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Traue keiner Statistik, die du nicht selber gefälscht hast 
The only statistics you can trust are those you falsified yourself 

German proverb 



 

 iv



 

Papers discussed 

This thesis is based on the following papers, which will be referred to by their Ro-
man numerals as assigned below. 

I Siv Jönsson*, Maria C. Kjellsson*, Mats O. Karlsson. 
Estimating bias in population parameters for some models for re-
peated measures ordinal data using NONMEM and NLMIXED. 
J Pharmacokinet Pharmacodyn. 31: 299-320 (2004). 
Reprinted with kind permission of Springer Science and Business Media. 

II Maria C. Kjellsson, Siv Jönsson, Mats O. Karlsson. 
The Back-Step Method – Method for obtaining unbiased population 
parameter estimates for ordered categorical data. 
AAPS J. 6: Article 19 (2004). 
Reprinted with permission of American Association of Pharmaceutical Sci-
ence. 

III Maria C. Kjellsson, Per-Henrik Zingmark, E. Niclas Jonsson, Mats 
O. Karlsson. 
Comparison of proportional odds and differential odds models for 
mixed-effects analysis of categorical data. 
J Pharmacokinet Pharmacodyn. Sept 23 (2008) 
Reprinted with kind permission of Springer Science and Business Media. 

IV Hanna E. Silber, Maria C. Kjellsson, Mats O. Karlsson. 
The impact of model misspecifications on the type I error rate for 
covariate inclusion; an investigation of continuous and categorical 
data. 
Submitted 

V Maria C. Kjellsson, Daniele Ouellet, Brian Corrigan, Mats O. 
Karlsson. 
Modeling sleep data for a new drug in development using Markov 
mixed-effects models. 
In manuscript 

                               
* Siv Jönsson and Maria C. Kjellsson have contributed equally to this work. 



 

 vi



 

Contents 

Introduction.............................................................................................. - 11 - 
Population PK-PD modelling.............................................................. - 12 - 

Mixed-effects modelling................................................................. - 12 - 
Modelling categorical data .................................................................. - 14 - 

Link functions................................................................................. - 15 - 
The proportional odds model.......................................................... - 16 - 
The differential odds model............................................................ - 18 - 
The Markov model ......................................................................... - 19 - 

Estimation of parameters..................................................................... - 21 - 
Laplacian method............................................................................ - 22 - 
Gaussian quadrature method........................................................... - 23 - 
Back-step method ........................................................................... - 23 - 

Model selection ................................................................................... - 25 - 

Aim of the thesis ...................................................................................... - 29 - 

Methods ................................................................................................... - 31 - 
Clinical data......................................................................................... - 31 - 

T-cell receptor density .................................................................... - 31 - 
Diarrhoea severity........................................................................... - 33 - 
Sedation .......................................................................................... - 33 - 
Sleep stages..................................................................................... - 35 - 

Data analysis ....................................................................................... - 36 - 
Models ............................................................................................ - 36 - 
Simulation studies........................................................................... - 38 - 
Software.......................................................................................... - 39 - 
Developing a model for sleep stages .............................................. - 40 - 
Bias and precision........................................................................... - 43 - 
Predictive performance................................................................... - 43 - 
Simulation hypothesis test .............................................................. - 44 - 
Bootstrapping.................................................................................. - 45 - 
Clinical trial simulations................................................................. - 45 - 

 



 

 viii

Results...................................................................................................... - 47 - 
Performance of methods for regression............................................... - 47 - 
Ignoring assumptions in the proportional odds model ........................ - 48 - 
A reduced model building strategy for sleep stages............................ - 53 - 

Discussion ................................................................................................ - 57 - 
Perspectives......................................................................................... - 62 - 

Conclusions.............................................................................................. - 65 - 

Populärvetenskaplig sammanfattning ...................................................... - 66 - 

Acknowledgements.................................................................................. - 68 - 

References................................................................................................ - 71 - 

 



 

Abbreviations and symbols 

AUC Area under the plasma concentration time curve 
BSM Back-step method 
C Concentration 
CL Clearance 
df Degree of freedom 
EBE Empirical Bayes estimate 
FO First-order 
FOCE First-order conditional estimation 
GQ Gaussian quadrature 
IIV Inter-individual variability 
IOV Inter-occasion variability 
IS Initial sleeplessness 
LPS Latency to persistent sleep 
LRT Likelihood ratio test 
MS Multiple sclerosis 
NAW Number of awakenings 
OFV Objective function value 
P A parameter in a mixed-effects model 
P A vector of several parameters, P 
PD Pharmacodynamic 
PK Pharmacokinetic 
PSG Polysomnography 
PPC Posterior predictive check 
REE Relative estimation error 
SE Standard error 
SEF Sleep efficiency 
SHT Simulation hypothesis test 
TP Transition probability 
VPC Visual predictive check 
xi A covariate for the ith individual 
Xi Vector with all covariates for the ith individual 
�� Intercept parameter 
�� Differential effect parameter 
�OFV Difference in OFV 



 

 x

�� Difference between predicted and observed value 
�� Difference between population and individual parameter 
�� A parameter: 	� or 
2 
�� Vector of parameters, � 
	� Typical value, parameter in a mixed-effects model 
�� Difference between individual parameters for different occasions 
2 Variance of �'s, parameter in a mixed-effects model 
�2� Variance of �'s, parameter in a mixed-effects model 

2� Variance of �'s, parameter in a mixed-effects model 
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Introduction 

Data are traditionally defined as categorical or continuous, with the sub-
classes nominal and ordinal for categorical data and interval and ratio for 
continuous data1. Categorical data consist of variables with a finite number 
of values. The nominal variables are unordered, for example different cancer 
diagnosis, while ordinal variables have a natural order even though the exact 
spacing between the levels is unknown, for example pain relief. Binary vari-
ables, such as responder/non-responder, are a special case of categorical data 
with only two categories. Continuous data consist of variables with an infi-
nite number of values where ratio data have an identifiable absolute zero 
point while interval data do not. Interval data can also be viewed as ordinal 
data where the spacing between the categories is known. If a continuous 
measurement is categorized, the variable is in between ordinal and interval 
data as the exact levels are known. These data are nevertheless analyzed as 
ordinal as the level of the categories in themselves usually do not reveal the 
spacing, that is level two is not necessary twice as high as level one. 

An important aspect of clinical trials is to determine the pharmacokinetics 
(PK) of a drug, describing the time course of the systemic exposure follow-
ing a given dose2. Even more essential is to investigate whether a drug has 
an effect and how this effect varies with the systemic exposure; that is the 
pharmacodynamics (PD) of the drug. Categorical data are commonly meas-
ured repeatedly within the same patient in clinical trials describing both dis-
ease symptoms as well as effects of the drug. 

Traditionally, when analyzing data from a confirmatory clinical study the 
observations are analyzed by performing statistical testing using, for exam-
ple t-test or Wilcoxon signed-rank test, comparing the measurements before 
and after drug administration at a certain time point. Another approach is to 
perform statistical testing on the measurements for the active and the placebo 
arm in the study. This type of analysis, even though commonly used, an-
swers only a narrow question. Non-linear mixed-effects analysis, the method 
used in PK-PD modelling, is more appealing from a learning perspective3 as 
it provides the opportunity to explore the time course of the effect using all 
measurements obtained at different times within the same individual. 
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Population PK-PD modelling 
When model based analysis was first introduced within PK-PD analysis, the 
standard two stage approach was used to obtain summary measurements of 
all individuals, that is the population estimates. In the standard two stage 
approach each individual’s PK and PD parameters are estimated separately, 
followed by assessment of the variability in the data by calculating statistical 
summary measurements based on the individual parameters4-6. A limitation 
with this method is the extensive sampling needed from each individual to 
be able to estimate the individual parameters and to obtain unbiased popula-
tion parameters. Additionally, not always being able to characterise data 
from all subjects using the same structural models makes calculating the 
summary measurements complicated.  

Another approach is mixed-effects modelling, where the data from all in-
dividuals are used and population parameters, that is mean and variance of 
the individual parameter distributions are estimated simultaneously. This 
approach allows the individuals to share information about the parameters, 
making estimation of parameters in sparse sampling designs possible. 
Model-based mixed-effects analysis has been used within the area of PK and 
PD since the 1980’s4. 

Mixed-effects modelling 
There are two types of parameters to be estimated in a mixed-effects model: 
the fixed effects and the variances of the random effects. The fixed effects 
are used to describe the overall trend in the data and these parameters are 
shared by all individuals in the population. The fixed effects in PK-PD mod-
els describe the basic PK and PD characteristics of a drug as well as the dis-
ease progression. An example of a PK characteristic is clearance (CL). Vari-
ability in the data originates from for example the variability between indi-
viduals, bioanalytical imprecision, sampling techniques and error in re-
cording of dosing and sampling. To account for this at least two levels of 
variability are defined in the model: the variability between the individual 
prediction and observation (the residual error) and the variability between 
individuals (the inter-individual variability, IIV). These variabilities are im-
plemented using random effects for which the variance is the estimated pa-
rameter. The IIV originates from differences between individuals, while the 
residual error originates from for example errors in dose or sampling times, 
bioanalytical error and model misspecification. Individual parameters can 
sometimes change between occasions, either randomly or because an under-
lying unknown physiological relationship is not accounted for in the model. 
To separate this intra-individual variability from the IIV, a third level of 
variability can be added to the statistical model, estimating the inter-occasion 
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variability (IOV)7. Part of the IIV, IOV and residual variability may be de-
pendent on known observable factors of patient characteristics, also known 
as covariates and examples of such are concomitant medication or bioana-
lytical analysis method. The covariate model expresses the relationship be-
tween fixed effect parameters describing the overall trend in the data and 
different measured covariates. An example of a covariate model for renally 
cleared drugs is how creatinine clearance affects CL. 

The individual parameter Pik for the ith individual at the kth occasion can 
be described by: 

� � � �2 2,  ~ 0,   and  ~ 0,i ik
ik i iP e N N� �	 � 
 � �� �  (1) 

where 	 is the fixed effect describing the mean (or typical) value of the pa-
rameter P in the population, �i and �ik are the random effects with zero mean 
and variance, 
� and �, respectively. These random effects describe the IIV 
and IOV and these are implemented as variability in the fixed effects pa-
rameters. The random effects are normally distributed, but are usually in-
cluded in the model to yield a lognormal distribution of the parameter P, as 
this is more frequently observed in biological systems. Any transformation 
of the normal distribution is possible, if this is biologically or physiologi-
cally relevant. If covariates are used to describe the individual parameter, 
this can be expressed as follows: 

� �� �1 i ik
ik x i meanP x x e� �	 	 �� � � � � �  (2) 

in which 	 is the value of the parameter P for the typical individual; that is 
individuals with an observed covariate value, xi equal to the mean covariate 
value in the population, xmean, and 	x is the slope of the change of parameter 
P. 

If the model describing the trend in the data is f(…), Pik the vector of indi-
vidual parameters described using fixed and random effects and Xi the vector 
of individual covariate values for all covariates included in the model, then 
the residual error can be implemented as shown in equation (3). 

� � � �2,  ~ 0,ijk i ik ijk ijky f X , N� � �� �P  (3) 

yijk is the observation and �ij is a normally distributed random variable with 
the variance ��, describing the residual error. The model describing the re-
sidual error may have many shapes, but the additive, as shown in equation 
(3), the proportional and a combination of the two are the most common 
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models. Other shapes of the residual error have been presented taking corre-
lation between observations into account8, 9. Even though not the focus of 
this thesis the effect of ignoring some more complex shapes of the residual 
error was explored in paper III on a commonly used statistical test within 
PK-PD modelling. 

