table 5).

In Study 1, the CL of NXY-059 in patients with acute stroke was 
somewhat higher than expected, resulting in lower exposure to NXY-059 
than expected in both the low and high dose group (Table 6). In the low dose 
group in Study 2, the observed exposures were in agreement with 
expectations, but in the high dose group, the averages of the observed Cu,ss
and Css approximately 24 hours after the start of the infusion were, 
respectively, 30% and 14% higher than anticipated (Table 6).
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Table 5 Demographic characteristics for patients treated with NXY-059.
 Study 1 Study 2 
No. of patients included in the PK 
analysis

92 87 

No. of plasma samples 558 667 
Patients on each treatment
Low target 44 48 
High target 48 39 
Characteristics [median(range)] 
Age (years) 71 (37 – 85) 70 (34 – 92) 
Body weight (kg) 77 (40 – 125) 76 (42 – 108, n = 85) 
Body mass index (kg/m2) 26 (16 – 44) 26 (18 – 44, n = 81) 
Creatinine clearancea (mL/min) 71 (40 – 141b) 61 (22 – 129c, n = 83) 
Sex (n)
Male 57 53 
Female 35 34 
a Calculated according to Cockcroft and Gault’s method   (109). 
b Mean of values at admission, and at 1, 24, 48 and 72 h after the start of treatment. The 
estimates were truncated upwards at 140 mL/min. 
c The creatinine clearance varied over the duration of the study; the minimum and maximum 
values observed taking all values into account were 20 and 143 mL/min, respectively. 

Table 6 Average of observed unbound plasma concentrations of NXY-059 at steady 
state compared with the expected values, and % of the population above pre-defined 
concentrations of NXY-059 required for target fulfilment. Measurements were made 
approximately 24 hours after the start of the infusion.

 Study 1  
 Low dose (n=38) High dose (n=38) 
 Expected  Observed Expected  Observed 

Average ( mol/L) NA 25 NA 46 
% > 20 mol/L 90 68 NA NA 
% > 40 mol/L NA NA 90 63 

 Study 2  
 Low dose (n=44) High dose (n=36) 
 Expected Observed Expected Observed 

Average ( mol/L) 100 109 200 260 
% > 70 mol/L 90 92 NA NA 

% > 150 mol/L 5 7 90 92 
% > 300 mol/L NA NA 5 25 

na = not applicable 
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The final population PK models in each step described the data well 
(Figure 12). They comprised two-compartment models in which the central 
volume of distribution (Vc) and CL were related to the body weight 
(linearly) and CRCL (linearly or non-linearly), respectively (Table 7). The 
differences between the models were related to the CL-CLCR relationship, 
the model for residual variability and the correlation between inter-
individual random effects for CL and Vc. When combining all data, the study 
related difference in the relationship between CL and CLCR was shown to 
be promoted by one patient, as indicated by the likelihood-based diagnostic 
method (124). Further, a non-linear relationship between CL and CLCR 
could be characterised, in which CL was constant in patients with CLCR 
40 mL/min and, above this threshold, the CLCR - CL relationship was 
linear. Models incorporating non-linear elimination in conjunction with non-
linear protein binding could potentially explain the larger deviation in Cu,ss 
than Css observed at the highest infusion rate. Such models could describe 
the data but resulted in uncertain parameter estimates and were not 
statistically significantly better. 

Table 7 Population parameter estimates (% RSE) for final models for NXY-059 
 Study 1 Study 2 Combineda

Structural model parameters 
Clearance70

b (L/h) 4.59 (2.5) 4.34 (3.2) 4.54c (1.8) 
Central volume of distribution75

d (L) 6.96 (16) 8.79 (13) 7.76 (18) 
Inter-compartmental clearance (L/h) 15.9 (24) 7.41 (50) 13.1 (46) 
Peripheral volume of distribution (L) 8.37 (13) 5.82 (15) 7.17 (19) 
Fractional change in clearance with 
creatinine clearanceb 0.0147 (8.5) 0.00829 (13) 0.0120 (6.4) 

