
ACTA
UNIVERSITATIS

UPSALIENSIS
UPPSALA

2016

Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Pharmacy 224

Applied Adaptive Optimal
Design and Novel Optimization
Algorithms for Practical Use

ERIC STRÖMBERG

ISSN 1651-6192
ISBN 978-91-554-9766-8
urn:nbn:se:uu:diva-308452



Dissertation presented at Uppsala University to be publicly examined in B22, BMC,
Husargatan 3, Uppsala, Friday, 20 January 2017 at 13:15 for the degree of Doctor of
Philosophy (Faculty of Pharmacy). The examination will be conducted in English. Faculty
examiner: PhD Timothy Waterhouse (Eli Lilly and Company).

Abstract
Strömberg, E. 2016. Applied Adaptive Optimal Design and Novel Optimization
Algorithms for Practical Use. Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Pharmacy 224. 80 pp. Uppsala: Acta Universitatis Upsaliensis.
ISBN 978-91-554-9766-8.

The costs of developing new pharmaceuticals have increased dramatically during the past
decades. Contributing to these increased expenses are the increasingly extensive and more
complex clinical trials required to generate sufficient evidence regarding the safety and efficacy
of the drugs.  It is therefore of great importance to improve the effectiveness of the clinical
phases by increasing the information gained throughout the process so the correct decision may
be made as early as possible.   Optimal Design (OD) methodology using the Fisher Information
Matrix (FIM) based on Nonlinear Mixed Effect Models (NLMEM) has been proven to serve
as a useful tool for making more informed decisions throughout the clinical investigation. The
calculation of the FIM for NLMEM does however lack an analytic solution and is commonly
approximated by linearization of the NLMEM. Furthermore, two structural assumptions of the
FIM is available; a full FIM and a block-diagonal FIM which assumes that the fixed effects
are independent of the random effects in the NLMEM. Once the FIM has been derived, it
can be transformed into a scalar optimality criterion for comparing designs. The optimality
criterion may be considered local, if the criterion is based on singe point values of the parameters
or global (robust), where the criterion is formed for a prior distribution of the parameters.
 Regardless of design criterion, FIM approximation or structural assumption, the design will
be based on the prior information regarding the model and parameters, and is thus sensitive
to misspecification in the design stage.  Model based adaptive optimal design (MBAOD) has
however been shown to be less sensitive to misspecification in the design stage.   The aim
of this thesis is to further the understanding and practicality when performing standard and
MBAOD. This is to be achieved by: (i) investigating how two common FIM approximations
and the structural assumptions may affect the optimized design, (ii) reducing runtimes complex
design optimization by implementing a low level parallelization of the FIM calculation, (iii)
further develop and demonstrate a framework for performing MBAOD, (vi) and investigate the
potential advantages of using a global optimality criterion in the already robust MBAOD.
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BSV  Between-subject Variability (= IIV) 
CDC  Centers for Disease Control and Prevention 
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CL  Clearance 
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EC50  Concentration giving 50% of drug effect 
ED50  Dose giving 50% of drug effect 
EMAX  Maximum effect parameter 
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FOCE  First Order Conditional Estimate 
FOCEI  FOCE with Interaction 
IIV  Inter-Individual Variability 
IOV  Inter-Occasion Variability 
JM  Job Manager for distributing workload 
Ka  Absorption rate constant 
MBAOD  Model Based Adaptive Optimal Design 
MCR  MATLAB Compiler Runtime 
MPI  Message Passing Interface 
NCA  Non-Compartmental Analysis 
NCE  New Chemical Entity 
NLMEM  Nonlinear Mixed Effects Model 
OD  Optimal Design 
OFV  Objective Function Value 
OMPI  Open Message Passing Interface 
PCT  MATLAB Parallel Computing Toolkit 
PD  Pharmacodynamics 
PK  Pharmacokinetics 
PKPD  Pharmacokinetic-Pharmacodynamic 
PopED  Population Experimental Design 
REE  Relative Estimation Error 



 

S  Scale Matrix 
SSE  Stochastic Simulation and Estimation 
TM50  Maturation half-life 
V  Volume of Distribution 
U.S.  United States 
β  Vector of Fixed effects  
λ  Vector of random effects 
θi  Vector of individual parameters 
Θ  Vector of population parameters 
ξ  Vector of design specific variables  
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1. Introduction 

Drug development is a costly high-risk endeavor where it, on average, takes 
nine years from initial product concept to final market release [1]. A recent 
review of expenses for research and development in the pharmaceutical in-
dustry estimates an average out of pocket cost for development of a new 
chemical entity (NCE) to 1.4 billion U.S. dollars [2]. The same publication 
reports that the probability of a NCE transitioning from preclinical discovery 
to being approved and registered for use may be as low as 12%. Due to the 
demand by regulators for rigorous evidence regarding the drug efficacy and 
safety, a large portion of the invested capital is spent on extensive and com-
plex clinical trials [3]. The cause of premature termination in clinical phases 
for a NCE varies between therapeutic areas, but the main culprits are nor-
mally a lack of effect or too severe adverse effects. With increasing costs 
and fewer NCEs being released to the market, the pharmaceutical industry 
has been suffering from a decline in innovation due to the low expected re-
turn of investment. Inevitably this affects the patients with increasing medic-
inal costs and non-profitable therapeutic areas being deprioritized. This issue 
has been stressed by the U.S. Food and Drug Administration (FDA) which in 
2004 launched the Critical Path Initiative [4, 5]. It is of high importance to 
improve the clinical phases of drug development and reduce the costs asso-
ciated with generating the required evidence, without decreasing the in-
formativeness of the trials.  

1.1 Pharmacometrics and the Population Approach 
The multidisciplinary science of pharmacometrics combines knowledge in 
pharmacology and biostatistics to construct mathematical models for a quan-
titate description of the interactions between drug substances and the ex-
posed organisms [6]. Commonly these entail pharmacokinetic (PK) models, 
describing the concentration over time [7], and pharmacodynamic (PD) 
models, showing how the drug effect is dependent on the drug exposure [8], 
or combined PKPD models [9]. Pharmacometrics has its roots in the tradi-
tional approach to generating population parameters based on combined data 
from all subjects with the inter-individual differences ignored (“naïve pooled 
approach). In addition to naïve pooling, a two-stage approach has also been 
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used where individual parameter estimates are combined to generate a popu-
lation mean with associated variability.  

The true birth of the population approach to pharmacometrics was when 
Sheiner et al. moved away from the traditional methods with the population 
PK approach (popPK) [10]. By estimating population mean parameters and 
inter-individual-variability (IIV) of the parameters from pooled sparse PK 
data of a large number of individuals, the IIV was separated from the param-
eter uncertainty. The population PK approach was later extended for popula-
tion PD [11] and combined population PKPD [12] models. Today pharma-
cometrics has proven to be useful for data analysis, study design and deci-
sion making in drug development with advantages over standard statistical 
analysis that is widely recognized [13–16].  

1.1.1 Nonlinear Mixed Effects Models for continuous data 
The population approach by Sheiner et al. uses nonlinear mixed effects 
(NLME) models which consist of fixed effects and random effects [17]. The 
fixed effects are the structural components with functions describing the 
time-dependent response based on the observed data and are commonly rep-
resented through a system of algebraic or differential equations. Random 
effects describe the variability of the observed data, which may be further 
separated into IIV, inter-occasion variability (IOV) and random unexplained 
variability (RUV). In addition, subject-specific descriptive variables such as 
age and weight (WT) may be included as covariates to further improve the 
model and reduce the variability terms.  
 
A vector of individual parameters  for NLME models is for a single occa-
sion given by 

				 g 	, , ,                            (1) 

where g(.) is a vector function dependent on the fixed effect parameters 	, 
the individual discrete variables  and the individual covariates . The 
subject specific deviations from  is given by the random effects vector  
containing j IIV terms.  Further, the ith individual’s response for NLME 
models based, on continuous data measured at individual sampling times  
can be written as 
				 	f , h , ,    (2) 
 
where f(.) is the structural model and h(.) is the model of RUV based on the 
vector  containing k individual residual variability terms. The IIV and 
RUV parameters are sampled from normal distributions with mean 0 and 
respective covariance matrices matrices  and 		of size (k, k) and (j, j), giv-
ing the vector of random effects ω , , … ,ω , , σ , , … , σ ,  and the vector 
of population parameters Θ , . 
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1.1.2 Maximum Likelihood Estimation 
All parameter estimation and data simulation in this work is conducted using 
the software NONlinear Mixed Effects Modelling (NONMEM) [18], which 
is considered to be the industry standard since it was first developed in the 
1980s. NONMEM uses a maximum likelihood approach where parameters 
are estimated by maximizing the likelihood L of the data given the model. 
Furthermore, to increase the computational stability and transform the likeli-
hood to a scalar objective function value (OFV) which instead is minimized, 
the likelihood is within NONMEM expressed as -2log(L). Given the previ-
ous definitions of NLME models for a single occasion, the OFV may be 
calculated accordingly for the population response y and parameters	Θ: 

 

 
OFV y, Θ 2 | , , ∙ |  

 

(3) 

 
Where | , ,  is the likelihood of the individual data under the pa-
rameters and |  is the probability of the individual deviations from the 
fixed effects parameters given the population IIV parameters in . The inte-
gral represents the individual contribution to the likelihood and the product 

| , , ∙ |  is commonly referred to as the joint likelihood den-
sity. 

1.1.3 Approximating the Likelihood for NLME estimation 
The likelihood with respect to the parameters cannot be calculated analyti-
cally for NLME models, due to the nonlinearity of the models with respect 
to the random effects, and has to be approximated. There are several approx-
imations available in NONMEM which linearizes the response with respect 
to the random effects. For continuous data models, the most commonly used 
approximation of the individual likelihood is the first-order conditional esti-
mate (FOCE) approximation, which was introduced by Lindstrom and Bates 
[19] as an extension of the standard First-Order (FO) approximation  of like-
lihood [20]. When using the FOCE approximation the model is linearized 
around the mode of the joint density function for each subject based on the 
individual data. The individual contribution to the likelihood is approximat-
ed by assuming a Gaussian distribution of the data with mean and variance 
which is linear with respect to the IIV. By including an interaction term be-
tween the IIV and RUV, the FOCE with Interaction (FOCEI) approximation 
method can be constructed. It is beyond the scope of this thesis to discuss the 
benefits of different approximations to the likelihood for parameter estima-
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tion in NLME models. For a description of the relevant linearizations, see 
section 1.2.1.  

1.2 Optimal Design 
The idea of optimizing the experimental design dates back to the early 20th 
century when R.A. Fisher discovered that the potential information from an 
experiment is limited and dependent on the design setup [21]. This depend-
ency was, by Fisher, described to be asymptotically linked to the Fisher In-
formation Matrix (FIM) which is dependent on the design variables ξ and 
parameters Θ. A couple of decades later, Cramer [22] and Rao [23] inde-
pendently formed a formal mathematical inequality which stated that the 
inverse FIM acts as a lower bound of the variance-covariance matrix for 
unbiased estimators. 
 
FIM , 	 COV                             (4) 

 
This became known as the Cramer-Rao inequality which suggested that the 
variance of the estimated parameters Θ may be minimized by finding the 
design which maximizes the FIM with respect to the parameters. This ine-
quality became a central theorem in a new branch of statistics, dedicated to 
optimization of design setup, which now is commonly referred to as Optimal 
Design (OD). 

1.2.1 Fisher Information Matrix for NLME models 
The FIM is formally defined as the negative expectation over data y of the 
second partial derivative of the joint log-likelihood function with respect to 
the model parameters. 
 
  

 
ξ, Θ E

Θ
ln Θ|  

 

(5) 

 
For linear models and nonlinear models without random effects, it is possi-
ble to analytically derive the FIM as demonstrated by A.C. Atkinson [24]. 
For NLME models the FIM has to be approximated due to the non-linearity 
of the model with respect to the random effects to guarantee marginal nor-
mally distributed observations. 



 15

First Order (FO) approximation 
A closed-form solution to the FIM for NLME models by FO approximation 
was first introduced by Mentré et al. [25] and then extended by Retout et al. 
[26] and Foracchia et al. [27]. When using the FO approximation, the model 
is linearized around the typical values , 	, 0  and 0. This 
gives the individual response function for a single occasion: 
 

 	 , , ∙ , , ∙ , , ,    (6) 

 

Where  

    , , 	≡ 	 , ,                                   (7) 

and 

				 , , , 0 		≡ , , ,                           (8) 

which gives the expected response and variance , 

				E f , ,                                                  (9)   

				Var 	 , , ∙ ∙ , ,                         

																									 , , ∙ ∙ , ,                                 (10) 
 

This approximation may, however, be inaccurate when the IIV becomes 
large, is highly nonlinear or when the interaction of the RUV and inter-
individual random effect is of importance.  

First Order Conditional Estimation (FOCE) approximation 
To improve on the FO approximation for the FIM, Retout et al. introduced 
an FOCE approximation of the FIM which linearizes the expectation of the 
model 	 	around individual samples of the IIV taken from a normal dis-
tribution of ~ 0, Ω  [28].  
 
This gives the expected response and variance for a single occasion: 
 
				E f , ∙ 	 , 		                                              (11) 

 

				Var 	 , ∙ ∙ ,     

																																	 , ∙ ∙ ,                                   (12) 
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where 	 	, , , . This FOCE approximation is thus slightly dif-
ferent than the FOCE linearization used for likelihood estimation in NON-
MEM, which instead linearizes the response model, for each individual, 
around the expected mode of the marginal likelihood. 

Deriving the FIM for NLME models 
Assuming a study consists of N independent groups, with ng individuals per 
group and the same elementary design ξg, then the population FIM can be 
constructed as the sum of FIMs for all groups: 
 

   	
	
	 	, 	 	 ∑ 	 ∙ 	

	 	, 				                           (13)  

The full Fisher Information Matrix for the ith individual/group for an ex-
pected response E  and variance V , which is linear(ized) with respect 
to the random effects, can be written as  
 

   	 	,
E 	, V V

V V                               (14) 

where  

   E 	, V 2 ∙ V ∙ 	   

															 ∙ V ∙ ∙ V                    (15)             

  

 

   V 	
	
	 ∙ V ∙

	
	 ∙ V                             (16)

     

   V 	
	
∙ V ∙

	
∙ V                               (17)

    

By assuming that the variance of the model V 	is independent of the 
change in typical values	 , V  is zero and the Full FIM can be re-
duced to its block-diagonal form [26]:  
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   ,
E , V

E , V
            (18)

     

The A-block (eq. 15) is then reduced to: 

   E 	, V 2 ∙ Var ∙                        (19) 

The block-diagonal FIM has for some cases been shown to be a better pre-
dictor than the full FIM of results gained from Monte-Carlo based design 
evaluation methods [29, 30]. However, other work has indicated that the full 
FIM might be the superior implementation [31].  