Modelling categorical data 
There are a number of options for how to analyze polychotomous data, all of 
which have both advantages and disadvantages. To illustrate, consider pain 
with levels no (0), mild (1), moderate (2) and severe pain (3). The data could 
be treated as continuous data, by transforming categories into numerical 
values, which facilitates the analysis, as there are many models available for 
continuous data. However, this approach is not feasible with few categories 
and seldom is this approach used for data with fewer than six categories. In 
addition, even though the observations only are allowed to take certain val-
ues, the predictions may be all values. Predicting a pain level of 1.25, should 
that be interpreted as mild or moderate pain? Another method is to dichoto-
mise the data, which was a common approach in epidemiology about one to 
two decades ago10-12. In our example, the two categories would be pain or no 
pain, and these are analyzed using binary logistic regression. This gives ad-
vantages over the polychotomous data as the choice of model not is affected 
by the nature of the binary data; that is the same model can be used inde-
pendent of if the data is ordinal or nominal. Additionally, the models for 
binary data are generally easier to explain to people not accustomed to mod-
els for categorical data. The information collected about the severity of the 
pain is nevertheless completely discarded with an increased risk of getting 
biased effect estimates11 or not finding all relevant covariate relationships12. 
The last and preferred option is to use logistic regression keeping all catego-
ries as they were reported and this was the chosen method in this thesis. A 
disadvantage is however that the experience with this type of analysis is 
limited and that only a few models have been presented within mixed-effect 
modelling. Nevertheless, the latter is preferred as the information in the data 
is neither overestimated, as in the case of treating as continuous data, nor 
discarded as in the case of treating as dichotomous.  

There are two major differences between models for continuous and cate-
gorical data analysis. 
� The likelihood or probability of a certain score, rather than the values of 

the score itself, is used for the estimation of the parameters. 
� Consequently, no residual error is defined in the model. 
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Link functions 
Different link functions13 are used to ensure that the probability of an event 
ranges from zero to one, while the estimated parameter ranges from –infinity 
to infinity. The logit or “log of odds” transformation is by far the most used 
transformation of categorical data, possibly for its mathematical tractability. 
The cumulative distribution of the responses is assumed to be logistically 
distributed and it is implemented as described in equation (4). 

� � � �
� �

� �

,

,

ln ,
1

1

f X

f X

plogit p f X
p

ep
e

� �
�

� �
�

P

P

P
 (4) 

where f(P,X) is the function with parameters P describing how the probabil-
ity varies with baseline conditions and covariates, X.  

0.0

0.2

0.4

0.6

0.8

1.0

-5 -3 -1 1 3 5f(p)

p

f(p) = Logit
f(p) = Probit
f(p) = Comp. log-log

 
Figure 1. The cumulative probability distributions obtained with different link func-
tions used for transforming categorical data; the logit, the probit and the complemen-
tary log-log. The values of f(p) were chosen such that the curves for each transfor-
mation overlap at p=0.5. This was done to emphasize the differences of the distribu-
tions. 

Other transformations are also possible, for example the probit transforma-
tion. This transformation will assume that the cumulative distribution of the 
observations is the inverse of the cumulative normal distribution, see equa-
tion (5).  
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� � � � � �
� �� �

1 ,

,

probit p p f X

p f X

�� � �

� � �

P

P
 (5) 

Another quite common transformation is the complementary log-log, which 
assumes that the cumulative distribution is the Gumbel distribution, as given 
below: 

� � � �� � � �
� �,

ln ln 1 ,

1
f Xe

complementary log - log p p f X

p e�

� � �

� � �
P

P
 (6) 

The different transformations will give rise to slightly different cumulative 
probability distributions, schematically depicted in Figure 1. Notable is that 
both the logit and the probit transformations are symmetric while the com-
plementary log-log is not. The largest differences are also seen at the tails of 
the distributions. 

The proportional odds model 
Lewis Sheiner presented in 199414 the proportional odds model for mixed-
effects analysis of PK-PD categorical data using pain relief scores as an ex-
ample. A ranking scale is used when measuring pain relief and ranking 
scales are the most commonly used categorical scale in drug development. It 
is used for measuring adverse events in almost all clinical trials performed 
and it assesses the side-effects as mild, moderate or severe. A large number 
of analyses have been published where a wide variety of ranking scales have 
been analyzed, for example dry mouth severity15, nicotine cravings16, sever-
ity of allergic rhinitis17, severity of adverse bleeding events18, grade of neu-
rophenia19, 20, grades of diarrhoea21, receptor density22, change in thrombus 
size23, severity of lesions in rats24, sedation scales25-28 and pain relief14, 29, 30. 
The proportional odds model is used for the analysis in all of these publica-
tions. 

If yi = [yi1, yi2, yi3,…, yiN] is the vector of ordinal responses for the ith indi-
vidual with N observations, then the probability that the observation yin is 
greater than or equal to a score m, of the possible categories 1…I, has the 
following general structure: 

� �|in i miP y m p�� �  (7) 

� � � �2,  ~ 0,mi m i ilogit p f N� � 
� �  (8) 
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1

m i

m i

f

mi f
ep

e

�

�

�

��
�

 (9) 

where pim is the individual probability of observing a score � m. The fm is a 
function of baseline conditions and effects of covariates g(Xi), shown in 
equation (10). 

� �
� �

� �

2 2

3 2 3

2
3

...

i

i

m

m k i
k

f g X

f g X

f g X

�

� �

� �
�

� �

� � �

� � ��

 (10) 

in which � are the intercept parameters, where �2 specify the baseline prob-
ability of observing score � 2, and all other �’s specify the decrease in prob-
ability due to observing higher scores and these are bound to (-infinity, 0]. 
g(Xi) denotes the function describing the effect of the covariate, for example 
placebo and/or drug effects. The model is commonly referred to as the cu-
mulative odds model with random intercept if it is defined without any co-
variate relationships. 

The corresponding probabilities for each of the scores are shown in equa-
tion (11). The intercept parameter for the lowest score is not estimated as the 
probability for this score is derived from the probability of all scores, which 
by definition is one. 

� � � �
� � � � � �

� � � �

1| 1 2 |

2 | 2 | 3 |
...

|

in i in i

in i in i in i

in i in i

P y P y

P y P y P y

P y I P y I

� �

� � �

� �

� � � �

� � � � �

� � � |

 (11) 

Binary, or dichotomous, data are most commonly analyzed using a model 
that can be viewed as the proportional odds model with two categories, given 
in equation (12). 

� � � �
� �

� �1 1

0 1

1
1

i i

i i

g X

i i i i g X

i i

elogit p g X p
e

p p

� �

� �� �
� �

� �
� � � � �

�
� �

 (12) 
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with p1i and p0i being the individual probability of observing score = 1 and 0, 
respectively, � the intercept parameter describing the baseline probability of 
observing score = 1 and g(Xi) the function describing covariate relationships 
such as placebo and drug effects. 

Several assumptions are made with the proportional odds model. Two are 
of interest for this thesis; i) all observations are treated as they are independ-
ent of each other and ii) furthermore, as the proportional odds model was 
developed for categorized continuous data, the effect of the covariate is as-
sumed to be the same on all log odds of all categories. 
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Proportional odds model
Linear covariate functions with

the same positive slope

Differential odds model
Linear covariate functions with different positive slopes, the 

highest score is independent of covariate

Differential odds model
Emax shaped covariate function with
different Emax and the same Logit50

Differential odds model
Linear covariate functions with both positive

and negative slopes

 
Figure 2. Illustration of the effect on the log odds for different covariate functions. 
The logits for a categorical scale with four scores are plotted versus the covariate. 
Examples are given for covariate functions being all equal (upper left), Emax shaped 
with different Emax values (upper right), linear with positive slopes (lower left) and 
linear with both positive and negative slopes (lower right). 

The differential odds model 
The differential odds model was developed as an alternative for analysis of 
categorical data. This model relaxes the assumption of the proportional odds 
model that the covariate effects are the same for all log odds of all categories 
by allowing different functions of the covariates for the different cumulative 
scores, as seen below (compare with equation (10) for the proportional odds 
model).  
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It is important to ensure that g2(Xi) � g3(Xi) �…� gI(Xi) as the model is im-
plemented using cumulative probabilities. Neglecting to do so, will render 
impossible probabilities, such as the probability of score � 3 being higher 
than the probability of score � 2. Having different functions describing the 
gj(Xi) will allow the covariate effect to be different for different scores; thus 
this relaxes the assumption of the proportional odds model with parallel 
slopes on the log odds as is shown in Figure 2. 

The proportional odds model is a limiting case of the differential odds 
model, as the differential odds model collapses into the proportional odds 
model if all covariate functions are equal. The shape of the gj(Xi) may vary 
as long as g2(Xi) � g3(Xi) �…� gI(Xi). Thus, it is possible to have some of the 
covariate functions being increasing functions, while others are decreasing 
or even independent of the covariate. Making the function for the covariate 
effect vary with several covariates is also possible as well as having different 
models added together. To exemplify the latter, consider the following equa-
tion (14) where the covariate function is a step model for scores � 2, a step, 
and an Emax shaped model for scores � 3 and independent of the covariate 
for the highest score (score = 4).  
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 (14) 

However, starting the implementation using simple models of gj(Xi) all act-
ing in the same direction should be considered the primary implementation, 
in order not to risk over-parameterising the model. 

The Markov model 
An observation is assumed independent of any other observations with the 
proportional and differential odds models, thus the observations are only 
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dependent on the independent variables and the model. If the categories are 
viewed as states these can be described using the Markov model in which an 
observations is dependent on the preceding observation as well as the inde-
pendent variables and the model. The Markov assumption, which is the basis 
for the Markov model, states that future states depends only on the present 
state and not any of the past states; thus the transition to a category is condi-
tionally independent of past observations. The Markov model, also called the 
transition model, is implemented using the transition probabilities between 
states and these vary depending on between which states the transition takes 
place. Strictly speaking, this model is a first order Markov model, as the 
probability of a transition is conditioned only on the value of the state that 
directly preceded it. The Markov model can also be of higher orders, for 
example second order with the transition probability influenced by the two 
preceding states. Markov models of higher order can also be implemented by 
using covariates including a time aspect. An example of this is given in this 
thesis for sleep data, where the transition probability is modelled as depend-
ent on the previous observation as well as the time elapsed since last transi-
tion. 

If yij = (yij1, yij2… yijN) is the vector of observations for the ith individual at 
the jth occasion with N observations then the probability that the observation 
at time = n, yijn is equal to score = m, given that the preceding observation of 
score = l (m � l) has the structure given in equations (15), (16), (17) and (18). 
This probability can also be referred to as the transition probability (TP) 
from score l to score m. 

� �1 || , ,ijn ijn i ij ijm lP y m y l p� ��� � �  (15) 
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� �| |m l m l if g X�� �  (18) 

pijm|l is the individual transition probability from score = m to score = l. If 
there is only one measurement per occasion, no IOV can be estimated and 
thus no �ij is included in the model. The fm|l is a function of baseline condi-
tions and effects of covariates and for the Markov model, an intercept pa-
rameter, �m|l describing the probability of transiting and a function of covari-
ates, g(Xi) are defined for each transition. Thus, the probability of not transit-
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ing is one minus the sum of all probabilities of transition from that particular 
state, see equation (19). 

� � � �1 1| 1 |ijn ijn ijn ijnP y m y m P y m y m� �� � � � " ��  (19) 

With binary data, the implementation of the Markov model is as described in 
equation (20). 
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in which p1|0i and p0|1i is the individual probability of a transition with previ-
ous observations of score = 0 and 1, respectively, while p0|0i and p1|1i is the 
individual probability of no transition. g(Xi) is the function describing co-
variate relationships such as placebo and drug effects and��#$% and �#$# de-
scribe the baseline transition probability from one to zero and from zero to 
one, respectively. 

Estimation of parameters 
There is a wide variety of software available for regression of mixed-effects 
models31, all of which iteratively finds the parameters of the model that 
maximize the likelihood of the data. The first software presented for regres-
sion of mixed-effects models within the area of PK-PD modelling was 
NONMEM in 197932. The later introduced programs WinNonMix33 and 
nlme (S-plus)34 apply a similar approach as the methods in NONMEM. In 
recent years a new approach to solve the integral for the likelihood has been 
presented and is available in for example NLMIXED (SAS)35.  

A complement to these parametric approaches is the non-parametric like-
lihood methods, for example NPEM36, and the Bayesian methods, for exam-
ple WinBUGS37. Even though new software constantly is being presented 
for mixed-effects modelling, NONMEM is still the most widely used soft-
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ware for population non-linear mixed-effects PK-PD modelling, within both 
academia and the industry31, 38, 39. 

Laplacian method (in NONMEM) 
In NONMEM (Icon Development Solutions), three methods for estimation 
of parameters are available that all maximizes the likelihood L(y|	,�,X) of 
the observations given the model; the first-order (FO), the first-order condi-
tional estimation (FOCE) and the Laplacian methods32. The likelihood is the 
product of all individual likelihoods Li and since the likelihood must account 
for the random effects on the individual level, the individual likelihood is 
expressed as the integral over all possible values of �i as shown in equation 
(21). 