Fractional change in central volume of 
distribution with body weightd 0.0185 (20) 0.0140 (24) 0.0198 (27) 

Inter-subject variability parameters 
Clearance (% CV) 22.0 (20e) 26.0 (19e) 23.0 (13e)
Central volume of distribution (% CV) 38.0 (40e) 31.0 (39e) 40.0 (52e)
Correlation between inter-individual 
random effects in CL and Vc

ne ne 0.27 (47e)

Residual variability parameters 
Additive residual error (SD) ( mol/L) 5.8 (19) ne ne
Proportional residual error (% CV) 9.70 (25) 14.0 (8.9) 16.5 (7.5) 
a One patient shown to promote study difference not included. 
b Clearance70 refers to a patient with a creatinine clearance of 70 mL/min where  
CL = Clearance70 · (1 + fractional change in CL with CLCR · (CLCR – 70)) 
c CL = 2.91 if creatinine clearance  40 mL/min 
d Central volume of distribution75 refers to a patient with a body weight of  75 where  
Vc = Central volume of distribution75 · (1 + Fractional change in Vc with WT · (WT – 75)) 
e The % RSE for the corresponding variance or covariance term. 



40

0 50 100 150
PRED

0

50

100

150
O

B
S

A

0 50 100 150
IPRED

0

50

100

150

O
B

S

0 175 350 525 700
PRED

0

175

350

525

700

O
B

S

B

0 175 350 525 700
IPRED

0

175

350

525

700

O
B

S

0 175 350 525 700
PRED

0

175

350

525

700

O
B

S

C

0 175 350 525 700
IPRED

0

175

350

525

700

O
B

S

Figure 12 Goodness-of-fit plots for the final models: (A) Study 1, (B) Study 2, and 
(C) combined analysis. The left panels show the observed plasma concentrations 
(OBS) versus the predictions based on the population parameter estimates (PRED). 
The right panels show the observed plasma concentrations versus the predictions 
based on individual empirical Bayes estimates (IPRED). The solid diagonal line is 
the line of identity. 



41

Dose estimation for NXY-059 
The estimated individualised dosing strategies for NXY-059 with respect to 
dose ratios and CLCR COs were in agreement with the results based on the 
simulation study (Paper I), given the features of the population PK model 
and the CLCR distribution. 

In the initial estimations of dosing strategy for Study 2, it was found that 
individualising the loading infusion had little impact on the total variability 
in Cu,1h (24% versus 21% CV using one or two dosing categories, 
respectively), and the fulfilment criterion (Table 1) was met using the same 
dose for all patients. For the maintenance infusion, individualisation was 
required and a dosing strategy with three dosing categories (CLCR COs at 
50 and 80 mL/min), was sufficient to fulfil the criterion. Introducing a fourth 
dosing category resulted in little benefit (the overall variability in Cu,ss
decreased from 26% to 24% CV). The final dosing strategy for Study 2 is 
given in Table 2. The optimal dosing strategy for the SAINT studies, based on 
the population model from the combined studies, involved slightly different 
CLCR cut-offs (55 and 85 mL/min) than the ones used in Study 2 and higher 
infusion rates owing to the higher target concentration. The outcome for a 
dosing strategy fixing the cut-off values to those used in Study 2 (50 and 80 
mL/min) was found to be similar to that for the optimal strategy, and the 
increase in overall variability was small (from 24% to 25% CV). Therefore, 
the values for the CLCR COs established for Study 2 were kept and 
corresponding infusion rates were estimated as 1260, 1730 and 2520 mol/h. 
The loading infusion was estimated as 5940 mol/h. 

The introduction of uncertainty in population estimates resulted in a range 
of estimated dosing strategies (Paper I). The median values of the infusion 
rates and COs were close to those obtained without taking uncertainty into 
account, the imprecision being low for population estimates of CL and the 
unexplained inter-individual variability of CL. The performance of the 
dosing strategy when the uncertainty of the parameter estimates was taken 
into account was assessed as the RMSE of the achieved concentrations 
compared to target ones, and it appeared that the estimate of the unexplained 
variability in CL was the most important determinant for the performance. 

