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Abstract
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Treatment of patients with multiple sclerosis (MS) and development of new therapies have been
challenging due to the disease complexity and slow progression, and the limited sensitivity of
available clinical outcomes. Modeling and simulation has become an increasingly important
component in drug development and in post-marketing optimization of use of medication.
This thesis focuses on development of pharmacometric models for characterization and
quantification of the relationships between drug exposure, biomarkers and clinical endpoints in
relapse-remitting MS (RRMS) following cladribine treatment.

A population pharmacokinetic model of cladribine and its main metabolite, 2-chloroadenine,
was developed using plasma and urine data. The renal clearance of cladribine was close to half
of total elimination, and was found to be a linear function of creatinine clearance (CRCL).

Exposure-response models could quantify a clear effect of cladribine tablets on absolute
lymphocyte count (ALC), burden of disease (BoD), expanded disability status scale (EDSS) and
relapse rate (RR) endpoints. Moreover, they gave insight into disease progression of RRMS.

This thesis further demonstrates how integrated modeling framework allows an understanding
of the interplay between ALC and clinical efficacy endpoints. ALC was found to be a promising
predictor of RR. Moreover, ALC and BoD were identified as predictors of EDSS time-course.
This enables the understanding of the behavior of the key outcomes necessary for the successful
development of long-awaited MS therapies, as well as how these outcomes correlate with each
other.

The item response theory (IRT) methodology, an alternative approach for analysing
composite scores, enabled to quantify the information content of the individual EDSS
components, which could help improve this scale. In addition, IRT also proved capable of
increasing the detection power of potential drug effects in clinical trials, which may enhance
drug development efficiency.

The developed nonlinear mixed-effects models offer a platform for the quantitative
understanding of the biomarker(s)/clinical endpoint relationship, disease progression and
therapeutic response in RRMS by integrating a significant amount of knowledge and data.
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T2 lesions, burden of disease, power, sample size
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Introduction 

Today’s revolution in biomedical science has raised new hope for the preven-
tion, treatment, and cure of serious illnesses. However, there is growing con-
cern that many of new basic science discoveries made in recent years may not 
quickly yield more effective, more affordable, and safe medical products for 
patients. During the last several years, the number of new drug and biologic 
applications submitted to FDA has declined significantly… In contrast, the 
costs of product development have soared over the last decade… If the costs 
and difficulties of medical product development continue to grow, innovation 
will continue to stagnate or decline and the biomedical revolution many not 
deliver on its promise on better health. Extract from Critical Path Initiative 
report by FDA, 20041.  

Pharmacometrics 
Phamacometrics is an emerging science that has been defined as “the science 
of developing and applying mathematical and statistical methods to character-
ize, understand, and predict a drug’s pharmacokinetic, pharmacodynamics, 
and biomarker-outcomes behavior”2. The regulators have recognized the 
value of integrating pharmacokinetic and pharmacodynamic (PK/PD) infor-
mation in drug development and its potential impact on decision-making back 
in 20041. The role of pharmacometrics in drug development is becoming in-
creasingly important. In 2009, FDA issued its Guidance for Industry End of 
Phase 2A Meetings that incites use of “trial simulation and quantitative mod-
eling of prior knowledge to design trials for better dose response estimation 
and selection”3. This concept is referred to as model-informed drug discovery 
and development (MID3) (or until recently as model based drug development 
(MBDD))4. Numerous real-life examples have positioned pharmacometrics as 
a substantial tool to improve drug development and decision-making5-9.  

Non-linear mixed effects models 
Majority of pharmacometrics research is established on non-linear mixed ef-
fects (NLME) models allowing recognition of multi-level random variations. 
This approach involves simultaneous characterization of the typical individual 
(fixed effects) and variability components (random effects) of the data in the 
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studied population. Three types of variability can be further identified: inter-
individual variability, inter-occasion variability (the difference between occa-
sions within an individual) and residual unexplained variability (the difference 
between observations and individual predictions)  
For continuous data, the general structure of NLME model is commonly spec-
ified by Equation 1. = , ( , , , ) + ℎ , ( , , , ),  Eq.1 

Where yij is the dependent variable (e.g. jth observation in individual i to be 
described by the model), f(·) is the function of the structural model and h(·) is 
the function of the residual error model. tij is the independent variable (e.g. 
time of the observation) and g(·) is a vector function defining individual pa-
rameters based on the vector of population parameters θ, the vector of indi-
vidual random effects ηi, the discrete design components xi (such as dose) and 
the vector of covariates zi. The residual error model also includes the vector εij 
which describes the deviation between the observation and the model predic-
tion. The random effects εij and ηi are generally assumed to be normally dis-
tributed around zero, with a variance defined by their respective covariance 
matrix Ω and Σ.  

Categorical data NLME models describe the probability of a response x using 
the probability density function l(·), as: = = ( , ( , , , )) Eq.2 

A model for another type of data, (repeated) time-to-event (RTTE), character-
izes the time to a certain event by defining the instantaneous hazard hi(t) of 
that event, expressed as:  ℎ ( ) = , ( , , , )  Eq.3 

The probability for individual i of not having had an event by time t (i.e. the 
survival, Si (t)) can be formalized as:  ( ) = ( )  Eq.4 

Then, the probability for individual i of having an event at time ( ), be-
comes: ( ) = ( ) ∙ ℎ ( ) Eq.5 

Maximum likelihood estimation 
Maximum likelihood (ML) estimation is often used to find the model param-
eters which best describe a set of observations. Given a certain model, ML  
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estimation identifies the set of parameters that maximize the probability of 
observing the sample data. The likelihood of the observed data for individual 
i, can be defined as in Equation 610.  ( , Ω, Σ| ) = ( |( , Ω, Σ) = ( | , , Σ) · ( | , Ω)  Eq.6 

The total likelihood for all individuals is given by the sum of the individual 
likelihoods. The calculation of individual likelihoods often does not have an 
analytical solution. Consequently, numerical approximations are to be used. 
To minimize the logarithm of the likelihood is equivalent to maximize the 
likelihood and often numerically simpler in practice. Gradient-based algo-
rithms make use of the derivative of the approximation of log-likelihood to 
guide parameter search. The approximation varies between methods but is 
generally based on Taylor series expansions: first-order approximation for 
FO(I) and FOCE(I) methods and second-order for LAPLACE method. An-
other type of approximations make use of expectation-maximization (EM) al-
gorithms. These methods are incorporated in several software, among which 
NONMEM11 is the most widely used one. 

