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Abstract
Brekkan, A. 2019. Pharmacometric models in the development of biological medicinal
products. Digital Comprehensive Summaries of Uppsala Dissertations from the Faculty of
Pharmacy 271. 80 pp. Uppsala: Acta Universitatis Upsaliensis. ISBN 978-91-513-0644-5.

Biological medicinal products (BMPs) are a successful class of drugs that are indicated
in numerous diseases.  Common among them is that complexities associated with their
manufacture and analysis lead to a high cost compared to small-molecular weight drugs.  If
the development cost can be brought down and the use of BMPs optimized, these drugs may
reach more patients at more affordable prices. Further, there are a number of knowledge gaps
related to the characterization of their disposition, immunogenicity and use which can be filled
through the development and application of novel methods for data analysis. In this thesis work,
pharmacometric models and methods were developed and applied to aid BMP development and
clinical use.

Model-based optimal design (OD) methodology was employed to reduce and optimize a
published sampling schedule for a monoclonal antibody (mAb) displaying target-mediated drug
disposition. Thus, illustrating that current sampling strategies for mAbs can be excessive from
an economic and patient burden perspective.

A novel hidden-Markov model was developed to characterize anti-drug antibody (ADA)
response which can plague many biologics throughout clinical development and post-approval.
The developed model accounted for ADA assay inaccuracies by utilizing information from the
assay and the pharmacokinetics (PK) of the therapeutic in question and allowed for an objective
assessment of immunogenicity.

Model-based dose individualization and evaluation of low-dose prophylaxis (LDP) for
coagulation factors were investigated in this work to improve treatment and lower costs.
Individual doses were found to outperform standard-of-care while LDP was indicated as a viable
treatment option in countries with limited coagulation factor access.

Biosimilar development is yet another method to reduce the costs of biologics. The
development of a PKPD model for a pegylated granulocyte colony stimulating factor (GCSF)
allowed for model simulations to demonstrate PK sensitivity to small differences in delivered
dose between a reference and potential biosimilar product. The sensitivity of the system may
be one of the reasons for difficulties associated with the development of biosimilar pegylated
GCSFs.

In conclusion, the pharmacometric methods developed and applied in this thesis work can be
used to improve BMP development.
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1. Introduction 

1.1 State-of-the-art 
Drug attrition rates are a major issue facing today’s drug industry. In 1996 a 
peak in new drug approvals was reached when 53 drugs were approved by 
the US Food and Drug Administration (FDA) [1]. In 2004 the number was 
less than half of that and the Center for Drug Evaluation and Research 
(CDER) implemented a 10 year plan to improve approval rates [2]. The 10 
year plan was successful and in 2014, 41 novel drugs were approved [3]. In 
2017, that number of approvals had risen to 46, many of which were biologi-
cal medicinal products (BMPs). While these numbers are encouraging, drug 
development remains a challenging and expensive endeavour and several 
indications still have an unmet demand for novel therapeutics, especially 
within oncology and autoimmune disease areas.  

The cost of developing a new drug has recently been estimated to be be-
tween one and three billion dollars and hand-in-hand with soaring develop-
ment costs are higher drug prices for patients and co-payers [4,5]. Late phase 
attritions are one of the main reasons for the high development costs of novel 
therapeutic agents; when drugs fail in late clinical phases a majority of the 
investment cannot be recuperated easily. Worryingly, failure in phase III, the 
phase prior to regulatory approval, is often due to the lack of established 
efficacy [6,7].  If development of a novel drug can take in excess of 12 years 
and phase III trials are the last step prior to approval, failure therein due to 
lack of efficacy would entail that the information gathered by the developer 
for almost a decade wasn’t enough to firmly establish that the drug had an 
effect that was better than the standard-of-care [8]. This is an unsustainable 
development paradigm that may be addressed, in part, with the development 
of more efficient data analysis methods and novel more efficacious drugs. 

1.2 Pharmacometrics 
Pharmacometrics has been defined as “the science of developing and apply-
ing mathematical and statistical methods to characterize, understand and 
predict a drug’s pharmacokinetic (PK), pharmacodynamic (PD), and bi-
omarker-outcomes behaviour” [9]. Pharmacometric models frequently aim 
to characterize the exposure (PK) and effect (PD) of drugs and can be used 
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to aid decision making throughout the development process [10]. The inte-
gration of PK and PD in a combined PKPD model is ideal as it links meas-
ured drug concentrations to an observed effect in the individual or popula-
tion. Pharmacometric methods are especially attractive compared to tradi-
tional non-compartmental analyses (NCA) and other statistical tests, such as 
pairwise comparisons, since they can be developed on and used in the analy-
sis of the entirety of the gathered preclinical and clinical data. Furthermore, 
model-based approaches allow for the extrapolation of scenarios which have 
not been tested through model simulations [11,12]. 

1.2.1 Pharmacometric models 
Pharmacometric models are often non-linear mixed effects models 
(NLMEM) consisting of two components; a structural component describing 
the central or mean trend of the data (with fixed effect parameters) and a 
statistical component describing the variability of the data (with random 
effect parameters) [13]. Common structural PK models are one-, two- or 
three-compartment models which can represent different physiological com-
partments of the human body (such as plasma and tissue) and describe the 
flow of drug between these compartments through differential equations. 
Integrating both fixed and random effects in a population model can result in 
both an understanding of the mechanisms relating to drug disposition and 
response and a quantification of variability in both.  Sources of variability in 
NLMEM include inter-individual variability (IIV), inter-occasion variability 
(IOV) and residual unexplained variability (RUV). IIV and IOV are often 
modelled assuming a log-normal distribution of individual parameters, re-
sulting in positive individual estimates. The general NLMEM for continuous 
data is shown below:  

 = , ( , , , , ) + ℎ , ( , , , , ),           (1) 
 

where f (.) is the function for the structural model predicting the observation 
 for individual i at independent variable (observation time usually) . h 

(.) is the function describing the residual error model and g (.) is the function 
describing the individual parameters. θ is the population or typical parameter 
vector and individual parameters in the model deviate from the population 
parameters through IIV ( ) and IOV ( ).  and  are usually assumed to 
be normally distributed with variances Ω and Γ, respectively. The function g 
(.) also includes the design variables vector  which may include doses and 
other design variables and the individual covariates vector . The residual 
error, describing the deviation from the individual prediction from the obser-
vation at time point , is described by the random variable  which is 
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normally distributed with a variance of Σ. Ω, Γ and Σ are covariance matri-
ces in the notation above.  

The most common method to estimate parameters in a NLMEM is maxi-
mum likelihood (ML) estimation. In ML estimation the set of parameters 
maximizing the probability of the data occurring are found. The likelihood 
can be maximized or, to reduce computational burden, the negative twice log 
likelihood can be minimized: argmin −2 ∑ log ( ( , ))  (2) 
where  is the contribution of individual i to the log likelihood (also known 
as the marginal likelihood). Random effects entering the marginal likelihood 
do so non-linearly which is why there is no closed form solution to this min-
imization problem. Therefore, the marginal likelihood must be approximat-
ed. Estimation algorithms in the NLMEM software NONMEM, one of the 
most widely used pharmacometrics software, handle the approximation of 
the marginal likelihood differently [14]. As an example, the first-order (FO) 
algorithm is a gradient based method that linearizes the model around  
and  assuming a mean value for these random effects of 0. The FO method 
is called “first-order” since it uses the first-order Taylor expansion for the 
linearization. The first-order conditional estimation (FOCE) method is a 
more accurate estimation method that can also be used. FOCE linearizes the 
model around  and  which are evaluated at the mode of the joint density 
and not at a mean value of 0. Other methods such as the Laplace method 
result in more accurate approximations of the likelihood since higher order 
Taylor expansions are used. Additional algorithms such as expectation max-
imization (EM) algorithms result in the exact ML estimates (MLEs). These 
algorithms were initially developed to analyse data which contains unob-
servable elements, such as the individual random effects in population anal-
yses [15].  

NLMEMs are well suited to analysis of data generated in pharmacological 
studies because of their flexibility. They can be used to describe PK and PD 
data, combined PKPD data, continuous data, categorical and discrete data, 
data with Markovian elements, data from pre-clinical or clinical studies and 
data from large and small populations. Additionally, the use of pharmaco-
metric models has been advocated by regulatory authorities [16] and in the 
critical path initiative formed by the FDA in 2004, pharmacometric models 
in combination with clinical trial simulations were listed as methods to ad-
dress rising attrition rates [2]. Further, the FDA uses pharmacometric model-
ling and simulation frequently when reviewing new drug applications (NDA) 
as demonstrated by Bhattaram et al. where during a one year period pharma-
cometric analyses were ranked as important in 85% of all reviews of NDAs. 
[17].  
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1.2.2 Simulation studies 
Pharmacometric models can be used to simulate scenarios which are not 
easily investigated in traditional pre-clinical or clinical trials [18]. Based on 
a developed model and data, results can be extrapolated to scenarios which 
were not evaluated originally, provided that limitations regarding such ex-
trapolations are considered with care. Model simulations can be used to ex-
plore the influence of trial design on a measurement of interest, the sensitivi-
ty of a therapeutic response to external factors, the power of a certain trial 
design and the performance of a novel dosing regimen, among other things.  

1.2.3 Optimal design 
Pharmacometric models in combination with optimal design (OD) methods 
can maximize the amount of information gathered during the drug develop-
ment process [19]. OD in clinical drug development focuses on identifying 
the set of study design parameters, such as the sampling times, number of 
cohorts, number of patients in each cohort and so forth, resulting in the 
greatest amount of information gathered during a trial under the assumption 
that the data are well described by a model. One of the aims of OD is to re-
duce the uncertainty of model parameter estimates by optimizing the afore-
mentioned trial design variables. According to the Cramer-Rao inequality, 
maximizing the inverse of the Fisher information matrix (FIM) results in a 
lower bound of the covariance matrix of MLEs of the parameters in a model 
[20].  

1.2.4 Pharmacometric models in model-informed drug discovery 
and development  
Pharmacometric models developed on preclinical and clinical data can im-
prove confidence in decision making in a model-informed drug discovery 
and development (MID3) framework [21]. MID3 is based on a learning and 
confirming paradigm where models both generate knowledge in early devel-
opment phases and incorporate the new knowledge gathered as the develop-
ment process advances. There are eight key development areas where MID3 
can be employed (Figure 1) during all phases of development and as the 
research focus shifts from internal developer decision making to regulatory 
assessment to life-cycle management. Implementation of a MID3 framework 
should result in the increased confidence in a developed drug and is one 
method to improve drug development in general [21].  
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Figure 1. Development areas where pharmacometric models can be employed according to 
MID3. The figure has been adapted from Marshal et al.[21]. 

1.3 Biological medicinal products 
BMPs, manufactured in living organisms, have been defined as any virus, 
therapeutic serum, toxin, antitoxin, vaccine, blood, blood derivative, aller-
genic product or protein applicable to the prevention, treatment or cure of a 
disease or condition of human beings [22]. They bind to their molecular 
targets with high affinity and specificity, minimizing off-target effects that 
frequently result from administration of small molecular-weight drugs 
(SMWDs) [23].  As a result, they are approximately twice as likely to be 
approved compared to SMWDs and ten new BMPs were approved by the 
FDA in 2017 [24–26]. Although BMPs are becoming more prevalent, their 
development is still associated with several challenges related to their manu-
facture, purification, formulation, administration and quantification. They 
are manufactured in a complex living system which requires tight regulation 
for a consistent product. Small differences in post-translation, bioreactor 
conditions, centrifugation, purification, filtration and/or storage may result in 
inter-batch differences of the drug. Although small inter-batch differences 
are acceptable, the quality and safety of the manufactured drug must be 
guaranteed.  By ensuring that steps are as similar as possible throughout the 
manufacturing process the inherent heterogeneity of the protein may be min-
imized but this tight regulation comes at an additional development cost 
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[27]. In the US, biologics represent 2% of the total number of prescriptions 
but account for 37% of the net cost [28]. The analysis of BMPs also requires 
the development of specialized assays which entail an additional develop-
ment cost. Further, they are also often developed for rare diseases increasing 
their cost even further with long-term treatments costing as much as several 
thousand dollars monthly [29]. Bringing these costs down could potentially 
result in these therapies reaching more patients at more affordable prices. 
There are also numerous knowledge gaps related to the use of BMPs which 
may be filled by development of novel data analysis methods. 

Three distinct classes of BMPs were considered in this work; monoclonal 
antibodies (mAbs) and mAb fragments in Papers I and V, granulocyte colo-
ny-stimulating factors (GCSFs) in Papers II and III and coagulation factors 
in Papers VI and VII. 

1.3.1 Monoclonal antibodies and antibody fragments 
The development of hybridoma technology in the 1970’s resulted in a meth-
od to produce therapeutic mAbs which have been a revolution in several 
treatment areas [30]. Subsequently, the inventors, Köhler and Milstein, were 
awarded the 1984 Nobel Prize in physiology or medicine [31]. Therapeutic 
mAbs belong to the immunoglobulin G (IgG) subclass of antibodies found in 
the human body [32]. The IgG molecule has two main regions, the fragment 
constant (FC) and the fragment antigen-binding (FAB) regions which are 
responsible for many of the properties of mAbs [33]. When the FC region 
binds to neonatal FC receptors (FcRn) of many different cells in the body, 
the degradation of the mAb is prevented through FcRn mediated recycling, 
resulting in a relatively long half–life of 20-30 days.  The FAB region is 
flexible and allows for binding to several different molecular targets with a 
high affinity in many cases.  