1.2.2 Local and robust design criteria 
To allow for numerical comparison of the information content of various 
designs, several optimality criteria have been developed which transform the 
FIM into a single-valued objective function [24]. Some of the simplest and 
most commonly used design criteria are D and lnD-optimality, which finds 
the optimal design based on the determinant or natural logarithm of the de-
terminant of the FIM respectively: 

			 	 	max | 	, 	 |	                      (20) 

and 

   	 	max 	 | 	, 	 | 	                      (21) 

D-optimality and lnD-optimality are considered as local criteria since they 
may only evaluate the design based on a single valued guess of the model 
parameters. If there is uncertainty around the model parameters, the designs 
could potentially be sub-optimal for the true value of the parameters. A po-
tential remedy to this situation is to instead use a global (robust) design crite-
rion. The most common criteria for robust optimal design are found within 
the E-family of optimality criteria and have been previously shown to be less 
sensitive to parameter misspecification in the design stage [32, 33]. These 
criteria are centered on assuming a prior distribution around the mean of the 
parameters, instead of using a single fixed value as for local criteria. One 
such robust criterion is ED-optimality which optimizes the design by finding 
the set of variables that maximize the expectation of the determinant of the 
FIM over the parameter prior distribution: 

				 	 	max | 	, 	 |	                      (22) 
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where EΘ is the expectation over the prior distribution of the parameters in 
Θ. As when using D-optimality, the ED-optimality can be transformed to, 
instead, maximize the expectation of the logarithmic determinant of the FIM 
to reduce the size of the objective function value. It is then commonly re-
ferred to as ELD or API optimality [33, 34] and is defined as: 

   	 	 	max | 	, 	 | 	                        (23) 

1.2.3 Optimal Design support points 
Optimal design theory states that designs based on models without random 
effects should have an equal number of samples, or support points, as there 
are parameters in the model [35]. For NLME models however, the number 
of optimal design support points may be dependent on both the structure of 
the model and the number of parameters [36]. If the initial design used for 
optimization has more samples than required by the model, the optimized 
design may collapse upon the support points, resulting in a clustering of 
samples. This clustering is mainly a practical concern, since it entails taking 
replicate samples simultaneously, which rarely is possible in a clinical set-
ting. However, to not perform the replicate sampling when the design calls 
for it will result in a loss of information, since every sample is, in fact, still 
informative. One method for controlling the clustering of samples is to in-
stead optimize sampling windows around the optimal design support points, 
in which samples may be taken at an acceptable loss of information [37]. A 
second approach for reduced clustering is to include information about auto-
correlation in the model [38, 39]. Finally, by using a robust optimality crite-
rion in the model, more support points could be required by the optimal de-
sign and thus potentially reduce the sample clustering [32]. 

1.3 Design of Pediatric PK studies 
It is common practice to use controlled clinical trials for investigation of 
drug characteristics in an adult population to generate evidence in compli-
ance with regulatory demands [40]. Unfortunately, to pursue the same detail 
of evidence for application of the drug in a pediatric population is not as 
common because of concerns including ethics and safety. Thus, for medici-
nal treatment in children, physicians often have to rely on off-label and unli-
censed prescription of the drug and dosing based on anecdotal evidence [41, 
42]. However, due to physiological differences such as body size, organ 
function and renal maturation, the PK characteristics of a drug may be vastly 
different between adults and children [43–45]. Administering a drug to a 
child, with poorly characterized drug PK in the pediatric population, could 
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therefore result in increased risks of over-exposure and severe adverse ef-
fects. 

Using pharmacometrics and NLME models can however aid in the diffi-
cult decisions required for pediatric studies by extrapolating the PK parame-
ters across age groups [46–48]. In pharmacokinetic studies, the parameters 
of interests are usually the drug clearance (CL), describing the amount of 
drug eliminated per time-unit, and the theoretical volume of distribution (V) 
of the drug in the body. By constructing scaling functions, the CL and V 
may be extrapolated from adults to children of different ages. There are sev-
eral different scaling functions available which have been thoroughly evalu-
ated [46, 47, 49]. One of the more common approaches is to scale V accord-
ing to size (allometric scaling) and CL according to size and renal matura-
tion, based on the individuals weights and ages [49]. Once a relationship 
between the adult and pediatric PK parameters have been established, the 
pharmacometric models may then be used to make more informed decisions 
regarding the dosing and study design. 

1.3.1 Sample size estimation in pediatric PK studies 
Determining the sample size of a future study is clearly one of the more sen-
sitive design decisions; too small populations will increase the risks of not 
finding a desired effect or generating insufficient evidence and a too large 
sample size will result in higher cost and difficulties with ethical approval. 
The sample size is particularly sensitive for pediatric studies which have to 
be even more careful to not include a too rich study population and also con-
sider the potential differences in each targeted pediatric age group. A FDA 
recommended precision criterion for sample size estimation of pediatric PK 
studies has previously been suggested by Wang et al. [50]. This criterion is 
based on minimizing the expected variability of the parameters of interest 
and is defined as: 
 

“The study must be prospectively powered to target a 95% CI  
[Confidence Interval] within 60% and 140% of the geometric mean 
estimates of clearance and volume of distribution for DRUG NAME 
in each pediatric sub-group with at least 80% power” 

 Several methodological details on how to estimate the sample size is pre-
sented in the publication by Wang et al., including an example for model 
based approaches which was supplied as R and SAS code. These details 
contain some information regarding which source of prior information could 
be used to derive the parameter confidence intervals (CI). For non-
compartmental approaches, some of these suggestions include using the ob-
served standard deviation of CL and V from a previous adult study, from a 
similar drug in the target population, or from studies of the same drug in 
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other pediatric age groups. How these different sources may affect the re-
quired sample size has been investigated by Salem et al. [51]. 

1.4 Adaptive Optimal Design 
Regardless of which FIM approximation, FIM implementation or optimality 
criteria is used, designs optimized prior to the study will still be dependent 
on the information available at the design stage. Thus if the prior information 
regarding the model, parameters or the assumed distribution of parameters, 
is not a good representation of the target population, the resulting design 
might even after the optimization end up performing sub-optimally. This 
means that even when using OD theory to determine the future study design, 
there is still a risk of not achieving the desired outcome due to misspecified 
prior information. However, adaptive design approaches using NLME mod-
els, such as model based adaptive optimal design (MBAOD), have been 
shown to be less sensitive to misspecification in the design stage [52, 53]. 

In general, adaptive designs allow for prior information to be updated by 
interim analysis as more information regarding the studied system is collect-
ed [12, 54, 55]. When using model based optimal design methodology in an 
adaptive approach, the influence of the potential misspecification in the prior 
information may thus be reduced during the progressing study.  

In contrast to traditional a priori optimal design, the MBAOD allows for 
the study population to be divided into smaller cohorts (Figure 1). At the 
initial cohort, the guesses regarding the models, parameters and other prior 
information is used to generate a design for the first study cohort. Once the 
data has been collected, the fit of the candidate models may be evaluated and 
the parameter estimates updated. This updates the knowledge of the system 
with new information regarding the models and parameterizations based on 
the collected data. The new information may then be used when designing 
the next study cohort, resulting in a more informed design decision as the 
study continues. The adaptive approach of sequentially adding study cohorts 
and updating the information may then continue until a pre-determined 
number of cohorts have been added or a desired sample size has been used.  
   Additionally, MBAODs have the option of determining the endpoint with-
in a stopping criterion, which may be evaluated following each adaptive 
cohort. With this pre-determined stopping criterion implemented in the 
MBAOD, the endpoint could be reached before using the entire study popu-
lation and thus the required sample size could be less than expected of non-
sequential approaches [56]. 
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Figure 1: General schematic of a model based adaptive optimal design. 

It is however difficult to run a truly adaptive trial without having a specified 
maximum of adaptive cohorts. Performing adaptive trials based on a two-
step approach with one adaptive cohort has however been shown to increase 
the robustness of the study and could result in fewer practical implications 
[57, 58]. Some practical implications of not defining the maximum number 
of adaptive steps involve the potential of longer study duration and difficul-
ties with ethical approval. In addition, for MBAODs using a stopping criteri-
on with a statistical test at a desired level of significance, another concern is 
that the cumulative type-I error may become larger than what was requested. 
It may therefore be of interest for these sequential approaches to investigate 
the type-I error inflation and correct within the stopping criterion where nec-
essary [59].  

1.5 Optimal Design Software  
Several software tools for the purpose of performing model based optimal 
design using NLME models are currently available. Some examples of such 
tools, which all have the FO approximation implemented and some with 
higher order approximations and features such as a graphical user interface 
(GUI), are; POPT [60], PFIM [61], WinPOPT, PopDes [62], PopED [27] 
and pkStaMP [63]. Previous work on evaluating designs has shown that 
similar results are given by the different software [30]. Furthermore, it was 
revealed in a study conducted in 2011 that 9 out of 10 pharmaceutical com-
panies use one of these software tools for design optimization or evaluation 



 22 

[64]. Thus tools and methods for optimal design are not only of academic 
interest. 

The software of particular interest for this thesis work was PopED (Popu-
lation Experimental Design) which is currently developed and maintained by 
the Pharmacometrics Research Group at Uppsala University. There are cur-
rently two versions of PopED, both which basically consist of a large library 
of script functions which are supported by MATLAB/FreeMat or R. The 
MATLAB version of PopED includes a GUI written in C# which communi-
cates the optimization problem to the calculation engine through XML (Fig-
ure 2). Both the R and MATLAB versions allow the user to manually set up 
the optimization problem via scripts according to the syntax of the target 
language.  

Within PopED, the design is optimized by finding the set of design varia-
bles which maximizes the FIM according to the chosen optimality criterion. 
For NLME models there are several FIM approximations available, includ-
ing FO and FOCE, and the possibility to use local or global design criteria. 
The points at which the designs are evaluated are determined by a set of 
search algorithms. The standard settings include; evaluating the design at a 
set of random permutations (Random Search, RS), a gradient based method 
to determine the slope of the FIM surface to move the design variables in the 
correct direction (Stochastic gradient, SG) and a grid based search method 
which evaluates the design points based on a set distance (Line search, LS) 
[27]. The optimization script of PopED has been designed to be highly cus-
tomizable and is open source and available on SourceForge, CRAN and 
GitHub. 
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Figure 2: Schematic view of the PopED communication and execution. The top part 
shows the different options of running PopED and the bottom panel shows the script 
modules within the software. Dashed lines indicate modules which may be defined 
by the user. 
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1.6 Simulation based design evaluation  
A powerful tool for predicting the outcome of a study and evaluating designs 
is clinical trial simulation (CTS) [65, 66]. By simulating multiple realiza-
tions using several candidate models and designs, statistical measures such 
as parameter precision and power to achieve a desired outcome, based on the 
model and designs, may be calculated to aid in the decision making process. 
Typically, when using NLME models, the design/model is evaluated by us-
ing the model to simulate a hundreds or thousands of datasets and then re-
estimating the parameters to each dataset. This generates a large number of 
estimated parameter vectors which can be used to derive the desired parame-
ter precision metrics. One example of a toolkit for evaluation of designs and 
models is the stochastic simulation and estimation (SSE) for NLME models 
implemented in Pearl speaks NONMEM (PsN) [67] which uses NONMEM 
for data simulation and estimation of the parameters. CTS is however a 
computer-intensive method and is preferably conducted on high performance 
computing (HPC) clusters. Since evaluating one design requires a large 
number of simulations and estimations, using CTS to find the optimal design 
for problems with many design variables and a large continuous design 
space would not be practical due to long run-times. Therefore, model based 
OD is the preferred method for design optimization since it generally allows 
for a faster solution to the optimization problem.    

1.7 Parallel Computing 
In the past decades parallel computing has moved from strictly scientific and 
corporate applications via high performance computing  to managing every-
day tasks in home computers and smartphones [68]. Applications have been 
optimized for distributing the workload across several central processing unit 
(CPU) cores, operating in multiple threads to efficiently decrease the time 
required to finish the task at hand. At the same time, the availability, size and 
performance of HPC systems have increased to allow for more complex 
scientific problems to be executed in parallel.  

Simply put, the general setting for an embarrassingly parallel problem to 
be executed involves dividing the task in equally sized portions of mathe-
matical operations on the same data (control parallelism) or dividing the data 
into multiple parts on which the same operation is performed (data parallel-
ism) [69]. The data and operations are then stored in the memory and ac-
cessed by the CPU cores, which finish the task and return the results simul-
taneously and independently.  

For parallel computers, three main memory architectures exist; distributed 
memory, shared memory and hybrid distributed-shared memory [70]. The 
typical multi-computer HPC cluster follows the distributed memory architec-
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ture. The system may consist of a heterogeneous set of network connected 
nodes (computers), with independent memory and CPUs. The main ad-
vantage of this memory architecture is that the system is easily scalable and 
upgradable by replacing old nodes or adding additional computing units. To 
execute a problem in parallel, this architecture requires a message passing 
implementation to facilitate communication of the independent nodes. The 
de facto industry standard for message passing in distributed memory sys-
tems is Message Passing Interface (MPI). Development on the MPI standard 
was started in 1992 by the MPI forum and the first version was released in 
1994 [71]. Several libraries for MPI implementations have been developed 
with some unique features for different programming languages and compil-
ers [69].  

In shared memory architecture all CPUs have access to the same physical 
memory as a shared global pool. Thus changes in the memory become visi-
ble for all processors simultaneously. This makes the distribution of opera-
tions and data simple to implement, but systems with this architecture is not 
as scalable and easily upgraded as distributed memory architecture systems. 

The hybrid shared-distributed memory architecture combines the inde-
pendent memory of several nodes to a virtual shared memory pool to facili-
tate globally available data and instructions. This architecture has improved 
scalability to the traditional shared memory architecture but it could poten-
tially give a lower performance compared to a true shared memory system 
[72].  
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2. Aims 

The general goal of this thesis work was to further improve the practical 
usability of model based adaptive optimal design and to increase the under-
standing of how common design assumptions and approximations may affect 
the resulting optimal design. 

 
This was to be achieved by the following specific aims: 

 Implement and evaluate a low level parallelization of the PopED 
optimization algorithm to reduce run-times for complex optimi-
zation problems. 

 Investigate differences in optimal designs generated with the FO 
and FOCE approximations, using the full and block-diagonal 
FIM and for different optimality criteria. 

 Develop and evaluate practical model based adaptive optimal de-
sign algorithms to facilitate an adaptive design optimization 
framework. 
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3. Methods 

In this thesis work different existing methodologies have been used and ex-
panded upon in addition to the new methods, which have been developed to 
fulfill the specific aims of the thesis. Section 3.1 describes the implementa-
tion and evaluation of the parallelization of PopED presented in Paper I. The 
expansion and general functionality of the MBAOD R-package used in Pa-
pers III and IV is described in section 3.2. Finally, sections 3.3 and 3.4 
summarize the example models, design optimizations and design evaluation 
tools used to produce the results for Papers II-IV. 

3.1 Reducing runtimes by parallelizing PopED 
To increase the practicality of performing complex and time consuming op-
timization problems, a low level parallelization was implemented in PopED. 
The parallel functionality was based on the MATLAB® Parallel Computing 
ToolboxTM (PCT) [73] for local execution and Open MPI (OMPI) [74] for 
remote execution on HPC clusters. 

3.1.1 Implementation 
The parallelization was applied, on the FIM calculation level (according to 
data parallelization), as an extension to the existing MATLAB® version of 
PopED. The original optimization script, which perturbs the design accord-
ing to the selected search algorithm ( e.g. LS, RS, SG), was modified to store 
the designs to be evaluated in a structure, instead of entering the FIM calcu-
lation algorithm. The evaluation of the designs where then performed in 
parallel using the two implemented options as described below: 

Local Parallelization using PCT 
For local executions using the PCT, the entire structure of designs to be 
evaluated is passed on to a parallel for-loop, as described in the PCT docu-
mentation [73]. Within the parallel loop iterations, the FIMs are calculated 
for the designs contained within the structure and the designs are evaluated 
according to the chosen optimality criterion. The FIMs and the optimality 
criterion values are returned to the optimization script where the best current 
design is determined and stored. 
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Parallelization for HPC clusters using Open MPI 
The parallel execution for HPC clusters with distributed memory architec-
ture utilizes Open MPI for message passing between machine CPUs. This 
option requires the FIM calculation script and NLME model to be compiled 
into an executable with MPI functionality through a 2-step procedure (Figure 
3). 