Item response theory 
Item response theory (IRT) models, a class of NLME models, were applied 
for the analysis of Expanded Disability Status Scale (EDSS), a composite 
score.  
Traditionally, IRT models have been used in educational testing to measure 
ability or proficiency and in psychological assessments to measure personality 
traits12. Also, health outcome researchers have been employing IRT to ques-
tionnaire development, evaluation and refinement13. In numerous diseases, la-
tent “unobservable” trait of interest cannot be measured directly and is there-
fore assessed indirectly by scoring various items constructed to measure that 
underlying domain. Traditional scoring consists of summarizing all the infor-
mation in one composite score, which might lead to loss of information cap-
tured in the individual item. Instead of analysing the composite score itself, 
IRT is a statistical theory consisting of mathematical models expressing the 
probability of the particular response to a scale item j as a function of an un-
derlying trait, here disability of a person Di and of a set of test specific param-
eters, here 14:  = = ( , ) Eq.7 

The recent application of IRT to Alzheimer’s disease in a pharmacometric 
framework has demonstrated that increased precision in cognitive assessment 
can be achieved through a better understanding of how those items function 
and the amount of information they contain for the studied population15,16.  
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Hypothesis testing and statistical power 
Clinical drug development is typically conducted as a series of clinical trials. 
The objective of each of these trials will depend on the phase of clinical de-
velopment, but they all share one aspect: they aim at addressing one or several 
predefined questions with a reasonable level of certainty. When planning a 
clinical trial, special attention is conveyed to the trial design to ensure it is 
appropriately powered, in other words that it is likely to provide sufficient 
information on a specific relation. This is achieved by means of hypothesis 
testing: a decision rule applying statistical models and observed data to decide 
which of typically two mutually exclusive hypotheses is true for a population, 
based on the observed sample. The null hypothesis can be defined, in a clinical 
trial setting, as the drug exhibiting no effect (H0), and the alternative hypoth-
esis (H1) as existence of significant drug effect, according to the model.  :	 ( ) = 0 :	 ( ) ≠ 0 

Eq.8 

where ( ) is the difference between the two treatments expressed as a func-
tion of model parameters . H0 is generally set as the hypothesis one wants to 
reject. 

In statistical terms, power of a study is defined as the probability of reject-
ing null hypothesis (H0) when the alternative hypothesis (H1) is true and is 
equal to 1 minus probability of type II error17. Regulatory authorities and eth-
ics boards request that the power to detect a drug effect of the study is deter-
mined prospectively, to guarantee appropriate study design given possible fac-
tors that might influence the outcome for specific study objectives. Depending 
on the risk the trial sponsor is willing to take, type II error is often set at 20% 
or below, a power of 80% is therefore often considered as minimum require-
ment. Another major concern of regulatory agencies is the type I error defined 
as the risk associated with false identification of drug effect (rejecting H0 when 
H0 is true). The type I error is equal to the significance level during hypothesis 
testing, and is diminished by being set to a small value, often 5%. Table 1 
illustrates the relationship between hypothesis testing components. 

Table 1. Correct and incorrect inferences based on hypothesis testing 

 Inference
Reject H0 Do not reject H0 

R
ea

lit
y H0 true Incorrect decision 

Type I error α Correct decision 

H1 true Correct decision 
Power 1- β

Incorrect decision 
Type II error β 

H0: No significant difference between placebo and treatment
H1: Significant difference between placebo and treatment

The calculation of the power to detect a pre-specified effect size is used to 
determine the number of patients necessary in a study. If the study is under-



 15

powered, the risk that the study fails to detect an existing effect is higher, and 
patients that are included in the study may have been needlessly exposed to 
an experimental drug. Similarly, an over-powered study may unnecessarily 
expose an excessive number of patients to an experimental drug. In both cases, 
ethical concerns may be raised, and unnecessary resources spent18. Other than 
sample size, numerous potentially influential factors can be controlled to a 
certain extent during the design phase of a clinical trial19. For some time now, 
the use of simulations has been recognized as a way to improve the drug de-
velopment process by allowing the design of more informative clinical tri-
als20,21. Simulations can be used as a flexible tool to reveal the impact of dif-
ferent design aspects on the results of the study22.  

The use of pharmacometrics methods present advantages with respect to 
power, in comparison with traditional methods, such as t-test, ANOVA9,23,24. 
This can be mainly attributed to the use of longitudinal data and the assump-
tion of continuous relationships between dose/exposure and the response (al-
lowing for inference between treatment arms and placebo). 

The likelihood ratio test (LRT) is the most common pharmacometrics-
based hypothesis testing tool. In the NONMEM-setting, the LRT is based on 
the difference in objective function value (OFV) (defined as an approximata-
tion of the -2 log of the likelihood), between two nested models that are de-
fined according to a hypothesis test. Consequently, the reduced model corre-
sponds to the model without the relationship of interest e.g. a drug effect (H0) 
and the full model with the relationship tested (H1). The statistical power is 
then calculated as the fraction of rejected H0 given the difference in the OFV 
(ΔOFV) that has been submitted to the hypothesis chi-squared ( ) test, ac-
cording to the following equation:  Power = ∑ (∆OFV ≥ χ . (df))N  Eq.9 

where df is degrees of freedom, i.e., the difference in number of estimated 
parameters between the full and reduced models and N is the total number of 
simulated trials.  

Power calculations for the LRT have typically been carried out by multiple 
simulations and re-estimations of the full and the reduced models19,25.  
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Multiple sclerosis 
Epidemiology and etiology 
Multiple sclerosis (MS) is a chronic degenerative disease that primarily affects 
the central nervous system26. It is estimated that over 2.5 million people are 
globally affected by this disease27. The incidence is two to three times higher 
in women than in men. MS is one of the leading causes of disability in young 
adults; it typically begins between ages of 20 and 40. One of the main charac-
teristics of this disease is the variability of the clinical course. While some 
people with MS might experience little incapacity during their lifetime, up to 
60% are no longer fully ambulatory 20 years after the onset of disease.  

The etiology of MS is not fully elucidated, but likely results from complex 
interactions between environmental and genetic factors28. Some research sug-
gests that viral infections are involved in the triggering of the disease but no 
virus has so far been convincingly linked to MS29. At the other hand, it has 
been shown that viral infections are closely associated with clinical disease 
exacerbation30.   

Pathophysiology 
There is increasing evidence that T and B lymphocytes play an important path-
ophysiological role31. The neuropathology of MS is marked initially by accu-
mulation of leukocytes in the central nervous system (CNS), oligodendrocyte 
loss, demyelination, axonal atrophy, and subsequent neuronal loss. Four sub-
types of MS have been identified: relapse-remitting, primary progressive, sec-
ondary progressive and progressive-relapsing MS. This thesis will focus on 
relapse-remitting MS (RRMS) which is characterized by relapses (acute epi-
sodes of neurological dysfunction) followed by periods of stability. The de-
gree of recovery from those relapses is highly variable32. Disease activity is 
predominately inflammatory but disease progression is likely to be result of 
neurodegeneration.  

As the disease progresses with time, following phenomena are habitually 
observed in patients: accumulation of disability caused by relapses, increased 
brain lesion burden, increased brain atrophy, reduced repair capacity, in-
creased neurodegenerative processes33.  

Treatment  
Although MS was first recognized as a distinct disease in 1868 by Charcot34, 
treatment options remained very limited until recently. Treatment was exclu-
sively symptomatic until the begging of 21st century, when a number of dis-
ease-modifying therapies started emerging the market. Contrary to purely 
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symptomatic treatment, disease-modifying therapies aim to alter the patho-
physiological chain of inflammation, demyelination and axonal loss.  