� � � �2| , |  i i i i i i
i i

L L l y ,X h d	 � � 
 �� �& &'  (21) 

As this integral does not have a closed form expression when the model is 
non-linear with respect to the �’s different approximations are required in 
order to solve the likelihood. The FO and FOCE methods involve a lineari-
zation of the non-linear model using a first-order Taylor expansion around 
zero and the conditional estimates of the random effects, respectively. The 
third method available in NONMEM is the Laplacian method in which a 
closed form of the expression is obtained by using Laplace’s approximation 
of the integral with a second-order Taylor expansion around the conditional 
estimates of �’s for the non-linear model. The conditional estimates or the 
empirical Bayes estimates (EBE) of �’s are the best predictors of the random 
effects, �i. 

The Laplacian method with the likelihood option is needed to be specified 
for estimation of categorical models as the coding of these models are done 
specifying probabilities of the observations, instead of the actual value of the 
observation as with continuous data. 

The mean of the EBE of �'s is allowed to be non-zero if the data imply so. 
In the output from NONMEM, the means of the EBE of �'s is given together 
with the probability that these are zero. As the mean of the random effects of 
a mixed-effects model as implemented in NONMEM is assumed to be zero, 
the centering option has been provided forcing the mean of the EBE of �’s to 
be zero. 
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Gaussian quadrature method (in NLMIXED, SAS) 
As oppose to the Laplacian method in NONMEM where the likelihood is 
approximated, the Gaussian quadrature (GQ) method estimates the likeli-
hood exactly; however with the use of an inexact numerical integration 
method. As the GQ method is defined in NLMIXED (SAS®), the numerical 
integration is performed as a weighted average of the likelihood evaluated at 
predefined points, the Gauss-Hermite abscissas35. The integral is centred at 
either zero (non-adaptive approach) or the EBE of �'s (adaptive and non-
adaptive scaling approaches). Additionally, the scaling of the abscissas is 
either performed using the Hessian matrix (adaptive approach) or the vari-
ance-covariance matrix (non-adaptive and non-adaptive scaling approaches). 
The number of quadrature points is selected automatically by evaluation of 
the log likelihood function at the initial values of the parameters with differ-
ent numbers of quadrature points until two successive evaluations have a 
difference less than a predefined value. However, the number of quadrature 
points can be specified and a special case of the GQ method is to set only 
one quadrature point, which will render Laplace’s approximation.  

Back-step method 
The back-step method (BSM) is not a method of regression, as it does not 
maximize the likelihood, merely uses the existing method within the soft-
ware where it is run. The BSM is nevertheless an iterative method for esti-
mation of parameters, which was developed to provide the unbiased parame-
ter estimates in those cases where the regression method is unable to provide 
those. 

The BSM is schematically depicted in Figure 3. The method searches for 
the parameters that upon simulation will yield a marginal distribution of the 
simulated observations that is similar to that observed. The search for these 
unbiased parameter estimates is an iterative process involving sequential 
simulations-estimations. The BSM is started for a given model by simulating 
a new dataset using the parameters that are suspected to be biased, �bias. The 
model is used again for estimations of new parameters, �est(1) based on the 
simulated data. A summary measurement for the difference between �est(1) 
and �bias is calculated, ��, see equation (22) with n=1. If �� is less than a 
pre-specified value convergence is reached.  
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in which R is the number of parameters in the model, �bias,r is the rth parame-
ter belonging to the set of parameters that were suspected to be biased, �bias, 
while �est,r(n) is the rth parameter belonging to �est(n). SE(�bias,r) is the stan-
dard error (SE) estimate of the rth parameter of �bias. The expression for �� 
is scale-variant, however dividing the difference between the biased and rth 
estimate of a parameter with the SE estimate of the biased parameter was 
done to reduce the effect of large differences between magnitudes of the 
parameters in the model. The SE estimates are merely used to get the pa-
rameters on approximately the same scale, as the size of the SE is related to 
the size of the parameter. 

CC

Simulated 
data

CC�est(1)

Yes

No

Convergence
�BSM = �bias

�sim(2)

Simulated 
data

CC�est(2)

Yes

No

Convergence
�BSM = �sim(2)

�sim(max)

Simulated 
data

�est(max)

...

Convergence
�BSM = �sim(minimum of CC)

max

Simulation of data
Fit model to simulated data
Updating simulation parameters according to 
the search algorithm
Is the convergence criterion met?
Maximum number of iterations

�bias

 
Figure 3. The back-step method involves iterative simulations-estimations, with an 
update of the parameters in between. This sequence is repeated until the estimated 
parameters, �est fulfil the termination criterion (CC) or the maximum number of 
iterations is reached. At convergence, the set of parameters used to simulate, �sim is 
the final parameter set, �BSM. If the maximum number of iterations is reached, the 
step in the BSM sequence with the �est that is closest to convergence will be used as 
the final step. 

Before a new step in the BSM is taken, the simulation parameters need to be 
updated according to the search algorithm, equation (23). The new rth simu-
lation parameter, �sim,r(n+1) has the same value as the previous rth simulation 
parameter, �sim,r(n) with a percentage change that is the same as the percent-
age difference between the first rth parameter, �bias,r belonging to �bias and 
the latest rth estimated parameter,� �est,r(n). 
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The process with simulation-estimation followed by parameter update is 
continued until the �� is less than the pre-specified value of the conver-
gence criterion. If this does not occur within the specified maximum number 
of iterations, the simulation-estimation step with the lowest �� is considered 
the final step. Consequently, depending on how strict the convergence crite-
rion is defined all or none of the BSM runs may end with maximum number 
of iterations being reached. 

There are three ways of getting the final BSM parameter estimates, �BSM: 
(i) single estimates, or using the (ii) serial or (iii) parallel procedure. If a 
single estimate is used, simply use the �sim of the final step as the BSM pa-
rameter estimates. Both the serial and the parallel procedure will provide 
estimates with higher precision as these uses an average of several �sim. In 
the serial procedure, the iterative process of a BSM run is extended with u 
additional steps, and the average of the �sim of the v steps with the lowest 
�� is used as the �BSM. In the parallel procedure, several BSM estimations 
are performed for the same data and the average of the single estimates of 
these runs is used as the final �BSM. 

Model selection 
When deciding to include a parameter in a model, in particular a parameter 
describing a covariate relationship, objective measurements are needed to 
verify that inclusion is relevant. Relevance can be defined as physiological 
plausibility, clinical impact or statistical significance. A combination of all 
these is usually used in combination with assessments of the predictive per-
formance of the model. Physiological plausibility as well as clinical impact 
are depending on the drug and disease and are therefore decided based on 
subject-matter information45. Criteria for inclusion of a parameter based on 
physiological plausibility and clinical impact need to be defined pre-analysis 
in order to make these measurements objective. 

Statistical comparison 
The most commonly used test within PK-PD modelling to assess statistical 
significance is the likelihood ratio test (LRT). The ratio between the likeli-
hood of the model with the new parameter included (the full model) or ex-
cluded (the reduced model), given that the models are nested, is assumed to 
be (2-distributed with the number of differing parameters between the mod-
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els as the degree of freedom (df). Models are nested if the full model can 
collapse into the reduced model. The parameter can thus be included in the 
model based on a statistical significance level. This level is corresponding to 
the type I error, the risk of including a parameter that do not belong to the 
model. 

The objective function value (OFV) calculated by NONMEM is propor-
tional to -2log likelihood and the difference in OFV (�OFV) between two 
models is then the likelihood ratio. Thus, the �OFV can be used to perform 
formal statistical testing between nested models. A number of studies has 
been performed to assess the robustness of the LRT46, 47, but only one has 
been performed with categorical data48. Investigated in this study was ordi-
nal data, originating from and analyzed with the proportional odds model 
and it was concluded that the LRT performs well with type I errors equal to 
or lower than expected. 

If the assumptions made with a model are violated, the (2-distribution 
may be distorted giving other type I errors than expected when using the 
tabulated critical values for the (2-distribution. The actual critical values 
given a type I error can be obtained by performing a simulation hypothesis 
test49. In this test, a given number of datasets are simulated using the reduced 
model. These datasets are then analyzed using both the reduced and the full 
model and the 1-zth percentile of the corresponding �OFV of the reduced-full 
model analysis pairs is the actual critical value at a z significance level. The 
number of datasets simulated is depending on which significance level that is 
desired. 

Predictive performance 
Goodness-of-fit graphics are commonly used to aid the decisions of model 
building. The predictive performance of a model can be assessed using dif-
ferent approaches all involving simulation of new data. At the end of an 
analysis extensive simulation exercises such as the posterior predictive check 
(PPC)40-42 is used to investigate predictive performance of the model. The 
PPC as suggested by Gelman40 involves assessing a summary measurement 
of the data, for example maximum concentration. The posterior predictive 
distribution of the summary measurement is obtained through simulation of 
new data using the model. The parameter estimates used for simulations are 
drawn from the posterior density of the parameters; that is taking the SE of 
the estimated parameters into account. The summary measurement observed 
is then compared to its posterior predictive distribution. This method is even 
though exhaustive also quite computational burdensome and it is only prac-
tical to perform for the final model. 

The visual predictive check (VPC) as discussed by Holford and Karls-
son43 is a more convenient alternative during the model building. A statisti-
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cal summary measurement, for example median, calculated from the distri-
bution of the observed and the simulated data is compared over the range of 
the independent variable or a covariate. The simulated data are usually ob-
tained using the point estimates of the parameters. The observed data points, 
the summary statistic calculated based on the observed and the prediction 
interval of the simulated data are plotted against the independent variable or 
covariate, to give a visual check of how the model performs over the range 
of the predictor. Also, the VPC is require quite large computer power and 
maybe more feasible for each step in the model building are the graphical 
goodness-of-fit methods for categorical data analysis available in Xpose 
version 344. 



Maria C. Kjellsson 
__________________________________________________________________________ 

 - 28 -

 



Models and Methods for Categorical Data Analysis 
_____________________________________________________________ 

 - 29 -

Aim of the thesis 

The aim with this thesis was to investigate the performance and to improve 
the use of models and methods for mixed-effects population PK-PD analysis 
of categorical data. 
 
In particular, the aims were: 

 
� To examine the Laplacian method’s performance with polychotomous 

data and explore and develop alternative methods 
 
� To investigate two of the assumptions made with the proportional odds 

model with emphasis on the predictive performance and the impact on the 
likelihood ratio test’s reliability and explore and develop alternative ap-
proaches 

 
� To illustrate the use of a proposed reduced model building strategy for 

sleep stages using the Markov model 
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Methods 

A majority of the studies included in this thesis were performed using simu-
lated data. In these studies, the true model is known, making investigation of 
for example bias (paper I) and the appropriateness of the LRT (paper IV) 
possible. Simulation of data is also the basis for the BSM (paper II). How-
ever, data from real clinical studies were used in papers III and V. 

Clinical data 
T-cell receptor density (Paper III) 
T-cells reacting with the myelin components in the brain as well as in the 
spinal cord is the cause for the inflammatory lesions seen in the disease mul-
tiple sclerosis (MS). This inflammatory reaction leads to demyelination and 
in the end axon loss, typical for this disease50, 51. The drug ATM-027, a hu-
manized antibody, was developed as a treatment for MS as this antibody 
selectively depletes a subgroup of T-cells, V�5.2/5.3+, thought to be associ-
ated with the disease. V�5.2/5.3+ T-cells can be measured in the blood using 
two-colour flow cytometry. 

ATM-027 was investigated in a dose ranging phase I study with 14 pa-
tients (7 females and 7 males) with relapsing-remitting or secondary-
progressive MS52. ATM-027 was administered as a 30 minutes constant rate 
infusion with initially 6 dose levels: 0.03, 0.3, 3, 30, 100 and 300 mg. The 
dose was escalated every 72 hours, provided it was safe, until V�5.2/5.3+ T-
cells were depleted. Blood sample for analysis of ATM-027 concentrations 
were taken before drug administration, at the end of each infusion and at 
each follow-up visit up to and including 8 months. The blood samples for 
flow cytometry were drawn 4 weeks, 1-2 weeks and 24 hours before admini-
stration of ATM-027, at 2, 24 and 72 hours after start of each infusion and at 
each follow-up visit up to and including 18 months (1, 2, 4 and 8 weeks, 4, 
6, 8, 10, 12 and 18 months after last dose). Since ATM-027 was found to 
affect both the number of T-cells as well as the expression of receptors on 
the T-cell surface, the receptor density was reported as a subjectively catego-
rized continuous variable, with the levels: dim, intermediate and bright. The 
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number of observations of T-cell receptor density is given in Table 1. For 
further details about the clinical study see Olsson et al52. 