Bias in parameter estimates (Paper V) 
For many of the conditions tested, LAPLACE performed well and bias in the 
parameter estimates was low. The bias became more apparent when using 
LAPLACE with (i) increasing skewness in the distribution of the responses 
and (ii) an increasing true value of 2 (Figure 13 and Figure 14). The 
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application of LAPLACE with the centering option resulted in a substantial 
reduction of and change in sign of the bias (Figure 14). For all conditions 
tested, the GQ methods performed satisfactorily without appreciable bias in 
the estimates of the parameters (Figure 14). The bias and the precision in the 
estimates using the three different GQ methods were almost identical. 
Simulations based on the estimated parameters showed that data reflecting 
the observations could not be generated when bias was present. The 
simulations based on the estimated parameters and the EBE of s were better 
when the variance was high. 
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Figure 13 Relative estimation error for population parameters estimated using 
LAPLACE in NONMEM for (A) scenarios A – C, 2 = 4 , and for (B) scenario C. The 
solid horizontal lines in the middle of the boxes show the median values and the 
length of the box is the inter-quartile range. The whiskers encode the upper and 
lower adjacent values, where the upper adjacent value represents the largest 
observation that is  the upper quartile times 1.5. Likewise, the lower adjacent value 
follows the same, but opposite, calculations. Values beyond the whiskers are plotted 
individually as open circles. 
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2 = 40, estimated using LAPLACE in NONMEM (NM) and NLMIXED (SAS), 

LAPLACE with the centering option in NONMEM (Center), nonadaptive GQ (noad), 
non-adaptive scaling of the GQ (noadscale) and adaptive GQ (ad). See Figure 13 for 
an explanation of the symbols. 
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Discussion

Individualised dosing strategies comprising a discrete number of dosing 
categories have been estimated. The several factors shown to influence the 
estimated optimal dosing strategy will have implications for study design, 
data collection, the development of a population model and determining the 
definition of the target, as exemplified below. 

To estimate an optimal a priori dosing strategy, it is crucial to collect data 
describing the covariate distribution in the target population, as the 
median of the covariate distribution was a major determinant of the value 
of the covariate CO. 

For both a priori and a posteriori dosing strategies, the characterisation of 
the structural model is important, as was shown by the influence of fepop,
the relative magnitude of typical CL in EMs and PMs (fCL), and the 
sigmoidicity factor ( ). Hence, in designing a study, attention needs to be 
given to the number of patients, the sub-populations included and the 
dose ranges studied, to obtain good estimates of such parameters. 

It is not only the structural model that needs proper characterisation, the 
description of the inter-individual variability, including correlations 
between individual estimates, is of importance, too. Hence, an estimation 
method resulting in realistic estimates of variances is preferred, e.g., non-
linear mixed effects estimates are preferable to standard 2-stage estimates, 
which are known to be inflated (83). Also, the FOCE method yields better 
variance estimates than the FO method in NONMEM (95).

For estimation of the dosing strategy, it is essential to use a population 
model that is predictive of the outcome, and in the development of a 
population model, the estimation method should be considered to avoid 
bias in population parameter estimates. 

A major component in determining a dosing strategy for individualisation 
is the definition of the target and considerable attention needs to be given 
to defining the target as the resulting dosing strategy will be heavily 
dependent on it. The perception of the target may vary and, therefore, 
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there may be appreciable uncertainty in defining a suitable target. Further, 
formalisation of the judgement of seriousness of deviations from the 
target in a risk function may be associated with difficulties owing to that 
such a definition seldom is explicitly formulated. To form an idea of the 
appropriate definition, it may be helpful to assess several definitions as 
illustrated in this thesis. For example, the estimated dosing strategies in 
Paper IV were robust to random inter-patient variability in the utility and 
the responder definitions, and systematic variability in the apprehension 
of the utility and the responder definitions was taken into account by 
comparing several different definitions. The 10 mg single dose performed 
well across most definitions and may, therefore, be the best choice of 
single dose (Table 4, Figure 11), but the definitions of utility and 
responder had impact on the individualised dosing strategy. Similarly, 
different definitions of the risk function were assessed in Paper I. 