MAbs are becoming a large part of the therapeutic portfolio offered by 
drug companies and their sales have steadily increased since they first 
emerged 30 years ago [34]. Although mAbs are more likely to be block-
buster drugs than their SMWD counterparts, there are some drawbacks asso-
ciated with their development and use, several of which also apply to other 
BMPs. Firstly, they are large molecules and their administration is therefore, 
in most cases, constrained to invasive methods such as intravenous (IV) or 
subcutaneous (SC) administration. Secondly, their measurement is compli-
cated where the measured moiety can be difficult to characterize due to in-
terference by other moieties in the sample. Further, multiple samples of sev-
eral moieties is often required to characterize the disposition of the mAb 
which can be influenced by binding to different antigens/targets. Thirdly, 
compared to SMWDs which have a well-defined chemical structure, a vial 
containing a “single” therapeutic mAb is in fact a mixture of different mAbs. 
The base structure of the mAb is usually well defined but post-translational 
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protein modification in the cells used to manufacture mAbs results in slightly 
different molecules being produced [35,36]. Fourthly, mAbs, like most bio-
logical therapies can be immunogenic and finally, their manufacture is ex-
pensive due to the stringent control required of all manufacturing steps. De-
spite these challenges, mAbs are still being developed in record numbers 
[37].  

Omalizumab (OMA, trade name Xolair®, Novartis) is a mAb used in the 
treatment of allergic immunoglobulin E (IgE) mediated asthma. OMA binds 
to soluble and membrane bound IgE, which mediates inflammatory respons-
es involved in allergy [38]. By binding to IgE, OMA prevents it from bind-
ing to mast cells and basophils that are responsible for the release of cyto-
kines that cause allergic symptoms. OMA disposition is target-mediated 
where binding to the pharmacological target influences the PK of the drug. 
This phenomenon, known generally as target-mediated drug disposition 
(TMDD), has been reported for a number of different mAbs  [39–42].  Drugs 
that display TMDD often have non-linear PK profiles which are observed at 
doses that do not saturate target-mediated clearance (CL) pathways.  

Semi-mechanistic or mechanism-based pharmacometric models have 
been used in the characterization of TMDD kinetics [43–45]. Interactions 
between the drug and the target include the formation of drug-target com-
plexes which may or may not be cleared faster than the free mAb and the 
interaction of the mAb with FcRn. At low drug concentrations, when the 
target is not saturated, non-linear PK may be observed while at higher con-
centrations, when the target is saturated, linear elimination may dominate. 
TMDD models can be developed to characterize the complex interaction 
between mAbs and their targets. The general TMDD model (Figure 2) re-
quires extensive sampling of both the target and drug at multiple doses to be 
identifiable [46]. To circumvent this, approximations of the model have been 
proposed that make some assumptions regarding the binding properties of 
the drug and the target. The most common approximations are the quasi-
equilibrium (QE) and quasi-steady state (QSS) approximations. In this thesis 
work, the QE approximation for OMA disposition was employed which 
assumes that the drug, target and drug-target complex are at equilibrium and 
that association of the drug and target and dissociation of the drug-target 
complex occurs very rapidly in comparison with other PK processes. This 
published model was used in combination with OD methodology to deter-
mine whether a reduction in the number of samples, study duration, number 
of sampled moieties and fewer dose levels still result in sufficient infor-
mation for the characterization of OMA disposition (Paper I).  
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Figure 2. The general one-compartment target-mediated drug disposition model structure. D 
represents drug, R represents receptor and DR is the drug-receptor complex. Drug enters the 
system via an input and is eliminated via the elimination rate constant ke(D). The receptor is 
formed via an endogenous production rate (kin) and is eliminated via kout (representing degra-
dation of the receptor). The association of drug and receptor to form the drug-receptor com-
plex occurs via the rate kon and dissociation occurs via koff. The complex is eliminated via 
ke(DR) (representing internalization and degradation). The figure has been adapted from 
Mager and Jusko [47]. 

 
Antibody fragments are a promising subclass of therapeutic antibodies that 
keep the inherent properties that make antibodies attractive such as target 
affinity and specificity but can be modified in a myriad of different ways to a 
desired specification [48]. The conjugation of antibody fragments with other 
molecules is, for instance, associated with fewer issues than the conjugation 
of whole antibodies due to less steric hindrance [49]. Further, they tend to be 
slightly less expensive to manufacture, as tight control of only one antibody 
region (typically the FAB region) is required rather than the whole molecule. 
Certolizumab pegol (CZP, trade name Cimzia®, UCB pharma [Figure 3]) is 
an anti-tumour necrosis factor-alpha (TNFα) antibody fragment based on the 
FAB region of IgG used in the treatment of rheumatoid arthritis, Chron’s 
disease, psoriasis and ankylosing spondylitis. Many autoimmune diseases 
are caused by a dysregulation of inflammatory mediators, including TNFα. 
Individuals with RA, for instance, have elevated levels of TNFα and CZP 
works by blocking the TNFα mediated inflammatory cascade [50]. To over-
come the relatively short half-life which results from the removal of the FC-
region of CZP, the molecule was pegylated increasing its size beyond that 
which can be cleared via the renal route resulting in a longer half-life of ap-
proximately 14 days.  
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Figure 3. Cimzia® is an anti-TNFα antibody fragment (FAB region, in color) which has been 
pegylated.  

1.3.2 Granulocyte colony-stimulating factors 
Neutropenia and febrile neutropenia (FN) are serious side-effects of the 
treatment of various cancers with cytotoxic chemotherapy agents [51,52]. 
The absolute neutrophil count (ANC) during FN is < 500 cells/mL resulting 
in an increased risk of opportunistic infections and in some serious cases 
even death. Chemotherapy induced neutropenia and FN frequently require 
“drug holidays” where the chemotherapy doses are lowered or treatment is 
ceased entirely in order to allow the ANC to recover [53,54]. This dose de-
crease or treatment cessation may have serious consequences for the efficacy 
of the treatment. In order to minimize the duration and severity of neutro-
penia, growth factors such as GCSF, stimulating the proliferation, differenti-
ation and survival of hematopoietic stem cells, may be co-administered with 
chemotherapy. The administration of GCSF is associated with an increase in 
circulating leukocytes (and thusly an increase in ANC) which decrease the 
risk of opportunistic infections.   

Recombinant GCSF is a cytokine with a molecular weight of almost 20 
kDa [55]. It targets the GCSF receptor, found on precursor cells in the bone 
marrow and on immature neutrophils [56]. When GCSF binds to its receptor 
on precursor cells, several cell signalling pathways are activated culminating 
in kinase activation which increases proliferation and differentiation (Figure 
4) [57]. Filgrastim and pegfilgrastim (PG, trade name Neulasta®, Amgen) are 
two therapeutic recombinant GCSFs that have been approved for the treat-
ment of chemotherapy-induced neutropenia. Filgrastim was approved by the 
FDA in 1991 on the basis that it reduced the incidence and duration of FN. 
Although effective, filgrastim has a relatively short half-life and requires 
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frequent administration. Thus, it was pegylated resulting in PG (approved in 
2002) which has a longer half-life and requires less frequent administration 
while maintaining a similar pharmacological effect [58]. The disposition of 
PG is partly target-mediated since the drug increases the number of neutro-
phils which in-turn appear to clear the drug from circulation [59]. Character-
izing the disposition of PG using pharmacometric models may result in an 
increased understanding of absorption and elimination mechanisms.  

 

 
Figure 4. Simplified schematic of hematopoietic cells which GCSF directly and indirectly 
affects in-vivo.  GCSF facilitates the formation of neutrophils through stimulation of the 
proliferation of granulocytic progenitors (purple) [55]. GCSF also binds directly to immature 
neutrophils and stimulates their development. 

Several PKPD models have been developed for GCSF derivatives aiming to 
describe both the disposition of the drug and resulting hematopoietic effect 
[60–62]. However, published models to describe the disposition of PG do so 
without considering the inter- and intra-individual variability of the system 
[63]. The interaction between ANC and PG is complex and without consid-
erations of variability the interaction cannot be characterized on an individu-
al level. A population pharmacometric model for PG was therefore devel-
oped in Paper II accounting for both inter- and intra-individual variability.  

1.3.3 Coagulation Factors 
Coagulation factors need to be constructed using recombinant methods or 
purified from plasma for patients that do not have sufficient endogenous 
protein production to survive or to lead a complication-free life. Coagulation 
is a result of a complex cascade of events with several different key proteins 
including tissue factors, coagulation factors, thrombin and many others [64]. 
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The most common forms of haemophilia, types A and B, are a result of 
quantitative or qualitative deficiencies in coagulation factors VIII (FVIII) 
and IX (FIX), respectively [65]. Untreated, haemophilia morbidity and mor-
tality rates are high due to spontaneous bleeds, but replacement therapy with 
plasma-derived or recombinant coagulation factors can result in an almost 
normal complication-free life for patients [66]. The optimal treatment mo-
dality for haemophilia is life-long prophylaxis which aims to maintain a 
trough coagulation activity level above 1 IU/dL (also denoted 1%) [67]. Dur-
ing high-dose prophylactic treatment of haemophilia B, administered doses 
of FIX should be 15-40 IU/kg but because of the heterogeneous treatment 
demand and response, a “one size fits all” approach may not be optimal for 
patients [68]. In Paper VI, a pharmacometric model was used for dose indi-
vidualization in a simulated patient population in order to optimize the ad-
ministered doses with respect to treatment outcome. 

Unfortunately, both FVIII and FIX are expensive therapeutics and life-
long prophylactic treatment with regular infusions is therefore reserved for 
wealthy countries. Of the approximately 400,000 people worldwide suffer-
ing from haemophilia, three quarters have limited access to adequate treat-
ment. Thankfully, millions of units of coagulation factors are donated annu-
ally to countries where coagulation factors are scarce [69,70]. Regions with 
reduced access to coagulation factor rely on on-demand treatment where 
patients are treated during or after a bleeding event. As a result, on-demand 
treatment of haemophilia A or B has a significantly greater risk of arthropa-
thies and hospitalizations than prophylaxis [71,72]. Other treatment modali-
ties such as low-dose prophylaxis (LDP) may improve patient outcome over 
on-demand treatment at a small cost increase. LDP entails the administration 
of low doses (5-10 IU/kg) of coagulation factor given regularly. Although 
patients with severe haemophilia are expected to go below the threshold 
level of 1 IU/dL under LDP, a large portion of the time between administra-
tions will be spent above the threshold, ensuring that patients are at least 
partially protected from spontaneous bleeds. Previous studies have suggested 
that LDP is effective in preventing joint bleeds and the performance of LDP 
was evaluated using pharmacometric model simulations in Paper VII [73]. 

1.3.4 Immunogenicity 
Immunogenicity is a major issue facing the development of BMPs [74,75]. 
An immunogenic response occurs when the patient’s immune system identi-
fies the therapeutic as a foreign particle. The immunogenic response may 
vary from being clinically irrelevant to being life-threatening, as tragically 
illustrated by the TGN1412 disaster of 2006 that resulted in multiple organ 
failures in several of the trial subjects following the administration of a hu-
manized antibody [76]. Severe responses are thankfully rare while other 
immunogenic responses, such as the formation of anti-drug antibodies 
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(ADAs), are relatively common [74,77]. Variables influencing the formation 
of ADAs can be product specific, patient specific and/or treatment specific 
and the underlying cause for ADA formation is often not entirely clear mak-
ing it very difficult to predict ADA formation and ADA response in a clini-
cal setting [75]. Further, ADA can be difficult to measure. Accurate assays 
for the drug, the target and any ADAs are important for a successful BMP 
development program. The most commonly used assay method is the en-
zyme-linked immunosorbent assay (ELISA) which cannot easily differenti-
ate between free circulating drug and drug which is bound to an antigen. 
Since most mAbs are bivalent, assays to measure “free” concentrations can 
measure partially bound antibodies, antibody-target complexes and truly 
“free” antibodies [78].  

The clinical impact of ADA can vary considerably, where some ADAs 
have little clinical impact while others may increase drug elimination. The 
priority of the analysis of ADA should be to identify a clinically meaningful 
ADA response. However, such determinations can be subjective in nature 
since the frequency of positive ADA measurements is often very low. Many 
immunogenicity analyses therefore rely not only on ADA measurements, but 
also on a second, potentially subjective, analysis where the clinical impact of 
the ADA measurement is determined. Population analyses of BMPs often 
consider immunogenicity [79]. However, including an ADA measurement 
which may be unreliable in any model may incur parameter bias. Therefore 
alternative methods to characterize ADA may be of interest and in Paper V, 
a hidden-Markov model (HMM) was developed to characterize ADA re-
sponse following CZP administration. 