 

 
Figure 3: Schematic view of the compilation and parallel execution of PopED using 
Open MPI. The first step (1) involved a 2-part compilation procedure where the first 
part (i) compiles the FIM calculation script and model files into a C-shared library 
and a .dll/.so (windows/unix). The second compilation step combines the parallel 
functionality written in C++ with the MATLAB compiled files to build the complete 
executable. The second step (2) calls the executable with the designs to be evaluated 
stored in par_input.mat. After the parallel job is finished, the main executable out-
puts the results in par_output.mat which is read by the main optimization process. 

 
In the first step, the MATLAB CompilerTM [75] is used to compile the FIM- 
calculation script and model files into a C-shared library and a .dll/.so (Win-
dows/Unix). In the second compilation step the C-shared library is linked 
with the MPI functionality using a C++ compiler, such as the GNU compiler 
Collection (GCC) [76], to build the final executable containing the MPI 
functionality, model and FIM calculation algorithm.  

Following the compilation steps, the CPU cores are allocated and the exe-
cutable initialized. The designs to be evaluated is saved in a .mat file and 
distributed together with the executables when starting the parallel execu-
tion.  
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The parallel engine with the MPI functionality (written in C++) allows for 
the executables to act as either “Job Manager” (JM), which distributes the 
workload across the allocated cores and collect the returning results, or 
“Worker” which only perform FIM calculations and design criterion evalua-
tions before returning the results to the JM. At the initialization of the paral-
lel job, the first started process (with the lowest rank) is set to act as JM.  

The Job Manager was implemented to keep track of how many designs 
are to be evaluated, the number of available workers, and how many design 
evaluations that have been distributed to each worker. This allows the JM to 
do automatic load balancing by submitting more work to the faster CPU 
cores which return their assignment first. The default setting of the load bal-
ancing is to initially distribute the work as evenly as possible across all 
workers and submit the remainder to the fastest responding CPUs.  

In addition, the JM was constructed to be either be passive (only manag-
ing work distribution and retrieval) or active, which allows the JM to do FIM 
calculations whilst waiting for workers to return data. Once the JM has col-
lected the results from all design evaluations, a process termination signal is 
sent to the workers and the results are saved in a .mat file which is read by 
the waiting PopED main process. The current optimal design is, within 
PopED, then updated if a superior design is found similarly to the PCT exe-
cution. 

3.1.2 Evaluating the parallelization  
To evaluate the performance of the implemented OMPI parallelization of the 
FIM calculation, 231 designs were evaluated for two models (Mshort and 
Mlong). The designs were fixed (no search algorithm used) and calculation 
times for each FIM were ~1 and ~60 seconds for Mshort and Mlong respective-
ly. The model and FIM calculation scripts where precompiled into an exe-
cutable to not include the variable compilation time in the evaluation. The 
FIM calculations was executed using both an passive and active JM and 
across a varied number of allocated cores, nCores = (4,8,34) on the UPPMAX 
Kalkyl HPC cluster [77, 78]. The default setting for load balancing was used 
and the time was measured from process initialization to return of results 
based on the output files. The experienced performance increase Δexp was 
defined as 

			 	 	                                                (24) 

where tserial and tparallel are the measured times for serial and parallel execu-
tion respectively.  
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The relative efficiency of the parallelization was derived as the fraction  

			 . 	 	                                                (25) 

where Δmax is the theoretical maximum of the experienced performance in-
crease. For an active JM Δmax was considered equal to the number of allocat-
ed cores (nCores) and for an inactive JM, the theoretical maximum was de-
fined as nCores -1.  

3.2 Building on the MBAOD platform 
Paper III and IV expanded capabilities of the MBAOD R-package [79] 
which is a previously developed platform for model based adaptive optimal 
design using NLME models that is open source and publically available[80]. 
The expansion of functionalities was required to facilitate the investigation 
of the specific problems presented in Paper III and IV and the sections 3.3.2 
and 3.3.3.  

In Paper III the main algorithm for the MBAOD package was modified to 
enter a stopping criteria evaluation to determine if the endpoint of the study 
had been achieved after the parameter estimation step of a finished cohort. 
The different stopping criteria used in Paper III and IV is described in sec-
tions 3.3.2and 3.3.3. In addition to the implementation of the stopping crite-
ria functionality, a series of help-functions were constructed to generate in-
dividual age and weight covariates when required for the simulation of indi-
vidual data. The values for these covariates were based on anthropomorphic 
data for a U.S. population from the Centre for Disease Control (CDC) [81] 
and is further described in section 3.3.2.  

Paper IV continued building on the MBAOD platform by implementing 
functionality for robust optimal design using the E-family of optimality cri-
teria. Furthermore, the MBAOD R-package was updated to use the latest 
features of the R-version of PopED, including a parallelization which was 
utilized to reduce the runtimes of the more computationally intense E-family 
optimizations.  

Inner workings of the expanded MBAOD platform 
In general terms, when using the expanded MBAOD platform, the algorithm 
follows a path consisting of several steps as depicted in Figure 4.  At the 
start of a MBAOD cycle, a design optimization is performed using the R 
version of PopED. The optimal design variables are determined for the user-
defined optimization problem, as previously described in sections 1.2 and 
1.3. Individual covariates may either be defined by the problem, or simulated 
on-the-fly by using the available help-functions.  
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Figure 4: Schematic view of the expanded MBAOD platform using an example 
stopping criterion based on individual parameter uncertainty. 

Following the design optimization, the algorithm enters the simulation and 
estimation step where the population data for the current cohort is simulated 
using the optimized design, and parameters are estimated based on all simu-
lated data (including potential previous cohorts). The parameter estimation is 
facilitated through NONMEM and the data simulation may be performed 
either by using PopED or NONMEM.  

Once the results for the cohort have been generated by the parameter es-
timation, the MBAOD platform determines if the endpoint has been reached 
by evaluating a user-defined stopping criterion. Given a positive result in 
achieving the final endpoint, the MBAOD iteration stops and results are 
summarized and reported. If the endpoint had not been reached, as per the 
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definition within the stopping criterion, the MBAOD instead continues by 
updating the previous information regarding the model and parameters. An-
other cycle of optimal design, simulation and estimation, and evaluation of 
the endpoint in the stopping criterion is then started, repeating the process 
until the endpoint has been achieved, or the maximum number of adaptive 
cohorts has been added.  

3.3 Examples and design optimizations 
3.3.1 Effects of OD approximations and assumptions  
Paper II used two representative example models to investigate how the FO 
and FOCE model linearizations and the full and block-diagonal FIM as-
sumptions may affect the optimal designs.  

Example 1 - Warfarin PK  
The Warfarin PK model [82] and design is based on previous work on opti-
mal design tools and evaluation by Nyberg et al.[30] and Bazzoli et al [61]. 
The response is described by a one compartment model with linear absorp-
tion and a combined additive and proportional RUV.  Given the vector of 
individual sampling times ti and the set of individual parameters θi,, with a 
log–normal IIV, the ith individual with response yi was described by the fol-
lowing system: 

, 	

	 , 	

,

	
	 , 	 1 , , 	    (26)

   
∙ , 	                              (27) 

	 ∙ ,                            (28) 

, ∙ ,                            (29)

                 

A fixed additive residual error term was added to the model used by Nyberg 
et al., which previously only had a proportional RUV. This extra error term 
contributed in helping the optimal design to avoid samples at the very lowest 
concentrations, which without a baseline in the model would be practically 
below the quantification limit [83]. The initial study design consisted of 32 
individuals in one group receiving a single fixed dose of 70 mg of and sam-
ples taken at 	 0.5, 2, 3, 6, 24, 36, 72, 120 	 hours.  The full parame-
terization of the model is available in Table 1. 
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Table 1. Parameter values of the warfarin example model in Paper II 

Fixed Effects  Random Effects  

 [L/h] 0.15   0.07 

   [L] 8   0.02 

 [h-1] 1   0.6 

Covariates: 
  0.1 

Dose [mg] 70 FIX   0.01 FIX 

 

Paper II: Example 2 - Sigmoidal EMAX model  
The second example employed in paper II was a sigmoidal EMAX model, 
parameterized as shown in Table 2, with the dose of a hypothetical drug as 
the independent variable. Given the individual dose Di and the individual 
parameters , , with a log normal IIV, the individual response, yi, was de-
scribed by the system: 

			 ,
	

	
1 , , 		                            (30) 

			 ∙ ,                                            (31) 

			 50 	 ∙ ,                                            (32) 

			 ∙ ,                                          (33) 

The combined additive and proportional residual variability was constructed 
to contain the total maximum magnitude of the RUV within 10% of the max-
imum model response.  

Table 2. Parameter values of the EMAX example model in Paper II 

Fixed Effects  Random Effects  

  100   0.0625 

   20   0.0625 

  4.5   0.0625 

 
  0.0025 

    25 FIX 

 

The initial design was 100 individuals in a single group with 8 sampling 
events between 0 and 50 dose units (d.u) and the initial sampling 
ule	 1, 5, 10, 15, 20, 30, 40, 50  d.u.  
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For both example models, the initial sampling schedules were optimized 
using D-optimality in PopED 2.13 for MATLAB. Four optimal designs were 
generated per example by using the FO and FOCE model linearizations to 
approximate the full and the block-diagonal FIM. The default optimization 
settings (RS, LS and SG) were used and the FOCE approximation had 4000 
conditional samples from the IIV distribution.  

The number of support points in the optimal designs was compared and 
the design performance was evaluated by Empirical D-criterion confidence 
intervals, which is a new method developed for reliable initial design evalua-
tions. Additionally, the mean absolute relative bias (section 3.3.1) of the 
individual parameter estimates from simulation studies was investigated to 
complement the D-criterion intervals. How relative bias was derived and the 
methodology of the empirical D-criterion intervals is described in section 
3.4. 

3.3.2 MBAOD of a simulated adult to children bridging study.  
In Paper III the methodology of the extended MBAOD R-Package was eval-
uated by simulation of 100 adult to children bridging PK studies, where the 
age group of children to include in the study was optimized. Furthermore, 
this work proposed a stopping criterion for the MBAOD setting which was 
based on the precision criterion for sample size estimation by Wang et al. 
(described in section 1.2.1). The potential advantages of model based adap-
tive optimal design in this specific setting was investigated for two exam-
ples, based on the same PK model, with different parameterization and as-
suming true and misspecified parameters in the prior information used for 
design optimization.  

The design optimization, data simulation and parameter estimation was 
performed using a one-compartment IV bolus model with linear elimination 
and a combined additive and proportional RUV. The parameters were ex-
trapolated across age groups using a size and maturation model for CL and 
according to size (allometric scaling) for V. The maturation component was 
driven by post-menstrualage (PMA) to allow for renal maturation to occur 
in-utero. The size components of the scaling model were dependent on 
weight (WT) with a fixed allometric exponent.  
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The drug concentration of the ith individual, Ci, sampled at time ti, was thus 
described as 

	 	 ∙
∙
∙ 1 , , 	                        (34) 

	 ∙ , 	 ∙
.

∙
	

                              (35) 

	 ∙ , ∙
	
                         (36) 

	1000 ∙
	
                         (37) 

where Dosei is the individually weight adjusted dose, CLi and Vi are the 
individually scaled clearance and volume of distribution, and εprop,i and εadd,i 
are the individual proportional and additive residual error components. 
 
The simulated population was divided into seven age groups, where groups 
1-6 represented children and group 7 adults (Table 3). The age groups were 
further divided into sub-groups according to the resolution of anthropo-
morphic reference data for the US population in the period 2007-2010, as 
presented by the CDC [81].  

Table 3. Division of the study population into age groups according to age and post 
menstural age (PMA) and the sub-groups available within each age group. 

Age Group 
 

Description 
 

Age Range 
 

PMA 
[Weeks] 

Sub-Group 
 

1 Neonate 3 -< 6 months 53.1 -< 66.1 1 

2 Infant 6 -< 12 months 66.1 -< 92.2 2 
3 Toddler 1 -< 2 years 92.2 -< 144.4 3 
4 Pre-Schooler 2 -< 6 years 144.4 -< 353.3 4-8 
5 School Age 6 -< 12 years 353.3 -< 666.5 9-14 
6 Adolescents 12 - 18 years 666.5 -< 1031.9 15-21 

7 Adult 20 - 29 years  1084 - 1553.8 22-31 

Age ranges and division into groups is based on Anthropometric reference data for children 
and adults: United States, 2007-2010. Vital Health Stat 11. 2012;(252):1-48 
 
Based on the age group assigned to each subject, the individual was first 
randomized in to a potential sub-group and the covariates were sampled 
from a 90% confidence interval with mean and standard deviation taken 
from the CDC data for the sub-group. Using the PK model described above, 
two examples were constructed with different parameterizations and assum-
ing a true and a misspecified initial guess of the maturation function parame-
ter values (Table 4). The study population data was in both examples simu-
lated with the true parameter values. Furthermore, for both examples, prior 
information regarding the adult parameters was generated by first simulating 
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100 adults with the full model, including parameter scaling. The CL and V 
were then estimated based on a reduced model without a scaling function. 
The initial design was dependent on the example and each additional cohort 
added two individuals to the study from the lnD-optimal age group. The 
maximum allowed number of cohorts to include in the simulations was set to 
50.  

 
Table 4. True parameterization and misspecified initial guess (in parenthe-
sis) of the PK model with parameter scaling used for design optimization in 
the two examples presented in Paper III.  
Parameter Description Example 1 True 

values  
(Misspecified) 

Example 2 True 
values 

 (Misspecified) 
 [L/H] Adult Clearance 

 
2.72 2.72 

 [L] Adult Volume of 
distribution 

20.1 20.1 

 [Weeks] Maturation Half-life 
 

100 (150) 38.5 (47.5) 

 [-] Hill Coefficient 
 

- 4.6 (3.4) 

	  [L/H] Inter-individual 
variability of CL 

0.05 0.05 

	  [L] Inter-individual 
variability of V 

0.05 0.05 

	  [mg/L] Additive residual 
error component 

0.001 FIXED 0.001 FIXED 

	  [-] Proportional residual 
error component 

0.015 0.015 

The parameterization in Example 2 corresponded to propofol maturation for the true parame-
ters and GFR maturation for the misspecified guess. The parameter values were taken from 
Tips and traps analyzing pediatric PK data. Paediatr Anaesth. 2011;21(3):222-237. 

Example 1:  Log-Linear Scaling Model with design space restriction 
The first example in Paper III was parameterized without a Hill coefficient on 
the maturation for clearance to allow for a log-linearizable scaling function. 
This allowed the stopping criteria to calculate the scaled parameter variability 
analytically, as in the R-code example for model based approaches provided 
by Wang et al. [50]. The misspecified guess of the parameters was a 50% 
over-estimation of the fixed effect describing the maturation half-life TM50. 
The initial study cohort consisted of 9 individuals from age group 6. 

In addition, an adaptive restriction of the allowed design space was im-
plemented to avoid, with poorly characterized parameter variability, directly 
moving into the lowest age groups, consisting of the youngest and most sen-
sitive subjects. The allowed design space was initially only the oldest cohort 
of children (age group 6). Following a stopping criterion evaluation, the 
design space was updated to allow the design moving into one age group 
younger than the groups which had already passed the stopping criterion. 
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The oldest age group was always allowed in case of it not fulfilling the stop-
ping criteria test after the initial cohort was completed. 