The ultimate aim of therapies being the prevention of accumulation of irre-
versible disability, the ideal treatment would be the one that eliminates clinical 
and radiological evidence of disease activity while having a good safety pro-
file35. No perfect treatment has been discovered yet, but patients and treating 
physicians do have an increasing number of options, nowadays. Current treat-
ment recommendations are to start with one of the following first-line treat-
ments and in case of breakthrough of disease activity to switch to one of sec-
ond-line treatment options36. 

First-line treatment 
The current first-line MS therapy includes interferon beta, glatiramer acetate, 
teriflunomide and dimethyl fumarate. Interferon beta (e.g. interferon beta-1a 
Rebif®) are recombinant agents that are administered intramuscularly 
(weekly) or subcutaneously (every other day or three times a week). Although 
the precise mechanism of action is unknown, it is believed to include the in-
hibition of T-lymphocyte proliferation, inhibition of leukocyte migration 
across the blood-brain barrier and cytokine modulation37. Glatiramer acetate 
(Copaxone®) is a synthetic compound composed of four amino acids that is 
injected subcutaneously daily. It is an immunomodulatory drug most likely 
shifting the population of T cells from pro-inflammatory T helper 1 (Th1) cells 
to regulatory Th2 cells suppressing the inflammatory response38. Terifluno-
mide (Aubagio®) is inhibition biosynthesis of pyrimidine and proliferation of 
activated lymphocytes, in addition to having multiple anti-inflammatory and 
immunomodulating effects39. It is administered orally once daily. Dimethyl 
fumarate (Tecfidera®) is an immunomodulatory agent with anti-inflammatory 
properties, with a mechanism of action that has not been fully understood to 
date40. It is administered as tablets twice daily. 

Second-line treatment 
The current second-line treatment includes fingolimod, natalizumab and 
alemtuzumab. Fingolimod (Gilenya®) is an oral sphingosine 1-phosphate re-
ceptor (S1PR) modulator, inhibiting the ability of autoreactive lymphocytes 
to egress from the lymph nodes41. Fingolimod is administered once daily. Na-
talizumab (Tysabri®) is a monoclonal antibody against α4 intergin, inhibiting 
the migration of inflammatory cells into the CNS42. It is administred monthly 
by an intravenous infusion. Alemtuzumab (Lemtrada®) a humanized mono-
clonal antibody directed against the CD52 antigen on mature lymphocytes that 
results in depletion and repopulation of lymphocytes43. It is administrated by 
intravenous infusion for two treatment courses.  
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Cladribine 
Cladribine (2‑chloro-2′‑deoxyadenosine) is an adenosine deaminase-resistant 
purine nucleoside analogue in development of the treatment of RRMS, which 
preferentially reduces lymphocyte subpopulations44. Cladribine is believed to 
be phosphorylated by deoxycytidine kinase (DCK) to the nucleotide 
cladribine triphosphate (2-chloro-2′-deoxyadenosine 5′-triphosphate), which 
accumulates and is incorporated into deoxyribonucleic acid (DNA) in cells 
such as lymphocytes because of their high intracellular ratio of DCK to 5’-
nucleotidase (5’-NTase) resulting in DNA strand breakage and inhibition of 
DNA synthesis and repair. 

CD4+ T cells appears to be more susceptible to the effects of cladribine 
than the CD8+ T cell population45. It is believed that the effect of cladribine 
on both resting and actively dividing lymphocytes, including quiescent pro-
genitor cells, is responsible for its long lasting effect46. Cladribine activation 
and intracellular metabolism are depicted in Figure 1.  

 
Figure 1. Cladribine activation and intracellular metabolism, adapted from Comi et 
al. 44  

Cladribine was originally developed for the treatment of lymphoid malignan-
cies, in its injectable form. After demonstrating its effect in treatment of MS 
when parentally administered, an oral formulation of cladribine was devel-
oped. During the clinical development program of cladribine tablets for treat-
ment of MS, several studies have been performed to better understand PK and 
PD of cladribine47,48. Its sustained effects support the use of an annual short-
course dosing-regiment. Cladribine has been found to significantly improve 
all clinical outcomes in a randomized, placebo-controlled Phase III study 
(CLARITY)49. Lymphocytopenia has been reported as the main side effect of 
cladribine and at the same time what is believed to be its mechanism of action. 
The clinical development program for cladribine tablets in MS is ongoing. 

Biomarkers and clinical endpoints 
EDSS 
The Kurtzke EDSS, is the most widely used measure of disease progression 
in MS as efficacy outcome. Its assessment is based on seven functional sys-
tems (FS) including vision, brainstem, pyramidal, cerebellar, sensory, bowel 
and bladder, mental (cerebral), and ambulation (500-m walk) and reliance on 
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aid (Figure 2). The EDSS is a summarized measure which ranges from 0 (nor-
mal neurological exam) to 10 (death due to MS) in incremental steps of 0.550.  
Its overall score is greatly weighted toward ambulation, especially in higher 
scores51 and is rather insensitive to upper limb function and cognitive impair-
ment. Regardless of its well documented disadvantages, such as limited inter-
rater reproducibility, bimodal distribution of the scale and potentially uneven 
steps52,53, EDSS remains and it is highly likely to remain in the future a gold 
standard for assessing MS induced disability. 

As alternative to EDSS, many scales for rating disability caused by MS 
have been proposed, such as Multiple Sclerosis Impairment Scale, Multiple 
Sclerosis Functional Composite (MSFC), or the Cambridge Multiple Sclerosis 
Basic Score (CAMBS), but none has been entirely satisfactory54. In addition, 
the need for measures of health-related quality of life (HRQOL) is increas-
ingly recognized, lately55.   

 
Figure 2. EDSS assessment based on 7 functional systems and walking ability, 
adapted from Neurostatus.net 

Relapse Rate 
A qualifying relapse was defined as a new or worsening neurological symp-
tom, in the absence of fever, lasting for more than 24 hours, accompanied by 
an objective change in the relevant (i.e. symptomatic) FS, and preceded by at 
least 30 days of clinical stability or improvement26. The objective change in 
FS was either a two-grade increase in one or more FS, or a one-grade increase 
in two or more FS (excluding changes in bowel/bladder or cognition catego-
ries). 

RR has been the foundation of MS clinical trials as a perceptible measure 
of inflammatory disease activity. Nevertheless, there are some concerns and 
limitations in depending on relapse frequency as a clinical outcome measure. 
The association between occurrence of relapses and long-term disability re-
mains ambiguous53,56. 
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MRI lesions 
Pathophysiology of MS is characterized by formation of “multiple scars” in 
the brain and on the spinal cord, thought to be responsible for various clinical 
symptoms. There is increasing interest in magnetic resonance imaging (MRI) 
measurements as they allow objective, sensitive and quantitative changes 
measured. MRI scans have the advantage of detecting abnormalities before 
clinical symptoms appear. MRI related measurements are widely used to di-
agnose MS and to monitor treatment efficacy on inflammatory activity. How-
ever, their use is render complex by the fact that up to 80% of new lesions as 
seen on brain MRI are clinically silent i.e damage to the CNS pathways is not 
reflected in the clinical symptoms or signs, phenomenon known as ”clinic-
radiological paradox”57. Many studies have attempted to unravel the relation 
between MRI measures, relapses and disability progression, the effect that 
these endpoints have on one another remains unclear56,58-61.   