An analysis of these data has previously been published using the propor-
tional odds model22. The concentrations (C), predicted using the doses and 
individual PK parameters from a previously performed standard two stage 
analysis, were used as the covariate in the drug effect model and an Emax 
model was identified as the most appropriate to describe the relationship 
between concentrations of ATM-027 and T-cell receptor density. Two pa-
rameters are estimated in this model: 	Emax the maximum drug effect and 
	EC50 the concentration at which half of 	Emax is obtained (see equation 24). 
For further details about the analysis with the proportional odds model see 
Zingmark et al, 200422. 

� � Emax

EC50

Cg C
C

	
	

�
�

�
 (24) 

Table 1. Marginal distribution of responses for the clinical data analyzed in this 
thesis given as percent of total number of observations. Two rows are provided for 
diarrhoea severity showing (i) observations where irinotecan and SN-38 concentra-
tions are available and (ii) observations where SN-38G concentrations are avail-
able. For sleep data, the number of transitions is presented with the category from 
which the transition takes place given in the second column while the category to 
which the transition takes place given in the second row. 

Category Data Total number 
of observations 0 1 2 3 4 5 6 

T-cell receptor densitya 206 54 6.6 40 NA NA NA NA 
(i) 143 46 28 20 4.2 2.1 NA NA Diarrhoea severity 
(ii) 65 46 25 20 4.6 4.6 NA NA 

Sedationb 21092 NA 48 33 11 6.3 1.8 0.35 
0 - 21 6.0 0d NA 13 NA 
1 7.3 - 22 0d NA 4.8 NA 
2 9.1 8.1 - 6.3 NA 3.9 NA 
3 0.98 9.1 4.4 - NA 0d NA 

Sleepc 

5 

40214 

4.5 4.3 10 0d NA - NA 
a Categories dim / intermediate / bright correspond to 0 / 1 / 2 
b Definition of sedation categories see Table 2 
c Categories awake / stage 1 / stage 2 / deep sleep / REM sleep correspond to 0 / 1 / 2 / 3 / 5 
d The observed values were 1, 15, 1 and 12 for TP 0�3, 1�3, 5�3 and 3�5, respectively. 
NA - Not Applicable 
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Diarrhoea severity (Paper III) 
Diarrhoea is the major dose-limiting non-haematological toxicity of the anti-
cancer agent irinotecan53 and this side-effect is commonly reported on the 
ordinal scale with 5 levels, ranging from 0 (no diarrhoea) to 4 (severe diar-
rhoea). The drug irinotecan is a topoisomerase I inhibitor with one active 
metabolite, SN-3854. SN-38 is further conjugated to an inactive glucuronic 
acid conjugate, SN-38G55, 56.  

The diarrhoea data used in this work came from a study with 64 men and 
44 women having different malignant solid tumours and the patients were 
included in the study for 1 or 2 (no = 44) treatment courses21. The diarrhoea 
severity was measured in 104 of the patients. This was done once during a 
course and measured the worst grade of diarrhoea experienced during a 
three-week period after drug administration. Blood sample were collected 
before the drug was administered and at approximately 0.5, 1.5, 1.67, 1.83, 
2, 2.5, 3.5, 4.5, 5, 5.5, 6.5, 8, 12, 25.5, 49 and 56 hours post-dose. Plasma 
concentrations of irinotecan and SN-38 were measured in all patients and 
SN-38G concentrations were measured in 51 of the patients with diarrhoea 
severity measurements. The area under the plasma concentration curve from 
time 0 to 60 hours (AUC(0-60)) for each of the compounds was calculated 
using the PK parameters for the individuals estimated based on the measured 
concentrations. The marginal distribution of responses are in Table 1 given 
for both observations were irinotecan and SN-38 concentrations are available 
as well as for those where SN-38G concentration measurements are avail-
able. 

A previously published PK-PD analysis of these data was performed us-
ing a proportional odds model21. This analysis resulted in statistically sig-
nificant correlations between the diarrhoea severity and the AUC(0-60) of iri-
notecan and SN-38G, but not with AUC(0-60) of SN-38. A linear model with 
one parameter, 	slope, was used to describe the relation between the diarrhoea 
severity and the AUC(0-60) of the three different compounds, as shown in 
equation (25). For further details about the clinical study and the analysis 
with the proportional odds model see Xie et al21. 

� �(0-60) (0-60)AUC AUC slopeg 	� �  (25) 

Sedation (Paper III) 
Stroke is a major public health concern, with an annual incidence ranging 
from 1300 to 4100 in a population of 1,000,000 people57. It is the third lead-
ing cause of death, behind heart disease and cancer and the leading neuro-
logical cause of long-term disability58. Even though efforts have been made 



Maria C. Kjellsson 
__________________________________________________________________________ 

 - 34 -

to find a treatment for this severe condition, the only approved treatment so 
far is tissue plasminogen activator. Clomethiazole was after promising find-
ings in animals59-65 investigated as a potential drug in the treatment of acute 
ischemic stroke because of its neuroprotective properties. The main dose-
limiting side effect of clomethiazole in stroke patients is sedation; especially 
as stroke itself causes sedation66. 

Sedation is measured on a ranking scale with six levels (Table 2). When 
the symptom of the disease and the treatment side effects coincide, it is even 
more important than usual to monitor the effect and an adaptive design was 
utilised in all three studies used for the analysis of sedation. 1545 patients 
(777 on clomethiazole and 768 on placebo) with a clinically diagnosed acute 
stroke within 12 hours after onset were available for the sedation analysis25. 
Clomethizole was administered as a 3-phasic infusion with the rates; 24 mg 
kg-1 hour-1 for the first 15 minutes, 4 mg kg-1 hour-1 up to 8 hours and 1.94 
mg kg-1 hour-1 from 8 to 24 hours, but alterations of this was made depend-
ing on the observed sedation. If a score of 4 or greater was observed, the 
infusion was stopped and optionally, the infusion could be re-started at half 
the previous rate as the reported score decreased to three or less. Blood sam-
ples were taken 15 minutes, any time between 1 and 2 hours and 24 hours 
after infusion of drug was started. If the infusion was stopped, the last blood 
sample was taken at the time of stopping the infusion. At the late stage of 
one of the studies, the sampling times were altered to be any time between 2 
and 10 hours and any time between 26 and 36 hours after starting the infu-
sion. The first time the infusion was stopped, an extra sample was also 
drawn. Sedation was monitored at least every 3rd hour up to 24 hours but if a 
score of 3 or greater was observed the observations frequency increased to 
every 15 minutes. The number of observations in each category is given in 
Table 1. 

Table 2. Sedation is commonly measured on a six levels ordinal scale. 

Category Definition 
1 Fully awake 
2 Drowsy but answers when spoken to 
3 Answers slowly when spoken to 
4 Reacts when spoken to but does not answer 
5 Reacts only to pain 
6 Does not react to pain 

In the previously published PK-PD analysis25 using the proportional odds 
model both a placebo/disease progression and a drug model was developed. 
A sedation non-sensitive sub-population identified for the placebo/disease 
progression model was described with a mixture model defining different 
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intercept parameters for the probability of observing sedation scores � 2 for 
sedation non-sensitive and sensitive populations. The placebo effect/disease 
progression was best described using an exponential model, with three pa-
rameters: 	plc1 the maximum placebo effect, 	plc2 the maximum change in 
placebo effect and 	plc3 the steepness of the effect onset. The drug effect was 
a step model, with one parameter: 	drug the magnitude of the drug effect pre-
sent for individuals treated with clomethiazole and not present for all other 
individuals, see equation (26). A linear and an Emax model were also tried 
using predicted plasma concentrations based on the PK model for clomethia-
zole. None of these models were however statistically significant on a 5% 
level. The marginal distribution of the responses of sedation is given in 
Table 1. For further details on the clinical study and the analysis with the 
proportional odds model see Zingmark et al, 200325. 

� �
� � 0 /1

plc3 time
plc1 plc2

drug

g placebo e

g drug I

		 	

	

� �� � �

� �
 (26) 

Sleep stages (Paper V) 
Traditionally, six sleep stages are defined for data analysis of sleep: awake, 
stage 1, stage 2, stage 3, stage 4 and REM sleep. Stage 3 and stage 4 can be 
recorded together in a stage referred to as deep sleep. This categorization is 
done using polysomnography (PSG) where the dominating sleep stage is 
determined for each 30-second interval using the standard definitions by 
Rechtschaffen and Kales67. Based on these sleep stages, quantitative and 
qualitative measurements of sleep can be calculated, such as latency to per-
sistent sleep (LPS), number of awakenings (NAW) and sleep efficiency 
(SEF). Insomnia is a condition where the sleep architecture is disturbed with 
for example a prolonged LPS and larger NAW. Consequently, insomnia may 
lead to sleep deprivation, which has been shown to increase the risk of for 
example type 2 diabetes68, depression69 and high blood pressure70; thus, find-
ing treatments for insomnia is important. The goal when developing a drug 
for treatment of insomnia is to increase the amount of sleep, especially the 
deep sleep, decrease the time to fall asleep but at the same time not alter the 
non-REM versus REM sleep architecture. 

Study Design 
The drug PD 0200390 is a new class of drugs for treatment of insomnia, a 
calcium channel �2) subunit-binding compound71. The data used in this 
analysis were obtained in a randomized, double-blind, active- and placebo-
controlled, Latin square, 4-way crossover study of PD 0200390, conducted 
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in 43 patients (25 females and 18 males) with primary insomnia to assess the 
safety and efficacy of 25 mg and 75 mg of PD 0200390. Zolpidem 10 mg 
was included as the active control. Insomnia patients, eligible for inclusion 
into the study, were scheduled for two nights of screening PSG in the sleep 
laboratory. Each night for screening as well as during the study, patients 
went to bed at their habitual bedtime and underwent PSG evaluation for 
eight hours. On the testing nights, subjects took the study medication 30 
minutes prior to the start of PSG recording. PSG data were collected digi-
tally and transferred directly to a central reader for scoring. Subjects returned 
for two consecutive nights of PSG for each treatment, at approximately 
weekly intervals, until all four study-treatments had been completed. 

Number of transitions 
Sleep was divided into 6 stages; initial sleeplessness (IS), awake (0), REM 
sleep (5), stage 1 (1), stage 2 (2), and deep sleep (3). The stage of initial 
sleeplessness was added based on previous experience with sleep data72 and 
was introduced to provide a separate transition probability for the first time a 
patient falls asleep, since this is different from falling asleep when sleep 
already has occurred. All patients start in this stage and the only occurring 
transition from this stage is to stage 1. Furthermore, a patient cannot return 
to this stage once a transition has occurred. 

Since there are 5 stages + initial sleeplessness, 21 transitions are theoreti-
cally possible. However, not every one of these transitions occurs physio-
logically and some transitions are very infrequent. To reduce the number of 
transitions to model, three criteria were defined to identify the transitions of 
interest; (i) a transition represented at least 1% of all observations, (ii) a tran-
sition represented at least 10% of all transitions from a stage and (iii) a tran-
sition represented at least 10% of all transitions to a stage. A transition was 
modelled, if at least one of the criteria was fulfilled. The marginal distribu-
tion of the sleep observations are given in Table 1 with the observations of 
initial sleeplessness and awake given together. 

Data analysis 

Models 
All models used in this thesis; the proportional odds, the differential odds 
and the Markov model, are described in detail in the section regarding 
models for categorical data analysis. The proportional odds model was used 
in all papers, except paper V, for simulation of data (papers I and II), estima-
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tion of parameters (papers I, II and IV) and comparison with another model 
(paper III). The placebo effects included in these models were described 
either using step models (papers I and II) or exponential models with time as 
the covariate (paper III). The drug effect of the same models were; a step 
model (paper III), a linear model with dose (papers I and II) or AUC(0-60) 
(paper III) as the covariate and an Emax model with concentrations as the 
covariate (paper III). For a majority of the models used for simulations and 
estimations in paper I and for the reduced incorrect model in paper IV, no 
covariate functions were defined. 