HMMs are a class of statistical models that connect observable stochastic 
processes to unobservable ones. They have been used to infer about disease 
states given a set of observations, for instance relating observed lesion 
counts to whether a multiple sclerosis patient is in relapse or remission [80] 
or relating the number of seizures to whether a patient is in a high epileptic 
activity period or not [81]. The general HMM can be written as: 

 , … ,  , … =  ( ) ( | ) ∏ ( | ) ( | )      (3) 

where X denotes an observation, Z is a hidden state, t is the time point, n is 
the number of observed time points, p(Z1) is the probability of starting in a 
hidden state Z, p(X1|Z1) is the emission probability at the start of the time 
sequence (the probability of an observation given the hidden state Z), p(Zt|Zt-

1) is the transition probability and p(Xt|Zt) is the emission probability at time t 
given state Z at time t. Using HMMs practically requires the solution of three 
distinct problems; 1) the evaluation problem; where the likelihood of the 
observations given an HMM is obtained, 2) the estimation problem; where 
the most probable hidden state sequence given an observation sequence is 
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found and 3) the training problem which results in the best parameter esti-
mates given the HMM and an observation sequence. In the work presented 
in this thesis, the training problem is solved to solve the evaluation problem 
to result in the most probably hidden state sequence.  

HMMs can be extended to describe population data and are then consid-
ered to be mixed HMMs (MHMMs) that allow for the estimation of random 
effect parameters and/or covariate effects [80]. The determination of pa-
tients’ underlying disease state can be valuable to identify a treatment effect 
in cases where the biomarker, such as ADA, may be unreliable. Further, the 
model can be extended to accept multiple observation sources to gain more 
information about the underlying disease state. In Paper V, both ADA meas-
urements and CZP PK were considered as observed variables in a developed 
HMM. Since the analysis of continuous data using MHMMs in NONMEM 
is novel and since the estimation properties of such models have not been 
fully explored, a simulation exercise was performed prior to performing the 
analysis on clinical data presented in Paper V. This exploration is presented 
in Paper IV for a hypothetical chronic obstructive pulmonary disorder 
(COPD) example. 

1.3.5 Biosimilars 
Biosimilars are BMPs that contain a version of the active substance of an 
already approved medicinal product (a reference product) and can be ap-
proved after the patent expiry of the marketed reference product [82]. 
Treatment costs can be lowered with the approval of biosimilars, although 
the price reduction is usually moderate in comparison to the approval of 
generics for SMWDs because of the complicated development process 
which cannot easily be simplified [83]. The previously mentioned inherent 
heterogeneity of BMPs entails that molecular similarity requirements for a 
biosimilar are not as stringent as those in place for SMWDs and biosimilars 
should, upon being proven to contain the same amino acid sequence as the 
reference product, have disposition properties as similar as possible to the 
original product [84,85]. To confirm similarity, comparability studies are 
performed which are similar to bioequivalence trials for generics. In a tradi-
tional bioequivalence study, the generic version of the drug (test product) is 
compared to the originator product (reference product) with regards to PK 
and PD. Two products are said to be equivalent if the 90% confidence inter-
val (CI) of the geometric mean ratios of secondary PK parameters (including 
area under the curve [AUC] and maximum concentration [Cmax]) are between 
80 and 125% [84]. These same limits are also often used in biosimilarity 
studies. In Paper III the model developed in Paper II was employed to ex-
plore factors of importance for the development of biosimilar PG.  
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2. Aims 

The overall aim of this thesis was to apply and develop pharmacometric 
methods to aid development of biological medicinal products. 

 
The specific aims were:  
 

• To explore study designs for mAbs against soluble targets with respect 
to sampling duration, number of samples, number of sampled moieties 
and dose groups and determine the information content in study designs 
using optimal design methodology.  
 

• To develop a population pharmacokinetic-pharmacodynamic model for a 
potential biosimilar GCSF derivative and to use the model to determine 
the sensitivity of pharmacokinetic and pharmacodynamic parameters to 
external factors of importance in the development of biosimilar GCSFs.  

 
• To develop a bivariate mixed hidden-Markov model describing the un-

derlying disease status considering multiple sources of information and 
to explore parameter estimation properties of this model in NONMEM. 

 
• To apply the bivariate mixed hidden-Markov model in the characteriza-

tion of anti-drug antibody formation, considering pharmacokinetic and 
anti-drug antibody assay information. 

 
• To investigate whether population pharmacokinetic models for coagula-

tion factors VIII and IX can improve the usage of coagulation factors in 
haemophilia A and haemophilia B, respectively.  



 25

3. Methods 

3.1 Data 
In Papers I, III, IV and VII data were simulated from developed or previous-
ly developed models. Clinical data was provided for the analyses performed 
in Papers II, V and VI. 

3.1.1 Simulated data 
Paper I simulations 
Data mimicking a reference phase I trial design for OMA were simulated 
using a slightly modified previously published model [43]. The original data 
were obtained from a single-dose study where OMA was administered to 48 
healthy volunteers in four dose groups (75, 150, 300 and 375 mg) followed 
by 13 samples of total OMA (OMAT), free IgE (IGEF) and total IgE (IGET).  

Paper III simulations 
A two-way cross-over study was simulated using the model developed in 
Paper II. A nominal dose (6 mg) of PG was administered during the first 
treatment cycle followed by administration of a product which was either 
identical or had a delivered dose or potency difference. The simulated deliv-
ered dose differences ranged from 2 to 10% and the simulated potency dif-
ferences ranged from 5 to 5000%. The original trial population was replicat-
ed 40 times resulting in 6960 simulated individuals. Each individual in the 
simulation had 50 PK and PD samples taken until 312 hours after the admin-
istered doses. Complete washout was assumed between administrations. 

Paper IV simulations 
A large (n = 500) COPD placebo-controlled trial was simulated where half 
of the patients were on placebo and the other half received a hypothetical 
treatment. The data were simulated with a developed MHMM, with two 
hidden states representing remission and exacerbation. The model was biva-
riate, thus two measurements (observed variables) depending on the hidden 
states were simulated, forced expiratory volume in one second (FEV1) and 
patient reported outcome (PRO). Weekly observations of both FEV1 and 
PRO for 60 weeks were simulated. A separate scenario was simulated as-
suming monthly observations of FEV1 and weekly observations of PRO for 



 26 

the same time period to determine the effect on parameter uncertainty and 
bias when the number of observations was reduced. 

Paper VII simulations 
A large severe haemophilia A patient population (n = 2000) was simulated. 
Patient demographics (age and weight) were based on the data on which the 
original model was developed. FVIII activity levels were simulated after a 
10 minute infusion of FVIII administered either twice or thrice weekly. 
Treatment was administered up until 600 hours after which 34 FVIII obser-
vations were simulated for 168 hours (1 week). The simulated doses (admin-
istered to all patients) were 40, 25, 20, 15, 10 and 5 IU/kg. 

 
3.1.2 Pegfilgrastim data (Paper II) 
Data were provided from a double-blind three-way cross-over study compar-
ing the PK and PD of a potentially biosimilar PG product, BIOS_PG with 
two batches of the reference product, Neulasta® (Amgen), one sourced from 
the US (US_PG) and one sourced from the EU (EU_PG). A single 6 mg 
dose level was administered to the subjects which were healthy volunteers 
(n=174). Subjects were sampled for PG concentrations, ANC and CD34+ 
counts, however only PG concentrations and ANC were considered for mod-
el building. The data are presented in Figure 5 below.  

Figure 5.  Data used for model building in Paper II. Pegfilgrastim (PG) concentrations (left 
panel) and absolute neutrophil count (ANC, right panel) versus time after dose. The lines 
correspond to the concentration-time profile of individual PG administrations.  

3.1.3 Certolizumab pegol data (Paper V) 
Data were compiled from six trials of various phases where CZP was admin-
istered to patients with RA. CZP was administered either every two weeks or 
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every four weeks with or without loading doses. CZP PK and ADA were 
measured in five of the studies while only CZP was sampled in study 6. The 
number of observations per patient ranged from 0 to 22 of each of the ana-
lytes. The data are summarized in Table 1.  

Table 1. Summary of the data used in Paper V. 

  
Study   1a 2  3a 4a 5 a   6  

Phase II III III III III I 

nb 239 116 111 124 239 16 

Dosesc (mg) 
50, 100, 

200, 400, 
600, 800 

400 LD +, 
200 400 400 

200, 400, 
400 LD + 
200, 200 
LD + 100 

400 

Dosing frequency Q4W Q2W Q4W Q4W Q2W Single dose 

Number of PK 
observations  per 
patient (median 

[range]) 

10 [2-10] 7 [4-8] 10 [2-11] 8 [3-11] 7 [2-9] 22 [22-23] 

Number of ADA 
observations per 
patient (median 

[range]) 

10 [2-10] 7 [5-8] 10 [2-11] 8 [3-11] 7 [3-9] Missing 

Disease duration 
at inclusion (medi-

an [range]) 

9 [0.4-
40.6] 

5 [0.5-
14.5] 

6.6 [0.4-
38.6] 

7.7 [0.7-
43.3] 

6.5 [0.5-
14.9] Missing 

Abbreviations: ADA, anti-drug antibody; LD, loading dose; MD, maintenance dose; PK, pharmacokinet-
ics; Q2W, every second week; Q4W, every fourth week  
aHave been analysed previously [86]. 
bNumber of patients 
cIn studies 1, 3 and 4 no LD was administered. Study 6 was a single dose study. In studies 2 and 5 loading 
doses were administered at weeks 0, 2, and 4 and followed by the maintenance doses 

 

3.1.4 Factor IX data (Paper VI) 
Data (summarized in Table 2) were compiled from five PK studies which 
either reported the disposition of a single recombinant FIX product or com-
pared the PK between different FIX products [87–91]. The total number of 
unique individuals included was 34 (several individuals were included in 
multiple studies) with between seven and 17 samples available per patient.  
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Table 2: Summary of data used in Paper VI.  

Study Factor IX product(s) No. of indi-
viduals 

No. of samples per 
individual and 

occasion 
Lissitchkov et al. [88] AlphaNine 25 7-11 

Aznar et al. [87] Factor IX Grifols, Immunine, 
Octanine 25 7-14 

Berntorp et al. [90] Nanotiv, Preconativ, Mononine 5 17 
Björkman et al. [91] Nanotiv 6 16 
Carlsson et al. [89] Nanotiv, Immunine 8 10 
All studies All products 34 7-17 

 

3.2 Models 
In Papers I and VII previously developed models were adapted and used for 
OD and simulations. In Paper II a population PK/PD model was developed 
and then subsequently used for model simulations in Paper III. In Paper IV a 
MHMM was developed and adapted to clinical data in Paper V. In Paper VI 
a previously developed model was adapted and re-evaluated to an extended 
dataset.  

3.2.1 Quasi-equilibrium target-mediated drug disposition model 
for Omalizumab  
A previously developed population PK model describing the disposition of 
OMAT, IGEF and IGET in Japanese patients was simplified and used in Pa-
per I  [43]. The model was simplified by disregarding correlations between 
parameters in the model (by removing off-diagonal elements in the Ω-
matrix) and by the removal of any covariate effects. The model was a QE-
approximation of the full TMDD model where the formed OMA-IgE com-
plex was cleared at a slower rate than both the constituents separately. To 
account for the formation of different complexes at different molar ratios of 
OMA and IgE the equilibrium dissociation constant, Kd was modelled em-
pirically using a power model with an estimated exponent, α. The model was 
only used to evaluate and simulate a published trial design and several alter-
native designs and no additional model development was performed.  

3.2.2 Population pharmacokinetic pharmacodynamic model for 
Pegfilgrastim 
In Paper II, a population PKPD model was developed based on data ob-
tained from a biosimilar study comparing a potential biosimilar PG product 
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to two batches of the original product, sourced from the US and EU, respec-
tively. The starting point PK model was a one-compartment model with se-
quential zero- and first-order absorption and parallel elimination pathways. 
Several different elimination pathways for PG were tested including linear 
and saturable mechanisms with or without an ANC-dependent component. 
Saturable elimination was described by a Michaelis-Menten equation: 

 =  ∙        (4) 
 
where Vmax is the maximum saturable elimination rate, KM is Michaelis-
Menten constant and CPG is the concentration of PG.  

The PD was initially described according to existing neutrophil kinetic 
models [92,93]. Effects of pegfilgrastim on the proliferation, maturation and 
margination of neutrophils were explored via linear or maximum effect 
(Emax) models. Once a well performing PKPD model was developed a co-
variate analysis was performed using a full random effects model (FREM, 
outlined in 3.2.6) approach [94]. The sensitivity of PK and PD to differences 
in the administered dose was briefly explored in Paper II through model 
simulations. In Paper III a more rigorous simulation study was performed to 
identify potential reasons for the failure of the biosimilarity trial data for 
which the initial model was developed. 