Several lesion-based readouts have proven to be an important tool to mon-
itor the disease course: variants of lesion counts (T1-weighted hypointense, 
T1 gadolinium (Gd) enhanced lesions and T2-weighted lesions) as well as T2-
weighted total lesion volume, a measure of burden of disease (BoD). In the 
recent years, there has been a growing interest in the measurement of CNS 
atrophy and spinal cord lesions62. 

Drug development 
MS is characterized as a slowly progressing and highly variable disease, which 
have implications on the drug development of MS drugs. The most important 
therapeutic aim of any disease-modifying MS treatment is to prevent or post-
pone accumulation of irreversible long-term disability. Nevertheless, its as-
sessing poses a challenge given the short time course of clinical trials, in com-
parison to the time frame of the disease. In MS trials various surrogate 
measures have been used as predictors for this disability, but there is limited 
evidence that those changes reflect true irreversible accumulation of disability 
at long-term scale63.  

A typical Phase III trial for a disease-modifying (DM) agent is a placebo-
controlled trial including a large number of patients (i.e. often more than 1000) 
followed over long time periods (typically 2 years minimum)41,49,64-66. For all 
investigated agents in the last decade, the primary outcome measure was re-
duction in annualized relapse rate (ARR)67. ARR is defined as the number of 
confirmed relapses in a year. Studies typically have several secondary out-
come measures based on MRI readouts and on EDSS (or other disability out-
comes). MRI related measurements are serving as an important secondary out-
come measure in most phase III clinical trials and often being used as a pri-
mary outcome in “proof-of-concept” phase II studies68-73. However, it is im-
portant to note that EDSS itself is not used as an efficacy endpoint; it is rather 
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the time to 3- or 6-months confirmed progression or proportion of individuals 
that experience progression at a pre-specified time that is recognized by regu-
latory authorities as validated endpoint73. Using time to first confirmed disa-
bility progression as an endpoint in MS clinical development results in loss of 
considerable amount of information, rendering impossible description of dis-
ease progression, as disability progression does not stop after the first event. 

Another complexity is the changing face of MS trials: revisions of MS di-
agnostic McDonald criteria74 and increasing availability of therapies allowed 
for more patients to be treated earlier in the course of their disease. Direct 
consequence are trials filled with more patients less likely to have events, i.e 
fewer relapses and patients remaining at the same EDSS score for a prolonged 
period of time. This results in a need for performing longer trials of bigger 
size in order to detect a potential drug effect of new agents. In addition, com-
parison of therapies is only possible through head-to-head comparison trials. 
Cross-trial comparisons of new products against established products is not 
appropriate due to baseline changes (downward trend in ARR) over the years 
in the select patient populations.  

Modeling and Simulation in multiple sclerosis 
Accurate quantification of disease status and description and prediction of dis-
ease progression is essential for drug development. For chronic diseases with 
slow progression such as MS, this is especially pertinent, due to the high costs 
of long-term clinical trials required to establish treatment efficacy. The effec-
tiveness of therapeutic interventions can be determined, only if accurate quan-
tification of disease severity is possible. PKPD modeling has demonstrated its 
benefits for several decades and its role is continuously increasing75. However, 
availability of NLME models in the area of MS has remained limited, espe-
cially in comparison to the fields of oncology76,77 and anti-infectious dis-
eases78,79. This is expected to change in the coming years as more long-term 
data become available from clinical studies and use of pharmacometrics in 
neurodegenerative diseases is increasing80. Available MS models have been 
summarized in Table 2.  

When it comes to modeling of EDSS, being an ordered categorical variable, 
one would ideally like the developed model to be able to both estimate and 
simulate the data by respecting their true discrete nature. This would require 
all categories to be present in the population, which is rarely the case. Thus, 
modeling options to treat ordinal data involving 20 categories are limited. One 
option is to develop Markov transition models estimating the transition matrix 
defining the probability of switching from one EDSS level to another. The 
scale is then typically lumped in 3 (or maximum 6) categories which repre-
sents an oversimplification81-85. Highest EDSS scores (≥3 or ≥6) are lumped 
into a single category which could be misleading in situation of simulations 
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and hampering the assessment of disease progression and quantification of 
potential drug effect. Another option is to treat order categorical data as con-
tinuous, which is common practice in non-linear mixed effects modelling 
when the scale contains many categories, if number of categories ≥1186. It 
usually involves transformations to respect boundaries, thus few data should 
be at the extreme scores. According to several sources from statistical litera-
ture, when building a model for a categorical ordered score it is frequent and 
appropriate to switch from categorical model to continuous model when the 
number of ordered categories is larger than 687,88.  

Regarding relapse rate modeling, summarized information about relapses 
i.e ARR is most commonly used, resulting in a loss of information regarding 
time of occurrence of relapse89,90. Developing a count model for relapses im-
plies that the time-course of the events during the time-interval is disregarded 
and an underlying constant hazard is assumed. In contrast, the RTTE method-
ology used by Savic et al. accounts for all events with their exact time of oc-
currence, as it does not require any data simplification91. In addition, use of 
ARR might lead to loss of statistical power as the treatment effect may be seen 
not only as decreasing number of relapses per year, but also as delaying time 
to each relapse.   

Modeling of MRI readouts is typically achieved by means of different 
count data models92-94, except for BoD where appropriate methodology for 
continuous data is applied95. 
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Aims 

The overall aim of this PhD thesis was to develop pharmacometric models for 
characterization and quantification of the relationships between drug expo-
sure, biomarkers and clinical endpoints in MS therapy. 
 
The specific aims were: 

• To characterize dose-exposure-response relationship of cladribine in 
RRMS patients 

• To develop integrated longitudinal models for biomarkers and clini-
cal outcome measures in MS patients to better understand the time-
course of the disease and the predictive value of different predictors 

• To demonstrate the potential benefits of applying pharmacometric 
methods with regards to statistical power to detect the drug effect in 
MS clinical trials 
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Methods 

Study designs and data 
In this thesis, clinical trial data from cladribine development program were 
used for the development of pharmacometric models. All studies were con-
ducted in accordance with the ethical principles of the Declaration of Helsinki 
and the International Conference on Harmonization Tripartite Guidelines for 
Good Clinical Practice. All patients have provided their written informed con-
sent. 
Pharmacokinetics of cladribine 
For the PK analysis (Paper I), data from four studies (three Phase I and one 
Phase III) were used. Study 25803 is a Phase I open-label, randomized, 2-
period, 2-sequence cross-over study to investigate the PK of cladribine and its 
metabolite following the administration of a single oral dose and a single i.v. 
dose in 16 subjects with MS. Patients received 3 mg cladribine per i.v as a 
single one-hour infusion or 10 mg cladribine orally as a tablet. Blood samples 
were collected pre-dose, at 0.25, 0.5, 1, 2, 3, 4, 6, 8, 12, 16, 24, 36, 48, 72, 96 
and 120 hours after dosing. Urine was collected pre-dose and at 0-4, 4-8, 8-
12, 12-24, 24-48 and 48-72 hours post-dose. 