The performance of the differential odds model was investigated for dif-
ferent ranking scales; diarrhoea severity, T-cell receptor density and sedation 
data (paper III). In practice, the differential odds model was implemented in 
this thesis using differential effect parameters, � as shown in equation (27).  
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The differential effect parameters, �j describe how much the covariate effect 
deviates from parallel slopes on the log odds for the probability of scores � j, 
and they have the limits (0, 1). The upper limit was set to one to ensure that 
g2(Xi) � g3(Xi) �…� gI(Xi) while the lower limit was set to zero as this is the 
value at which a score is independent of the covariate. The differential odds 
model was only investigated as affecting the covariate relationship describ-
ing drug effects. 

The impact of changing the link function from logit to probit or comple-
mentary log-log was investigated in paper III for the data where a significant 
differential effect was found. This was done to examine if changing the link 
function was sufficient in providing differential odds, without estimating 
additional differential effect parameters. 

The Markov model was in this thesis used for simulation and analysis of 
di- and trichotomous data (paper IV) and analysis of sleep stages (paper V). 
In the simulations and analyses performed in paper IV, no IOV was defined. 
The baseline transition probability was in paper IV implemented using a 
constant intercept parameter and the only covariate relationship for these 
models (a placebo effect) was described using a step model. The baseline 
transition probabilities and covariate relationships for the models describing 
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sleep stages (paper V) are discussed in more detail in the section regarding 
developing a model for sleep stages. 

Simulation studies 
The simulated response in paper I and II was an ordinal variable with the 
levels: 0, 1, 2 and 3. The generated datasets contained 1000 individuals with 
four observations each. The simulation values were set to generate data with 
different distribution of responses between the four categories with varying 
degree of variability, see Table 3.  

Table 3. Datasets were simulated to have different distribution of responses between 
the categories with different degree of variability. The variability is given as vari-
ance on logit scale. 

Expected proportion of response (%) Scenario 
in category 0/1/2/3 

at baseline 
in category 3 

placebo 
in category 3 
dose=4 units 

Variance 

A 25/25/25/25 NA NA 4, 10, 40 
B 82.5/10/5/2.5 NA NA 4, 10, 40 
C 90/5/3/2 NA NA 0.5, 2, 4, 10, 40 
D 24/26/26/25 30 50 4 
E 96.5/1.2/1.4/0.84 3 6 0.5, 4, 40 
NA - Not Applicable 

One hundred datasets of each scenario was simulated and analyzed using the 
cumulative odds model with random intercept (scenario A, B and C) or the 
proportional odds model (scenario D and E). The 1000 individuals in sce-
nario D and E were evenly divided into 4 dose groups, receiving 0, 1, 2 and 
4 units of drug, respectively. The estimations were performed using different 
methods of regression: the Laplacian method with and without centering 
option, and the GQ method with adaptive, non-adaptive scaling and non-
adaptive approaches. 

Scenario D and E were also used in paper II to evaluate the performance 
of the BSM where 100 simulated datasets were analyzed using the iterative 
method, BSM and the Laplacian method. 

The Markov model was in paper IV used for simulation of di- and 
trichotomous data. Each dataset contained 250 individuals with varying 
number of observations, evenly spaced 1 hour apart. The transition probabil-
ity, the number of observations per individual and the variance was varied 
according to Table 4. Standard settings were defined (highlighted with bold 
font in Table 4) and these were kept constant when possible. 
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Table 4. The number of observations per individual (Nobs), the transition probabil-
ity (TP) and the variability were varied for both the di- and trichotomous datasets. 
Standard settings are highlighted with bold font. Variability is given as variances on 
logit scale. 

Scenario Nobs TP (%) Variance 
Dichotomous 6, 12, 24 10, 20, 30, 40, 80 0.001, 0.01, 0.05, 0.1, 0.5, 1 
Trichotomous 6, 12, 24 5, 10, 15, 20, 40 0.01, 0.05, 0.1, 0.5, 1, 5 

One thousand datasets generated through simulations were analyzed with the 
correct model, a Markov model and an incorrect model, the proportional 
odds model. Both the correct and incorrect model was tried with and without 
the inclusion of a false covariate: a step model describing placebo effects. A 
schematic description of the simulation study design is given in Figure 4. 
The type I error was the percent of �OFVs between the reduced and full 
model with a value less than 3.84 (df = 1, (2-distribution). 

 
Figure 4. Each simulated dataset was analyzed with four different models to assess 
the type I error for the correct and incorrect model. The model misspecification was 
assessed by comparing the OFV for the correct and incorrect model without the false 
covariate. 

Software 
The software NONMEM version V, version VI� and version VI (ICON De-
velopment Solutions)32, with the Laplacian method and the likelihood option 
with and without the centering option were used for estimation of all models 
(proportional odds, differential odds and Markov model) and simulation of 
data using the proportional odds model and the cumulative odds model with 
random intercept. In paper I the models were also estimated using the GQ 
method in NLMIXED (SAS Institute Inc.)35. Simulation of data using 
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Markov models, as well as all automated data manipulation was performed 
in Perl73. Some interactions with NONMEM were automated using Perl and 
the Perl-speaks-NONMEM (PsN) application-programming interface74. 
Bootstrapping was performed using the PsN-toolkit75. 

Model discrimination was based on simulation based goodness-of-fit 
graphs and changes in the OFV provided by NONMEM. Goodness-of-fit 
graphics were created using R76 and S-plus (Insightful Inc.)77. 

Developing a model for sleep stages 
Building models for sleep data using data from a clinical study is more de-
manding than most categorical data analyses. The model choice for sleep 
data is the Markov model as measuring sleep each 30-second will generate 
data where the observations are dependent of previous observations. The 
quite large number of categories in combination with the choice of model, 
the many observations and the numerous study arms in a clinical study all 
adds to the complexity of the model building, apart from the complexity the 
data itself adds. Consecutively, for these models to be used in a clinical drug 
development setting the model building procedure must be efficient. One of 
the aims of paper V was to reduce the model building associated with mixed-
effects Markov models for sleep data.  

As mentioned in the section regarding number of transitions, there were 
21 possible transitions, but not all transitions are equally likely. With the 
help of the defined rules for inclusion of transitions the number of transitions 
could be reduced to 16, see Figure 5. 

00

11

33

IS: initial sleeplessness
0: awake
5: REM
1: stage1
2: stage2
3: deep sleep

IS
55

22

 
Figure 5. The transitions chosen for modelling are indicated with an arrow. 
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The main structure of the model for sleep is the Markov model as given in 
equations (15), (16) and (17). As no parameters are shared between the dif-
ferent transitions, all transitions can be modelled separately. This was done 
to avoid any problems with NONMEM’s limits for maximum allowed num-
ber of observations per individual and to decrease the runtimes. The fm|l in 
equation (28) is a function depending on the baseline probability of a transi-
tion l�m, placebo effects and drug effects, where the baseline probability is 
depending on relative bedtime and stage time. Relative bedtime is a fraction 
defined as the time elapsed since actual bedtime divided by the total time 
elapsed since actual bedtime until the PSG recording is stopped, usually 
eight hours. Stage time was defined as the time elapsed since last change in 
sleep stage. 
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where TPBm|l describes the transition probability at baseline to m given pre-
vious observation of l as a function of relative bedtime and stage time. Intro-
ducing the TPBm|l into the model as the logit of the expression was done to 
allow estimation of parameters in the range of standard values of probabili-
ties, that is (0, 1). To ensure that the limits not were exceeded, the upper 
limits of the parameters of f(stage time) were set to the reciprocal of the cor-
responding upper limits of the parameters of f(relative bedtime) and the 
lower limits of the parameters of f(relative bedtime) and f(stage time) were 
set to zero. Keeping the values of the function for relative bedtime in the 
same ranges as the probability enables interpreting the values of function for 
stage time as multiplying factors. Thus, if the stage time function is esti-
mated to 2 the transition probability is doubled, and consequently, if the 
stage time function is estimated to 0.5 the transition probability is reduced to 
half.  

The model building strategy, as depicted in Figure 6, can be described by 
the following steps i) Explore the baseline models using screening sleep 
data; ii) Add placebo data and explore the placebo model; iii) Develop the 
pharmacodynamic models of PD 0200390 and zolpidem in parallel, based on 
the data for each drug added to the placebo and screening data; and iv) 
Merge all models and re-estimate all parameters with the support of all data. 
In each step of adding data, the parameters of the previously developed 
model were fixed. The observed drops in OFV when including a new pa-
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rameter in the model represented an overestimate of the drop expected had 
all parameters in the model been estimated. 

baseline model

+ placebo data

baseline/placebo/PD 0200390
model

+ zolpidem data + PD 0200390 data

all data

screening data

baseline/placebo
model

baseline/placebo/zolpidem
model

baseline/placebo/
/PD 0200390/zolpidem

model 

Baseline sleep Model
a) Relative Bedtime
1. Step
2. Linear
3. Spline with median as middle BP
4. Spline with estimated middle BP
b) Stage Time
1. Linear
2. Spline with median as middle BP
3. Spline with estimated middle BP

Placebo Effect Model
1. Step
2. Exponential

PD 0200390 Effect Model
1. Step
2. Step with dose
3. Linear with conc / ec-conc
4. Emax model with conc / ec-conc

Zolpidem Effect Model
1. Step
2. Linear with conc
3. Emax model with conc  

Figure 6. The reduced model building strategy. The four predefined models of rela-
tive bedtime and the three of stage time were explored for each transition chosen for 
modelling using only screening data to define the baseline model. The placebo data 
was added and the two predefined models for placebo were investigated. The prede-
fined drug models for PD 0200390 and zolpidem were explored in parallel adding 
the data for the corresponding drug to the screening/placebo data. In the final step, 
all data and models were merged into one model. BP - breakpoint, conc – predicted 
concentrations, ec-conc – predicted effect compartment concentrations. 

In order to reduce the model building procedure even further, a number of 
predefined models with increasing complexity were applied to explore the 
relationships between transition probability and relative bedtime, stage time, 
placebo and drug effects. For relative bedtime, f(relative bedtime), these 
models were a step, a linear and a linear spline with three breakpoints. For 
stage time, f(stage time), the models were a linear and a linear spline with 
three breakpoints. The middle breakpoint of the spline models were, for both 
the relative bedtime and the stage time models, either estimated or fixed to 
the median. The standard models for the placebo effects were a step and an 
exponential using time as a covariate for the placebo effect. The predefined 
models for the drug effects were similar: a step, a linear and an Emax. For 
PD 0200390 two doses were given, hence a step model varying with the 
dose was also tried for this drug. The covariates for the linear and Emax 
models were the predicted concentrations and effect compartment concentra-
tions78 based on previously developed PK and PK-PD models for the two 
drugs. As concentrations of PD 0200390 were measured, individual predic-
tions could be made of both the concentrations and the effect compartment 
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concentrations for this drug. However, neither concentration measurements 
nor a measurement of the effect compartment delay, ke0, was available for 
zolpidem, thus only the population predicted concentrations were used for 
predicting the effect of zolpidem. 

Bias and precision  
The bias in parameter estimates was in paper I as well as in paper II assessed 
by calculation of the relative estimation error (REE) as described in equation 
(29). 

  
est sim

sim

REE � �
�
�

�  (29) 

where �est is the estimate of a parameter, fixed or the variance of the random, 
and �sim is the value used for the same parameter when generating the data. 
The REE for each parameter of each simulated dataset was plotted in box-
and-whiskers plots to visualize both the bias and the precision. The relative 
bias is calculated according to equation (30). 

,

  
est median sim

sim

relative bias
� �

�
�

�  (30) 

in which �est, median is the median of all estimates of a parameter. 
The performance of the BSM was investigated in paper II, with an as-

sessment of the precision of the method. To assess the contribution to the 
imprecision by the BSM, ten of the performed BSM estimations were ana-
lyzed using a mixed-effects model with two levels of random effects: the 
variability due to that a limited sample of the population is studied and the 
variability due to the iterative nature of the BSM. This was done for each 
estimated parameter as either a single BSM estimate or using the serial BSM 
procedure. 