The presented methodology can be applied in a setting where an 
evaluation of individualisation may be of interest, e.g. should one go for a 
one-dose-fits-all strategy or allow two dosing categories? However, to make 
a proper decision, one has to assess the credibility of the estimated dosing 
strategy in terms of (i) the uncertainty in the estimated parameters of the 
dosing strategy and (ii) the value of the improvement to be gained from 
individualisation.  

(i) The standard errors obtained from NONMEM in the estimation of a 
dosing strategy are not useful as measures of the uncertainty because they 
are dependent on the size of the data set determined by the analyst. In the 
proposed approach, the uncertainty in the estimated dosing strategy is related 
to the uncertainty in the PK and/or PD population parameters on which the 
estimation is based and on the covariate distribution, if applicable. In the 
simulation studies, the point estimates of the population parameters in the 
PK and PD models were assumed to correspond to true population estimates 
of the model, so uncertainty was not an issue. In reality, the uncertainty in 
the parameters of the estimated dosing strategy can be obtained by deriving 
n sets of population PK/PD parameters generated from a non-parametric 
bootstrap (125, 126) or from the variance-covariance matrix of the estimates 
in NONMEM, followed by estimation of the dosing strategies based on each 
set of the population parameters. The parameters of the optimal dosing 
strategy will then be described in terms of a mean and a standard error, 
resulting in a range of possible optimal dosing strategies. The 
appropriateness of the estimated dosing strategy can be assessed by judging 
whether the range of dosing strategies indicated by the uncertainty results in 
acceptable target outcomes. This can be accomplished by comparing the 
outcome for a number of nearby dosing strategies and constructing contour 
plots as exemplified in Figure 15.
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Figure 15 Illustration of how the appropriateness of the estimated dosing strategy, 
can be assessed by judging whether the range of dosing strategies indicated by the 
uncertainty, results in acceptable target outcomes. The target fulfilment, here the 
root mean squared error (RMSE), is presented over a range of combinations of D1
and D2 (given optimally estimated P1). Each contour line is labelled and represents 
the level of RMSE.   

(ii) To judge the value of individualisation, it is of interest to know the 
precision of the estimated improvement and whether the improvement is 
large enough to be relevant. As for the uncertainty in the dosing strategy, the 
precision of the estimated improvement is related to the uncertainty of the 
population model used. By taking the uncertainty into account, a confidence 
interval for the improvement to be gained from individualisation can be 
calculated. This can be accomplished by generating n sets of population 
parameters as described above and based on each set, simulating a new 
population. The estimated 1- and 2-category dosing strategies are then 
applied to each population and the improvement in outcome (e.g. the 
decrease in RMSE) is calculated. The improvement brought about through 
individualisation, as assessed by the decrease in RMSE in Paper IV 
(corresponding to an increase in the utility and the responder probability) 
appeared to be small. However, assessing the relevance of the improvement 
requires a clinical perspective and will be dependent on the disease treated. 
In the NXY-059 case, a criterion based on efficacy and safety considerations 
was defined beforehand which made it possible to judge if the improvement 
was relevant or not. External factors, such as the cost of therapy, alternative 
therapies available and the severity of disease may also influence the 
judgement of how valuable the improvement is, but such considerations 
were not made in this thesis.
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In all cases studied, the gain of individualisation was greater when a 
responder criterion was maximised compared with maximising utility. 
Defining utility or responder probability requires that different types of 
desired effects and toxicities are all quantified on the same value scale. 
Responder definitions only necessitate cut-off levels to be defined and are 
often easier to define than utility where all levels of effect and toxicity need 
to be translated into a utility value. Therefore, responder definitions may 
have the potential to be more attractive in drug development. However, the 
results in this thesis indicate that they may favour individualisation to a 
higher extent than utility definitions. 