Study 26127 was a Phase I randomized, 2-way cross-over study to investi-
gate the effects of food on the PK of cladribine administered orally to 16 sub-
jects with RRMS. One 10 mg cladribine tablet was administered to the sub-
jects as a single oral dose on two occasions (fasted and fed). Blood samples 
were collected pre-dose, and at 0.5, 1, 1.5, 2, 3, 4, 6, 8, 12, 16, 24, 36, 48 and 
72 hours post-dose. 

Study 26486 was an open label, multiple dose design to assess the effects 
of oral cladribine on the PK of IFN-β-1a (Rebif®, Merck KGaA) and vice 
versa and the safety of the combination treatment in 16 MS patients. Patients 
received one or two 10mg cladribine tablets (based on their weight) for five 
consecutive days. After at least 2 days, patients received IFN-β-1as follows: 
8.8µg twice times per week (TIW) (Day 7 to Day 18; 6 doses) then 22µg TIW 
(Day 21 to Day 32; 6 doses), followed by 44µg TIW (Day 35 to Day 60; 12 
doses). During the last week of IFN-β-1a treatment, cladribine was co-admin-
istered orally for 5 consecutive days (Day 56 to Day 60). Blood samples for 
PK analysis were taken pre-dose and at 0.5, 1, 1.5, 2, 3, 4, 6, 8, 12, 16, 24, 36 
and 48 hours post-dose at the following times: at the end of the initial 
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cladribine tablets treatment course (Day 4 to Day 7); after 2 weeks of 44 µg 
of IFNβ-1a (Day 45 to Day 48); and after the last concomitant administration 
of cladribine tablets and IFNβ-1a (Day 59 to Day 62). 

Study 25643 (CLARITY, ClinicalTrials.gov number NCT00213135) was 
a Phase III, double-blind, placebo-controlled, 96-week study to evaluate the 
safety and efficacy of cladribine tablets in patients with RRMS49. Patients 
were randomly assigned (1:1:1 ratio) to receive one of two cumulative doses 
of cladribine tablets or placebo. Depending on their actual body weight, pa-
tients took 1 or 2 cladribine 10 mg tablets (or matching placebo) per day over 
4 to 5 days in either (a) Week 1 and Week 5 of Years 1 and 2, or (b) in Weeks 
1, 5, 9, and 13 of Year 1, followed by Weeks 1 and 5 of Year 2, for a cumula-
tive dose of 3.5 and 5.25 mg/kg, respectively. Blood samples from 125 pa-
tients were available for population PK analysis and were collected through-
out the study at pre-dose and between one to six hours after dosing at Day 1, 
Week 5, 9, 13, 48 and 52. 

Summary of the studies included in this analysis is shown in Table 3.  

Table 3. Summary of studies included in the population PK analysis 

Study Phase Na 

n CdA samplesb n CAde samplesb 
Treatment: Administration and 
Dose (cumulative) 

Plasma Urine Plasma Urine 

25803 I 16 404 166 189 89
CdA: 3mg IV infusion / 10mg 
oral single doses

26127 I 16 416 / / / 
CdA: 10mg oral single doses 

26486 I 16 419 / / / 
CdA: 1.75 mg/kg oral over 8 
weeks + IFNß-1a

25643 III 125 470 / 466 / 
CdA: 3.5  or  5.25 mg/kg over 2 
years oral

a Number of cladribine (CdA) treated RRMS patients included in the population PK analysis 
b Total number of samples available for the population PK analysis 

Pharmacodynamics of cladribine 
Data from CLARITY trial was used in Paper III. In papers II and V, data from 
Study 27820 (CLARITY EXT trial, ClinicalTrials.gov number 
NCT00641537) were used in addition to CLARITY data. Study 27820 was a 
randomized, double-blind, placebo-controlled, multi-center, parallel group, 
96-week trial (followed by a 24-week follow-up period) to evaluate the long-
term safety, tolerability and efficacy of cladribine tablets in subjects with 
RRMS, including 867 subjects who participated to the CLARITY trial97. Sub-
jects were re-randomized depending on randomization in CLARITY as fol-
lows: CLARITY placebo treated subjects took one or two cladribine 10 mg 
tablets per day over four to five days (dependent on body weight) in Weeks 1 
and 5 of Years 1 and 2 (cumulative dose of 3.5 mg/kg). CLARITY cladribine 
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subjects were re-randomized 2:1 to either (a) one or two cladribine 10 mg 
tablets per day over four to five days (dependent on body weight) in Weeks 1 
and 5 of Years 1 and 2 (cumulative dose of 3.5 mg/kg), or (b) matching pla-
cebo (Figure 3).  

 
Figure 3. Overview of trial design of CLARITY and CLARITY EXT. Abbrevia-
tions: C: cladribine; P: placebo 

The across study treatment arms are referred to by two letters corresponding 
to either active or placebo in each trial (CC: cladribine in CLARITY and 
cladribine in CLARITY EXT for a total cumulative dose of either 7 mg/kg or 
8.75 mg/kg cladribine dependent on dose of cladribine in core study; CP: 
cladribine in CLARITY and placebo in CLARITY EXT for a total cumulative 
dose of either 3.5 mg/kg or 5.25 mg/kg cladribine dependent on dose of 
cladribine in core study; PC: placebo in CLARITY and cladribine in CLAR-
ITY EXT for a total cumulative dose of 3.5 mg/kg cladribine). The subjects 
participating in the CLARITY trial who were not eligible for treatment in 
CLARITY EXT and only followed for safety are referred to as “P+fol”, “C 
3.5mg/kg+fol” and “C 5.25 mg/kg+fol”, designating the placebo and the 3.5 
mg/kg and 5.25 mg/kg cumulative cladribine dose treatment arms, respec-
tively. Subjects who participated in the CLARITY trial but were not included 
in CLARITY EXT are referred to as “P-no ext”, “C 3.5mg/kg -no ext” and “C 
5.25 mg/kg -no ext”, designating the placebo and the 3.5 mg/kg and 5.25 
mg/kg cumulative cladribine dose treatment arms, respectively. Blood sam-
ples used for ALC measurements were collected at screening, study day 1 
(SD1) and at weeks 5, 9, 13, 24, 44, 48, 52, 72 and 96 during CLARITY study 
and at screening, SD1 and at weeks 2, 5, 9, 13, 16, 24, 36, 44, 48, 52, 55, 60, 
66, 72, 78, 84 and 96 during CLARITY EXT study. Blood samples were also 
collected during 24-week follow-up period at day 1 and weeks 13 and 24. Ex-
amination of neurological function (EDSS) was performed at screening and 
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SD1, and at weeks 13, 24, 36, 48, 60, 72, 84 and 96 of the blinded trial period 
in both CLARITY and CLARITY EXT trial, and at SD1 and week 24 of the 
supplemental follow-up period. MRI assessment was performed at SD1 and 
at weeks 24, 48, 72 and 96 in both CLARITY and CLARITY EXT trial, and 
at SD1 and week 24 of the supplemental follow-up period. 	

In total 36850 observations of ALC, 21173 observations of EDSS (169384 
item level EDSS data) and 9844 observations of volume of T2 lesions (also 
referred as Burden of disease BoD) were available for analysis. 