Predictive performance 
A PPC with 100 simulations was performed for the developed Markov 
model for sleep. The point estimates of the parameters instead of the poste-
rior distributions were used for simulations, as this decreased the computa-
tional load slightly. The 18 sleep efficacy endpoints, for example LPS and 
NAW, for each the 4 treatments were used as the summary measurement of 
the PPC. To get an overview of the performance of the model, the relative 
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deviation between the observed endpoint and the median, maximum and 
minimum endpoint as derived from simulated data was calculated for each of 
the endpoints, according to equation (31). 

sim obs

obs

Endpoint Endpointrelative deviation
Endpoint

�
�  (31) 

VPC was utilized to investigate the predictive performance of the used 
methods/models in papers I, II III and V. The realized design was used for 
the simulations except for the sedation data in paper III. As this study design 
was adaptive only the scheduled, observation independent measurement 
times were used in the simulations for the VPC. Empirical probability was in 
papers I, II and III the statistical summary measurement and the average time 
spent in a stage was the summary statistic for sleep data. These summary 
statistics were plotted versus covariate variables: dose (papers I, II and III) 
and relative bedtime or stage time (paper V). As dose is a categorical meas-
urement histograms showing the empirical probability of the different doses 
were created in papers I, II and III. The VPC of sleep data was stratified on 
treatment. Using the population parameters for simulation assumes zero 
mean of the variance. In those scenarios of paper I where the parameter es-
timates were biased the mean of the EBE of �’s was non-zero; thus addi-
tional simulations using the EBE of �'s and the estimated fixed parameters 
were performed as an alternative method to explore any possible improve-
ment of the predictive performance.  

Simulation hypothesis test 
The actual critical values for the likelihood ratio test were in paper III and IV 
assessed using a SHT. A significance level of 1% and 5% was used in paper 
III and IV, respectively. In paper III, the critical values of including differen-
tial effect parameters, �’s were investigated by simulating using the propor-
tional odds model and analyzing the data using the proportional and the dif-
ferential odds model. The actual critical values for the Markov elements 
were assessed in paper IV by simulating data using the proportional odds 
model and estimating the parameters using the proportional odds model and 
the first order Markov model. This was done for dichotomous data. The 99th 
and 95th percentiles of the difference between the OFV estimates of the re-
duced model (the proportional odds model) and the full model (the differen-
tial odds or Markov model) were used as the actual critical values. 
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Bootstrapping 
Bootstraps79 of all three datasets analyzed in paper III were performed to 
investigate the distribution of the estimates of the differential effect parame-
ter. The bootstrap datasets were created by sampling individuals with re-
placement from the original datasets, as many times as there were individu-
als in the original dataset, allowing some individuals to be included more 
than once and some individuals not to be included at all. This procedure was 
repeated 200 times and analyses of these bootstrap datasets were performed 
using the differential odds model. 

Clinical trial simulations 
The developed model for sleep was, apart from simulations to assess the 
predictive performance, also used for clinical trial simulations. These simu-
lations were performed to assess the effect on the efficacy endpoints of 
changing the magnitude of dose and time of dosing according to Table 5. 

Table 5. The clinical trial simulations performed using the model developed for 
sleep. 

Scenario Dose (mg) Dosing time (minutes prior to habitual bedtime) 
1 25 60 
2 25 120 
3 50 30 
4 75 60 
5 75 120 

Under the assumption of linear PK characteristics the concentrations follow-
ing a 50 mg dose of PD 0200390 was calculated as twice the concentrations 
following a 25 mg dose. The dose dependent magnitude of the step models 
for drug effects were calculated as a linear interpolation of the magnitudes 
estimated for 25 mg and 75 mg. 

Concentrations, for giving the drug 60 and 120 minutes prior to habitual 
bedtime were calculated as the concentrations observed when giving the 
drug 30 minutes prior to habitual bedtime with a shift of 30 and 90 minutes, 
respectively. The observed concentrations were assumed to only describe 
elimination 7.5 hours after administration; thus, the individual elimination 
constant were used to extrapolate the concentrations for the last 30 and 90 
minutes of dosing 60 and 120 minutes prior to bedtime, respectively. 
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Results 

Performance of methods for regression  
(Papers I & II) 
The Laplacian regression method performed well in most of the investigated 
scenarios, with low estimated bias. However, as (i) the skewness in the dis-
tribution of the responses increased and (ii) the variability between the indi-
viduals increased an increased bias was observed (Figure 7). Even though 
using the centering option with the Laplacian method clearly reduced the 
bias, the bias was still apparent with high variability and large skewness in 
response distribution, though with reversed sign (Figure 8). The GQ method 
performed well in all examined scenarios, without bias in parameter esti-
mates (Table 6). No differences in bias or precision were observed when 
comparing the three different estimation alternatives used within the GQ 
method: adaptive, non-adaptive scaling and non-adaptive approaches (Figure 
8). Using the BSM to estimate the parameters of scenario D and E resulted in 
stable estimates that were similar to those obtained using the GQ method 
(Table 6). The imprecision added by the iterative method was on average 
35% of the total imprecision with a single estimate but was reduced to 4% 
using the serial procedure. 

Table 6. Relative bias observed with the different estimations methods; Laplace, 
Laplace with centering, GQ (adaptive) and BSM, when estimating data from sce-
nario E, 
2 = 40. 

Scenario Method 	1 	2 	3 	4 	5 
��
Laplace -0.25 -0.21 -0.20 0.37 -0.40 2.03 
Center 0.24 0.091 0.066 -0.11 0.18 -0.18 
GQ 0.007 -0.006 -0.020 0.030 0.002 -0.011 

E 

2 = 40 

BSM 0.017 -0.008 0 0.018 0.011 0 

Simulations based on the biased population parameters did not produce data 
with the same marginal distribution of responses as in the observed. Simulat-
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ing data using the estimated fixed parameters with the EBE of the �s im-
proved the predictive performance, especially if the variability was high. 

Using the parameters obtained with the GQ method or the BSM for simu-
lations produced data in good agreement with the observed data. 

Ignoring assumptions in the proportional odds model  
(Papers III & IV) 
Allowing different covariate effects for the log odds of the categories, by re-
analyzing data using the differential odds model instead of the proportional 
odds model resulted in no improvement of the diarrhoea severity and T-cell 
receptor density data. These analyses gave a �OFV between the proportional 
and the differential odds model that was larger than the estimated actual 
critical values needed to conclude a statistically significant difference. Fur-
thermore, the estimated values for the differential effects were one; hence, 
the proportional odds model was shown to be appropriate to use for these 
data (Table 7). 
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Figure 7. REE for the parameters estimated with the Laplacian method. A. Scenario 
A, B and C, with 
2 = 4. B. Scenario C, with�
2 = 0.5, 2, 10 and 40. 	1, 	2 and 	3 
are the intercept parameters and 
2 is the variance. Each box gives the inter-quartile 
range, with the median indicted as a solid line within the box. The whiskers extend 
to the maximum and minimum value within 1.5 times the upper and lower quartiles, 
respectively. Outliers from the whiskers are plotted as circles. 
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Figure 8. REE for the parameter estimates from scenario E, with 
2 = 40, estimated 
with the Laplacian method in NONMEM (NM), in NLMIXED (SAS) and with 
centering option (Center). REE with the GQ method are also shown with non-
adaptive (noad), non-adaptive scaling (noadscale) and adaptive (ad) approaches. 	1, 
	2 and 	3 are intercept parameters, 	4 and 	5 describe placebo and drug and 
2 is 
the variance. Each box gives the inter-quartile range, with the median indicted as a 
solid line within the box. The whiskers extend to the maximum and minimum value 
within 1.5 times the upper and lower quartiles, respectively. Outliers from the 
whiskers are plotted as circles. 

Table 7. Result from analyzing the T-cell receptor density, diarrhoea and sedation 
data using the differential odds model, with �OFV being the difference in OFV be-
tween the proportional and the differential odds model. Shown are also the actual 
critical values to compare the �OFV with, assessed using a SHT and the estimates 
of the differential effects for the different categories for each data.  

Data �OFV 
Actual critical 

value 
(sign. level p�0.01) 

Differential Effects of 
category 2 / 3 / 4 / 5 / 6 

T-cell receptor densitya -4.7 -5.96 1 / NA / NA / NA / NA 

Irinotecan -1.8 -5.70 1 / 1 / 1 / NA / NA 

SN-38 -0.5 -6.92 1 / 1 / 1 / NA / NA Diarrhoea 

SN-38G -0.5 -9.56 1 / 1 / 1 / NA / NA 

Sedationb -131 -9.88 NA / 1 / 0.94 / 0.65 / 0 
a Categories dim / intermediate / bright correspond to 0 / 1 / 2 
b Definition of sedation categories see Table 2 
NA - Not Applicable 

However, analyzing the sedation data using the differential odds model gave 
a statistical improvement, with a �OFV much lower than the estimated ac-
tual critical value (Table 7). The estimated differential effect for the three 
highest categories of sedation data revealed that the drug effect for these 
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categories was not the full magnitude of the step effect estimated with the 
proportional odds model, which also was supported by the bootstrap distri-
bution of these parameters (Figure 9). The differential effect was for the 
highest category estimated to zero, that is the probability of observing 
score = 6 was independent of drug treatment. When expanding on the way 
the differential effect was implemented, the differential effect was found to 
vary with concentrations. The final model included a linear and an Emax 
model describing the concentration effect on the differential effects for cate-
gory � 4 and category � 5, respectively. The other parameters of the model, 
such as intercept parameters and placebo effect parameters, were however 
not altered compared to those estimated using the proportional odds model. 
Furthermore, the actual critical values corresponding to p � 1% were, for all 
examined datasets, lower than what is expected when using the number of 
added parameters as the degree of freedom with a (2-distribution (Table 7). 

The distribution of sedation bootstrap estimates
for differential effects parameters
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Figure 9. Bootstrap distribution of the differential effect parameters estimated in 
sedation data. The parameter estimate from the analysis of the observed sedation 
data is shown as a vertical black line and the distributions are based on 200 bootstrap 
estimates. No distributions are seen for �3 and �6 as all estimates for these parame-
ters were one and zero, respectively 
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Figure 10. The predicted performance of the proportional (Prop Odds), the differen-
tial (Diff Odds) and the concentration dependent differential odds model (Diff Odds 
conc. dependent) for sedation data shown as the empirical probability for 100 simu-
lations of scheduled, observation independent times, stratified on treatment with the 
dotted line in each panel showing the corresponding observed empirical probability. 
Each box gives the inter-quartile range, with the median indicted as a solid line 
within the box. The whiskers extend to the maximum and minimum value within 1.5 
times the upper and lower quartiles, respectively. Outliers from the whiskers are 
plotted as circles. 

Simulating data using the estimated parameters and the scheduled observa-
tion times revealed an improvement with both the concentration dependent 
and independent differential odds model compared to the proportional odds 
model (Figure 10). As the adaptive design was not fully accounted for by 
using the scheduled observation times the predictive performance of the 
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models appears worse than it in reality is and the high discrepancy between 
the observed and the simulated empirical probabilities was expected for the 
drug treated group. 

Dichotomous Data
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Figure 11. Type I error estimated in the dichotomous data using the Markov (light 
grey) and the proportional odds model (dark grey). The left part of the histogram 
shows the effect of changing the number of observations per individual for 2 differ-
ent transition probabilities (TP): 10% and 40% with the variance, 
2 = 0.05. The 
right part of the histogram shows the effect of changing the transition probability 
with 2 different variabilities, given as variances: 0.05 and 0.1, for 12 observations 
per individual. 

Changing the link function from a logit to the probit and the complementary 
log-log gave even larger differences in OFV when including the differential 
effect parameters, -282 and -4959, respectively. The estimates of the differ-
ential effects were, however, approximately the same as when using the logit 
transformation. Thus, changing the link function could not be used instead of 
the differential odds model to account for non-proportionality on the odds. 

Analyzing data as if the observations were independent of each other, by 
using the proportional odds model, when the observations in fact, are de-
pendent was found to give an increased type I error in most investigated 
scenarios. The type I error increased with (i) increasing number of observa-
tions per individual and (ii) decreasing transition probability (Figure 11, 
Figure 12). 

The same trends were observed for both di- and trichotomous data. No 
trends were observed when analyzing the data using the proportional odds 
model while varying the variance. As a result of too low information content 
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in the data, the type I error decreased slightly with very low transition prob-
abilities. 