Stopping Criterion for the log-linear scaling model 
This stopping criterion implementation required a log-linearizable scaling 
model for clearance for analytical calculation of the parameter variability for 
the scaled parameters. The scaling models in equations 35-36 was within this 
example and stopping criterion thus rewritten to their log-linear forms: 

 

   	 0.75 ∙
	

	
                (38)   

   	 0.75 ∙
	
                       (39) 

Where LCLx and LVx are the scaled parameters for subgroup x given the 
median ages and weights for the sub-groups as defined in the CDC reference 
data. Using the fixed effect parameter estimates,	 , and variance-covariance 
for the fixed effects , from the NONMEM estimations, the gradients of 
the scaling functions were derived and used to calculate the standard error 
(SE) of the scaled parameters according to the delta method9 [84]. For the 
desired level of significance, α, parametric confidence intervals (relative to 
the geometric mean) of the predicted parameter variability in each subgroup 
was constructed accordingly for confidence level 1-α: 

   CI α/2,1 α/2 	 / , ∙ , 	 / , ∙                             (40) 

Where t(α/2, df) is the t-value of a student’s t-distribution for df degrees of 
freedom and SEL,x is the standard error of the scaled LCLx or LVx for pediat-
ric sub-group x.  The degrees of freedom, df, was defined as  

   	 	 .                       (41) 

Where 	  is the current number of children in the study simulation, 
 is the number of fixed effect parameters and  is the number of random 

effect parameters. If the confidence intervals of all targeted subgroups fell 
within the limits 0.6 and 1.4, the endpoint had been reached and the stopping 
criteria would signal to the MBAOD algorithm to stop. If one or more of the 
intervals was outside of the desired limits, the stopping criteria would update 
the allowed design space and the MBAOD iteration continued. 

Correction of the stopping criteria confidence intervals 
An adaptation of the Bonferroni correction [85] was in example 1 imple-
mented to reduce the inflation of the type-1 error rate caused by the sequen-
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tial approach. Within the stopping criterion the confidence intervals was, for 
the desired significance level α, and the number included of cohorts c, ad-
justed accordingly:  

   CI , 1 	 , ∙ , 	 , ∙                        (42) 

The performance of the correction was investigated by evaluating its effect 
on coverage, sample size and final design when assuming the misspecified 
initial guess of parameters. The coverage evaluation is described in section 
3.4.3. 

Example 2:  Nonlinear Scaling of propofol clearance 
The second example was parameterized according to Propofol maturation of 
clearance with an initial misspecification based on a guess corresponding to 
the maturation of Glomerular Filtration Rate (GFR). The parameters values 
are shown in Table 4 and were based on the examples provided by Anders-
son et al. [49]. Furthermore, this example required the estimation of fixed 
effects for both TM50 and Hill coefficient to characterize the maturation of 
clearance in the simulated population. This resulted in a scaling model which 
was not log-linearizable, requiring a stopping criteria which was simulation 
based (described below).  

With this additional parameter and the non-linearity, the NONMEM pa-
rameter estimation was stabilized by estimating the parameters on the log-
scale and then transforming them back to normal scale. To increase the pos-
sibility of a successful covariance step in NONMEM, when estimating the 
parameters for the first pediatric cohort, the initial design consisted of two 
individuals in each of the age groups 2-6. Additionally, no adaptive re-
striction of design space was implemented.  

Stopping criterion for the nonlinear scaling model 
In the simulation based stopping criterion, 1,000,000 fixed effect parameter 
vectors were generated using the rmvt function which is a multivariate stu-
dent’s t-distribution from the mvtnorm R-package: 

   	 , ,                          (43) 

where 	  is a matrix of  simulated parameter vectors,	  is the vector esti-
mated fixed effect parameters from NONMEM, df is the degrees of freedom, 
calculated as described for the log-linear scaling model stopping criterion. 

S is the scale matrix, which given the variance-covariance matrix for the 
fixed effects  and the degrees of freedom, was calculated as 



 39

   	                          (44) 

The parameters in 	  were used by the scaling functions to simulate 
1,000,000 values of scaled CL and V for all targeted paediatric subgroups. 
The non-parametric 1- α % CIs was then derived from the	α/2 and 1 α/2 
percentiles of the simulated CL and V distributions and normalized to the 
geometric mean of the corresponding parameter distribution.  The endpoint 
of the study had been achieved and the MBAOD would stop if all CIs fell 
within 60%-140% of the geometric mean of the parameters. 

 Comparison to alternate design approaches 
The designs from 100 MBAODs was for the two examples, with different 
parameterizations, compared to a set of alternate design approaches when 
assuming the true and misspecificed initial guess of the scaling parameters. 
The comparison included: Required sample sizes, power to fulfill the stop-
ping criterion, choices of age groups and resulting parameter precision (de-
fined in section 3.4.1). The power to fulfill the stopping criterion was de-
rived for the other design approaches by evaluating the precision criterion 
for the design in 100 simulations and estimations using the same random 
seed as the MBAOD. 

 
The alternate design approaches were the following: 

ODsc: 
This approach was based on running 100 iterations of the MBAOD algo-
rithm with the adaptive updates of parameter guesses disabled. This corre-
sponded to a non-adaptive optimal design, which sequentially added indi-
viduals from the lnD-optimal age group until the stopping criterion was ful-
filled. In addition, in the stopping criterion when calculating the confidence 
intervals, the inverse of the FIM from PopED was used instead of the esti-
mated fixed effect covariance matrix from NONMEM. The initial design and 
guess of parameters was the same as used by the MBAOD and each non-
adaptive step added 2 individuals form the optimal age group. For example 1 
the adaptive restriction was active and functioned in the same way as for the 
MBAOD. 

Adult Prior: 
This was a non-compartmental approach which estimated an independent 
sample size for all included age groups. Standard deviation of adult CL and 
V from 1000 simulated individuals was used as an estimate of the variability 
in each pediatric age group. The sample sizes were then derived as described 
by Wang et al for non-compartmental approaches when adult prior infor-
mation is used [50].  
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Scaling: 
This approach served as an extension of the Adult Prior sample size estima-
tion. The standard deviation of CL and V from 1000 simulated adults was 
used to simulate 1000 scaled parameter values for each pediatric age group, 
based on the median PMA and WT for each group. The standard deviation 
of the scaled CL and V was then used to estimate sample size for the specific 
age group. In this approach, the scaling parameters are assumed to be 
known, and only the uncertainty of the fixed effects for adult CL and V are 
driving the predicted variability of the scaled parameters, and thus the sam-
ple size, in the pediatric age groups.  

OD: 
The design determined by the Adult Prior approach was optimized according 
to lnD-optimality. The model used for optimization was the same as used by 
the MBAOD and the ODsc approaches, for each corresponding example and 
guess off parameterization. The allowed age space was set to include all 
groups to allow this approach to directly find the most informative pediatric 
age groups for the examples and parameter guesses. 

3.3.3 Effects of using a robust optimality criterion in MBAOD.  
Paper IV used the previously described expanded MBAOD framework to 
investigate the potential benefits of using a robust optimality criterion in 
model based adaptive optimal design of a simulated PKPD study, where the 
dose of a hypothetical drug is optimized. The drug effect was given by a 
sigmoidal EMAX PD model, with drug concentration driven by a one-
compartment first order absorption PK model. The RUV was given by a 
combined additive and proportional residual error model and the IIV was 
assumed to be log-normally distributed. The ith individual’s effect response 
yi, evaluated at time ti, was thus described by the following system: 
 

   , 	
∙ , ∙ 1 , , 	                (45) 

   , 	
	 	

	 	 	                         (46) 

			 ∙ ,                          (47) 

   50 	 ∙ ,                          (48) 

   ∙ , 	                         (49) 

   	 ∙ ,                          (50) 
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The PK was assumed to be well characterized and had fixed parameter val-
ues to reduce the estimation complexity. The prior information regarding the 
PD fixed effects was assumed to be a 50% over-estimation of the true pa-
rameter values (Table 5).  

Table 5. Parameterization of the pharmacokinetic-pharmacodynamic model used in 
Paper IV as prior information for design optimization in the model based adaptive 
optimal designs. 

Parameter Description True Guess 

 [L/H] Clearance 
 

0.15 FIX 0.15 FIX 

 [L] Volume of distribution 
 

8 FIX 8 FIX 

 [mg/h] Absorption rate 
 

1 FIX 1 FIX 

 [-] Baseline effect 
 

1 1.5 

 [-] Maximum effect 
 

100 150 

 [mg/L] 50% of maximum effective concentration 
 

7 10.5 

 [-] Sigmoidicity Coefficient 
 

2 3 

	  [L/H] Between subject variability of CL 
 

0.07 FIX 0.07 FIX 

	  [L] Between subject variability of V 
 

0.02 FIX 0.02 FIX 

	  [L/H] Between subject variability of EMAX 
 

0.0625 0.0625 

	  [L] Between subject variability of EC50 
 

0.0625 0.0625 

	  [mg/L] Additive residual error component 0.001 FIX 0.001 FIX 
 

	  [-] Proportional residual error component 0.015 0.015 

The model was used to run 50 MBAODs of simulated dose optimization 
trials, in four possible design scenarios using lnD or ELD optimality for dose 
optimization with a sparse sampling schedule tsparse= (0.5,3,60) hours, or a 
rich sampling schedule with 8 samples at trich = (0.5, 2, 3, 6, 24, 36, 72, 120) 
hours. The sampling schedules were not optimized and were the same for all 
individuals and groups.  

When optimizing using ELD optimality, a normal distribution was as-
sumed for the fixed effect parameters in the PD model with mean βELD and 
standard deviation	ω	 ELD. In the initial cohort, the mean of the PD fixed 
effects was given by the initial guess and the standard deviation was based 
on a coefficient of variation of 10%. As the MBAODs progressed, βELD and 
	ω	 ELD was updated according to the estimated parameters and variance-
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covariance matrix of fixed effects COVβ. The expectation of the FIM was 
calculated from 10 samples from the parameter prior distribution. 

The optimized dose was treated as a discrete covariate with allowed values 
of 0-500 mg in integer steps. The initial design for the first cohort consisted 
of 8 individuals divided into two groups, dosed with 0 mg and 160 mg of the 
hypothetical compound. Subsequent cohorts added two individuals in one 
group receiving the optimized dose. Following the estimation step, the 
MBAOD entered the stopping criterion evaluation to determine whether the 
endpoint had been reached.  

Simulation based stopping criterion for dose optimization 
For this particular setting, the stopping criterion for the dose optimization 
trials was centered on an adaptation of the Wang et al. precision criterion for 
pediatric sample size estimation. The proposed precision criterion to deter-
mine the endpoint was the following: 

“The endpoint of the study shall target a 95% confidence interval (CI) of 
the typical individual’s effect prediction uncertianty within 60% to 140% 
of the population mean effect prediction, for all sampling points and in-
cluded doses.” 

 
Within the stopping criterion, 100,000 fixed effect parameters vectors were 
simulated for the response model, using the same methodology as in the 
stopping criterion for the nonlinear scaling model (described previously). 
The degrees of freedoms used to derive the Scale matrix was based on the 
total number of individuals included so far in the study, nID, and the number 
of estimated fixed and random effect parameters,   and 	 accordingly: 

   	 	                         (51) 

The simulated parameter vectors were used by the response model to gener-
ate 100,000 population mean responses and a 95% non-parametric CI of the 
response at all sampling times. The stopping criterion determined that the 
MBAOD endpoint had been reached if this CI fell within 60-140% of the 
population mean response for all included individuals and doses and at all 
sampling times. 

The potential advantage of using a robust optimality criterion in MBAOD 
was evaluated by comparing the design efficiency, relative to the “true” lnD-
optimal design, and the total number of simulated individuals required to 
reach the pre-determined endpoint. In addition, the relative estimation error 
of the final parameter estimates and the overall dose selection, summarized 
across all iterations, was evaluated. 
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3.4 Design Evaluation Methods 
In this work, designs have been evaluated based on the overall optimized 
results, such as design support points and required sample size, and by using 
well known parameter precision metrics. New methodologies have been 
developed to allow for robust design evaluation that is independent of the 
FIM approximation and implementation used for optimization.  Additional-
ly, for MBAODs, the coverage of the stopping criteria and design conver-
gence towards a true lnD-optimal design has been evaluated.  

3.4.1 Parameter Precision Metrics 
The absolute relative bias and relative estimation error (REE) for each pa-
rameter were calculated accordingly  

   	 	 ∑ , 		                        (52) 

   , 		                         (53) 

where , 	is the jth estimate of parameter i, from N re-estimations of the 
true parameter . 

3.4.2 Empirical D-criterion intervals 
For evaluation of the designs generated in Paper II, the empirical D-criterion 
interval was constructed as a robust design evaluation tool which is inde-
pendent on the FIM approximation and implementation used during the de-
sign optimization. The empirical D-criterion intervals are based on Monte-
Carlo simulations and derived from the parameter vectors generated as out-
put from the SSE toolkit in PsN. The PsN SSE allows for simulations with 
and without parameter uncertainty which here was used to emulate parame-
ter misspecification in the design stage.  

As was demonstrated in Figure 5, the calculation of the empirical the D-
criterion from these parameter vectors have a level of variability caused by 
the nature of Monte-Carlo simulations. This uncertainty is dependent on the 
number of simulations and estimations and could result in two SSEs for the 
same design and model to give different empirical D-criterion. In practical 
terms this could lead to wrong decisions when choosing designs based on 
this metric when not accounting for the variability. 
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Figure 5: 95% confidence intervals of the empirical D-criterion for the initial design 
in the Warfarin example of Paper II. The confidence intervals are generated by a 
1000 iteration bootstrap of COV-matrix calculations from the SSE parameter vectors 
based on 100-3000 simulated datasets. The lower and upper lines represent the 5th 
and 95th percentiles respectively. The dot represents the empirical D-criterion calcu-
lated without bootstrap. 

   
Dependent on whether or not parameter misspecification was to be included 
in the design evaluation, the empirical D-criterion interval was constructed 
in one of two ways: 

Design evaluation without parameter misspecification 
Based on the example models, SSE were used to simulate 3000 datasets for 
each optimized design using the same parameters used in the design optimi-
zation (tables 1 and 2). The model parameters were then re-estimated to fit 
the simulated data using the FOCEI approximation in NONMEM 7.3[18], 
for a total of 3000 estimated parameter vectors per SSE. These parameter 
vectors were then used to derive an empirical variance-covariance matrix 
(COV) which was transformed to the empirical D-criterion as   

. 	
| |

/ 	

		                       (54) 

where p is the number of estimated parameters.  To reduce the risk of false 
conclusions, as discussed previously, 95% confidence intervals of the D-
criterion were generated using a case-resampling bootstrap with 10000 itera-
tions [86].  
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Design evaluation with parameter misspecification  
To compare the robustness of the designs generated by the different approx-
imations and FIM implementations investigated in Paper II, the designs were 
evaluated by emulating parameter misspecification in the designs stage. The 
PsN SSE was used to first simulate 3000 datasets, based on different pa-
rameter vectors. These simulation parameter vectors were generated by a 
random perturbation, of all model parameters, using a uniform distribution 
of 50% to 200% of the value used for design optimization (Table 1 & 2). 
Thus, the true parameters were different between each simulation and esti-
mation which increased the difference between each simulated dataset. This 
resulted in an added variability between the parameter vectors, which would 
inflate the variance-covariance matrix and the empirical D-criterion. Since 
the added variability does not correspond to parameter uncertainty it was 
counteracted by a correction of the estimated parameter vectors: 

, 	 , 	 ,                        (55) 

where	 ,  is the jth corrected parameter vector,	 ,  is the re-estimated 
parameter vector based on simulation j ,	  is the parameter vector used for 
design optimization and ,  is the perturbed and true parameter vector 
that was used for simulation of dataset j. The corrected parameter vectors 
were then used when calculating the empirical D-criterion intervals as de-
scribed for simulations without parameter misspecification. 