3.2.3 Bivariate mixed hidden-Markov models 
A bivariate MHMM was developed in Paper IV for a hypothetical scenario 
in COPD. COPD was chosen since data from multiple sources are frequently 
available to infer about a patients’ current disease status, including FEV1 
and PROs. The model included two underlying states, remission and exacer-
bation giving rise to two partially correlated continuous observed variables, 
FEV1 and PRO. The general model for an HMM has been presented earlier 
(Equation 3) and links underlying states with emission probabilities. The 
emission probabilities were modelled according to a bivariate normal proba-
bility density function:  

 ( , | = ) = ( ) ( )       (5) 

 
where  and  are the observed variables of interest, s is the current 
state, FEV1s and PROs are the state-specific modes of the variables,  and 

 are the state-specific variances of the variables, and ρs is the correlation 
between the variables. Additional components related to the hidden part of 
the model included a stationary distribution;  
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( = ) =   ( ( ))  (6) 
 
where θINIT is the typical value of the probability of being in remission at the 
first time point and transition probabilities;  =     (7) 

 =   (  ∗ )  (8) 

 
where πER is the individual transition probability from exacerbation to remis-
sion, θπER is the typical value of the transition probability from exacerbation 
to remission, πRE is the individual transition probability from remission to 
exacerbation, θπRE is the typical value of the transition probability from re-
mission to exacerbation, ηπRE is a random effect, Dose is a dichotomous var-
iable which can be either 0 or 1, indicating no drug or drug presence, respec-
tively and SLP is a drug effect parameter reducing the probability of transi-
tioning from remission to exacerbation. The remaining transition probabili-
ties, πRR and πEE, the probabilities of remaining in the respective states, were 
obtained by subtracting πRE and πER from 1, respectively. Estimation of model 
parameters was performed using the forward algorithm, which is a method 
that sums all probabilities of each state at each position according to: 

 = ∑ = ∙ + ∙ ∙ ( = ) + ∙ + ∙ ∙ ( = )     

(9) 

where Lj is the total likelihood at time j, n is the number of hidden states, and 
φRj-1 and φEj-1 are the contributions of the respective states to the likelihood.  

Stochastic simulation and estimation (SSE, section 3.5.1) of the model 
was used to determine the relative root mean squared error (RRMSE) of the 
parameters in the model under different scenarios exploring the influence of 
the parameter estimate magnitude with a focus on parameters related to the 
hidden portion of the model. Additionally, a power to detect a drug effect 
analysis was performed using Monte-Carlo mapped power (MCMP, outlined 
in section 3.6). The general structure of the MHMM is presented in Figure 6. 
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Figure 6.  The general structure of a bivariate hidden-Markov model developed in Paper IV. 
The two underlying states, remission (R) and exacerbation (E) give rise to the two observed 
variables FEV1 and PRO which are correlated through a bivariate Gaussian function.  

The model developed in Paper IV was extended to clinical data in Paper V 
where the underlying unobservable process was the immunogenic status in 
patients giving rise to both ADA measurements and CZP PK. By incorporat-
ing both the information about the ADA measurements, which can be unreli-
able, and CZP PK, through model-based residuals, a better characterization 
of the underlying disease status can be obtained. Model predicted individual 
state sequences in the patients were obtained using the Viterbi algorithm, a 
method used to recursively compute the most probable sequence of hidden 
states given a set of observations [95]. In a HMM with N observations and K 
possible hidden states the most probable hidden state sequence can be ob-
tained by computing the probabilities given all possible hidden sequences. 
However, the number of calculations increase exponentially, which is com-
putationally inefficient ( calculations). The Viterbi algorithm instead re-
cursively calculates the most likely sequences until the observation of inter-
est, thus the number of calculations becomes N·( ) which is a considerably 
less computationally expensive for long sequences of observations. The 
Viterbi algorithm is available as a downloadable subroutine for NONMEM 
[14]. To evaluate the model, individual state sequence predictions were 
compared to the clinical classification of ADA in a subset of individuals. 
Further, parameter estimates were compared to prior expected parameter 
values and model simulated distributions were compared to the distributions 
of the observed variables.  
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3.2.4 Models for coagulation factors VIII and IX 
In Paper VI a previously developed three-compartment population PK model 
(structural model presented in Figure 7) for FIX was re-evaluated to an ex-
tended dataset [96]. Both the structural and stochastic portions (including 
IIV and IOV) of the model were re-evaluated in addition to a re-challenge of 
the previously included covariate effects. A covariate effect of FIX product 
was also tested on the CL of FIX as the data included seven different FIX 
products. Covariates were only kept in the model if they were statistically 
significant (p<0.05) and clinically significant i.e. resulted in a 20% change in 
the parameter value compared with the reference covariate value. In order to 
calculate individual doses based on resulting individual parameter estimates 
(also known as Empirical Bayes estimates [EBEs]) the analytical solution to 
the three compartment model was solved for dose resulting in a concentra-
tion of 1 IU/dL at a certain time point.  

 

 
Figure 7. Basic three-compartment pharmacokinetic model.  

In Paper VII a previously developed model for FVIII data was used, by 
means of simulation, to compare LDP with standard high-dose prophylaxis 
according to the “Malmö protocol” where 20-40 IU/kg are administered 
twice or thrice weekly [97]. The model was a two-compartment PK model 
with both age and weight as demographic covariates and was used without 
modification. Age was included as a covariate on CL and weight was includ-
ed as a covariate on CL and the distributions of these covariates were based 
on the population for which the original model was developed. 

3.2.5 Stochastic models 
The stochastic models to describe IIV in this thesis assumed log-normal or 
normal distributed individual parameters exemplified for a parameter p be-
low:  
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= ∙       (10) = +      (11) 
 
where pi is the individual value of p, θp is the population estimate of p and ηp 
is normally distributed with  mean of 0 and a variance of ω2. In Papers II 
and IV a log-normally distributed IOV was also included in a similar manner 
to IIV where occasion deviation is incorporated on individual parameters 
with the term κ which is normally distributed with mean of 0 and variance of 
π2. A constant variance was assumed across occasions.  

Homoscedastic (additive), heteroscedastic (proportional) and combined 
residual error models to describe RUV were considered in this work. These 
models describe the deviation from the model prediction from the observed 
data. 

3.2.6 Covariate modelling using full random effects modelling  
In Paper II covariate modelling was performed using FREM. FREM is a 
covariate modelling methodology to reduce selection bias which is an issue 
associated with methods such as the stepwise covariate modelling (SCM) 
approach. All covariates of interest can be incorporated simultaneously by 
using FREM. The steps of the FREM can briefly be summarized as: 

 
1. Choose covariates to evaluate. 
2. Add the covariates as randomly distributed observed variables.  
3. Estimate an Ω-block, including covariances between the covari-

ates and parameters in the model.  
4. Calculate the correlation coefficients and other metrics of interest 

form the resulting variance-covariance matrix. 
 

FREM was performed in two steps in Paper II, the first considering time 
constant covariates as explanatory variables for IIV in the model and the 
second considering time-varying covariates as explanatory variables for IOV 
in the model.  

3.3 Model selection and evaluation  
Model building and fitting to clinical data was performed in Papers II, V and 
VI and models therein were selected based on differences in objective func-
tion value (OFV), simulation based diagnostics and graphical evaluation 
through different goodness-of-fit plots. The OFV in NONMEM is approxi-
mately proportional to minus two times the natural logarithm of the likeli-
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hood of the data. A difference of 3.84 in OFV between two nested models 
corresponds to 5% significance (df = 1, i.e. with one extra parameter) in the 
likelihood ratio test since OFV differences are approximately χ2-distributed. 
In Paper VI clinical significance was also considered in the covariate model 
selection where a 20% difference in parameter value given the inclusion of a 
covariate was considered to be clinically significant. Graphical inspection of 
goodness-of-fit plots included plots of model predictions versus observa-
tions, residual plots and simulation based diagnostics such as visual predic-
tive checks (VPCs) and posterior predictive checks (PPCs) which compare 
simulations from the model with observed data [98,99]. In the VPC, percen-
tiles of the observed data (usually, 50th, 2.5th and 97.5th) are overlaid on the 
95% CI of model simulations corresponding to the chosen percentiles. Ob-
servations that fall out of the simulated CI indicate model misspecification. 
When PPCs are performed, a summarizing variable is calculated for the ob-
served data and compared to the variable simulated from the model. PPCs 
can include a variety of summarizing variables, but in this work AUCs and 
Cmax were calculated for the observed data and compared to model simula-
tions (Paper II).    

3.4 Optimal design 
OD was employed through the R-package PopED in Paper I [100]. PopED 
maximizes the FIM resulting in a lower bound of the expected variance-
covariance matrix: 

 ( , , )  ≥ ( , , )  (12) 
 

where  is a vector of model parameters, X are design variables and y is the 
measured data. In order to compute the FIM a criterion (or scalar function) 
can be used and in Paper I the D-optimality criterion, which aims to maxim-
ize the determinant of the FIM, was used. The FIM itself can be expressed as 
the negative expectation of the hessian of the log-likelihood function with 
respect to the estimated parameters:  

 ( , ) =  −  ( )   (13) 
 

where θ are MLEs under the experimental design X. Fisher information in 
this case is a measure of the curvature (second-order derivative) of the like-
lihood with respect to a certain parameter vector. A curvature that is “blunt” 
indicates a small negative expected second derivative while one which is 
sharp does not. Thus, maximizing the scalar for the FIM, minimizes the pa-
rameter uncertainty of model parameters.  
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Calculation of the FIM also allows for the comparison of competing de-
signs. In Paper I investigated trial designs were compared using D-
efficiency [101]:  

 − =  | || ∗| /
 (14) 

 
where p is the number of estimated parameters in the mode and * indicates 
the FIM calculated according to a reference design. A design with an effi-
ciency of 0.5 compared to a reference design indicates that the trial must be 
performed twice or the number of subjects doubled to obtain parameter esti-
mates with equal precision as those obtained with the reference design.   

3.5 Trial design and parameter magnitude evaluation 
In Papers I and VI the performance of sampling schedules were evaluated 
with different criteria including parameter precision and prediction areas in 
Paper I. The influence of parameter magnitude on parameter precision and 
bias was explored in Paper IV.  

3.5.1 Stochastic simulation-estimation 
In order to obtain parameter uncertainty in Papers I and IV given different 
trial designs or parameter perturbations, SSE was employed. SSE is a monte-
Carlo simulation-based method where a number of datasets (typically 100 or 
more) are generated based on the input model, following which the new 
datasets are estimated with the input model (or an alternative model). One 
parameter vector is obtained for every dataset from which parameter uncer-
tainty (as RRMSE) can be calculated according to:  

   (%) = 100% ∑ ( )  (15) 

 
In Paper I, 100 datasets were simulated and estimated with the reference 
model under different trial designs resulting in 100 parameter vectors used to 
calculate the relative error of parameters from each design.  

In Paper IV, 100 datasets were simulated and subsequently estimated un-
der different model parameter estimates in 14 separate scenarios to explore 
the influence of parameter magnitude on parameter precision. The scenarios 
were constructed to explore the effect of transition probability magnitude, 
drug effect magnitude, interindividual variability magnitude and correlation 
magnitude. Trial design was also explored where the numbers of observa-
tions were reduced and the effects on parameter precision obtained.  
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3.5.2 Population prediction areas 
The influence of parameter precision on model predictions in Paper I was 
evaluated by generating population prediction areas (PPAs) for free IgE pre-
dictions versus time. Parameter vectors obtained via SSE were used in the 
simulations of free IgE and for each time-point a 95% prediction interval 
was calculated. These intervals were summed across the simulated time 
points resulting in PPAs. Additionally, a PPA ratio (PPAR) was calculated 
for each design by dividing the reference design PPA by a competing design 
PPA. 

3.5.3 Go/no-go decision criteria 
A hypothetical go/no-go decision criteria was constructed in Paper I to give 
an alternative, potentially easily communicable performance metric for the 
sampling schedules evaluated in the work. First a correct dose (based on 
reference parameter values) that resulted in a 95% free IgE suppression at 14 
days was obtained. Secondly, parameter vectors obtained from SSE (see 
section 3.6) for the different designs were used to calculate the free IgE sup-
pression level at 14 days for 300 doses ranging from 1.5 to 450 mg. If a 
smaller dose than the true dose resulted in a free IgE suppression level great-
er than 95% that was considered an incorrect decision. Conversely, doses 
larger than the true that didn’t result in > 95% free IgE suppression were also 
considered to result in incorrect decisions (Figure 8). The total number of 
incorrect decisions was then calculated for each design and compared. 
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Figure 8. Free IgE population predictions at 14 days versus Omalizumab dose. The figure is a 
schematic depiction of how incorrect decisions were classified in Paper I. The black curve is 
the population prediction based on the reference parameter estimates and the shaded region 
represents 95% confidence interval around the prediction. The black horizontal line is the true 
dose resulting in a 95% free IgE suppression at 14 days. Any IgE prediction in the red shaded 
areas (i.e. a dose lower than the true dose resulting in a free IgE prediction below the 95% 
suppression level) was regarded as being an incorrect decision.  

3.6 Power analysis 
Power analyses were performed using MCMP in Papers III and IV [102]. 
MCMP is a method for rapid sample size calculations that doesn’t require 
multiple estimation and simulation steps. Instead, a single large trial is simu-
lated with a full model and then estimated with the full model and a reduced 
model where either the drug or covariate effect is removed. Individual OFVs 
(iOFV) are obtained and the sum of the difference between the iOFV values 
obtained in the full model and reduced model are calculated. This is repeated 
10,000 times for each sample size of the power curve. The power is the per-
centage of the sums that is larger than the threshold point of significance in 
the LRT (3.84 for a significance level of 0.05).  

In Paper III the power to conclude PK and PD similarity was calculated 
provided differences in either delivered dose or potency between the refer-
ence and test products administered in a hypothetical two-way cross-over 
biosimilarity trial. 

In paper IV the power to detect a hypothetical drug effect in a single biva-
riate model was evaluated for different magnitudes of drug effect and also 
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compared with the power to detect an effect in two separate univariate mod-
els.  