Trichotomous Data
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Figure 12. Type I error estimated in the trichotomous data using the Markov (light 
grey) and the proportional odds model (dark grey). The left part of the histogram 
shows the effect of changing the number of observations per individual for 2 differ-
ent transition probabilities (TP): 5% and 20% with the variance, 
2 = 0.1. The right 
part of the histogram shows the effect of changing the transition probability with 2 
different variabilities, given as variances: 0.1 and 0.5, for 12 observations per indi-
vidual. 

The only observed trend when estimating the data using the correct model 
(the Markov model) was the expected increased type I error with increasing 
variance. As the Laplacian method was used for maximizing the likelihood, 
the parameters will be biased at high variances, with the largest biases seen 
for the variance and the covariate parameters (paper I); thus leading to an 
increased risk of finding a spurious covariate relationship. 

A reduced model building strategy for sleep stages  
(Paper V) 
The transition probabilities of baseline sleep was characterized as depending 
on relative bedtime and stage time and a majority of these effects were non-
linear, described using three break-points spline functions (Figure 13). The 
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only linear effect found was on the relative bedtime of TP 3�0. All models 
included IOV or IIV, but TP 2�5. 
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Figure 13. The changes in transition probability (in %) with placebo (black solid 
line) and drug effects of 25 mg (black dotted  line) and 75 mg (black dashed line) of 
PD 0200390 and zolpidem (grey dot-dashed line). The x-axis shows the relative 
bedtime, from zero (time of bedtime) to one (end of night), being the same for all 
panels. Drug effect of PD 0200390 are described with * a step model varying with 
dose, or if nothing indicated, a linear model with predicted effect compartment con-
centrations as the covariate. Drug effects of zolpidem are described with a linear 
model with predicted concentrations as the covariate. IS - initial sleeplessness. 

Placebo effects were identified on four transitions, two of which were de-
scribed with an exponential model; TP IS�1 and TP 1�0, and the other 
two described using a step model; TP 1�5 and TP 5�1. Only four transi-
tions were unaffected by the drug treatments: TP 1�2, TP 2�3, TP 2�5 
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and TP 3� 2. However, TP 2�1, TP 5�2, TP 1�5 and TP 5�1 were only 
affected by PD 0200390 (Figure 14). Two of the transitions affected by 
PD 0200390 were described using step models varying with dose: TP 0�5 
and TP 5�1. All other drug effects for PD 0200390 were described using a 
linear model varying with the predicted effect compartment concentrations. 
The effects of zolpidem were all described using a linear model with the 
population predicted concentrations as the covariate. 

The simulations performed as part of the predictive check showed good 
agreement with most efficacy endpoints. Only 3 of 72 observed efficacy 
endpoints were found outside the range of the simulated data: SEF between 
6 hours and 8 hours after bedtime for placebo and zolpidem and the NAW 
for placebo. These endpoints were slightly underpredicted by the model. The 
figures of average time spent in the different stages, presented in Figure 15, 
showed that the main trends seen in the observed data was captured. 

Three study designs were simulated using the developed model: 50mg PD 
0200390 given 30 minutes prior to bedtime and 25 mg and 75 mg PD 
200390 given 60 and 120 minutes prior to bedtime. The efficacy endpoints 
that were the most affected by changing the study design, compared to the 
actually performed clinical trial, were all latency parameters. Consequently 
sleep efficiency between 0 and 2 hours after bedtime and total sleep time 
were also increased. Changing the time of dosing to earlier prior to bedtime 
had the most impact, even relative to doubling the dose (25 to 50 mg). 
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Figure 14. The placebo effects (left panel), the drug effects of zolpidem (middle 
panel), and PD 0200390 (right panel) found when developing the sleep model using 
the reduced model building strategy. A plus sign indicates an increased transition 
probability while a minus sign indicates a decreased transition probability, as a result 
of the treatment. Definitions of the abbreviations referring to the sleep stages see 
Figure 5. 
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Figure 15. Average time in minutes spent in the different stages, awake (1st column), 
stage 1 (2nd column), stage 2 (3rd column), deep sleep (4th column) and REM sleep 
(5th column) at different times after habitual bedtime in hours for different treat-
ments; placebo (solid line), 25 mg of PD 0200390 (dotted line), 75 mg PD 0200390 
(dashed line) and 10 mg of zolpidem (dot-dashed line) in the observed (lower row) 
and in 25 of the simulated datasets (upper row).  
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Discussion 

The aim with this thesis was to investigate the performance and to improve 
the use of models and methods for mixed-effects population PK-PD analysis 
of categorical data. This was done by drawing attention to the inability of the 
Laplacian method to produce unbiased parameter estimates if (i) the variabil-
ity in the data is large or (ii) the distribution of the reported responses be-
tween the categories is skewed. Solutions to this problem have been sug-
gested in this thesis by using the GQ method instead of the Laplacian 
method for regression and through the development of the BSM for users of 
software where the Laplacian method is the only available regression 
method for categorical data analysis. The BSM provides the unbiased pa-
rameter estimates given that the origin of the bias is the method of regres-
sion. The performance of proportional odds model has also been investi-
gated. This model was shown to be unsuitable for analysis of data arising 
from a heterogeneous ranking scale, measuring an effect with several under-
lying causes. The differential odds model was developed to provide a solu-
tion to the problem and it was shown to be an improvement, with regard to 
statistical significance as well as predictive performance, over the propor-
tional odds model for such data. The appropriateness of the LRT was inves-
tigated for situations when the proportional odds model is erroneously used 
for data with dependent observations. Both an increased and a decreased 
type I error was observed when the observations are dependent; thus assess-
ing the actual type I error is in such situations wise in order to verify that the 
appropriate significance level is used. An alternative strategy is to modify 
the model to handle the dependence adequately. One such possible modifica-
tion is to incorporate Markov elements. In the case of polychotomous data, 
such incorporation can involve considerable complexity. A strategy for the 
reduction of the time-consuming model building with the Markov model and 
sleep data has been suggested. The strategy aimed at increasing the use of 
models for sleep data in a clinical drug development setting, where time 
consumption of an analysis is a crucial issue. 

The problems seen with the Laplacian method with data with a skewed 
response distribution or high variance are related to � shrinkage. The shrink-
age in the EBE of �’s is about 55% in the most skewed data with the highest 
variance, calculated by dividing the standard deviation of the EBE of �’s 
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with the estimated 
80. As seen in Figure 16 the � shrinkage is also asym-
metrical. Two alternative methods handling the bias arising when using the 
Laplacian method, are presented in this thesis: the GQ method and the BSM. 
The incidence/severity model is another solution to the same problem pro-
vided by Kowalski et al81. In this model, the regression is divided into two 
steps; the incidence of responders is first analyzed, followed by assessing the 
severity among the responders. The model for incidence is considering only 
one observation per individual, the observation of responder or non-
responder. Consequently, the model for incidence is not implemented using 
random effects to describe the IIV and thus, avoiding the estimation problem 
with the Laplacian method. By analyzing only the responders in the second 
step, the skewness in the distribution of responses is reduced and thus the 
risk of getting biased parameter estimates even though the Laplacian method 
is used for the regression. Although the incidence/severity model is a simple, 
yet elegant solution to the problem, it suffers from some inherent deficien-
cies. As the incidence is dependent on the time interval for which it is as-
sessed extrapolation of the model to shorter or longer time intervals is not 
possible. Data arising from dose escalation studies cannot be analyzed prop-
erly using this model as only one observation per individual is considered in 
the incidence model and for the same reasons implementation of time vary-
ing covariates is not feasible. 
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Figure 16. The distribution of the EBE of �’s following estimation of data with a 
skewed distribution of responses (90/5/3/2) and high variance (
2 = 40) using the 
cumulative odds model with random intercept. 

PD models for categorical data are usually estimated in conjunction with a 
larger PK model. The PK and PD models should optimally be fitted simulta-
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neously82. This is feasible as most models for categorical data analysis are 
quite fast to run, as the number of random effects parameters defined in the 
model usually is low. NONMEM has an extensive PK library and a superior 
implementation of dosing history compared to other software, making 
NONMEM the preferred software for mixed-effects PK modelling. The 
BSM was thus developed to give users of NONMEM the alternative not to 
change the software, but still get an estimate of the unbiased parameters. 
Noteworthy, if bias in estimates arises from model misspecification, such as 
censoring, the BSM cannot be used for obtaining the unbiased parameter 
estimates; as such bias is unrelated to the method of regression. However, 
the BSM can be used to reduce the bias in parameter estimates arising from 
the method of regression even thought the data are non-categorical. An ex-
ample would be bias in parameter estimates due to the use of the FO method 
with rich data83. 

A meta-analysis of sedation was in paper III re-analyzed using the differ-
ential odds model. Separating the natural course of sedation in stroke pa-
tients from the sedative effect of clomethiazole was one of the aims with the 
previously published analysis performed by Zingmark et al, 200325. A quite 
advanced model for placebo using time as the covariate was developed, with 
a mixture model dividing the patients into a sedation sensitive and non-
sensitive population. Even though this complex model was used to describe 
the time course of stroke-induced sedation, no concentration effect of clome-
thiazole on sedation could be found when applying the proportional odds 
model and the drug effect was described with a step model. A concentration 
effect of clomethiazole on sedation could nevertheless be identified when the 
differential odds model was applied to the data. Describing the disease pro-
gression in detail could in this case not compensate the erroneous assump-
tions made with the proportional odds model. This shows the importance of 
applying the appropriate model in order to find all relevant covariate rela-
tionships. 

The realized design cannot be used to assess the true predictive perform-
ance of a model developed using data from an adaptive design, as the design 
is dependent on the observations. The simulated observations will not be 
identical to the observed and hence the adaptive rules set up for the design 
will be violated. Using the scheduled, observation-independent measurement 
times instead of the full realized design will account for an adaptive design 
with regard to the monitoring. However, this will not account for an adaptive 
dosing schedule. The sedation data analyzed in paper III came from studies 
where both an adaptive monitoring and dosing schedule was utilised and 
Figure 10 illustrates the predictive performance of the differential and pro-
portional odds model in sedation data using only the scheduled observations 
accounting for the adaptive monitoring with good predictive performance of 
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the placebo treated group as the result. The inability of this approach to ac-
count for the subjective adaptive dosing schedule is seen in the predictive 
performance of the drug treated group, where the only category with a good 
predictive performance is score = 6, which is independent of drug treatment. 
There are two approaches to account for an adaptive dosing schedule. The 
first is to simulate the largest possible design, that is with all possible dosing 
levels at all possible dosing times and then “throw away” data according to 
the adaptive rules. As the re-starting of infusion was an optional decision for 
the treating physician in the sedation studies in paper III, this was however 
not feasible. Another approach is to develop a model describing the adaptive 
rules, similar to a dropout model. In such model, randomness could be in-
cluded for the optional re-start of infusion and this randomness would be 
based on the observed empirical probability of re-start. This “study adap-
tion” model could be fitted simultaneously with the model describing the 
sedation, reducing any possible risk of bias in parameters due to the adaptive 
study design. 

One of the assumptions made when using the proportional odds model is 
that the observations are independent of each other. Failing to recognise that 
the observations in a dataset are dependent, treating them as independent by 
using the proportional odds model, will most likely affect the LRT with 
higher type I errors than expected; thus with a increasing risk of including a 
false effect as the consequence. Assessing whether the observations are de-
pendent, with a transition probability that is less than what is assumed with 
the proportional odds model, can easily be done by comparing the number of 
transitions in the observed and the simulated data using the proportional 
odds model. If there are more transitions made in the simulated data com-
pared to the observed data, this suggests that the observations are dependent. 
If the observations instead are changing for each new measurement, then 
maybe it would be prudent to apply a Markov model to investigate whether 
the observations have a transition probability that is larger than assumed 
with the proportional odds model. However, finding an effect that would 
render transition probabilities larger than the level assumed with the propor-
tional odds model seems unlikely. 