3.4.3 Evaluation of stopping criteria coverage 
In paper III it was investigated if the confidence intervals generated by the 
stopping criteria were a good representation of the observed parameter vari-
ability. The 2.5th and 97.5th percentiles of the CIs calculated in the stopping 
criteria at the final cohorts was used to generate 95% prediction intervals of 
the upper and lower limits of expected parameter variability. The final pa-
rameter estimates of the same 100 iterations were then scaled to each target-
ed sub-group, generating 100 estimated scaled parameters for each subgroup. 
From these, 95% non-parametric references CIs were then constructed to 
represent the “observed” parameter variability for each sub group. The cov-
erage was evaluated by visual inspection and deemed adequate if the predic-
tion intervals from the stopping criteria CIs captured the limits of the “ob-
served” parameter variability CIs for all targeted pediatric sub-groups. 
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3.4.4 Convergence of MBAOD to the “true” optimal design. 
In Paper IV the convergence of the current MBAOD efficiency relative to 
the true design was evaluated. Following a stopping criterion evaluation, a 
second optimization was run for each cohort, using lnD-optimality and the 
true parameter values. The true design was kept throughout the MBAOD 
iterations and the efficiency of the current MBAOD design	 , based on the 
parameter guess	 , was calculated accordingly: 

	 	
	 	

	
	 	, 		

	 	
	
	 	, 	

/

                          (56) 

Where 	 	 is the optimal design given the true population parameters in	 , 
and P is the total number of estimated parameters. 
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4. Results and Discussion 

4.1 Parallel performance 

Table 3. The experienced performance increase Δexp and theoretical maximum in-
crease Δmax of the parallelization for a passive Job Manager and active job manger 
(in parethesis). The results are based on 231 desigs executed on ncore CPU cores for 
two models with a short (Mshort) and long (Mlong) FIM calculation time.  

  Experience Performance Increase Δexp  

ncores Δmax Mshort Mlong 

4 3   (4) 2.1 (2.03) 2.7   (3.8)
8 7   (8) 2.4 (6.79) 6.3   (7.6)
34 33 (34) 2.3 (5.84) 26.7 (27.8)

For an inactive JM (Δmax= [3,7,33]) the parallelization resulted in a perfor-
mance increase that was around 2 times faster than the serial execution when 
evaluating FIMs for the short model (Mshort), regardless of whether 4,8 or 34 
cores had been allocated (Table 3). For the FIM calculations based on the 
long model (Mlong), the parallelization using a passive JM resulted in a sig-
nificantly increased performance, closer to the theoretical maximum. With 
an active JM, the experienced performance increase was in most cases great-
er than when the JM was passive. This was mostly due to less inactivity as 
the JM was doing FIM calculations whilst waiting for results from the work-
ers (hence Δmax= [4,8,34]). For the execution of Mshort across 4 cores Δexp 
dropped slightly. This was probably due to downtime caused by idle workers 
waiting for the JM to finish FIM calculations. Similarly to when using a 
passive JM, Δexp increased significantly for the FIM calculations using the 
Mlong model.  

The changes in Δexp are reflected in the parallel efficiency which was 
above 80% for all parallel executions of FIM calculations for the Mlong mod-
el (Figure 6). For the Mshort FIM calculations, the parallel efficiency was 
lower, in particular when 34 cores were allocated. Some loss of parallel effi-
ciency was expected and can be considered proportional to the downtime 
required for message passing and process initialization (time not spent calcu-
lating FIMs). This downtime became larger as the number of allocated cores 
increased due to more message passing and process initialization.  
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Figure 6: The relative efficiency of the implemented parallelization using Open 
MPI. The results are based on 231 fixed design evaluations for a model with a short 
(Mshort) and a long (Mlong) calculation time of approximately 1 second and 60 second 
per design. The parallel executions was run on 4, 8 or 34 allocated cores and an 
passive job manager only facilitating communication (inactive JM) and an active job 
manager (active JM), performing calculations whilst waiting for results from worker 
CPUs. 

For the parallel executions using the Mshort model, the downtime was larger 
relative to the total time required to evaluate the 231 designs, resulting the 
lower parallel efficiency compared to the Mlong model. However, with this 
parallelization being designed for computationally intensive problems, the 
loss off efficiency was deemed acceptable. 

4.2 Influence of design assumptions on Optimal Designs 
4.2.1 FIM approximation and implementation  
In paper II, the influence of common FIM approximations and the use of the 
full or block-diagonal FIM were investigated for one PK and one PD model.  

Optimized designs and number of support points 
For the first example using the warfarin model, using the FO approximation 
and the full FIM for optimization, resulted in an optimal sampling schedule 
with 5 support points: 

	 0.14, 2.18, 2.18, 2.18, 8.97, 8.97, 53.1, 120). 
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When the block-diagonal FIM was used together with the FO approximation, 
the number of support points was reduced, giving a sampling schedule sup-
ported at 3 points 

. 0.26, 6.33, 6.33,6.33,6.33, 6.33,6.33, 120 . 

Optimizing using the FOCE approximated full FIM resulted in a design with 
8 support points and the optimal sampling schedule 

		 0.05, 0.36, 1.13, 4.65, 6.73, 19.6, 41.7, 120   

and the block-diagonal FOCE FIM yielded 7 support points and the optimal 
sampling schedule 

	 . 0.04, 0.29, 0.70, 5.73, 5.74, 13.7, 27.8, 120 .  

For the second example, the dose-response EMAX model, the optimizations 
based on the FO approximation and the full FIM resulted in samples at the 
doses 

 12.8, 12.8, 19.4, 28.0, 28.0, 50.0, 50.0, 50.0   

with 4 support points, whereas the design based on the block-diagonal FIM 
had 3 support points and the sampling schedule: 

 . 13.8, 13.8, 25.4, 25.4, 50.0, 50.0, 50.0, 50.0   

Using the FOCE approximation and the full FIM increased the number of 
support points from 4 (when using FO) to 7, giving the optimal sampling 
schedule: 

11.6, 15.4, 19.9, 24.6, 30.0, 37.2, 50.0, 50.0 .  

Similarly as for the Full FIM, the FOCE approximation increased the num-
ber of support points by 3 for the block-diagonal design resulting in the sam-
pling schedule 

 . 12.2, 16.4, 21.4, 26.5, 35.3, 50, 50.0, 50.0    

with 6 support points. 
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The examples presented in Paper II show that the number of design support 
points was dependent on the FIM approximation and implementation used 
during the optimization. Design optimizations using the full FIM implemen-
tation resulted in a higher number of support points and reduced the cluster-
ing of samples compared to the block-diagonal FIM implementation. Addi-
tionally, the optimizations dependent on the FOCE approximation resulted in 
designs with more support points and less clustering of samples compared to 
when the FO approximation was used. By examining the properties of FO 
and FOCE approximations and the full and block-diagonal FIM assump-
tions, some of these apparent design differences might be explained. As de-
scribed in section 1.2.1, calculating the FIM using the FO approximation 
linearizes the individual response around the mean of the random effects. 
This could explain the lower number of support points for the FO designs 
since the information regarding the IIV is expected at the sampling points 
with the most information regarding the fixed effect parameters.  
Using FOCE to approximate the FIM requires additional information regard-
ing the IIV parameters since FOCE approximation linearizes the expectation 
and variance around individual samples of the response. This could explain 
the increased number of support points in the FOCE designs compared to the 
FO designs. Additionally, due to the inclusion of a log-normal IIV on the 
fixed effects and a proportional RUV in these examples, the variance of the 
model is also dependent on the fixed effect parameters. This implies an addi-
tional level of information, describing correlations between the fixed and 
random effect parameters. When assuming the block-diagonal FIM, these 
correlations are ignored (assumed to be 0) and the design will thus not try to 
capture the information regarding the correlations, resulting in fewer support 
points and more clustering of sampling points. 

For models without mixed effects, where the FIM may be solved analyti-
cally, the expected number of support points in the design should be equal to 
the number of estimated fixed effect parameters [35]. For NLME models, the 
number of support points in the design may be dependent on both the num-
ber of parameters and the model structure [36]. It could however be reasoned 
that the number of support points should not exceed the total number of es-
timated fixed and mixed effect parameters. In the case of the FOCE approx-
imated full FIM design in the warfarin example, the resulting design had 
more support points than estimated parameters (8 point design, 7 parame-
ters). This may have been due to the FOCE approximation increasing the 
number of support points beyond what is required for population parameter 
estimation during the linearization of the response to improve the sample 
information regarding the individual parameters. 
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Evaluation of designs and robustness to parameter misspecification 

 
Figure 7: Comparison of Empirical D-criterion for the optimal designs in the warfa-
rin example (top) and the EMAX example (bottom). The median and the 5th and 95th 
percentiles of the empirical D-criterions were calculated from a bootstrap of estimat-
ed parameter vectors from an SSE with 3000 datasets with (left column) and without 
(right column) misspecification in the design calculations. The dot represents the 
bootstrap median while the top and bottom lines represents the 95th and 5th percen-
tiles respectively. 

When evaluating the D-optimal designs using SSEs and assuming no param-
eter misspecification in the design phase, no significant differences in D-
criterion between the optimal designs of the full and block-diagonal FIM 
implementations was observed for these examples (left column in Figure 7). 
Furthermore, the designs based on the FOCE approximation had seemingly 
no advantage  in the amount of potential information over the FO designs.  
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In contrast to what was expected, the FO block-diagonal FIM design for the 
warfarin example had a slightly higher D-criterion than the FOCE full FIM 
design. In this particular example (it was not noted for example 2) these 
results could be due to the design gaining more information on the fixed 
effect parameters, whilst still managing to characterize the mixed effect 
parameters by sample replicates.  

When evaluating with an assumed random misspecification in the param-
eters used in the design stage, the designs based on the FO approximation 
and the Full FIM design proved superior (higher D-criteron, more infor-
mation) to the block-diagonal FIM design in both investigated examples 
(right column in Figure 7). Additionally, the superiority of the FO block-
diagonal design over the FOCE full FIM design in the warfarin example was 
no longer visible and the FOCE designs of the EMAX example were now 
shown superior to their corresponding FO design. This apparent shift in de-
sign performance when including parameter misspecification could be due to 
the higher number of support points gained when using the Full FIM and the 
FOCE approximation for design optimizations, thus making the resulting 
designs less sensitive to parameter misspecification in the design stage. 

By using the empirical D-criterion intervals from stochastic simulations 
and estimations, an initial evaluation was easily performed which was inde-
pendent on the FIM assumptions used for optimization. Furthermore, despite 
the high number of simulations and estimations, there was still uncertainty in 
the calculation of the empirical D-criterion (Figure 5). False conclusions 
could have been drawn regarding design superiority in these examples had a 
single point estimate (close to the median in Figure 3) of the empirical D-
criterion been used for design comparison. For instance, in the warfarin ex-
ample, the FO Full FIM design would have appeared superior to the FOCE 
Full FIM design. The use of 95% CI of D-criterion provided therefore a safer 
alternative to comparing designs. Being based on the D-criterion, these in-
tervals do however treat all parameters (both fixed and random effects) as 
equally important. The methodology of using these empirical intervals can 
however be extended by instead calculating design metrics based on other 
optimality criteria such as Ds-optimality.  

 
To fully understand how the parameter estimates were affected by the de-
signs, the parameter estimation bias from the simulation and estimation ex-
periments was included in the design evaluation (Figures 8 and 9).  
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Figure 8: The absolute mean relative bias for the warfarin model parameters for 
four different designs optimized using the FO and FOCE approximations and the 
full and block-diagonal FIMs. The designs were evaluated using SSEs with 3000 
simulated datasets where parameter misspecification was included for the bottom 
panel. 
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Figure 9: The absolute mean relative bias for the EMAX model parameters for the 
different designs when evaluated without an assumed parameter misspecification 
(top) and with a 50-200% random parameter misspecification (bottom). 

Across the designs for both investigated examples, the absolute mean of the 
relative bias was rather low, less than 2%, for all parameters. Without in-
cluding parameter misspecification in the design evaluation (top row in fig-
ures 8 and 9), the design using the block-diagonal FIM and the FO approxi-
mation resulted in a slightly higher bias for the more difficult to estimate 
fixed effect (Ka and Gamma) and IIV parameters, compared to the Full FIM 
designs. When using the FOCE approximation, these differences became 
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less apparent, and led to an increased bias in some of the parameters for the 
Full FIM FOCE designs.   

When evaluating design with an assumed parameter misspecification, the 
parameter bias increased more for the designs based on the FO approxima-
tion and block-diagonal FIM for most of the parameters. In particular for the 
IIV on Ka in example 1 and the Gamma fixed effect in example 2. This was 
reflected in the empirical D-criterion intervals discussed previously, which 
showed a smaller impact on the designs based on the full FIM and the FOCE 
approximation when parameter misspecification was introduced. The evalua-
tion of parameter bias did not dispute the conclusions based on the Empirical 
D-criterion intervals.  

 
Although the block-diagonal FIM may more accurately predict the empirical 
variance-covariance matrix [30], designs based on the Full FIM and the 
FOCE approximation have more support points and may therefore be less 
sensitive to parameter misspecification in the design stage. 

4.2.2 Local vs Robust Optimality criteria in MBAOD  
In paper IV, the potential benefits of using a robust optimality criterion over 
a local optimality criterion was compared in 50 simulated dose optimization 
trials. The dose was treated as a discrete variable and optimized using the 
local lnD-optimality or the robust ELD-optimality for a rich and a sparse 
sampling schedule which was fixed and the same for all individuals and 
groups. 

The efficiency of the MBAOD designs based on a misspecified parameter 
guess, relative to a lnD design based on the true parameters, were compared 
for the design criteria and sampling schedules. For both sampling schedules 
and the optimization problem presented in Paper IV, the MBAODs using 
ELD-optimality had at the second cohort a higher efficiency than the lnD-
optimal designs in most of the simulations (Figure 10). The variability of the 
efficiency was however larger for the designs based on ELD optimality in 
the initial cohort. This could have been due to only taking 10 prior distribu-
tion samples during the FIM expectation calculations and the relatively large 
standard deviation assumed for the prior distribution of the parameters in the 
first cohort. After the first cohort, this variability of design efficiency was 
however reduced as the covariance matrix from the previous parameter esti-
mation was used to construct the prior distribution of the parameters.  

Furthermore, the variability of the parameters used in the ELD design op-
timization of the first cohort resulted in a more even distribution in selected 
doses compared to the lnD designs (Figure 11). This may further explain 
some of the differences in efficiency variability between the two optimality 
criteria. 
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Figure 10: The median (line) and 95% confidence interval (brackets) of the efficien-
cy of the MBAOD designs based on the current parameter guess in each cohort, 
relative to the lnD design based on the true parameters. 
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Figure 11: Histogram of the optimal doses (bin width 5 mg) for all cohorts in 50 
iterations of model based adaptive optimal design using the lnD and ELD optimality 
criteria and a rich and a sparse sampling schedule. 
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Figure 12: The required sample size to fulfill the stopping criteria for MBAODs 
using lnD-optimality and ELD-optimality for optimization of a discrete dose with a 
fixed sparse and rich sampling schedule. 