The proposed methods for the establishment of a priori and a posteriori
individualised dosing strategies were studied under fairly simple conditions, 
but can be generally applied for more complex situations. For example, a 
situation with non-linear PK, a non-linear relation between a PK/PD 
parameter and a covariate, a target value dependent on a covariate and/or a 
utility definition based on multiple efficacy and/or toxicity variables (10) 
requires solely that the population model, the selected target variable and/or 
the utility definition is extended accordingly. Further, dosing strategies were 
estimated under the assumption that the titration phase is unimportant and/or 
short in relation to the maintenance phase. Estimation of an optimal dosing 
strategy for both the titration and maintenance phases would require 
optimisation also with respect to the time-point(s) for feedback 
observation(s) and, therefore, parameters influencing the target variable 
during the titration phase and the length of the maintenance phase in relation 
to the titration phase, need to be considered. 

The individualisation conditions can be altered in many ways. The 
number of dosing categories is one variable where the methodologies 
encompass no constraints, but estimation of more than four categories using 
the mixture models requires user defined subroutines. In most situations 
extension above four dosing categories will result in little gain and more 
than four categories may be impractical. Furthermore, as the number of 
parameters increases, it will be more difficult to find the set of parameters 
that minimises the risk function, and increasing the number of dosing 
categories will result in less difference between an optimal and a sub-optimal 
strategy. Another possible option for individualisation when maximising 
utility/responder probability, would be to assume that any patients not 
gaining from the drug treatment have the possibility to obtain a zero dose, by 
including one sub-population in the estimation with a fixed dose of zero. 
This would lead to more optimal dosing strategies and improved outcome in 
patients benefiting from drug treatment. Some of the individualisation 
conditions may also be altered because of restrictions arising from practical 
or safety considerations. For example, covariate CO values may be fixed 
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beforehand and/or dose sizes may be restricted to available dose strengths 
and combinations thereof. Despite the fact that constraints are introduced, 
the optimal dosing strategy can still be estimated and the outcome of the 
constrained and optimally estimated dosing strategy can be compared and 
evaluated in relation to any acceptable overall target definition, possibly 
leading to relaxation of pre-defined constraints. 

The establishment of dosing strategies for NXY-059 over time illustrates 
how the best information available at each point in time was used for dose 
selection, and how the underlying basis was updated as new knowledge 
became available. The outcome for Study 2 was in agreement with 
expectations for the low target, but for the high target the exposure exceeded 
expectations. The disagreement may be related to the derivation of the 
expectations, for example, (i) the population PK model (Study 1) may not 
have been correctly specified, (ii) the assumption that fu is 0.61 in all patients 
may be wrong, (iii) the expectation was derived without including the 
residual variability, (iv) the uncertainty in parameter estimates of the 
population PK was not taken into account. Another reason to the 
disagreement may be non-adherence of the dosing strategy. However, none 
of these factors could alone explain the unexpected result, as given in the 
following, and there is a possibility that the result was obtained by chance 
owing to the small sample size. 