Additional knowledge, of what effects a drug has on different sleep stages 
over time, is provided when using a mixed-effects model to explore longitu-
dinal sleep data. Assessing the effect the drug has on the efficacy endpoints, 
such as LPS and SEF, will only give a crude indication about the underlying 
drug effects, as these endpoints do not consider the time effect nor provides 
an understanding of on what stages the drug has its effects. In contrast, 
mixed-effects Markov models provide which transition probabilities that are 
changed due to drug treatment as well as the time aspect of these effects. 
Another advantage of model based analysis of sleep data is that new dosing 
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regimens can be simulated and used for guidance in designing new studies. 
In addition, simulations may be performed to predict the outcome of com-
pounds with similar mechanisms of action but a different PK-PD profile, for 
example a new drug with different potency, or a controlled-release formula-
tion. With the use of clinical trial simulations, different scenarios, such as 
alternative doses and dosing schedules, can be explored and the results of the 
clinical trials can act as a support for decisions made in later stages of drug 
development. A reduced model building strategy has in paper V been sug-
gested, decreasing the number of models to test, but also the run-times by 
using only parts of the data when defining new covariates relationships. The 
results of the reduced model building strategy also suggest that the number 
of predefined models for the relationship between transition probability and 
relative bedtime and stage time could be reduced in number. Since no rela-
tionships between transition probabilities and relative bedtime were de-
scribed using time-constant models, this step could possibly be removed to 
reduce the modelling even further. Thus, the suggested reduced model build-
ing strategy facilitates the use of these models within drug development, 
making the advantages provided by mixed-effect modelling readily feasible 
to use. 

The importance of choosing a suitable regression method and the signifi-
cance of choosing an appropriate model has been addressed in this thesis. On 
the basis of the results, the following recommendations for mixed-effects 
categorical data analysis are suggested. Some decisions on appropriate 
model and suitable method of regression can be made based on simulations 
using the parameter estimates from an initial fit of the cumulative odds 
model with random intercept to the data. Fitting the same model as used for 
the simulations to the simulated data and compare the parameter estimates of 
the observed and simulated data can be done to decide if the Laplacian 
method is a suitable method of regression. If the parameter estimates from 
the fit to the simulated data differs from the corresponding estimates of the 
observed data, the Laplacian method is an unsuitable method of regression. 
In these cases, either the method of regression could be changed to the GQ 
method or the BSM could be used with the final model to provide the unbi-
ased parameter estimates. If the latter suggestion is chosen, it is wise to as-
sess the actual critical value for the LRT through a SHT in order to be confi-
dent of the significance level used for inclusion of new parameters. A deci-
sion on the proportional odds model vs. the Markov model can be made 
based on the comparison of the number of transitions in the simulated and 
observed data. If these numbers are dissimilar, the Markov model is more 
appropriate to use than the cumulative odds model with random intercept for 
the analysis. If that is the case, the principle of pre-defining a set of models 
to be tested with the Markov model, as suggested in paper V, can be utilised 
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to reduce the model building. If the opposite is concluded and covariates 
such as placebo or drug effects are added to the model, other link functions 
than the logit as well as allowing differential odds to be estimated should be 
investigated to verify that the covariate effects are best described using pro-
portional odds. If the covariate functions of the model are found to be differ-
ent for different scores the actual critical values to use for inclusion of new 
parameters should be assess using a SHT. If these recommendations are fol-
lowed, the risk of including false or excluding true covariates, as well as the 
risk of over- or underestimating the magnitude of these covariate relation-
ships is reduced. 

Perspectives 
The use of PK-PD modelling has increased in the drug development, ever 
since the FDA published recommendations on how to perform population 
PK modelling84. Also, in 2004, the FDA published a paper reviewing some 
ways that pharmacometrics can be implement to make the drug development 
process more efficient, including the concept of model-based drug develop-
ment with drug/disease models that facilitate clinical trial design and optimal 
dosing85. The PK-PD models are now increasing being used in the discussion 
with regulatory authorities. In addition, the interest for modelling categorical 
data is increasing, as many efficacy endpoints and side-effects are measured 
using categorical or ranking scales. More aspects of these models are likely 
to be explored in the future, as these models will be applied to new therapeu-
tic areas and other measurements than has previously been done. As a natu-
ral consequence of this, the models used, as well as the different estimation 
methods used with these models, will have to be further investigated. The 
use of the Laplacian method has been shown to produce biased parameter 
estimates with count data arising from epileptic seizures, in cases where the 
Poisson, the zero-inflated Poisson and negative binomial model has been 
used86. The use of the GQ method for these data with these models has been 
shown to perform well without biased parameters; hence, the problem for 
these models with the Laplacian method seems to be the same as with ordi-
nal data. 

The use of mixed-effects models with so-called hidden Markov models is 
also an interesting focus for future studies. The observations of count data 
are commonly seen clustered with observations of non-zeros followed by 
long periods only observing zeros or few counts. The hidden Markov models 
could for such data improve the analysis, as periods with few or zero counts 
could be modelled as an inactive state of the disease and periods with many 
counts as the active state. An example of an analysis using a hidden Markov 
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model has been published for migraine data87. Random effects were however 
not incorporated into that model. 

As computational complexity, being accurately handled by the computers 
reaches new levels so does the complexity of the models, taking more than 
the measurements themselves into account. One example is dropout models, 
which is an area where the research just has started. If the dropout in a clini-
cal study is high, and the reason for dropout is related to the effects of the 
drug or the disease, analyzing the data without taking the dropout into ac-
count may lead to biased parameters, in analogy with below limit of quanti-
fication data for individuals with high CL88. An example of a situation where 
the dropout is not completely random is stroke studies, where the dropout 
most likely is a deterioration of the disease as most patient drops out due to 
death. Two analyses of stroke have been presented89, 90 where a model for the 
dropout was used considering the dropout as non-random, providing addi-
tional information to other parts of the model. To develop models taking the 
expected dropout rate in a population into account would of course also give 
better predictions using clinical trial simulations. 

Nestorov et al29 showed that optimal design theory can be applied with 
categorical data using fixed effects. However, optimal design for categorical 
mixed-effects models is yet to be investigated. In optimal design, the uncer-
tainty of the estimated parameters is optimised with regard to dosing, sam-
pling times, etc. and to use this approach to provide better clinical studies 
early in the drug development program requires knowledge of optimal de-
sign for categorical data as the toxicity of a drug is the central concern and 
most adverse events are measured using categorical scales. 
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Conclusions 

The Laplacian method was shown to be an inappropriate method to use for 
regression of models for ordinal data when (i) the responses are skewly dis-
tributed between the categories or (ii) the inter-individual variability is high. 
The Gaussian quadrature method can instead be used in those situations. The 
unbiased parameter estimates can also be obtained using the back-step 
method. This iterative new method was developed for analysts that do not 
have access to software with an appropriate regression method and it was 
shown to produce stable estimates, without adding much imprecision. 

Using the proportional odds model to analyze data with several underlying 
variables affecting the response may produce models with poor predictive 
performance. A new alternative model, the differential odds model, was 
developed. The differential odds model was shown to be superior to the pro-
portional odds model for data with several underlying variables affecting the 
response, as shown by the likelihood ratio test and the predictive perform-
ance of the models. 

The likelihood ratio test was shown to be affected when analyzing dependent 
observations using the proportional odds model, which assumes independent 
observations. Increased type I error was observed for data with (i) a large 
number of observations or (ii) a low transition probability between two ob-
servations and a decreased type I error was observed when the transition 
probability was lower than that assumed with the proportional odds model. 
The likelihood ratio test was shown to perform well for the same data when 
analyzed using the Markov model. 

The Markov model was used to describe sleep data, including placebo ef-
fects and effects of two drugs for the treatment of insomnia. A reduced 
model building strategy was suggested and shown successful in producing a 
model that well predicted the observed data. 
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Populärvetenskaplig sammanfattning 

Att utveckla läkemedel är dyrt och studier som görs på människor, s k kli-
niska prövningar, är ofta den mest kostsamma delen i läkemedelsutveckling-
en. Genom att förbättra den statistiska analysen av resultaten från de kliniska 
prövningarna går det att minska kostnaden för ett läkemedel, vilket är värde-
fullt för läkemedelsföretagen, patienter och samhället. 

En viktigt del i de kliniska prövningarna är att avgöra om det undersökta 
läkemedlet har någon effekt på sjukdomssymptomen och hur den effekten 
varierar med läkemedelsdosen. Detta kallas farmakodynamik. Symptomen 
beskrivs ofta med ett begränsat antal svarsalternativ; s k kategoriska svar. 
Smärta är exempel på en symptom. En passande fråga är ”hur ont har du?” 
och patienten får svara ett av följande alternativ: inget, lite eller mycket ont. 

Inom läkemedelsindustrin analyseras ofta de kategoriska svaren genom att 
jämföra svaret före patienten fick läkemedlet med svaret efter patienten fick 
läkemedlet. Genom att istället beskriva farmakodynamiken med statistiska 
ekvationer, s k modeller, kan alla svar som erhållits användas, vilket gör det 
lättare att upptäcka en läkemedelseffekt. Populationsmodeller är en speciell 
typ av modeller där man dels får en uppskattning av en övergripande effekt, 
men även en uppskattning på hur mycket patienterna avviker från den över-
gripande effekten. Dessa effekter kallas populationsestimat. Ett problem med 
populationsmodeller är att det endast finns ett fåtal modeller att använda för 
kategoriska svar samt att erfarenheten av dessa är begränsad. 

Traditionellt, används mjukvaran NONMEM och den proportionella odds 
modellen för att analysera kategoriska svar med populationsmodeller. I 
mjukvaran används en metod som heter Laplace för att bestämma popula-
tionsestimaten. Om patienterna i studien har givit mycket olika svar eller om 
endast ett fåtal uppgett att de till exempel har mycket ont bör man istället 
använda Gaussian quadrature metoden som finns i mjukvaran NLMIXED 
(delarbete I). Används Laplace metoden blir populationsestimaten inte kor-
rekta och risken finns att läkemedelseffekten uppfattas högre än den i verk-
ligheten är. 

Vi har dock utvecklat en metod för de analytiker som använder NON-
MEM som ger de korrekta värdena trots att Laplace används i denna mjuk-
vara. Metoden kallas the Back-Step Method (delarbete II). 
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För vissa symptom kan det finnas mer än en underliggande orsak. Med 
proportionella odds modellen antas att läkemedlet har samma effekt på alla 
svaralternativ oavsett om det är flera orsaker till symptomen. Detta är inte 
nödvändigtvis sant och därför utvecklades en ny modell, differentiella odds 
modellen, som tillåter läkemedlet att ha olika effekter på olika svarsalterna-
tiv (delarbete III). En jämförelse mellan proportionella och differentiella 
odds modellerna visade att den senare är bättre för att beskriva trötthet, vil-
ket var ett symptom där flera underliggande orsaker fanns. 

Om en patient ofta får samma fråga kommer patienten troligen svara 
samma sak. Svaren är då beroende av varandra. Den proportionella odds 
modellen antar att svaren är oberoende av varandra. Vanligen när en popula-
tionsmodell byggs används ett statistiskt test som kallas likelihood kvottestet 
(LRT). Med hjälp av LRT är det möjligt att statistikt bestämma risken för att 
ta en läkemedelseffekt för relevant när den inte är det. I delarbete IV under-
sökte vi vad som händer med LRT när beroendet mellan svar ignoreras och 
vi fann att det fanns en ökad risk för att ta en falsk effekt för sann då beroen-
det mellan svaren var starkt eller antalet svar per person var stort. Markov 
modellen är en alternativ modell som tar hänsyn till beroende mellan svar. 
Risken för att ta en falsk effekt för sann med Markov modellen visade sig 
vara helt enligt förväntningarna. 

Inom läkemedelsindustrin är det vanligt att de analyser som utförs för nya 
läkemedel måste vara tidseffektiva, eftersom varje dag som passerar utan att 
läkemedlet kommit ut på marknaden innebär stora kostnader för företaget. 
Läkemedel för sömnlöshet är ett forskningsintensivt område som potentiellt 
kan ge stor avkastning, men modellbaserad analys av sömn är tidsödanade. I 
delarbete V presenterar vi en effektiviserad strategi för hur Markov modellen 
kan användas för att beskriva sömn och effekter av läkemedel på sömn. Den 
effektiviserade strategin gav en modell som väl beskrev sömn för patienter 
som lider av sömnlöshet samt effekterna av två olika läkemedel för behand-
ling av sömnlöshet. 

Jag har i den här avhandling givit förslag på hur användandet av farmako-
dynamiska populationsmodeller för analys av kategoriska svar kan förbätt-
ras. Genom att använda rätt metod och rätt modell för olika typer av svar går 
det att minska risken för att missa en sann eller acceptera en falsk effekt, 
samt att överskatta eller underskatta effektens storlek. Jag har även givit 
förslag på hur byggandet av modeller när det finns många svar kan effektivi-
seras. 
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