 
Figure 13: Relative estimation error of the final parameter estimates for MBAODs 
using lnD-optimality and ELD-optimality for optimization of a discrete dose with a 
fixed sparse and rich sampling schedule. 

The apparent differences in selected doses and efficiency relative to the true 
design for the MBAODs using lnD or ELD-optimality had no significant 
impact on the average required sample size in this example (Figure 12). 
However, the maximum number of required cohorts was lower when opti-
mizing the dose using ELD optimality for the scenario using a sparse sam-
pling schedule. As expected, the rich sampling schedule required a smaller 
sample size since more information was available per included individual. 
Furthermore, no large differences in relative estimation error of the parame-
ters estimated in the final cohort was noted between the optimality criteria 
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based on the repeated trial simulations (Figure 13).  MBAODs based on 
ELD-optimality did however yield a slightly more biased average estimate 
of EC50 when the sparse sampling schedule was used, which potentially 
could have been different with more simulations. 

The apparent insensitivity to the employed design criteria of the final param-
eter estimates, which for this example was observed, could have been due to 
the adaptive properties of the MBAOD increasing the robustness of the de-
sign optimization. However, the results could also be influenced by many 
other factors.  

First of all, changing the MBAOD design setup by altering the number of 
groups or individuals in the cohorts could influence the results. Altering the 
confidence interval boundaries in the stopping criteria from 60-140% to e.g. 
80-120% could have resulted in requiring more individuals, giving better 
characterized parameters. In addition, for this particular example, changing 
the set of optimized variables to also include optimization of the sampling 
schedules would have resulted in a more complex problem which could have 
shown clearer differences between the optimality criteria. 

Finally, with only 10 samples taken from the parameter prior distribution, 
due to long runtimes when using ELD-optimality, a large expected variabil-
ity could potentially have destabilized the ELD designs. Increasing the num-
ber of ELD samples would increase the runtimes, but the optimality criteria 
could potentially have given a more robust expectation of the FIM and de-
signs which better characterized the true parameter values. 

For this particular example however, we saw that the MBAOD methodology    
allows for designs based on local optimality criteria to be as robust as de-
signs using global optimality criteria, provided that the MBAOD is allowed 
a sufficient number of adaptations to update the information used in the de-
sign optimization. The designs based on ELD optimality did however con-
verge quicker towards the lnD-design based on the true parameters. Thus 
using a robust optimality criterion might be more practical since it could 
reduce the number of adaptations required by the MBAOD [57, 58]. 
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4.3 MBAOD of a simulated adult to children study. 
In Paper III, an existing platform for model based adaptive optimal design 
was expanded to allow for the implementation and evaluation of the Wang et 
al. precision criterion [50, 51], for sample size estimation in pediatric study 
design, as a stopping criterion for MBAODs. The required number of chil-
dren, design and parameter precision was compared between the MBAOD 
and four alternate design approaches in two examples of 100 simulated adult 
to children bridging studies, with and without parameter misspecification in 
the prior information. For all design optimizations, age group was treated as 
a discrete variable and optimized according to lnD-optimality. Covariates 
used in parameter scaling for the simulated study population was generated 
based on the assigned age group according to anthropomorphic reference 
data [81]. In one of the examples, an adaptive restriction of the design space 
was implemented to reduce the risks associated with moving directly into the 
more sensitive age groups of the study population. Finally, the coverage of 
the predicted parameter variability used within the stopping criteria was 
evaluated to determine the inflation of the type-I error rate caused by the 
sequential study approach. 

4.3.1 Evaluation of Power and Designs 
Regardless of initial parameter guess, the MBAODs required fewer children 
to fulfill the precision criterion than the traditional sample size estimation 
approaches, for most of the iterations in the investigated examples 
(Figure 14). 
 
The design approach robustness, expressed as power to fulfill the precision 
criteria, was 100% for the MBAODs in example 1 (Figure 14). In example 2 
however, this power dropped to 91% due to the MBAOD not reaching the 
endpoint after using all 50 allowed cohorts in the study. This was due to 
difficulties in estimating the parameters, causing a failed covariance step 
which automatically added another cohort to increase the available infor-
mation. 
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Figure 14: The required sample size and % power (in text) to fulfill the precision 
criteria for the different design approaches. Example 1 (top) was based on a log-
linear scaling model with the misspecified parameter guess (Right) corresponding to 
a 50% overestimation of the TM50 parameter used in the true parameterization 
(Left). The second example used a nonlinear scaling model with Propofol matura-
tion as the true parameterization and GFR maturation as the misspecificed initial 
guess. 

The second example had two parameters which had to be estimated for the 
maturation of CL, with the Hill coefficient in particular being difficult to 
estimate and highly influential on the predicted clearance for the younger 
age groups. Furthermore, some difficulties in estimating the parameters and 
calculating the covariance matrix were due to high correlations between the 
maturation half-life and the Hill coefficient. This resulted in the predicted 
parameter variability of scaled CL in the youngest age group driving the 
endpoint of the MBAOD and made the second example more sensitive to 
poor estimates of the maturation parameters.  Within the stopping this 
caused skewed distributions of the scaled parameters in some of the simula-
tions. This difficulty of parameter estimation was the main reason for not 
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including an adaptive restriction and having the richer initial design in ex-
ample 2.The MBAODs did however have higher or equal powers to fulfill 
the precision criterion than the other design approaches in all investigated 
scenarios.  

The ODsc approach may have had the lowest sample size of the investi-
gated design approaches; however the power to fulfill the stopping criterion 
was not above 80%, as required by the Wang et al. precision criterion. For 
this approach the inverse of the FIM was used as an expected covariance 
matrix in the stopping criterion. With the Cramer-Rao inequality defining the 
inverse of the FIM as a lower bound to the COV, the variability of the scaled 
parameters might thus have been under predicted by the inverse FIM, result-
ing in the low power for the ODsc.  

The standard OD and the standard sample size estimation approaches 
based on Scaling and Adult Prior had for the first example a power of 100%, 
and for the second example the power dropped to below 40%. This could 
partially be explained by examining the resulting sample sizes and designs 
(Figure 15) in the context of each example. As previously discussed, less 
parameters and correlations had to be estimated in the first example. The 
designs for the standard OD and sample size approaches were thus rich in 
information and resulted in a higher power than the required 80%.  

For the second example however, more information on the parameters 
was required. The sample size estimation approaches did not take into con-
sideration that the most information regarding the maturation parameters was 
in the lowest age group. This resulted in designs which had a relatively large 
pediatric sample size, but not enough information content since the individu-
als were more or less evenly distributed among the age groups. 
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Figure 15: The number of individuals in each age group, relative to the total number 
of individuals required for 50 the different examples (columns) and design ap-
proaches (rows). 

The standard OD should however have had a higher power, since it used a 
sample size based on the Adult Prior sample size estimation, with the indi-
viduals placed in the most informative age groups. The loss of power in this 
case could potentially have been a testament to the previously described 
estimation issues. 
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4.3.2 Relative Estimation Error 
When evaluating the designs based on the relative estimation error of the 
parameters in the final cohorts in the first example, all design approaches 
performed fairly well on average, with the misspecification resulting in 
slightly more biased estimates (Figure 16). 

 
Figure 16: Relative estimation error of the parameter estimates from the final cohort 
of the MBAOD and ODsc. For the standard OD, and the sample size estimation 
approaches using and Adult Prior and parameter Scaling, the REE was derived 
from simulations and estimations using the same random seed as in the MBAOD. 
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As seen in the power evaluations, example 2 was shown to include a more 
difficult estimation of the parameters. Regardless of whether the true or mis-
specified initial guess of the parameters had been used, bias had been intro-
duced in at least one final parameter estimate for all of the investigated de-
sign approaches. With these estimation issues ever present in the second 
example, some alternative remedies should be considered. For instance, the 
adult prior information data was included when estimating the parameters 
throughout the MBAOD iterations and during the power evaluations. Re-
moving the adult data at the final cohort or by some step-wise approach, 
dependent on the current state of the design, could have reduced some of the 
bias in the final estimates [52].  

4.3.3 Effects of the adaptive design space restriction  
As demonstrated in example 1, the adaptive restriction resulted in a safer 
approach to enrolling children than if the optimization was allowed to 
choose freely as in the standard OD approach (Figure 15). The MBAOD and 
ODsc avoided moving directly into the youngest age group as an unrestricted 
OD would have. This did however come at the cost of an increased sample 
size by requiring more individuals from the oldest age group of children. 
Using this design space restriction in a more realistic setting could allow for 
a more accurate dose adjustment between cohorts than the weight adjusted 
dosing used in these examples. The current guess of the parameters could 
have been used with the uncertainty of the estimates to i.e. generate 95% 
dosing intervals based on both size and maturation. These intervals could 
then allow for a safer dosing when moving between age groups, in particular 
if doses at the lower end are chosen for the more sensitive subjects in the 
youngest age groups.   

4.3.4 Evaluation of Coverage 
The evaluation of the coverage for the stopping criterion confidence inter-
vals highlights some of the issues which need to be taken into consideration 
when using sequential design approaches such as MBAOD. In example 1 for 
the misspecified initial guess of the parameters, the stopping criterion confi-
dence intervals under predicted the parameter variability of the scaled CL 
from the multiple simulations and estimations (Figure 17).  For the same 
problem, the stopping criteria CIs over predicted the variability of the scaled 
volume of distribution for all the age groups (Supplementary Figure 1 in 
Paper III). Thus the sub-par coverage of the estimation variability should not 
have been due to an optimistic significance level α. 
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Figure 17: Coverage of the predicted confidence intervals (double brackets) with 
respect to the observed variability from the multiple simulations (single bracket). 
The upper and lower percentiles should fall within the predictions for the coverage 
to be adequate. 

One potential explanation of the poor coverage is the relatively few trial 
simulations (100) used for these examples, resulting in a narrow reference 
variability based on the estimated parameter values from the final cohorts. 
Additionally, for the first example in particular, the difference in the predict-
ed scaled parameter variability within the stopping criterion between the 
final and second to last cohort was relatively large. Having a design ap-
proach where 1 individual was added per adaptive cohort, instead of 2, could 
have given final predicted parameter variability which was closer to the re-
quired limits (60-140%) and thus a better coverage of the parameter esti-
mates, as was seen in example 2. 
An adaptation of the Bonferroni correction was however implemented to 
reduce the potential inflation of the type-I error rate. This correction was 
based on dividing the significance level with the number of adaptations to 
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widen the stopping criterion confidence intervals as the MBAOD simulation 
progressed. The evaluation of this correction for the misspecified parameter 
guess in example 1 showed that the coverage of estimated scaled CL then 
improved, without significantly affecting the parameter estimation error or 
the required sample size (Figure 18). 

 
Figure 18: Effects of the adapted Bonferroni correction on coverage (top) of the 
predicted parameter variability of the scaled parameter estimate variability,  required 
sample size (bottom left) and relative estimation error (bottom right), for example 1 
with parameter misspecification. 

The Bonferroni correction, although commonly used when correcting for 
multiple testing, has been criticized for being overly pessimistic [85]. The 
coverage was however still inadequate for the younger sub-groups included 
in this example, where the influence of the maturation function is greatest. 
This further supports the statement that the significance level was not overly 
optimistic for this problem. The underestimation of the parameter variability 
could instead be due to the estimated parameters and covariance matrices 
which were used to derive the confidence intervals. In addition, for this ex-
ample the CI calculations are performed under the assumption of symmetry 
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around the mean, which might not be reasonable and could have contributed 
to the poor variability prediction for the lower age groups. By improving the 
estimation of the covariance matrix, a better prediction of the scaled parame-
ter variability could have been achieved by the stopping criterion for all age 
groups [87].  

Furthermore, there are other corrections and an adaptation of the Bonfer-
roni correction which are specifically constructed for sequential design ap-
proaches such as Holm’s sequential Bonferroni approach [88]. However, 
since most sequential corrections rely on the maximum number of adapta-
tions being known, they were not suitable for these specific problems. Meth-
ods for correcting confidence intervals in adaptive designs using a stopping 
criterion have previously been described by Mehta et al. and could for fur-
ther developments of this MBAOD platform be implemented to reduce the 
potential type-I error propagation [89].  
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5. Conclusions 

The work presented within this thesis has contributed to increasing the prac-
ticality of performing optimal design for complex problems. Furthermore, it 
has given a deeper understanding of the potential implications on optimal 
designs when using different FIM approximations and assumptions. New 
methodology has been presented to facilitate design evaluation and a frame-
work for adaptive optimal design using stopping criteria have been presented 
and demonstrated. 

 
More specifically, based on the investigated examples: 

The parallelization of the FIM calculation algorithm, implemented in the 
optimal design software PopED, worked well without affecting the results 
and efficiently reduced the run-times for computationally intensive infor-
mation matrix calculations. 

When optimizing designs, using the Full FIM and the FOCE approxima-
tion resulted in more optimal design support points which made the designs 
less sensitive to parameter misspecification in the design stage. Although the 
block-diagonal FIM may give a better prediction to the empirical variance-
covariance matrix, it may still be advantageous to use the Full FIM for de-
sign optimization. 

Using the empirical D-criterion confidence intervals for initial design 
evaluation reduced the risk of false conclusions caused by the variability in 
the Monte-Carlo based variance-covariance matrix calculations. This novel 
design evaluation tool may serve as a useful and robust complement to the 
standard parameter precision metrics. 

The adaptive properties of MBAODs have been shown to allow local de-
sign criteria to be as robust as global design criteria. However, using a global 
optimality criterion in MBAOD could reduce the number of adaptive steps 
required by converging faster to the “true” optimal design. Therefore it 
might still more be practical to use global optimality criteria in MBAOD. 

Finally, this thesis has expanded a framework for model based adaptive 
optimal design and demonstrated a method for using an FDA proposed pre-
cision criterion for sample size estimation as a stopping criterion for adaptive 
designs. In a simulated adult to children bridging study, the MBAOD re-
duced the number of children required to achieve the required parameter 
precision compared to the non-compartmental sample size estimations. 
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6. Populärvetenskaplig Sammanfattning 

Läkemedelsutveckling är ett kostsamt åtagande där chansen för att en nyut-
vecklad läkemedelskandidat går vidare från upptäckandet till slutgiltig regi-
strering är mycket låg. Det senaste estimatet för den finansiella investering 
som krävs för forskning och utveckling av ett nytt preparat publicerades i 
mars 2016 och visar att dessa kostnader nu kan överstiga 1.4 miljarder dol-
lar. Detta innebär en ökning med 600 miljoner dollar sedan 2006 då en stu-
die från samma grupp chockade världen med deras dåvarande estimat på ca 
800 miljoner dollar. En av de många anledningarna till att dessa kostnader 
ökat så lavinartat är allt mer komplexa och omfattande kliniska studier för att 
generera bevis till regulatoriska myndigheter om läkemedlets effekt och 
säkerhet. En av konsekvenserna med de ökade utvecklingskostnaderna för 
läkemedelsföretagen är att det i slutändan blir dyrare för patienterna och att 
terapeutiska områden med dåliga utsikter för potentiell finansiell vinst igno-
reras. Det är därför av stor vikt att dessa studier konstrueras på ett så pass 
kostnadseffektivt och säkert sätt som möjligt. Vanligtvis utförs kliniska stu-
dier baserat på en förbestämd studiedesign, där vanliga designvariabler in-
kluderar hur många individer som skall rekryteras, vid vilka tider eller doser 
prover skall tas, och vilka karaktäristika de inkluderade försökspersonerna 
skall uppfylla.  