Software 
All pharmacometric analyses (modeling and simulations) were performed in 
the software package NONMEM, versions 7.2 and 7.311. Parallelization of 
NONMEM utilizing the software MPICH2 (freely available standardized 
message-passing interface) was employed when appropriate. Estimation 
methods used were the first-order conditional estimation with interaction (FO-
CEI) for continuous type data and the Laplacian estimation method for order 
categorical and time-to-event data. 

The statistical software R (The R foundation for Statistical Computing, ver-
sion 3.1.1) was used for data management, data check-out, graphical analysis, 
model diagnostics and statistical summaries98. The R-based version of Xpose 
(Xpose 4.5.3, http://xpose.sourceforge.net/) was used to produce standard 
goodness-of-fit plots and Perl-speaks-NONMEM (PsN) (version 4.4.0, 
http://psn.sourceforge.net/) was used as a tool to facilitate modelling with 
NONMEM and for model evaluation99. 

PKPD model development and estimation 
The general procedure that was to be followed for the development of the 
PKPD models is outlined below:  

• Exploratory Graphical Analysis  
• Structural Model Development  
• Statistical model development  
• Covariate analysis  
• Final Model Refinement 

Model selection was based on scientific plausibility of the model, goodness of 
fit plots, simulation properties of the model and likelihood ratio test (LRT). 
LRT is typically employed for comparison of full versus reduced models, 
based on the difference in OFV between hierarchical models. The statistical 
significance was tested at 1% level, corresponding to 6.63 needed drop in OFV 
for one degree of freedom, for the extended model to be significant.  
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Dose-exposure of cladribine 
Compartmental PK models were developed and non-linearities in absorption 
and elimination processes for both cladribine and its main metabolite (2-chlo-
rodenine, CAde) were explored. The development of the population PK model 
is summarized in Table 4. Starting from single dose iv data (from iv arm of 
study 25803), models were extended by adding subsequently the data from 
other studies. Plasma and urine concentrations of cladribine and CAde were 
modeled simultaneously.  

Table 4. Overview of key modeling steps 

Model N subjects n samples Studies 

Model I 16 397 25803 (IV data) 

Model II 16 848 25803 (i.e. + oral data)
Model III 32 1264 25803, 26127 (i.e. +food effect)
Model IV 48 1683 25803, 26127, 26486 (i.e. +IFNβ-1a)
Model V 173 2619 25803, 26127, 26486, 25643 (i.e. +Phase III) 

 

Exposure-response of cladribine 
The relationship between cladribine exposure and the following endpoints was 
modeled: ALC, RR, BoD and EDSS. RR and BoD models were built on pre-
viously developed models on CLARITY data by Savic et al.86,95. In the case 
of EDSS, two types of models were developed: a continuous composite score 
and an IRT model. In the PD analysis model development was typically con-
ducted in three sequential steps: development of disease progression model 
based on placebo data, development of the exposure–response model based 
on data from patients on cladribine treatment, and development of the covari-
ate model. Covariate modeling development was performed using a stepwise 
procedure99 with the exception of the IRT model where full random effect  
models (FREM) approach was employed100. 

Considering the short systemic exposure of cladribine and its long lasting 
effect seen on PD endpoints, cladribine’s exposure could not be used directly 
as the driver of the effect, expect for modeling of ALC. Instead, a surrogate 
exposure, driven by cumulative dose of cladribine adjusted for individual 
CLCR, with an estimated exponential decay was used to drive the exposure-
response relationship in BoD, RR and EDSS models. 

The model building of the EDSS IRT model was somewhat different from 
the one for other PD models. According to neurostatus definition (www.neu-
rostatus.net), it is the combination of ambulation and reliance on aid that is 
affecting the determination of EDSS, thus a polychotomous variable with 11 
categories, called ambaid was constructed. In the first stage a model for base-
line data was developed where the relationship between patients’ response to 
an item and their level of disability was modeled as ordered categorical data. 
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Item Characteristic Curves (ICC) were used to quantify and visualize that re-
lationship101. Observed scores for each EDSS item were modeled describing 
the probability of a given score as a function of patients’ disability variable 
using a logistic model:  ( ≥ ) = ( , )1 + ( , ) Eq.10 

With bj and aj representing a discriminarion parameter and the slope of the 
ICC at that point respectively, and Di representing unobserved IRT disability 
of patient i. Parameters aj and bj characterizing item specific parameters were 
modeled as fixed effects, while the IRT disability D was modeled as subject-
specific random effect, assuming normal distribution with a mean of zero and 
fixed variance of 1. The assumed scale of D is an arbitrary scale that can take 
any value from –∞ to +∞. In the case when scores of an item were not repre-
sented in the analysis dataset, merging of scores with a closest observed score 
was performed. 

Biomarker driven endpoint models 
Once the models for individual components were developed (exposure driven 
models for ALC, RR, BoD and EDSS), their interplay was investigated. ALC 
was proposed as predictor of RR, BoD and EDSS dynamics. Also, it was in-
vestigated if BoD alone or together with ALC is a potential predictor of 
change in EDSS. 

A sequential modeling of biomarker and respective clinical endpoints 
called Individual PK Parameters (IPP)102,103 and IPP with standard errors 
(IPPSE)104 that relies on a modal Bayesian estimates of the individual param-
eters prior derived from the biomarker model, and their uncertainties for 
IPPSE approach, were applied in these analyses.  

Simulations based diagnostics were used to evaluate the predictive perfor-
mance of intermediate and final models. Standard visual predictive checks 
(VPC) were used for models for continuous data105 and Kaplan-Meier VPC 
for time-to-event and dropout data. For the item level data in the IRT model 
(ordered categorical data), an adapted version of VPC was used106. Typically, 
95% confidence interval were computed from 200 Monte Carlo simulation 
replicates of the original dataset. The agreement between observations and 
simulations was graphically assessed.  

Model precision was assessed using relative standard errors (RSE). RSEs 
were obtained using either the sandwich estimator of the covariance matrix as 
implemented in NONMEM, the non-parametric bootstrap or the sampling im-
portance resampling (SIR) implemented in PsN107. 
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Item information  
Based on the IRT model (Eq.3), the Fisher information for IRT disability was 
calculated for each item constituting EDSS as minus the expectation of the 
second derivative of the log-likelihood. The information content for each item 
was then computed for the studied population and items were ranked accord-
ing to the amount of information they contained. 

Power estimation 
In order to assess the influence of different study design features, a trial sim-
ulation approach was applied for power calculations of a hypothetical Phase 
III MS study. Parallel group study including a placebo and two active arms 
was simulated. The study design was matching to the design of the CLARITY 
trial. EDSS profiles were simulated using estimates from the developed IRT 
model108.  

Two model-based power calculation methods were used: Stochastic Simu-
lations and Estimations (SSE) and Monte Carlo mapped power (MCMP) (as 
implemented in PsN version 3.499). 

The SSE method is based on multiple simulations and re-estimations of the 
full and a reduced model. For each replicate, an estimate of the power of the 
study for a given design is computed. This process is carried out iteratively 
for each study design of interest.  