3.7 Model-based dose individualization 
Model-based dose individualization, based on principles outlined by Sheiner 
et al., was performed in Papers VI and VII [103].  Bayesian methods are 
used to minimize the a-posteriori objective function value (OFVMAP): 

 = ∑ ∑            (16) 

 
where the difference between the observations ( ) and model predictions 
( , weighted by ) is minimized by adjusting the individual parameter es-
timate ( ̂ ). The population parameters are  and IIV is included in the 
equation as . The final estimate of ̂  is the so-called empirical Bayes’ 
estimate (EBE) that minimizes the OFVMAP. This sort of individual parame-
ter calculation relies on information from the observations and model predic-
tion and down weights the influence of the model predictions with an in-
creasing number of observations. Thus, different sampling schedules can 
result in different EBEs, the impact of which on the calculation of doses was 
explored in Paper VI by calculating a relative dose error as follows: 
 
1. Individual doses resulting in a certain FIX activity at 96 hours post dose 

are calculated using individual parameter estimates given a rich design 
resulting in a so-called true dose.  

2. The dose resulting in the same target is calculated under different de-
signs with fewer samples and compared using relative dose error: 

 
       (%) = 100 ·          (17) 

3.7.1 Methods to handle samples below the limit of 
quantification 
The different sampling schedules evaluated in Paper VI resulted in different 
percentages of samples being below the limit of quantification (BLQ). To 
avoid bias in parameter estimates these samples need to be handled appro-
priately in population analyses [104]. Three methods to handle BLQ data 
were evaluated in this work; M1, M3 and M6. Observations BLQ are simply 
discarded in the M1 method. In the M3 method, BLQ observations are treat-
ed as categorical data and the likelihood of the observations being BLQ is 
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maximized given the model parameter values. The first observation which is 
BLQ is set to half the lower limit of quantification and the rest are discarded 
in the M6 method.  

3.8 Estimation methods 
A gradient-based estimation algorithm (FOCE) implemented in NONMEM 
was used for parameter estimation in Papers I and VI.  Interaction between 
IIV and RUV was considered when estimating with FOCE.  Importance 
Sampling supported by Mode a-posteriori (IMPMAP) was used in Paper II. 
In general, EM algorithms such as IMPMAP work in two steps, expectation 
(E) and maximization (M). During the E-step, the likelihood is evaluated at 
the current population estimates (thetas, omegas and sigmas) and data. The 
M-step maximizes the likelihood of the data conditioned on Monte-Carlo 
sampled individual parameters to result in new population estimates. These 
steps are then repeated iteratively until MLEs are obtained. In Paper IV sto-
chastic approximation and estimation (SAEM) was used; a method similar to 
IMPMAP but the sampling is not performed at the mode of the posterior 
density but rather from the previous sampling position.  

3.9 Software  
Modelling in this thesis was performed using NONMEM (v7.3 and v7.4) 
executed mainly through Perl-speaks-NONMEM (PsN) [14,105]. Data man-
agement, model diagnostic plots and post-processing were performed in R (v 
3.2.0 and above) facilitated by the package xpose (v 0.4.0 and above). The R 
package, PopED (v 0.3.2) was used for model-based OD. Dose calculations 
based on EBEs were performed in R using analytical solutions to the rele-
vant models. 
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4. Results  

4.1 Reduced and optimal trial designs for mAbs against 
soluble targets 
The effect of reducing the number of samples available in a trial of OMA 
was evaluated using a model-based OD approach in Paper I. A reference 
study design (Figure 9) and model were obtained from literature and imple-
mented in NONMEM and in PopED in R [43].  

 

 
Figure 9. Population predictions of total Omalizumab (left panel), free IgE (middle panel) and 
total IgE (right panel) versus time at four different dose levels. Points indicate sampling times 
in the reference study design which was subsequently evaluated and the number of samples 
reduced.  

The reference and reduced designs were evaluated with regards to efficiency, 
parameter precision and PPAs (Table 3). Sampling duration was important 
for efficiency where designs that had a longer sampling duration performed 
better. The efficiencies of designs with 1296 total samples allowing for sam-
ples being taken up to 2, 14, 28 and 84 days were 11, 53, 75 and 87%, when 
optimized, respectively. Omitting IGET, IGEF or OMAT sampling entirely 
resulted in efficiencies ≤ 45% in all cases when optimized.   
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Table 3. Average estimated relative standard error (RSE%), efficiency and population predic-
tion area ratios (PPAR) resulting from the evaluated designs in Paper I. 

 

 
 
 
 

Design Description 
Total 

number of 
samples 

Sampling Times (Days) 
Average 

Estimated 
%RSE 

Effi-
ciency 

(%)  
PPAR 

Reference 

1 Reference 1872 0,  0.5, 1, 2, 4, 7, 10, 14, 28, 42, 
56, 70, 84   14 100 1.00 

1O 1 Optimized 1872 0, 0, 0.5, 1, 11, 11, 11, 11, 11, 46, 
71, 84 13 104 1.11 

Reducing sampling duration 

2 Sampling for 48 
hours 1296 0, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 

1.75, 2  >1900 7 0.08 

2O 2 Optimized 1296 0, 0.14, 0.14, 0.81, 0.81, 2, 2,  2, 
2 >1600 11 0.08 

3 Sampling for 28 
days 1296 0, 0.5, 1, 2, 4, 7, 10, 14, 28 18 67 0.74 

3O 3 Optimized 1296 0, 0.33, 7.67, 7.67, 7.67, 7.67,    
28, 28, 28  17 75 0.80 

Removal of dose groups 

4 2 dose groups 
removed 936 0, 0.5, 1, 2, 4, 7, 10, 14, 28, 42    

56, 70, 84 20 49 0.61 

4O 4 Optimized 936 0,  0, 0.5, 1, 10, 10, 10, 10, 10,  
40, 40, 72, 84 20 51 0.62 

Removal of samples 

5 Minus 4 
samples 1296 0, 0.5, 1, 2, 4, 7, 10, 14, 28 18 67 0.74 

5O 5 Optimized 1296 0, 24, 24, 11, 11, 11, 11, 47, 83 16 87 0.85 

6 Minus 6 
samples 1008 0,  0.5, 1, 4, 7, 28, 84 16 73 0.93 

6O 6 Optimized 1008 0, 1, 11, 11, 11, 46, 83 16 76 0.96 

7 Minus 8 
samples 720 0, 0.5, 7, 28, 84 18 62 0.89 

7O 7 Optimized 720 0, 0.5, 12, 12, 72 18 63 0.94 

   Removal of an analyte    

8 No total IgE 1248 0,  0.5, 1, 2, 4, 7, 10, 14, 28, 42, 
56, 70, 84   18 42 0.90 

8O 8 Optimized 1248 0, 0, 0.5, 1, 1, 11, 11, 11, 11, 36,    
40, 74, 84 18 45 0.86 

9 No free IgE 1248 0, 0.5, 1, 2, 4, 7, 10, 14, 28, 42, 
56, 70, 84   22 36 0.36 

9O 9 Optimized 1248 0, 0, 0.5, 1, 11, 11, 11, 11, 46, 46   
73, 84, 84 21 38 0.40 

10 No total 
Omalizmumab 1248 0, 0.5, 1, 2, 4, 7, 10, 14, 28, 42, 

56, 70, 84   23 33 0.83 

10O 10 Optimized 1248 0, 0, 0.5, 1, 1, 12, 13, 13, 13, 56,  
72, 72, 84 24 34 0.92 

11 
8 with 5 

samples per  
analyte 

480 0, 0.5, 1, 4, 84 43 31 0.73 

11O 11 Optimized 480 0, 0.5, 10, 39, 83 23 38 0.83 
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Although efficiencies suffered with fewer samples, average estimated pa-
rameter precision was relatively low (< 25% RSE) for all of the optimized 
designs apart from design 2. The parameter precision increased most with 
optimization for the design with the fewest samples (Design 12, 480 total 
samples) where the average estimated RSE% decreased by 20 percentage 
points. All other designs only improved marginally with optimization.  

PPAs of IGEF were relatively tight when optimized for all designs apart 
from Designs 2, 3 and 10 which resulted in PPARs of 0.08, 0.61 and 0.40, 
respectively (Figure 10, Table 3).  

 

 
Figure 10. Population prediction areas of free IgE under different sampling designs. The top 
panels show the free IgE prediction over the entire time course while the bottom panels focus 
on the prediction at 14 days. Focus was put on the 14 day prediction as this is when Omali-
zumab is administered in a twice monthly dosing regimen.  

 
The true dose resulting in a 95% target IgE suppression level (95%) at 14 
days was 277.5 mg. All designs apart from 2O and 10O resulted in a correct 
decision in the hypothetical go/no-go scenario (outlined in 3.5.3) in >95% of 
the simulations when optimized.  

4.2 Population pharmacokinetics and 
pharmacodynamics of Pegfilgrastim and sensitivity to 
product differences 
A bidirectional population PKPD model was developed in Paper II to de-
scribe the relationship between PG and ANC where PG stimulated the pro-
duction and proliferation of neutrophils thus increasing ANC and ANC in-
turn increased the elimination of PG. The PK model was a one-compartment 
model with a depot compartment (due to the SC administration route of PG) 
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and sequential zero- and first-order absorption. The elimination of PG was 
described using two parallel mechanisms, a linear ANC-dependent mecha-
nism and a saturable process which was described using Michaelis-Menten 
kinetics.  

The PD model included a transit chain with four compartments followed 
by the ANC in circulation compartment. Structural parameters of the PD 
model, apart from the baseline ANC level, were fixed to literature values. 
Since most parameters of the PD model were fixed the model was effective-
ly reduced to a turnover model with an indirect drug response. The final 
model structure is presented in Figure 11 and parameter estimates of the 
final model are presented in Table 4. 

 
Figure 11. Final pharmacokinetic-pharmacodynamic model structure. Pegfilgrastim (PG, 
blue) influences the maturation, proliferation and margination of neutrophils contributing to 
the absolute neutrophil count (ANC, green). ANC increases the elimination of PG via a linear 
effect.  

Drug effects were included according to:   =  ,    (18) 

 =  ,   (19) 

 =  , ,  (20) 

where CPG is the concentration of PG, EC50 is the concentration of PG elicit-
ing half of the maximal drug effect, Emax,mat is the maximum effect of PG on 
the maturation rate, Emax,prol is the maximal effect of PG on the proliferation 
rate and Emax,scale and EC50Scale are scaling parameters for the margination 
effect,  scaled in this manner since the correlation between the margination 
and proliferation effects was very high (~1). IIV was included on all parame-
ters in the PK model apart from Vmax (unsupported), in a full variance-
covariance block. In the PD model, IIV was included on neutrophil baseline 
(BASE), neutrophil half-life, EC50, Emax,mat and Emax,prol.  IOV was only in-
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corporated on absorption parameters (first-order absorption rate [Ka], relative 
bioavailability [Frel] and input rate [R1]) in the PK model and on neutrophil 
half-life in the PD model. 

The model performed well for PG but there was a consistent over-
prediction of the variability of ANC as indicated by VPCs (Figure 12).  

 

 
Figure 12. Visual predictive check of the final pharmacokinetic-pharmacodynamic model to 
describe pegfilgrastim (PG, left panel) and absolute neutrophil counts (ANC, right panel). 
Although the central trend (median, black solid line) was well captured by model simulations 
(n=500, dark grey shaded area) for both PG and ANC, the model tended to over-predict the 
variability of ANC at the outer percentiles (dashed lines, representing the 2.5th and 97.5th 
percentiles) as indicated by the light grey shaded area.  
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Table 4: Parameter estimates in the pharmacokinetic-pharmacodynamic model developed for 
Pegfilgrastim and absolute neutrophil counts. 

 

Parameter (unita) Value %RSE Description 

Ka (h–1) 0.0114 2.78 First-order absorption rate constant 
R1 (mg/h) 2.84 23.8 Zero-order input rate 

Frel 1 FIXED Relative bioavailability 
MMT (h) 120 FIXED Mean maturation time 
Vc/F (L) 1.81 7.31 Central volume 

Vmax/F (mg/h) 0.0467 0.726 Maximum saturable elimination rate 
Km (ng/mL) 2.05 3.38 Michaelis-menten constant 

CL/F (106cells · L/h) 2.80 13.0 Baseline ANC-dependent clearance 
BASE (109cells/L) 2.70 3.75 Base neutrophil count 

T1/2 (h) 7 FIXED Neutrophil half-life 
EC50 (ng/mL) 9.24 7.57 Concentration eliciting half of the maximum effect 

EC50Scale 0.477 5.78 Scaling parameter for EC50 for the margination effect 
Emax,mat 102 8.78 Maximum effect of PG on ANC maturation rate 
Emax,prol 109 7.64 Maximum effect of PG on ANC production rate 

Emax,Scale 0.0622 1.23 Scaling parameter for Emax,prol  for the margination effect 

IIVb Ka 
 

0.231 
 

41.9 
 

IIV Vc 0.531 42.4  
IIV CL 0.505 71.4  
IIV Km 0.521 95.0  
IIV R1 0.323 87.0  

IIV Frel 0.214 95.9  
IIV BASE 0.252 127  
IIV T1/2 0.274 98.8  

IIV EC50 0.817 11.6  
IIV Emax,mat 0.417 50.0  
IIV Emax,prol 0.892 84.4  

IOVc Ka 
 

0.113 
 

103 
 

IOV R1 0.537 42.4  
IOV Frel 0.0897 45.1  
IOV T1/2 0.0883 47.2  

RUVd PK 
 

0.272 
 

3.98  
RUV PD 0.255 2.75  

aThe relative standard error (RSE) for IIV and residual unex-
plained variability (RUV) parameters are reported on the ap-
proximate SD scale 
bIIV: Inter-invidiual variability (SD) 
cIOV: Inter-occasion variability (SD) 
dRUV: Residual unexplained variability (SD) 
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The final model was subjected to FREM to determine whether any demo-
graphic variables could explain some of the relatively large variability ob-
served in both primary (Ka, Vc, CL/F, Km, R1, Frel, baseline neutrophil count, 
neutrophil half-life, EC50, Emax,mat and Emax,prol) and secondary (AUC and 
Cmax) parameters. The tested time-constant covariates; sex, race, weight, 
body mass index (BMI), lean body weight (LBW) and age could only ac-
count for a small portion of the unexplained variability in either primary or 
secondary parameters. A separate FREM demonstrated that time-varying 
covariates (period or formulation) could not explain much of the intraindi-
vidual variability in parameters associated with IOV. 