Populationsmodellering baserat på s.k. ”Nonlinear Mixed Effect Models” 
(NLMEM) är ett av de många verktyg som finns tillgängligt för att under-
lätta de beslut som krävs för studiedesign. Dessa modeller utgörs av ”Fixed 
Effects”, som beskriver den typiska populationsresponsen, samt ”Random 
Effects” som bland annat karaktäriserar variabiliteten mellan individer. 
NLMEM har senare applicerats i s.k. ”Optimal Experimental Design” (OD), 
där de utvecklade modellerna kan användas för att estimera den mängd in-
formation man kan erhålla av olika studiedesigner och för designoptimering 
av framtida studier. Den informationsmänged man kan förvänta sig av en 
studiedesign är sammanfattad i Fishers Informations Matris (FIM). Då 
NLMEM används för OD, saknar denna matris en analytisk lösning p.g.a. de 
icke-linjära egenskaperna hos den matematiska modellen. Därför har ett 
flertal approximationer av FIM utvecklas där populationsmodellen linjärise-
ras. Dessutom finns det två olika antagna strukturer av FIM; den fulla matri-
sen, samt en block-diagonal FIM som formas under antagandet att modellens 
”Fixed Effects” är oberoende av dess ”Random effects”. Vanligtvis så trans-
formeras FIM enligt ett designkriterium till skalär som används för att jäm-
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föra olika designer. Det finns två huvudtyper av designkriterium som anses 
vara lokala eller globala, beroende på om de baseras på en FIM som är be-
räknad med ett värde per parameter, eller en möjlig fördelning av parameter-
värden. 

En av nackdelarna med traditionell OD är att designen kommer att vara 
beroende av en modell och dess parameterar. Om man då optimerar sin de-
sign baserat på en modell eller parametrar som inte beskriver studiepopulat-
ionen tillräckligt bra, så kan den resulterande designen vara sämre än förvän-
tat. Modellbaserad adaptiv optimal design (MBAOD) har dock visats vara 
mindre känslig för eventuella felaktiga antaganden gällande modell och pa-
rametrar. Denna metodologi skiljer sig från vanliga studier genom att inte 
planera och utföra studien på hela studiepopulationen, utan istället dela upp 
den till mindre kohorter som sekventiellt inkluderas i studien. Således tillåter 
MBAOD att man uppdaterar den information man har för design av studien, 
så att eventuella fel i den initiala informationen påverkar designen mindre 
och mindre under studiens gång.  

Målen med detta arbete var att förbättra de praktiska aspekterna av att ut-
föra OD och MBAOD genom att öka beräkningshastigheten för FIM samt att 
vidare utveckla och evaluera en plattform för MBAOD. Dessutom att under-
söka eventuella skillnader i designer baserade på två vanliga FIM approxim-
ationer och de två FIM strukturerna så att rätt approximation och FIM anta-
gande kan användas vid rätt tillfälle. Slutligen så undersöks det huruvida 
användandet av ett globalt designkriterium kan vara till fördel i redan ro-
busta MBAOD. 

I avhandlingen beskrivs och evalueras den parallellisering av beräknings-
skriptet som används för att beräkna FIM i mjukvaran PopED som imple-
menteras. När PopED sedan användes för designoptimering av två exempel 
och olika FIM approximation och struktur, så visade det sig att då den fulla 
informationsmatrisen och den mer komplexa FIM approximationen leder till 
mer robusta designer. Vidare demonstrerar arbetet hur den utökade plattfor-
men för MBAOD, som numera kan bestämma en studies slut baserat på en 
eftersökt parameterprecision eller effektprediktionsprecision, kan reducera 
antalet barn som krävs för en (simulerad) klinisk studie. Slutligen så visar 
arbetet att antalet adaptioner som krävs i en MBAOD kan bli färre om ett 
robust designkriterium används, vilket kan leda till mer praktiska modellba-
serade adaptiva studier.  
  



 72 

7. Acknowledgements 

This thesis work was conducted in the Pharmacometrics Research Group at 
the Department of Pharmaceutical Biosciences, Faculty of Pharmacy, 
Uppsala University, Sweden. 
 
I would like to give thanks to all people who have been involved in my 
work, directly or indirectly, giving feedback and helping me during my years 
as a PhD student. 
 
My main supervisor Andrew C. Hooker. You have been an inspiration and 
showed great patience and understanding when teaching me Optimal Design 
and assisting me with all matters related to the work resulting in this thesis. 
Thank you for accepting me as a PhD student and believing that failure is 
not an option! 
 
My co-supervisor Mats O. Karlsson. Although we did not have that much 
interaction related to my work, the input and discussion you provided during 
PM-Meetings and Friday seminars have been of great help during my years 
as a PhD student.  
 
My former Master Project supervisor Jocke. You set one hell of an example 
when it comes to general knowledge of optimal design and practical skills in 
mathematics and programming. I hope that I one day could be at least half as 
impressive as I thought you were during my masters project. 
 
Agneta E, thank you for all the help with formatting the manuscripts and 
bringing so much positive energy to the department. 
 
Matti M, Rickard L, and the rest of the wholegrain team at SLU. The pa-
pers we worked on together might not have been included in my thesis, but I 
really enjoyed the discussions and problem solving involved in those pro-
jects. I hope we can collaborate on something again in the future, to further 
bring NLME models, and perhaps optimal design into the field of nutrition. 
 
You, who just looked at the cover and then directly skipped to the acknowl-
edgements to see if You’ve been mentioned. Thank you for knowing what is 
important when reading a thesis.  



 73

My officemates over the years: David, The office might not have been big 
enough for the two of us, but you tolerated my shenanigans and made the 
office a better place. Anna, thanks for all the fruitful conversations regarding 
Italian cars, Italian food and drinks, and Italian politics…Oh and some work 
related stuff as well. Yevgen, keep having your son teaching you Swedish, 
because I think you and your family will have a bright future in our frigid 
elongated country. 
 
Steve, No one can be hatin’ when you rollin’. It’s been fun having you 
around, at work, and online. I’ve missed having you here at the department 
for the past months (feelsbadman). I wish you best of luck in your apparent 
endeavor to repopulate the planet with your Asian master-race genetics. Be 
nice to “Donut” and your new little dumpling. Beware of koalas and don’t 
eat too many left shark fins or swallow too much bird spit. 
 
Camille, I’m so happy I got to know you during the time you were here. I 
know the seniors thought we went a bit overboard with time spent on Jocke’s 
spex, but I think it was worth it. Try not to worry too much about the state of 
the world and good luck with everything in the future! 
 
My expanded family. Pappa Tord och Mamma Annika, tack för att ni 
alltid trott på mig och aldrig tvekat att jag kan slutföra vad jag påbörjat (så 
länge det inte involverar fysisk aktivitet). Min lillasyster Hanna, jag vet att 
vi är väldigt olika, men det är en av de saker som jag tycker om med dig. Din 
sociala kompetens och ditt driv är något jag aldrig skulle kunna matcha. 
Mormor Monica och Morfar Åke, tack för att ni lärde mig att uppskatta 
allt det viktiga i livet och vikten av att ibland ta saker ”sedan”. Morbror 
Thomas och Christina, om det inte hade varit för allt ert prat om Uppsala så 
hade jag nog inte hamnat här till slut och gått miste om så mycket bra.  
Johannes, Elisabeth M., Marcel och lilla Adele, tack för att ni tar hand om 
min familj och gör dom lyckliga när jag är så otillgänglig. Jag vet att jag är 
dålig på att hålla kontakten, men det kan nog bli bättre nu när jag klarat av 
denna prövning.  
 
”Svärfar” Thomas och ”Svärmor” ”Mimmi”, tack för att ni accepterat mig 
in i familjen och alltid varit mycket trevliga att besöka, med mycket god 
mat…Jag hoppas att jag kan vara er dotter värdig. 
 
My dear friends; Kim, Per & Lars, Linus, Angelina, Sara…my life would 
be so much more boring without all of you. Kim and Per, I am so grateful 
that we’ve manage to stay so close for all these years; you are both more 
important to me than you might think. Thanks to Sara and Matt for proof-
reading my Kappa, it was extremely helpful! 

 



 74 

1,3,7-Trimethylpurine-2,6-dione 
 

My current collection of pets (1 Cat, 5 Snakes, 1 Lizard, 36 Fish, 7 Shrimp 
and numerous Snails), for giving me something completely different than 
work to care for and read about on a daily basis. The list will be expanded… 
 
Anything involving virtual realities (Books, video games, tv-series and 
films…etc.) Thank you for providing an escape at times when work was 
almost overwhelming. 
 
 
 
Caroline. You are the love of my life, my soul mate, and best (sorry Kim 
and Per) friend. You are the Erskine Serum to my less attractive Steve Rog-
ers, the Jarvis to my less intelligent and wealthy Tony Stark. You have made 
me what I am today, and this thesis would not have been possible without 
you and your support. So give yourself some credit, please. At least 12% of 
the credit. 
 
 
 
 
 
 
 
 
 
And last, but definitely not least: To the person I forgot to mention, but who 
is deserving of an acknowledgement. I apologize and hereby take the liberty 
of using the ingenious example set by Brendan, please fill in your name and 
reason for acknowledgement and I will sign for official recognition: 
 
  
And _______________, for_______________________________________. 
 
Signed and made official by the author: _____________________________. 
 
 
 
 
 
 

Eric 



 75

8. References 

1.  Mahajan R, Gupta K (2010) Food and drug administration’s critical path 
initiative and innovations in drug development paradigm: Challenges, progress, 
and controversies. J Pharm Bioallied Sci 2:307–13. doi: 10.4103/0975-
7406.72130 

2.  DiMasi JA, Grabowski HG, Hansen RW (2016) Innovation in the 
pharmaceutical industry: New estimates of R&amp;D costs. J Health Econ 
47:20–33. doi: 10.1016/j.jhealeco.2016.01.012 

3.  Patsopoulos NA (2011) A pragmatic view on pragmatic trials. Dialogues Clin 
Neurosci 13:217–24. 

4.  Food and Drug Administration (2004) Challenge and Opportunity on the 
Critical Path to New Medical Products. Food Drug Adm.  

5.  Food and Drug Administration (2011) Critical Path Initiative - Critical Path 
2010 Update.  
http://www.fda.gov/ScienceResearch/SpecialTopics/CriticalPathInitiative/ucm2
04289.htm. Accessed 6 Nov 2016 

6.  Barrett JS, Fossler MJ, Cadieu KD, Gastonguay MR (2008) Pharmacometrics: 
A Multidisciplinary Field to Facilitate Critical Thinking in Drug Development 
and Translational Research Settings. J Clin Pharmacol 48:632–649. doi: 
10.1177/0091270008315318 

7.  Urso R, Blardi P, Giorgi G (2002) A short introduction to pharmacokinetics. Eur 
Rev Med Pharmacol Sci 6:33–44. 

8.  LEES P, CUNNINGHAM FM, ELLIOTT J (2004) Principles of  
pharmacodynamics and their applications in veterinary pharmacology. J Vet 
Pharmacol Ther 27:397–414. doi: 10.1111/j.1365-2885.2004.00620.x 

9.  Holford NHG, Sheiner LB (1982) Kinetics of pharmacologic response. 
Pharmacol Ther 16:143–166. doi: 10.1016/0163-7258(82)90051-1 

10.  Sheiner LB, Rosenberg B, Melmon KL (1972) Modelling of individual 
pharmacokinetics for computer-aided drug dosage. Comput Biomed Res 5:411–
59. 

11.  Stanski DR, Maitre PO (1990) Population pharmacokinetics and 
pharmacodynamics of thiopental: the effect of age revisited. Anesthesiology 
72:412–22. 

12.  Zhang L, Beal SL, Sheiner LB (2003) Simultaneous vs. Sequential Analysis for 
Population PK/PD Data I: Best-Case Performance. J Pharmacokinet 
Pharmacodyn 30:387–404. doi: 10.1023/B:JOPA.0000012998.04442.1f 

13.  Jonsson E, Sheiner LB (2002) More efficient clinical trials through use of 
scientific model-based statistical tests. Clin Pharmacol Ther 72:603–614. doi: 
10.1067/mcp.2002.129307 

14.  Karlsson KE, Vong C, Bergstrand M, et al (2013) Comparisons of Analysis 
Methods for Proof-of-Concept Trials. CPT Pharmacometrics Syst Pharmacol 
2:e23. doi: 10.1038/psp.2012.24 



 76 

15.  Mould DR, Upton RN (2012) Basic concepts in population modeling, 
simulation, and model-based drug development. CPT pharmacometrics Syst 
Pharmacol 1:e6. doi: 10.1038/psp.2012.4 

16.  Zhang L, Sinha V, Forgue ST, et al (2006) Model-based drug development: the 
road to quantitative pharmacology. J Pharmacokinet Pharmacodyn 33:369–93. 
doi: 10.1007/s10928-006-9010-8 

17.  Sheiner LB, Ludden TM (1992) Population Pharmacokinetics/Dynamics*. Annu 
Rev Pharmacol Toxicol 32:185–209. doi: 
10.1146/annurev.pa.32.040192.001153 

18.  Beal S, Sheiner LB, Boeckmann A, Bauer RJ (2009) NONMEM User’s Guides. 
(1989-2009). Icon Dev. Solut. Ellicott City, MD, USA,  

19.  Lindstrom MJ, Bates DM (1990) Nonlinear Mixed Effects Models for Repeated 
Measures Data. Biometrics 46:673. doi: 10.2307/2532087 

20.  Beal SL, Sheiner LB (1982) Estimating population kinetics. Crit Rev Biomed 
Eng 8:195–222. 

21.  Box JF (2012) R.A. Fisher and the Design of Experiments, 1922–1926.  
22.  Cramér H (1946) Methods of Estimation, in: Mathematical methods of 

Statistics. In: Princet. Univ. Press. http://press.princeton.edu/titles/391.html. 
Accessed 3 Oct 2014 

23.  Radhakrishna Rao C (1945) Information and accuracy attainable in the 
estimation of statistical parameters. Bull Calcutta Math Soc 37:81–91. 

24.  Atkinson AC, Donev AN (1992) Optimum experimental design. Clarendon 
Press ed. Oxford  

25.  Mentre F (1997) Optimal design in random-effects regression models. 
Biometrika 84:429–442. doi: 10.1093/biomet/84.2.429 

26.  Retout S, Duffull S, Mentré F (2001) Development and implementation of the 
population Fisher information matrix for the evaluation of population 
pharmacokinetic designs. Comput Methods Programs Biomed 65:141–51. 

27.  Foracchia M, Hooker A, Vicini P, Ruggeri A (2004) POPED, a software for 
optimal experiment design in population kinetics. Comput Methods Programs 
Biomed 74:29–46. doi: 10.1016/S0169-2607(03)00073-7 

28.  Retout S, Mentré F (2003) Further developments of the Fisher information 
matrix in nonlinear mixed effects models with evaluation in population 
pharmacokinetics. J Biopharm Stat 13:209–27. doi: 10.1081/BIP-120019267 

29.  Nyberg J, Ueckert S, Hooker AC (2010) Approximations of the population 
FIsher information matrix - differences and consequences. In: Popul. Optim. 
Des. Exp. Work. June, Berlin, Ger. 
http://www.maths.qmul.ac.uk/~bb/PODE/PODE2010_Programme.pdf. 
Accessed 3 Oct 2014 

30.  Nyberg J, Bazzoli C, Ogungbenro K, et al (2014) Methods and software tools 
for design evaluation for population pharmacokinetics-pharmacodynamics 
studies. Br J Clin Pharmacol. doi: 10.1111/bcp.12352 

31.  Fedorov V V., Leonov SL (2010) Optimization of sampling times for PK/PD 
models: approximation of elemental Fisher information matrix, PAGE 19, Abstr 
1792. www.page-meeting.org/?abstract=1792.  