MCMP was proposed by Vong et al.109 and is based on the hypothesis test-
ing principle of the LRT with as main advantage the requirement of only a 
single simulation and estimation step. A large data set is simulated and gener-
ated data are subsequently estimated with a full and a reduced model, provid-
ing a large pool of values of individual OFV (iOFV) for both models. The 
difference between two (ΔiOFV) is sampled and summed (∑ΔiOFVs) for each 
study at each sample size of interest, and the percentage of ∑ΔiOFVs greater 
than the significance criterion is taken as the power.  

Two NLME models for EDSS were compared: the IRT model108 and a pre-
viously developed NLME model treating EDSS as a bounded continuous var-
iable86. The IRT model was used to generate simulated EDSS item scores, and 
EDSS composite scores were then derived. The estimations were based on 
either (a) only the IRT model or (b) both the IRT and the continuous composite 
models. In addition, the influence of different trial aspects (e.g., number of 
items in composite assessment, drug effect magnitude and nature, study pop-
ulation, trial duration, or assessment frequency) on the power was assessed by 
varying them in the simulations from the IRT model (Table 5). 
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Table 5. Summary of simulation settings 

Trial setting Values EDSS model Method 

Number EDSS items 1,2,3,4 or 8 items IRT MCMP 

Size drug effect 
0,0.25,0.5,1*Emax+DM 
0,0.25,0.5,1*DM+Off

IRT 
Continuous

MCMP 

Study population 
characteristics 

Severity: -1,-0.5,0,0.5,1 
Heterogeneity: 0.5,1, 1.5, 2

IRT 
Continuous

MCMP 

Trial duration 2 – 24 months IRT SSE
EDSS assessment  
frequency 

Every 3, 6, 9 or 12 months IRT SSE 
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Results and Discussion 

Population PK of cladribine (Paper I) 
The PK of cladribine and CAde were simultaneously modeled, and well de-
scribed with three- and one-compartment models, respectively. Availability 
of urine and metabolite data allowed for estimation of separate renal and non-
renal clearance for both cladribine and CAde. The structure of the final model 
is shown in Figure 4. 

 
Figure 4. Schematic representation of the final model (CdA: cladribine, Ka: absorp-
tion constant, Ktr: transfer rate constant, F: bioavailability, TC2: 2nd transit compart-
ment , TCn: nth transit compartment, per 1: 1st peripheral compartment, per 2: 2nd pe-
ripheral compartment, CL: clearance, CRCL: creatinine clearance, CAde: 2-chloro-
adenine) 

The renal clearance of cladribine was close to 50% of total elimination, and 
was found to be a linear function of creatinine clearance (CRCL). On the other 
hand, renal clearance was a minor elimination pathway for the metabolite and 
was best described with a saturable model.  
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A first order absorption model was sufficient to describe the absorption of 
cladribine in absence of food. Bioavailability after oral administration was es-
timated to be 45.6%. Once data from the fed state were added, a transit com-
partment model improved the fit significantly, suggesting that co-administra-
tion with food resulted in a delayed absorption and an overall reduction of 
bioavailability to 40.5%.  

The influence of co-administration of IFNβ-1a , the current gold standard 
for symptomatic treatment of MS, was assessed. Co-administration of IFNβ-
1a increased the CLNR by 22%. This didn’t have a significant impact on 
cladribine exposure due to the even split of the elimination between renal and 
non-renal pathways. 

Final model parameter estimates, together with corresponding uncertainties 
are listed in Table 6. Thanks to the rich data and informative designs of Phase 
I studies, both parent and metabolite plasma profiles were well described, as 
indicated by relatively low residual variabilities. Residual variability of uri-
nary data was rather high, which can be attributed to more erratic nature of the 
urinary data. Variability in cladribine pharmacokinetics parameters appeared 
to be relatively small, owing to the complex model structure which describes 
well the interplay between cladribine and CAde in plasma and urine. The fit 
of the model to the data following single oral administration of cladribine is 
demonstrated by the VPC in Figure 5.  

According to the model, the renal component of CL in subjects with renal 
impairment can be assessed. The resulting (predicted) drop in the total clear-
ance is 19%, 30% and 40% for subjects with mild (CLCR = 65 ml/min), mod-
erate (CLCR = 40 ml/min) and severe (CLCR = 20ml/min) renal impairment, 
respectively. 

The developed model is the first population PK model to describe 
cladribine and its main metabolite CAde simultaneously in RRMS patients, 
after both IV and oral administration of cladribine. These results are in line 
with previous findings from a previous population analysis of cladribine’s PK 
in cancer patients110. Overall the total clearance appeared to be somewhat 
higher than previously reported value (45.6 L/h vs. 39.3 L/h); however once 
the results are adjusted for differences in the mean creatinine clearance be-
tween study populations, those differences become minor (40.5 L/h vs. 39.3 
L/h). 
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Table 6. Parameter estimates with uncertainty of the final model 

Parameter Final model RSEd, % 

Cladribine 

CLR coefficientb 

(typical patient with CLCR=6.31L/h) [L/h]  
3.52 
(22.2 ) 

9 

CLNR [L/h]  23.4 10 

Central Volume [L]  44.0 23 

Intercompartmental Q3 [L/h]  14.3 8 

Intercompartmental Q4 [L/h]  53.7 19 

Peripheral volume V3 [L]  347 6 

Peripheral volume V4 [L]  89.5 8 

Absorption rate constant [h-1] 1.08 21 

Absorption rate constant (unknown/fed state) [h-1] 1.03 12 

Bioavailability  0.456 7 

Bioavailability (unknown/fed state) 0.4 5 

Lag time for Phase III [h] 0.319 12 

Mean transit time (fed state) [h] 0.910 11 

Number of transit compartments 2.24 27 

Fold increase in CLNR in presence of IFNß-1a  1.21 8 

IIVCLNR 0.00574 64 

IIV V 0.209 72 

IIV Q3,Q4,V3,V4 0.0365 28 

IIV Ka 0.102 62 

IIV Fa 0.223 19 

IIV Residual variability 0.159 17 

RUV  plasma intravenous [%] 20.0 11 

RUV  plasma oral [%] 34.7 16 

RUVplasma oral (Study 26127, 26486) [%] 22.8 6 

RUV  plasma oral (Study 25643) [%] 35.3 7 

RUV  urine [%] 87.1 11 

2-chloroadenine (CAde) 

CLR
b – Vmax [μg/h]  0.00280 25 

CLR
b –Km [ng/L]  0.0114 58 

Apparent hepatic CL [L/h]c 653 11 

Apparent central volume V [L]c 365 13 

RUV  plasma [%] 34.3 20 

RUV  plasma (Study 25643) [%] 31.8 76 

RUV  urine [%] 104 14 
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Abbreviations: CLCR :creatinine clearance; CLNR :non-renal clearance; CLR :renal clear-
ance; Km :metabolite concentration at which half maximal renal clearance rate is achieved; 
Q3 : inter-compartment clearance between central and first peripheral compartment; Q4 : in-
ter-compartment clearance between central and second peripheral compartment;  RSE : rel-
ative standard error; V3 : peripheral one compartment volume of distribution; V4 : peripheral 
two compartment volume of distribution; Vmax :maximal CLR rate for metabolite; BSV : 
inter-individual variability for random effects distribution of parameter; RUV: proportional 
component of residual variability  
a Variance on a logit scale 
b CLR= Vmax*CM/(KM+CM); saturable elimination, CM = metabolite concentration 
c Corrected for the fraction metabolized to Cade 
dobtained by non-parametric bootstrap method  