Simulations performed in Paper II indicated that PG was sensitive to 
small changes in the administered dose from the reference 6 mg dose while 
ANC was relatively insensitive to the same changes. The AUC of PG in-
creased >5 times more than the change in dose while the area under the ef-
fect curve (AUEC, corresponding to the area under the ANC-time curve) 
increased by approximately 0.5 times the increase in dose. These results 
were further explored in Paper III where more rigorous simulations were 
performed to determine the implications for a hypothetical biosimilarity trial. 

Four nominal doses of PG (2, 3, 4 and 6 mg) were briefly explored in Pa-
per III but in order to avoid extrapolations most simulations are only pre-
sented for the highest, clinically approved 6 mg dose level. There was a clear 
trend that geometric mean AUC increased more than dose proportionally 
with delivered dose differences (Figure 13). A 10% difference in delivered 
dose corresponded to 15, 25, 46 and 51% differences in AUC for the 2, 3, 4 
and 6 mg doses, respectively while the largest difference in AUEC was 7%. 

 

 
Figure 13. Differences in the area under the pegfilgrastim concentration-time curve (AUC, 
black) and the area under the ANC-time curve (AUEC, solid grey) versus differences in de-
livered dose.  

The ANC baseline level appeared to play a role where a lower ANC baseline 
(0.5 billion cells/L) resulted in a more sensitive system than 2.7 billion 
cells/L baseline. With a 10% dose difference the AUC difference was ap-
proximately 70% when the ANC baseline was low. Potency differences of 
up to 50% between the products in the simulated cross-over study resulted in 
relatively small differences in AUCs and AUECs for the 6 mg dose (Figure 
14). Larger differences influenced the AUECs to a larger degree where the 



 47

largest difference in AUEC was 62% compared with a 30% difference in 
AUC with a 5000% difference in potency.  

 

 
Figure 14. Differences in the area under the pegfilgrastim concentration-time curve (AUC, 
black) and the area under the ANC-time curve (AUEC, solid grey) versus differences in po-
tency.  

The sample size required for 80% statistical power to conclude PK similarity 
based on AUCs was highly dependent on the differences in delivered dose 
while the power to conclude PD similarity based on the AUECs was largely 
unaffected by the explored differences in delivered dose (Figure 15). With a 
6 mg dose ~200 subjects were required to reach a statistical power of 80% to 
conclude biosimilarity with a 2% difference in the delivered dose.  

 

 
Figure 15. Statistical power to conclude pharmacokinetic (PK) and pharmacodynamic (PD) 
similarity versus number of subjects given differences between a reference and test product in 
a two-way cross-over biosimilarity trial.   

The statistical power to conclude PK and PD similarity given a 50% potency 
difference between the test and reference products was approximately the 
same as had the products been identical. The number of subjects required to 
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reach 80% statistical power to conclude PK similarity was approximately 
125 with a 50% difference in potency.   

4.3 Bivariate mixed hidden-Markov models for the 
analysis of population data 
A bivariate MHMM was developed in Paper IV and used to simulate hypo-
thetical COPD data including 60 weekly measurements of FEV1 and PROs, 
both modelled as continuous variables. The model included two underlying 
states representing remission (R) and exacerbation (E). Individual FEV1 
values were modelled according to:  

 1 = ∗ exp ( )  (21) 1 = 1 − ∗ exp   (22) 

where FEV1R and FEV1E are individual values of FEV1 in R and E states, 
respectively. Individual PRO values were modelled according to:  

 = + ∗ 1 − ∗ 1 − exp ( )∗      (23) = + ( + ) (24) 

where PROR and PROE are the individual values of PRO in R and E states, 
respectively. A placebo effect (PE) was included to reduce the PRO score by 
approximately 20% after 50 weeks through the placebo half-life parameter 
(PHL). The emission probabilities of FEV1 and PRO were modelled accord-
ing to Equation 5. The parameters associated with the underlying processes; 
the stationary distribution and the transition probabilities have been present-
ed earlier (Equations 6-8). The reference parameter values used in this work 
are presented in Table 5 and explored scenarios are presented in Table 6. 
Simulations from the model are presented in Figure 16. 
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Figure 16. Simulations of forced expiratory volume in 1 second (FEV1, left panel) and patient 
reported outcomes (PRO, right panel) from the bivariate mixed hidden-Markov model. The 
thick grey and orange lines are the means of the observations arising from the exacerbation 
and remission states, respectively.   

Table 5. Reference parameter values used in the bivariate mixed hidden-Markov model in 
Paper IV. 
Parameter (unit) Value Description 

Observed variable parameters θ  (L/s) 2.00 The mode of FEV1 in remission. θ (L/s) 0.25 The mode of to be subtracted from FEV1R in the exacerbation state. θ (score) 2.50 The mode of of PRO in remission. θ  (score) 0.5 The mode to be added to PROR in the exacerbation state 

Hidden state parameters 

INIT 0.90 Initial state probability of being in remission. 

 0.05 Transition probability from remission to the exacerbation state. 

 0.15 Transition probability from the exacerbation state to remission. 

SLP 1.00 Drug effect reducing the probability of  

Variance parameters ω  0.03 Interindividual variability of the mode of FEV1 in remission. ω  0.03 Interindividual variability of the mode of FEV1 in the exacerbation state ω  0.09 Interindividual variability of the mode of PRO in remission ω  0.09 Interindividual variability of the mode of PRO in the exacerbation state ω  0.06 Interindividual variability of π  σ  0.015 The variance (residual error) of the distribution of FEV1 in both states. σ  0.05 The variance (residual error) of the distribution of PRO in both states. ρ  and ρ  -0.33 The correlation between the two variables 

 
 
In general, parameter precision was high in all of the evaluated scenarios 
with the exception of SLP,  and , with the latter being poorly es-
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timated with a large bias in all scenarios (Figure 17). When the transition 
probabilities were doubled from their reference values, the estimation of all 
parameters in all scenarios was improved with regards to precision and bias. 
With increasing magnitude of SLP the RRMSE% decreased; for values of 
0.5, 1 and 2 the RRMSEs were 17.6%, 10.0% and 6.7%, respectively.  

 
 

Table 6. Scenarios explored in Paper IV. 

Description Scenario SLPa a a a ρFEV1,PRO  
FEV1, 
PROb 

Reference scenario 1 1 0.05 0.15 0.06 -0.33 60,60 

Scenario exploring effect of 
transition probabilities magni-

tude only 
2 1 0.1 0.3 0.06 -0.33 60,60 

Scenarios exploring effect of 
drug effect magnitude 

3 2 0.05 0.15 0.06 -0.33 60,60 

4 0.5 0.05 0.15 0.06 -0.33 60,60 

5 2 0.1 0.3 0.06 -0.33 60,60 

6 0.5 0.3 0.3 0.06 -0.33 60,60 

Scenarios exploring effect of 
inter individual variability 

magnitude 

7 1 0.05 0.15 0 -0.33 60,60 

8 1 0.05 0.15 0.12 -0.33 60,60 

9 1 0.1 0.3 0 -0.33 60,60 

10 1 0.1 0.3 0.12 -0.33 60,60 

Scenarios exploring effect of 
correlation magnitude 

11 1 0.05 0.15 0.06 -0.66 60,60 

12 1 0.1 0.3 0.06 -0.66 60,60 

Scenarios exploring trial 
design 

13 1 0.05 0.15 0.06 -0.33 15,60 

14 1 0.1 0.3 0.06 -0.33 15,60 
aSLP = drug effect, πRE = transition from remission to exacerbation, πER = transition from exacerbation to 

remission, ω = IIV of πRE, ρFEV1, PRO = correlation between FEV1 and PRO. 

bThe number of FEV1 and PRO observations. 
Bold parameters indicate changed parameters from the reference scenario (scenario 1).   
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Figure 17. Relative root mean squared error (y-axis) of selected parameters (x-axis) and 
explored scenarios. π  and π  are transition parameters, SLP is the drug effect, ρR and ρE 
are correlations between the observed variables, ω2 are the variances of the specified (sub-
script) parameters. Scenario 1 is included as a comparison in all tested scenarios.  
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The bivariate model was more powerful than either univariate models requir-
ing ~25 subjects for 80% when SLP was 0.5 versus 63 and >100 subjects in 
the univariate FEV1 and PRO models, respectively (Figure 18). 
 

 
Figure 18. Power to detect a drug effect (SLP) of different magnitudes (different colors). The 
line types indicate the different models tested.   

The model developed in Paper IV was extended to clinical data in Paper V 
to describe the underlying nature of ADA formation. In this work, the hidden 
states were “no production of ADA influencing PK of CZP” (SNOADA) and 
“production of ADA influencing the PK of CZP” (SADA), comparable to the R 
and E states in Paper IV. Model performance was evaluated through simula-
tions (Figure 19) and by comparing the expected parameter estimates with 
those that were estimated (Table 7). The model was then used to determine 
the most likely state sequence in 12 individuals (Figure 20). The 12 individ-
uals were chosen to exemplify instances where the results from the ADA 
assay suggested a discrepancy between the assay results and the observed 
PK influence. In some cases there were measured ADA but no PK influence 
by those measured ADA and in others there were no measured ADA but a 
clear PK influence (although this influence may or may not have been due to 
ADA). As an example, ID = 9 (Figure 20) had no measured ADA but the 
developed model suggested the transition to SADA at approximately 35 days. 
The mean time of ADA positivity, as indicated by the ADA assay alone was 
81 days compared with a time of 63 days for the developed model.  



 53

 
Figure 19. Simulations from the final model in Paper V (dashed distribution and squares) and 
observations (shaded blue region and circles) of PK residuals and ADA measurements versus 
time intervals. 

 
Figure 20. Individual state predictions from the final bivariate hidden-Markov model. The 
green solid line is the observed CZP concentration and the green dashed line is the individual 
model prediction resulting from a PK model fit to the data. The red solid line is the observed 
ADA measurement and the red dashed line is the ADA quantification limit (0.6 IU/mL). Red 
shaded areas indicate times when the model predictions correspond to the ADA producing 
state. The black dotted line indicates the clinical threshold for ADA positivity (2.4 IU/mL).  

The bivariate model and univariate model accepting only PKRES performed 
similarly with regards to individual state sequence predictions but transitions 
to SADA occurred earlier in the univariate model in 4 of the 12 individuals 
evaluated.  
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Table 7. Parameter estimates from the final bivariate HMM developed in Paper V. 

Parameter Prior expectation 
Parameter estimates 

(RSE%) 

Observed variable parameters 

PKRES in SNOADA ~ 0 0.3 (6) 

PKRES in SADA < 0 -1.6 (3) 

ADAMES in SNOADA ~0.6 0.6 FIX 

ADAMES in SADA ≥2.4 2.4 FIX 

 1 0.8 (13) 

 None 1.6 (19) 

 < 0 or ~ 0 -0.1 (32) 

 < 0 -0.07 (18) 

Hidden variable parameters 

πNOADA-ADA ~ 0.05 0.03 (12) 

πADA-NOADA ~0 0.003 (112) 

 

4.4 Pharmacometric methods to improve coagulation 
factor use in haemophilia A and B 
A previously developed population PK model for FIX was re-evaluated to an 
extended data set in Paper VI. In addition to the re-evaluation of the pub-
lished model a reduced two-compartment model was also tested but was 
found to be inferior to the previously developed model. The number of IIV 
terms in the previously developed model was reduced by four and the previ-
ously identified covariate relationship between age and CL was found to be 
statistically insignificant. The final model had five fewer parameters and had 
an OFV that was 1941 points lower than the original model evaluated to the 
same data. Although FIX product was a statistically significant covariate (p 
< 0.05) none of the products influenced CL by more than 20% and the co-
variate effect was therefore deemed to be clinically irrelevant. The model 
performed well as indicated by prediction corrected VPCs (Figure 21). 
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Figure 21. Prediction corrected VPC of the final model developed in Paper VI based on 500 
simulations. 

The developed model was then used to evaluate several sampling schedules 
for model-based dose individualization of FIX by means of simulation.  

As the number of samples available for the dose calculation decreased, 
the imprecision of the doses increased (Table 8). The rich design performed 
best with regards to dose error and target attainment. Using the model to 
calculate individual doses with 22 samples resulted in 99.9% individuals 
reaching the predetermined activity target at 96 hours. Reducing the number 
of samples to 2 resulted in numbers ranging from 70% to 94.1%, depending 
on the timing of the samples.  