32.  Dodds MG, Hooker AC, Vicini P (2005) Robust Population Pharmacokinetic 
Experiment Design. J Pharmacokinet Pharmacodyn 32:33–64. doi: 
10.1007/s10928-005-2102-z 

33.  Dokoumetzidis A, Aarons L (2007) Bayesian optimal designs for 
pharmacokinetic models: sensitivity to uncertainty. J Biopharm Stat 17:851–67. 
doi: 10.1080/10543400701514007 



 77

34.  Tod M, Rocchisani J-M (1996) Implementation of OSPOP, an algorithm for the 
estimation of optimal sampling times in pharmacokinetics by the ED, EID and 
API criteria. Comput Methods Programs Biomed 50:13–22. doi: 10.1016/0169-
2607(96)01721-X 

35.  Fedorov V V (1972) Theory of optimal experiments. Acad Press New York 
London. doi: 10.2307/2334826 

36.  Fedorov V V., Leonov SL (2013) Optimal design for nonlinear response 
models. Chapman & Hall/CRC Biostatistics Series. ISBN: 9781439821510. doi: 
- 

37.  Foo LK, McGree J, Duffull S A general method to determine sampling windows 
for nonlinear mixed effects models with an application to population 
pharmacokinetic studies. Pharm Stat 11:325–33. doi: 10.1002/pst.1509 

38.  Hooker AC, Nyberg J, Hoglund R, et al (2009) Autocorrelation reduces sample 
time clustering in optimal design. In: Popul. Optim. Des. Exp. Work. June, St. 
Petersburg, Russ. 
http://scholar.google.se/citations?view_op=view_citation&hl=sv&user=bdQWs
bsAAAAJ&citation_for_view=bdQWsbsAAAAJ:2osOgNQ5qMEC. Accessed 
3 Oct 2014 

39.  Nyberg J, Höglund R, Bergstrand M, et al (2012) Serial correlation in optimal 
design for nonlinear mixed effects models. J Pharmacokinet Pharmacodyn 
39:239–49. doi: 10.1007/s10928-012-9245-5 

40.  Umscheid CA, Margolis DJ, Grossman CE (2011) Key concepts of clinical 
trials: a narrative review. Postgrad Med 123:194–204. doi: 
10.3810/pgm.2011.09.2475 

41.  Cuzzolin L, Atzei A, Fanos V (2006) Off-label and unlicensed prescribing for 
newborns and children in different settings: a review of the literature and a 
consideration about drug safety. Expert Opin Drug Saf 5:703–718. doi: 
10.1517/14740338.5.5.703 

42.  Waller DG (2007) Off-label and unlicensed prescribing for children: have we 
made any progress? Br J Clin Pharmacol 64:1–2. doi: 10.1111/j.1365-
2125.2007.02987.x 

43.  Anderson BJ, Holford NHG (2008) Mechanism-Based Concepts of Size and 
Maturity in Pharmacokinetics. Annu Rev Pharmacol Toxicol 48:303–332. doi: 
10.1146/annurev.pharmtox.48.113006.094708 

44.  Stephenson T (2005) How children’s responses to drugs differ from adults. Br J 
Clin Pharmacol 59:670–673. doi: 10.1111/j.1365-2125.2005.02445.x 

45.  Wood AJJ, Kearns GL, Abdel-Rahman SM, et al (2003) Developmental 
Pharmacology — Drug Disposition, Action, and Therapy in Infants and 
Children. N Engl J Med 349:1157–1167. doi: 10.1056/NEJMra035092 

46.  Anderson BJ, Holford NHG (2009) Mechanistic Basis of Using Body Size and 
Maturation to Predict Clearance in Humans. Drug Metab Pharmacokinet 24:25–
36. 

47.  Foissac F, Bouazza N, Valade E, et al (2015) Prediction of drug clearance in 
children. J Clin Pharmacol 55:739–47. doi: 10.1002/jcph.488 

48.  Smania G, Baiardi P, Ceci A, et al (2016) Model-Based Assessment of 
Alternative Study Designs in Pediatric Trials. Part I: Frequentist Approaches. 
CPT Pharmacometrics Syst Pharmacol 5:305–312. doi: 10.1002/psp4.12083 

49.  Anderson BJ, Holford NHG (2011) Tips and traps analyzing pediatric PK data. 
Paediatr Anaesth 21:222–37. doi: 10.1111/j.1460-9592.2011.03536.x 

50.  Wang Y, Jadhav PR, Lala M, Gobburu J V (2012) Clarification on precision 
criteria to derive sample size when designing pediatric pharmacokinetic studies. 
J Clin Pharmacol 52:1601–6. doi: 10.1177/0091270011422812 



 78 

51.  Salem F, Ogungbenro K, Vajjah P, et al (2014) Precision criteria to derive 
sample size when designing pediatric pharmacokinetic studies: which measure 
of variability should be used? J Clin Pharmacol 54:311–7. doi: 10.1002/jcph.206 

52.  Foo LK, Duffull S (2012) Adaptive optimal design for bridging studies with an 
application to population pharmacokinetic studies. Pharm Res 29:1530–43. doi: 
10.1007/s11095-011-0659-3 

53.  Maloney A, Karlsson MO, Simonsson USH (2007) Optimal adaptive design in 
clinical drug development: a simulation example. J Clin Pharmacol 47:1231–43. 
doi: 10.1177/0091270007308033 

54.  Chow S-C, Chang M (2008) Adaptive design methods in clinical trials - a 
review. Orphanet J Rare Dis 3:11. doi: 10.1186/1750-1172-3-11 

55.  Todd S, Whitehead A, Stallard N, Whitehead J (2001) Interim analyses and 
sequential designs in phase III studies. Br J Clin Pharmacol 51:394–9. doi: 
10.1046/j.1365-2125.2001.01382.x 

56.  Sebille V, Bellissant E (2003) Sequential methods and group sequential designs 
for comparative clinical trials. Fundam Clin Pharmacol 17:505–516. doi: 
10.1046/j.1472-8206.2003.00192.x 

57.  Dette H, Bornkamp B, Bretz F (2013) On the efficiency of two-stage response-
adaptive designs. Stat Med 32:1646–1660. doi: 10.1002/sim.5555 

58.  Dragalin V, Fedorov V V., Wu Y (2008) Two-stage design for dose-finding that 
accounts for both efficacy and safety. Stat Med 27:5156–5176. doi: 
10.1002/sim.3356 

59.  Bartroff J, Song J (2014) Sequential Tests of Multiple Hypotheses Controlling 
Type I and II Familywise Error Rates. J Stat Plan Inference 153:100–114. doi: 
10.1016/j.jspi.2014.05.010 

60.  Duffull S, Waterhouse T, Eccleston J (2005) Some Considerations on the 
Design of Population Pharmacokinetic Studies. J Pharmacokinet Pharmacodyn 
32:441–457. doi: 10.1007/s10928-005-0034-2 

61.  Bazzoli C, Retout S, Mentré F (2010) Design evaluation and optimisation in 
multiple response nonlinear mixed effect models: PFIM 3.0. Comput Methods 
Programs Biomed 98:55–65. doi: 10.1016/j.cmpb.2009.09.012 

62.  Gueorguieva I, Ogungbenro K, Graham G, et al (2007) A program for 
individual and population optimal design for univariate and multivariate 
response pharmacokinetic–pharmacodynamic models. Comput Methods 
Programs Biomed 86:51–61. doi: 10.1016/j.cmpb.2007.01.004 

63.  Aliev A, Fedorov V, Leonov S, et al (2012) PkStaMp Library for Constructing 
Optimal Population Designs for PK/PD Studies. Commun Stat - Simul Comput 
41:717–729. doi: 10.1080/03610918.2012.625273 

64.  Mentré F, Chenel M, Comets E, et al (2013) Current Use and Developments 
Needed for Optimal Design in Pharmacometrics: A Study Performed Among 
DDMoRe’s European Federation of Pharmaceutical Industries and Associations 
Members. CPT pharmacometrics Syst Pharmacol 2:e46. doi: 
10.1038/psp.2013.19 

65.  Holford N, Ma SC, Ploeger BA (2010) Clinical Trial Simulation: A Review. 
Clin Pharmacol Ther 88:166–182. doi: 10.1038/clpt.2010.114 

66.  Holford NHG, Kimko HC, Monteleone JPR, Peck CC (2000) Simulation of 
Clinical Trials. Annu Rev Pharmacol Toxicol 40:209–234. doi: 
10.1146/annurev.pharmtox.40.1.209 

67.  Lindbom L, Pihlgren P, Jonsson EN, Jonsson N (2005) PsN-Toolkit--a 
collection of computer intensive statistical methods for non-linear mixed effect 
modeling using NONMEM. Comput Methods Programs Biomed 79:241–57. 
doi: 10.1016/j.cmpb.2005.04.005 



 79

68.  Kessler C, Keller J (2007) Models for Parallel Computing: Review and 
Perspectives. PARS-Mitteilugen 13–29. 

69.  Shankar B, Mishra P, Dehuri S (2011) IETE Technical Review Parallel 
Computing Environments: A Review Parallel Computing Environments: A 
Review. Parallel Comput Environ A Rev IETE Tech Rev IETE Tech Rev 
283:240–247. doi: 10.4103/0256-4602.81245 

70.  Barney B Introduction to Parallel Computing. 
https://computing.llnl.gov/tutorials/parallel_comp/#Terminology. Accessed 16 
Nov 2016 

71.  (2015) MPI: A Message Passing Interface.  
72.  Hennessy JL, Patterson DA, Asanović K (2012) Computer architecture : a 

quantitative approach. Morgan Kaufmann 
73.  Mathworks Inc. (2016) Parallel Computing Toolbox Documentation - 

MathWorks Nordic. https://se.mathworks.com/help/distcomp/index.html. 
Accessed 12 Nov 2016 

74.  The Open MPI Team (2016) Open MPI: Open Source High Performance 
Computing. https://www.open-mpi.org/. Accessed 12 Nov 2016 

75.  MathWorks Inc. (2016) MATLAB Compiler Documentation. 
https://se.mathworks.com/help/compiler/index.html. Accessed 12 Nov 2016 

76.  GNU Project - Free Software Foundation (FSF) (2016) GCC, the GNU 
Compiler Collection.  

77.  SNIC UPPMAX: Snic Resources (Kalkyl). http://www.snic.vr.se/apply-for-
resources/available-resources/uppmax. Accessed 12 Nov 2016 

78.  SNIC About SNIC. http://www.snic.vr.se/about-snic. Accessed 12 Nov 2016 
79.  Hooker AC, van Hasselt C Platform for adaptive optimal design of nonlinear 

mixed effect models. In: PAGE 22 Abstr 2952 [www.page-
meeting.org/?abstract=2952].  

80.  Hooker AC (2016) MBAOD: Model Based Adaptive Optimal Design in R. In: 
GitHub. https://github.com/andrewhooker/MBAOD.  

81.  Fryar CD, Gu Q, Ogden CL (2012) Anthropometric reference data for children 
and adults: United States, 2007-2010. Vital Health Stat 11 1–48. 

82.  Holford NH Clinical pharmacokinetics and pharmacodynamics of warfarin. 
Understanding the dose-effect relationship. Clin Pharmacokinet 11:483–504. 
doi: 10.2165/00003088-198611060-00005 

83.  Vong C, Ueckert S, Nyberg J, Hooker AC (2014) Handling Below Limit of 
Quantification Data in Optimal Trial Design. J. Pharmacokinet. Pharmacodyn.  

84.  Oehlert GW (1992) A Note on the Delta Method. Am Stat 46:27. doi: 
10.2307/2684406 

85.  Aickin M, Gensler H (1996) Adjusting for multiple testing when reporting 
research results: the Bonferroni vs Holm methods. Am J Public Health 86:726–
8. 

86.  Efron B, Tibshirani RJ (1993) An Introduction to the Bootstrap. Chap. & Hall, 
London UK 

87.  Dosne A-G, Bergstrand M, Karlsson MO (2016) Improving the Estimation of 
Parameter Uncertainty Distributions in Nonlinear Mixed Effects Models using 
Sampling Importance Resampling. J Pharmacokinet Pharmacodyn. doi: 
10.1007/s10928-016-9487-8 

88.  Abdi H, Salkind NJ, Dougherty DM, Frey B (2010) Holm’s Sequential 
Bonferroni procedure. In: Encycl. Res. Des. Sage, Thousand Oaks (CA), pp 
573–577 



 80 

89.  Mehta CR, Bauer P, Posch M, Brannath W (2007) Repeated confidence 
intervals for adaptive group sequential trials. Stat Med 26:5422–33. doi: 
10.1002/sim.3062 

 





Acta Universitatis Upsaliensis
Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Pharmacy 224

Editor: The Dean of the Faculty of Pharmacy

A doctoral dissertation from the Faculty of Pharmacy, Uppsala
University, is usually a summary of a number of papers. A few
copies of the complete dissertation are kept at major Swedish
research libraries, while the summary alone is distributed
internationally through the series Digital Comprehensive
Summaries of Uppsala Dissertations from the Faculty of
Pharmacy. (Prior to January, 2005, the series was published
under the title “Comprehensive Summaries of Uppsala
Dissertations from the Faculty of Pharmacy”.)

Distribution: publications.uu.se
urn:nbn:se:uu:diva-308452

ACTA
UNIVERSITATIS

UPSALIENSIS
UPPSALA

2016


	Abstract
	List of Papers
	List of Additional Papers
	Contents
	Abbreviations
	1. Introduction
	1.1 Pharmacometrics and the Population Approach
	1.1.1 Nonlinear Mixed Effects Models for continuous data
	1.1.2 Maximum Likelihood Estimation
	1.1.3 Approximating the Likelihood for NLME estimation

	1.2 Optimal Design
	1.2.1 Fisher Information Matrix for NLME models
	1.2.2 Local and robust design criteria
	1.2.3 Optimal Design support points

	1.3 Design of Pediatric PK studies
	1.3.1 Sample size estimation in pediatric PK studies

	1.4 Adaptive Optimal Design
	1.5 Optimal Design Software
	1.6 Simulation based design evaluation
	1.7 Parallel Computing

	2. Aims
	3. Methods
	3.1 Reducing runtimes by parallelizing PopED
	3.1.1 Implementation
	3.1.2 Evaluating the parallelization

	3.2 Building on the MBAOD platform
	3.3 Examples and design optimizations
	3.3.1 Effects of OD approximations and assumptions
	3.3.2 MBAOD of a simulated adult to children bridging study.
	3.3.3 Effects of using a robust optimality criterion in MBAOD.

	3.4 Design Evaluation Methods
	3.4.1 Parameter Precision Metrics
	3.4.2 Empirical D-criterion intervals
	3.4.3 Evaluation of stopping criteria coverage
	3.4.4 Convergence of MBAOD to the “true” optimal design.


	4. Results and Discussion
	4.1 Parallel performance
	4.2 Influence of design assumptions on Optimal Designs
	4.2.1 FIM approximation and implementation
	4.2.2 Local vs Robust Optimality criteria in MBAOD

	4.3 MBAOD of a simulated adult to children study.
	4.3.1 Evaluation of Power and Designs
	4.3.2 Relative Estimation Error
	4.3.3 Effects of the adaptive design space restriction
	4.3.4 Evaluation of Coverage


	5. Conclusions
	6. Populärvetenskaplig Sammanfattning
	7. Acknowledgements
	8. References