As far as the known sources of error are concerned, the population model 
was slightly misspecified with respect to the slope of the CL covariate 
relation, which could result in the expectation of lower steady-state levels for 
patients with a high CLCR, but the higher than expected Cu,ss values were 
observed over the entire CLCR range. Further, complex models potentially 
explaining the larger deviation in Cu,ss than in Css following the highest 
infusion rate were not supported when applied for the combined studies. The 
slightly higher fu indicated in Study 2 (averages of 0.67 and 0.70 in the low 
and high dose group, respectively) could partly explain the results, but could 
not explain the disagreement in the total concentrations. Expectations taking 
the residual variability into account would broaden the range of expected 
outcome and, given a proportional residual error, expectations would be 
shifted upwards, but not to the extent observed here. The estimate of 
unexplained variability in CL has been shown to be a determinant for the 
performance of the dosing strategy, but the imprecision in this parameter, as 
well as in other parameters of importance for predicting the steady state 
levels, was low. In addition, taking the residual variability and the 
uncertainty into account would influence the expectations at the lower target 
as well. Finally, with respect to adherence of the dosing strategy a higher 
infusion rate than that recommended with respect to CLCR was administered 
for the high target group in a few instances.  
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Marked bias was observed in population parameter estimates when 
applying the Laplacian estimation methods when modelling ordinal data 
from repeated measurements. The cause of the biased estimates associated 
with the Laplacian method appears to be related to the conditioning on 
uninformative and uncertain point estimates of EBE of s during the 
estimation, in conjunction with the assumption that the EBE of s reflect the 
true distribution of s. The information content of the data governs how 
closely the EBE of s reflect the true distribution of s. For categorical data, 
the information content is in general low and for data with skewed 
distributions of responses, the EBE of s are particularly uninformative and 
cannot properly describe the true distribution of s. When using the GQ, the 
likelihood integral is evaluated as a weighted sum over a range of  values 
centred around 0, or around the EBE of , and not only at a single EBE of .
The width of the region evaluated is governed by the variance, resulting in 
wider ranges being used with inflated variance. Thus, the GQ methods are 
less dependent on the exact value of EBE of .

When bias has been detected, the problem can be solved by either using 
an alternative estimation method, within NONMEM or other software, or by 
adopting a different modelling approach, i.e. making an alternative 
expression of the model. The Laplacian estimation with the centering option 
may be an alternative in situations when NONMEM is the software of choice 
owing to the advantages it infers in respect of the model library and the 
flexibility of describing dosing histories, for example. Another approach 
within NONMEM is the recently presented Back-step Method, which seeks to 
provide less biased model parameters (127). For the specific problem studied 
here, ordinal data with a skewed distribution of responses, an alternative 
formulation of the model has been proposed in which the incidence of 
response is modelled initially, followed by modelling of the severity grade 
for those patients who are responders (128). By mixing the predictions of the 
probabilities obtained from the incidence and severity models, unconditional 
predictions of the probability can be obtained.  
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Conclusions

Methods for the estimation of dosing strategies for individualisation have 
been developed and illustrated for some selected conditions. The 
investigations revealed that certain factors influence the optimal dosing 
strategies, and thus have implications for study design, data collection, 
model development and target definition. The methods can be extended to 
more complex situations, although further investigations may be needed to 
ensure the appropriateness for each new situation. 

The main application of the proposed methods is in the assessment of 
individualisation during the development of drugs. The NXY-059 example 
illustrated the feasibility of integrating relevant information, i.e. preclinical 
pharmacology, clinical pharmacokinetics, preclinical and clinical safety and 
patient characteristics, when estimating an individualised dosing strategy 
during clinical drug development. Employment of the methodology 
proposed in this thesis resulted in successful estimation of individualised 
dosing strategies, comprising an initial loading infusion (which was the same 
for all patients) followed by a maintenance infusion individualised on CLCR 
with cut-off values of 50 and 80 mL/min. Applying the dosing strategies 
resulted in the observed outcomes being achieved satisfactorily and in 
reasonable agreement with expectations. 

One factor contributing to the success of the estimation of dosing 
strategies is the use of a population model that is predictive of observations 
in the target population, and consideration of estimation bias was of 
importance when modelling repeated measures ordinal data. The Laplacian 
estimation method resulted in biased estimates of parameters in situations 
with skewed distributions of responses between categories and/or when there 
was a large inter-individual variability. Application of the Laplacian method 
with the centering option resulted in a substantial reduction of and change in 
sign of the bias. The Gaussian quadrature estimation methods in NLMIXED
performed without appreciable bias in parameter estimated. 
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