The number of patients achieving the target of 1 IU/dL at 96 hours after 
the final dose was in all cases higher than the 40 IU/kg prophylactic regi-
men.  

The resulting relative dose errors given different methods to handle BLQ 
samples for the dose individualization are presented in Figure 22. Since the 
M3 and M6 methods performed similarly, the M6 method was employed for 
the sampling schedule evaluations given its simplicity over the likelihood-
based M3 method.  
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Table 8. Sampling schedule performance for model-based FIX dose individualization. 

Design Description Samples 
BLQ 

samples 
(%) 

Relative dose 
error (2.5th/97.5th 

percentiles) 

Patients with 
activity > 1 IU/dL 

at 96 h (%) 
Design 1 Rich sam-

pling 
22 6.5 -10/14.2 99.9 

Design 2 Twice daily 8 8.5 -20.8/22.1 99.7 
Design 3 Once daily 4 12.9 -35.6/26.5 97.0 
Design 4 3 samples 3 17.2 -39.1/4.2 93.6 
Design 5 2 samples 2 25.9 -52.1/26.0 91.9 
Design 6 1 sample 1 43.4 -84.2/24.6 81.4 
Design 7 Morning 

samples 
2 4.2 -39.6/64.3 94.1 

Design 8 Afternoon 
samples 

2 8.3 -46.7/55.8 93.6 

Design 9 Day 2 sam-
pling 

2 0.0 -77.2/205.5 70.0 

Design 10 Day 3 sam-
pling 

2 0.1 -47.3/149.0 86.3 

Design 11 Day 4 sam-
pling 

2 12.3 -52.1/42.8 94.8 

20 IU/kg - - - - 28.4 
40 IU/kg - - - - 59.3 
 

 

 
Figure 22. Relative dose error of individual model-based doses resulting from three different 
methods (M1, M3 and M6) to handle samples below the quantification limit of factor IX. 
Boxes represent the inter-quartile range of the dose error while the whiskers extend to the 
2.5th and 97.5th percentiles of the dose error. Deviation of the median (center line in boxes) 
from 0 indicates dose bias.  

 
The best performing sampling schedules for dose individualization were 
deemed to be Designs 7 and 8 which included two samples taken at 48 and 
72 hours or at 54 and 78 hours, respectively. These designs performed well 
according to dose error, target attainment and did not result in a large num-
ber of samples being below the quantification limit (4.2 and 8.3% for Design 
7 and Design 8, respectively).  

The performance of LDP versus standard FVIII prophylaxis (Malmö pro-
tocol) was evaluated by means of model simulations in Paper VII. The data 
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were simulated for a total of 600 hours ensuring steady state conditions after 
which 34 FVIII activity measurements were taken for a week (Figure 23). 

 

 
Figure 23. FVIII activity versus time stratified by dosing frequency. The solid lines are the 
median individual predictions and the shaded areas correspond to the 95th prediction intervals. 
The black dashed line represents the quantification limit of FVIII (1 IU/dL). 

Based on the simulated profiles the predicted probability of annual bleeds 
and relative risk (compared to the highest weekly dose Malmö regimen) 
were calculated (Figure 24). It was found that a LDP regimen of 10 IU/kg 
administered thrice weekly resulted in a relative risk of annual bleeds of 1.1 
which was comparable to the relative risk resulting from 40 IU/kg adminis-
tered twice weekly (1.10). This regimen was therefore chosen for individual-
ization to determine whether individualization of the regimen could yield 
additional monetary savings.   

 
Figure 24. Probability of annual bleeds (left panel) and relative risk if annual bleeds (right 
panel) coloured by dosing frequency for the dosing regimens evaluated in Paper VII.  
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The number of patients with FVIII activities above 1 IU/dL following the 
administration of 10 IU/kg thrice weekly for the simulated study period was 
332. These patients were deemed to be eligible for model-based dose indi-
vidualization (based on three PK samples) which yielded FVIII savings of 
~180,000 IU assuming an accepted time-at-risk of 0 hours (Figure 25). If the 
accepted time at risk would be 8 hours, these savings would increase to 
~350,000 IU. The total savings in the simulated patient population of 2000 
would be approximately 91 IU/patient/week.  

 

 
Figure 25. Total factor VIII savings in the simulated patient population (n = 2000) through 
model-based dose individualization versus accepted time at risk.  
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5. Discussion 

5.1 Reduced and optimal trial designs for mAbs against 
soluble targets 
The use of OD for the reduction and optimization of sampling schedules has 
been previously demonstrated in diabetes research and in antibiotic time-kill 
experiments and Paper I aimed to demonstrate the performance of reduced 
designs for mAbs [106,107]. Design of studies for mAbs often dictates a 
large number of samples and long study duration to characterize the complex 
PK and PD of such therapeutics [108]. The complexities arise in part due to 
the relatively lengthy half-life of drugs of this class as a result of FC-receptor 
mediated recycling and due to the complex interaction of the drug with its 
biological target [109].  

The work performed demonstrates that although efficiency decreased 
when reducing a reference trial duration or the number of samples, other 
metrics (population predictions, parameter precision and outcome from a 
hypothetical go/no-go trial) were relatively unaffected. A study design with 
only 480 samples increased the average estimated %RSE by 10 percentage 
points over the reference design which included 1872 samples while the 
efficiency of the design was 38% compared with the same reference design. 
Since efficiency relies on the comparison of a competing design with a ref-
erence design, the utility of efficiency may be limited when the reference 
design is extremely informative. If a compared design with low efficiency 
results in high parameter precision there is a rationale for the use of such a 
design due to the patient- and economic burden that larger trials entail. The 
hypothetical go/no-go decision based on population predictions from the 
model demonstrated that all but two of the designs resulted in correct deci-
sions in 95% of the evaluated doses. One design which performed well with 
regards to the go/no-go decision criteria (Design 12O) had an efficiency of 
34% while one of the designs which performed poorly (Design 10O) had an 
efficiency of 38%, further highlighting the importance of a balanced assess-
ment of design performance.  

Sampling duration played a role in the performance of the designs but it 
was possible to reduce the duration of the reference design to 28 days (from 
84 days) without a large impact on population predictions, average relative 
standard errors or go/no-go decisions, implying that information about the 
elimination of the biological moieties is retained even with a shorter sam-
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pling duration. Longer trials allow for the characterization of other aspects 
including immunogenicity and longer-term safety, but the argument can be 
made that studies focusing on the characterization of disposition could be 
shorter. Generalization of these results is difficult since non-linear PK was 
not observed in the measured drug analyte (OMAT) but is often seen in 
mAbs [110]. If free OMA would have been measured the sampling sched-
ules evaluated may not have performed the same. Further, non-linear PK is 
more often observed in mAbs that have membrane bound targets. The results 
may therefore not be translatable to mAbs against different targets or even 
other doses of OMA which may not saturate target-mediated elimination 
processes [111].  

Optimization of the sampling schedules yielded small to moderate im-
provements in all evaluated metrics unless the performance of the design 
was poor from the outset, suggesting that optimization of sampling times 
may not be the main design factor of importance in the evaluated system. 
Ideally, sampling times, number of samples, dose levels and number of indi-
viduals would have been optimized simultaneously but optimization times in 
this work were prohibitive. Additional confidence in the results could have 
been obtained with the incorporation of uncertainty in either model or pa-
rameter estimates. Uncertainty can be included in an OD by means of an 
ED-optimal criteria but this was not pursued in this work given the relatively 
lengthy optimization times [112]. Additionally, the optimal sampling designs 
were not practical since clustering of samples was allowed. This can be 
avoided by including autocorrelation in the model but this also increases 
optimization times [113]. The results of this work should serve as an indica-
tion that rich sampling designs for mAbs can be reduced. However, the re-
sults may be product and model specific. Sampling schedules for other 
mAbs or BMPs that display TMDD can, however, be evaluated using meth-
odology presented in this work.  

5.2 Population pharmacokinetics and pharmacodynamics 
of Pegfilgrastim and sensitivity to product differences  
Filgrastim and PG are recombinant GCSFs that are important therapeutics in 
the treatment of chemotherapy induced neutropenia [114]. Biosimilar ver-
sions of PG have the potential to reduce treatment costs but the approval of 
biosimilar PG only occurred very recently (June 2018 in the US), three years 
after the patent expiry of the originator product [115]. The sensitivity of PG 
PK and PD to small changes in dose and potency were evaluated using a 
population PKPD model for PG that considers the bidirectional relationship 
between ANC and PG on an individual level. The sensitivity of PG PK and 
PD may be one of the reasons why it may have been difficult to develop 
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biosimilar PG. The data available for model building was based on a PG 
biosimilarity trial which demonstrated PD- but not PK similarity between the 
potential biosimilar PG and two batches of the reference product. In a post-
hoc analysis of the vials used in the trial it was revealed that the delivered 
doses of the potential biosimilar PG may have been different than those of 
the reference. This partially motivated the work performed in Papers II and 
III.   

The model for PG developed in this work has many similarities with a 
previously published model; absorption of PG from its SC administration 
site was via two pathways, PG displayed one-compartment distribution, 
there were two elimination pathways for PG and PG influenced ANC prolif-
eration, maturation and margination [63]. Two crucial differences between 
the models are that the previously developed model did not consider popula-
tion data and included information about immature neutrophil precursors 
(not available in this analysis). The two elimination pathways identified in 
the present work were saturable non-specific elimination through a Michae-
lis-Menten model and linear ANC dependent elimination. These results are 
not in agreement with the previously developed model which attributed a 
majority of the elimination of PG to ANC. The additional dose levels availa-
ble for that analysis may have contributed to the differences between the 
models, however, PG concentrations were highly variable (there was a >100 
fold difference between observed Cmax in the data) while ANC were much 
less variable (~10 fold difference between observed maximum ANC) sug-
gesting perhaps a lower dependency of PG disposition on ANC levels than 
previously thought. The developed population PKPD model captured the 
central trend of the data for both PG and ANC well; however there was a 
slight over prediction in the viability of ANC which could not be resolved. 
With an apparent overestimation of variability in ANC, simulations from the 
developed model may be considered to be conservative and were deemed to 
be fit-for-purpose. 

A covariate analysis using FREM revealed that none of the evaluated co-
variates could explain much of the observed variability of the parameters of 
the model. Given the sensitivity of the model to dose, one can speculate that 
it may be that the majority of the observed variability in PG exposure was 
due to differences in the amount of PG reaching the systemic circulation.  

Preliminary simulations performed in Paper II illustrating the sensitivity 
of PG disposition to dose were performed more rigorously in Paper III under 
several different conditions. A phase I two-way cross-over study was simu-
lated mimicking a simple setup to detect differences between a reference- 
and a potential biosimilar GCSF product. The simulations explored the in-
fluence of delivered dose differences, EC50 differences and baseline ANC 
level differences between the two product administrations. The results 
demonstrated very high sensitivity of PG to delivered dose differences while 
ANC were much less affected. With a 2% difference between the delivered 6 
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mg doses the geometric mean AUC difference was >8% while the AUEC 
difference was ~2%. In a biosimilarity trial, such a small difference in deliv-
ered dose may therefore push the potential biosimilar outside of the 80-125% 
acceptance window required to demonstrate biosimilarity. The simulations 
were also used in a power analysis to determine the number of subjects 
needed to conclude PK and PD similarity with a degree of certainty given 
differences in dose or potency. With no difference in delivered dose the 
number of subjects needed to reach 80% power to conclude PK similarity 
was 125. A 2% difference would increase that number to ~200 and a 4% 
difference would require an exorbitant number of subjects to reach 80% 
statistical power to conclude PK similarity.  Biosimilarity trials for PG using 
a nominal 6 mg dose have reported study sizes of 185 and 172 and the num-
ber of subjects in the data used for model building in this work was 174 
[116,117]. These numbers are on the cusp of being sufficiently powered 
(80%) to conclude PK similarity when there are very small (2%) dose differ-
ences between the products and it may be fruitful to increase sample sizes 
when dealing with sensitive drugs such as PG.  

Simulations also revealed that AUC and AUEC are relatively insensitive 
to potency differences of up to 50%. These differences are much larger than 
those expected to be seen between a reference product and a potential bio-
similar and any potency differences should be addressed in in-vitro assays 
prior to performing biosimilarity studies in healthy volunteers. The main 
limitation of this work is the extrapolation of the results to lower doses than 
those available in the data used in the development of the model since dose 
dependent bioavailability has been suggested [63]. However, results generat-
ed for the clinically used 6 mg dose are not extrapolated.  

The hope is that the analysis performed in this work may invite discussion 
around what constitutes the biosimilarity criteria. Although regulatory agen-
cies look at both PK and PD similarity, the main focus is on the PK similari-
ty, given that two distinct products may have an identical PD response. 
However, it may be argued that if structural similarity can be proven with 
preclinical structural analyses then the main focus should be on the clinically 
relevant PD response. 

5.3 Bivariate mixed hidden-Markov models for the 
analysis of population data 
In Paper IV a MHMM was developed and implemented in NONMEM.  
COPD was chosen as an example disease in this work because of the latent 
nature of exacerbations. Classifying COPD is often based on a number of 
variables including FEV1 and PROs. The purpose of this work was to identi-
fy which components of the developed model were estimable and how pa-
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rameter magnitude influenced those estimates. When the transition rates in 
the model were doubled the parameters in the model were estimated with 
higher precision which is intuitive since the amount of information about 
each state is increased with more state transitions. Without transitions from 
one state to another, the model components related to the hidden variables 
are unidentifiable. Variability included on the transition rates was in all test-
ed scenarios difficult to estimate, even when the variability was relatively 
high. This may be due to difficulties in decoupling variability in an unob-
served variable from variability in the observed variables, but further work is 
required to elucidate the exact reason for this phenomenon. The power to 
detect a drug effect included on the transition probability going from remis-
sion to exacerbation ( ) in the model was higher with the bivariate model 
than with either two univariate models. Twice the number of observations 
are available for a bivariate model compared with the univariate models, 
thus the bivariate model makes use of more information. When the drug 
effect was low (SLP = 0.5) the bivariate model reduced the number of sub-
jects resulting in an 80% power to detect a drug effect by approximately 
78% over a univariate model considering only PRO observations. The num-
ber of subjects required for detection of a drug effect in this analysis was 
relatively low and is expected to be larger for observed variables associated 
with larger uncertainty but the results show that the use of a bivariate model 
to detect drug effects is advocated, when possible, over using single variable 
models.  

The model developed in Paper IV is flexible and can be extended to data 
where inference about an underlying (unobservable) process is of interest. In 
Paper V the model was applied to clinical data to describe the potential ADA 
formation against Cimzia®, an antibody fragment used in the treatment of 
RA. Characterizing and analysing the potential of a therapeutic to illicit an 
immune response is very important [118]. When ADA are formed they can 
prevent target binding and/or alter the disposition of the drug and their for-
mation is often linked with treatment failure [119]. Common assays for 
ADA, such as ELISA, may not always be drug tolerant, meaning that ADA 
are masked by the presence of drug in the sample. Therefore, when assessing 
ADA response to a biological treatment the PK profiles resulting from drug 
administration are evaluated by specialized assessors. In order to gain confi-
dence in the ADA assessment a model such as the one developed in Paper V 
may be used. The model considers both ADA measurements and PK as an 
input to infer about the potential unobservable immunogenic state in an indi-
vidual. Model flexibility appeared to have a large influence on the stability 
of the model and interindividual variability did not improve the prediction of 
individual state sequences, although the performance of the model with re-
gards to the individual state sequence predictions was subjective. Fixed ef-
fects parameter estimates for the observed variables in the tested bivariate 
models were in line with the expectation in most cases. In several of the 
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models, the modes of ADAMES were fixed to clinically relevant values. This 
allows for the incorporation of information already gathered about the ADA 
assay in the model. A measurement that is LOQ is most likely associated 
with no ADA production, while a value greater than 2.4 U/mL is likely to be 
associated with a true ADA measurement. If there would be a greater degree 
of uncertainty regarding at which ADA level individuals would be consid-
ered to be ADA positive the estimation of these parameters is possible. 
However, in our work, estimation of the modes of ADAMES in the respective 
states was associated with poorer individual state sequence predictions than 
when fixing those parameter values. The estimation of IIV was associated 
with both issues related to parameter estimation and worse individual state 
sequence predictions, likely a result of too much model flexibility. It may, in 
fact, make sense to include IIV only on the transition probabilities, but this 
was poorly estimated given the data, in-line with the results from Paper IV. 
Indeed there were only very few transitions in the total data, and only very 
few individuals having transient ADA formation (as suggested by the clini-
cal classification), rendering the estimation of additional parameters, such as 
IIV on transition probabilities, not possible. The present model, by using all 
the information available in a more objective and quantitative approach, fills 
the caveats related to the ADA bioassay. Moreover the modelling results 
suggest that ADA are formed earlier than the assay can detect them. The 
mean observed time to observing an ADA positive measurement was 81 
days while the mean model predicted time to transitioning to the ADA pro-
ducing state was 63 days. The model therefore indicated that ADA formation 
was most likely during the second dosing occasion and not the third like the 
ADA measurements suggested. The model could potentially be used to de-
tect the formation of ADA in a previous dosing cycle prior to the next ad-
ministration and subsequently clinical decisions could be made based on 
those results. It is perhaps more important to identify false-negative ADA 
measurements, as those are associated with clinical treatment failure, where-
as identifying false-positive measurements may not be as important, if treat-
ment would not be ceased regardless of the ADA assay based on unaffected 
PK. The model performed well to correct false-negative ADA measurements 
and was able to suggest false-positives as well. Further uses of the model 
developed in this work include the identification of covariates influencing 
the transition probabilities, but as seen in Paper IV the parameter magnitude 
of such a covariate effect would likely need to be high to be identified.  
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5.4 Pharmacometric methods to improve coagulation 
factor use in haemophilia A and B 
Current treatment of haemophilia A and B requires either on-demand or 
prophylactic administration of the functionally or quantitatively deficient 
coagulation factor [120]. Prophylaxis is the preferred treatment modality as 
it performs better with regards to patient outcome than on-demand treatment 
[121]. Unfortunately the high cost of coagulation factor administration limits 
high- and intermediate dose prophylaxis to wealthy countries. In Paper VI, 
model-based Bayesian forecasting was employed to individualize doses in a 
simulated patient population with the aim to improve factor IX usage in 
haemophilia B and in Paper VII model simulations were performed using a 
previously developed model to determine whether LDP could be a promising 
treatment alternative to on-demand treatment in regions with limited FVIII 
access.  

A three-compartment model was re-evaluated for FIX activity which de-
scribed the data well as indicated by VPC and by standard goodness-of-fit 
evaluation. PK-based dose individualization has been shown to perform well 
with limited blood sampling and work performed in Paper VI aimed to iden-
tify sampling schedules resulting in well-performing individual doses in 
haemophilia B treatment. Eleven sampling designs were evaluated through 
model simulations in this work and well performing designs were identified 
with only two samples being taken. The most promising sampling design for 
individualizing FIX doses included two morning samples taken three and 
four days after the final infusion as this design resulted in a low number of 
samples being BLQ. Further, doses calculated according to this sampling 
design resulted in 94.1% of patients reaching the set activity threshold of 1 
IU/dL at 96 hours after the final infusion. A fixed prophylactic regimen re-
quired 150 IU/kg administered to the individuals to reach the same target 
attainment. All of the evaluated sampling designs performed better than a 40 
IU/kg fixed dose with regards to target attainment. It should be noted that the 
doses were calculated with a 50% safety margin, i.e. the target concentration 
at 96 hours was not set to 1 IU/dL but rather at 1.5 IU/dL but prioritizing the 
clinical performance of a model-based dose individualization endeavour 
over the FIX consumption may be acceptable in regions with readily availa-
ble FIX.  

Trials comparing LDP with on-demand treatment have indicated that LDP 
is a superior treatment option but also conclude that the lack of long-term 
data is concerning [73,122,123]. Further, most of the studies comparing LDP 
with on-demand treatment have been performed in small cohorts of children 
and performing larger trials with different patient populations may be con-
sidered to be unethical, particularly if alternative more effective treatment 
modalities constitute the standard-of-care. Model-based simulations such as 
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those performed in Paper VII are one method to evaluate the efficacy of 
LDP versus different more effective treatment modalities.  

A previously developed two-compartment model for FVIII was employed 
in Paper VII and an adult population was simulated. The population matched 
the original population for which the model was originally built and consist-
ed of Swedish males. The target population for LDP may not be similar to 
those simulated in this work but the comparison between regimens may still 
be valid as all doses and all regimens were administered to each of the simu-
lated patients. The resulting simulated FVIII levels were associated with the 
annual bleeding probability in a model also obtained from literature [124]. In 
its simplicity, the outcome model therefore only gives an indication of the 
clinical efficacy of the regimens. There are multiple factors not considered in 
the outcome model which can influence the incidence of bleeds including 
genetic factors, FVIII inhibitor formation and lifestyle (patients with active 
lifestyles are expected to be more susceptible to bleeds, for instance). Model 
simulations revealed that a LDP regimen where 10 IU/kg were administered 
every three weeks resulted in a only slightly elevated risk of annual bleeds 
over a prophylactic regimen of the “Malmö protocol” where 40 IU/kg are 
administered twice weekly. In a patient weighing 70kg, the LDP regimen 
would entail a weekly FVIII saving of 3500 units, a substantial sum consid-
ering that the cost of one unit of FVIII is approximately 1.1 USD. Unfortu-
nately, given the sporadic and often random nature of spontaneous bleeds, a 
comparison to on-demand treatment was not possible. If a patient has very 
few spontaneous bleeds that require treatment in a year the FVIII consump-
tion for that patient will be markedly lower than any prophylactic regimen. 
However, reducing monetary cost should not be the aim of LDP but rather 
the reduction of bleeds to as close to zero as possible as this has been shown 
to matter most in health-related quality of life studies [125]. Model-based 
dose individualization results demonstrate that FVIII consumption may be 
reduced but this amount depended on the activity goal and the accepted time 
at risk. For instance an accepted time at risk of 8 hours entailed that patients 
would be allowed to be below the target FVIII threshold for 8 hours prior to 
the next infusion of FVIII. For an activity goal of 1 IU/dL and an accepted 
time at risk of 0 hours the FVIII savings were moderate. A longer accepted 
time at risk would increase the savings at a higher risk for bleeds and accept-
ing a time at risk would be for a treating physician or haemophilia clinic to 
determine based on the bleeding phenotype of the patient and on coagulation 
factor availability.  
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6. Conclusions and future perspectives 

This thesis work presents pharmacometric methods to analyse BMP data in 
various stages of clinical development. A model-based analysis combined 
with OD was used to reduce and optimize a phase I study to illustrate that 
current sampling strategies for mAbs against soluble targets may be super-
fluous and unnecessarily long. A novel bivariate MHMM was developed to 
characterize immunogenicity which can plague many BMPs throughout clin-
ical development and after approval. The utility of model-based approaches 
to improve the use of expensive coagulation factors was demonstrated. After 
the patents of the reference product have expired, biosimilars can be devel-
oped to reduce costs, and potential reasons for the failure of a biosimilarity 
trial were identified using a developed PKPD model and subsequent simula-
tions. The models and methods developed and applied in this thesis were 
applied in several key areas in a MID3 framework (Figure 1). Thusly, this 
work serves as a demonstration that pharmacometrics can improve both the 
development and use of BMPs.  

 
Specific findings of this thesis include:  
 
• For the TMDD model investigated, it was possible to reduce the duration 

and number of samples in a reference Phase I trial substantially, without 
altering the information content to a large degree. If the same results can 
be achieved (with similar certainty) in a reduced trial (with regards to 
number of individuals, samples and trial duration), then the use of the 
reduced trial is advocated on a cost and patient burden perspective.   
 

• Development of a population PKPD model for PG suggested that elimi-
nation of PG is mainly ANC-mediated at high concentrations of PG. PG 
effects were identified on the proliferation, maturation and on the mar-
gination of ANC. No covariates included in the data explained a signifi-
cant portion of the variability of the data.  
 

• The control of dose delivery (and thus protein content) in biosimilar 
recombinant GCSF formulations is critical due to the sensitivity of the 
PK response to small differences in delivered dose. If there is an a priori 
expectation for the protein content to differ between a reference product 
and a potential biosimilar (even by small amounts), a large trial may 
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need to be run to be sufficiently powered to demonstrate PK similarity. 
The PD response was found to be insensitive to differences in dose and 
relatively insensitive to differences in potency. 

 

• Parameter estimation in a novel bivariate MHMM was explored through 
a simulated data example in COPD. Parameters associated with observed 
variables were in general estimated with high precision and accuracy. 
Parameters associated with the hidden processes in the model were not 
easily estimated but estimation improved with increasing parameter 
magnitude. The bivariate model was more powerful to detect a drug ef-
fect than univariate models.  

 
 

• By integrating information from PK and ADA measurements in a bivari-
ate MHMM an objective assessment of ADA response can be obtained. 
The model-based approach suggested that patients formed an immuno-
genic response earlier than anticipated when using the clinical cut-off 
point for ADA positivity.  

 

• Model-based individualized FIX doses based on two FIX samples per-
formed better with regards to target attainment than standard high-dose 
prophylaxis. Two samples were sufficient to calculate reasonably accu-
rate individual doses. 

 

• Model simulations suggested that LDP in haemophilia A is an effective 
treatment alternative to certain high-dose prophylactic regimens. The 
evaluated LDP strategies would likely outperform current dosing strate-
gies in developing countries (on-demand treatment) with regards to clin-
ical outcome at a lower cost than the treatment modality employed in 
Sweden. 

 
 
To build on the results presented in this thesis future work may include:  
 
• Determination of whether the identified reduced sampling schedules also 

perform well for different TMDD models and systems. For instance, it 
may be useful to determine whether a well performing sampling sched-
ule identified using a simple saturable elimination model (such as Mich-
aelis-Menten) for mAbs can be applied to more complex systems and 
vice-versa. 
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• Application of a reduced sampling schedule for drugs with TMDD and 
comparison with a “standard” rich design to affirm the results presented 
herein.  
  

• Further exploration of the properties of HMMs implemented in NON-
MEM with regards to parameter estimation.  

 

• Extension of the developed HMM for clinical data including covariates 
that influence the probability of being in the underlying ADA producing 
state.   

 

• Determination of whether the developed HMM can identify ADA posi-
tive individuals after a limited number of treatment cycles according to 
their predicted future ADA response.  

 

• Clinical comparison of model-based individualized FIX doses with 
standard high-dose prophylaxis.  
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