 

 
Figure 5. Visual predictive checks for cladribine and CAde in plasma and urine after 
orally administered cladribine. Light blue shaded area: simulated median with un-
certainty; pink shaded area: simulated 5th and 95th percentiles with uncertainty; 
solid blue line: observed median; dashed blue line: observed 5th and 95th percen-
tiles. (CdA: cladribine, md: multiple dosing, Cade: 2-chloroadenine) 

Population PD of cladribine (Paper II-III) 
In the exposure-response analysis, measures of ALC, BoD, RR and EDSS 
were modeled. EDSS was modeled using two approaches by treating it as a 
continuous composite score and by use of IRT methodology.  
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ALC 
The ALC data was Box-Cox transformed with a parameter of 0.2 before anal-
ysis as this has demonstrated to result in a more symmetrical distribution of 
residuals around zero compared with untransformed data of this type111,112. 

An indirect response model where the loss of circulating lymphocytes (kout) 
was stimulated through an Emax drug-effect relationship to cladribine exposure 
was used to describe the ALC data. The PK of cladribine was described using 
a one-compartment model with bolus input and first order elimination. The 
best structural model for the ALC time-course was then defined as follows: 
 	= 	− ∗ 1 + ∗+ ∗ ( ) Eq.11 

where kin is a zero-order rate constant describing build-up of response (lym-
phocyte production rate), kout is a first-order rate constant describing loss of 
response (lymphocyte perish rate), ALC(t) is the ALC at time t, Emax is the 
maximum effect on the lymphocyte perish rate and C50 is the potency, i.e., the 
cladribien exposure (CP) that is required to reach 50% of Emax. 

Parameter estimates from the final model with covariate effects included, 
estimated on data from CLARITY and CLARITY EXT trials are reported in 
Table 7 along with uncertainties. Gender was detected as a significant covari-
ate effect on C50 drug effect parameter. A better fit was obtained for the ALC0 
BSV term when the random effect was described with the use of a Box-Cox 
transformation, with one estimated parameter controlling the shape of the dis-
tribution113. A VPC for the final ALC model obtained from 200 Monte Carlo 
simulations is shown in Figure 6. The VPCs demonstrate a good agreement 
between observed and simulated ALC.  

Table 7. Parameter estimates and uncertainties for the ALC model 

Parameter Typical value (RSE%)a IIV CV% (RSE%) 

ALC0 (109 cells/L) 1.89 (0.8) 24.6 (2.3)
MRT (years)b 2.4 (2.5) 51.1 (3.7)
C50 (µg/L) 32.6 (8.1) 64.7 (4.1)
Emax 457 (8.4) -
Box-Cox ALC0 -0.327 (27) -
ΘC50,male 0.301 (13) -
σadd 0.22 (1.1) -
 a Obtained by NONMEM covariance step using the sandwich variance estimator (default).  
The relative standard errors for between-subject variability are reported on the approximate 
standard deviation scale (standard error/variance estimate)/2.
 b Correlation between individual estimates of MRT and C50 was estimated to -76.6% (4.2 
%RSE) 
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Figure 6. VPC for the ALC model stratified by treatment arm. The graph shows the 
observed median (solid blue line) and 2.5th and 97.5th percentiles (lower and upper 
dashed blue lines, respectively). The observed data is compared with the 95 % confi-
dence interval for the median (orange shaded area) and the 2.5th and 97.5th percen-
tiles (lower and upper light-grey shaded area, respectively) of the simulated data. 
The blue dashed line denotes the upper limit for lymphopenia of Grade 1 (1.0*109 
cells/L). The red dashed lines denote upper limits for lymphopenia of Grades 2, 3 
and 4 (0.8, 0.5 and 0.2*109 cells/L, respectively). Abbreviations: C cladribine; P: 
placebo.  

The long-lasting effect in this model is carried by a long life-span for the av-
erage lymphocyte of 2.4 years. This is in good agreement with a reported MRT 
of 2.88 years114, but it should be recognized that the lymphocyte pool is het-
erogeneous and its dynamics are complex. 

A comparable ALC model was previously developed for S1P-receptor 
modulators (e.g. fingolimod, ponesimod, siponimod), with the difference that 
the drug inhibited the ALC production kin (instead of stimulating the kout in 
our model) which is in line with the mechanism of action of S1P-receptor 
modulators, in which lymphocytes are retained within lymph nodes115-117. 

The developed model provides a valid representation of the ALC dynamics 
observed following treatment with cladribine tablets according to different 
schedules in subjects with RRMS. 

Relapse rate 
The PK of cladribine was implemented in the same way for all PD endpoints. 
As PK data was not available in the dataset, knowledge from a population PK 
analysis of cladribine in MS subjects and from previous implementation in 
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population pharmacodynamic analysis of cladribine in MS subjects86 was ap-
plied. The population PK analysis found that the total clearance of cladribine 
is the sum of non-renal and renal clearance, with CLCR,i,t found to be a statis-
tically significant covariate for renal clearance118.  

For this reason, a previously reported analysis based on data from the 
CLARITY trial utilized the recorded CLCR,i,t to adjust the cumulative amount 
of cladribine (in total mg) received up until the time of observation, t, to a 
measure for cladribine exposure in the individual subject, described according 
to: , = , ,, , ∗ ,  Eq.12 

where Expsi,t is the individual measure for cladribine exposure at time t, cal-
culated as the individual cumulative amount of cladribine received at time t 
(DOSEcumulative,i,t), adjusted for the individual calculated CLCR,i,t at time t, cen-
tered on the CLCR population median (CLCR,med). This measure for cladribine 
exposure is proportional to the systemic (cumulative) exposure with units 
given in amount (mg), not in concentration.  

As the time during which there is significant systemic exposure of 
cladribine is relatively short, the implementation described above utilized the 
cumulative amount of cladribine as the driver for the observed long-lasting 
effect. This implementation is not expected to be appropriate upon extension 
of the observation period (inclusion of CLARITY EXT data), with variable 
time gap between trials, or with cross-over designs. Therefore, an exponential 
decay in the effect driver (cumulative amount of cladribine administered ad-
justed for individual creatinine clearance) estimated based on the data was 
implemented (which means that the progressive and slow disappearance of 
effect is assigned to decay in the effect driver). The effect driver would thus 
be conceived as an extended exposure of cladribine, acting as an intermediate 
between the short systemic exposure and the long-lasting effect. The imple-
mentation utilized a separate expression for each of the weekly treatments, as 
in: , , 	 = , , , ∗ , ∗ ∗( ) Eq.13 

where Expsi,t,week n is the individual measure of cladribine extended exposure 
at time t for weekly treatment n, calculated as the individual total amount of 
cladribine received during weekly treatment n (DOSEi,week n), adjusted by the 
individual calculated CLCR,i,t at time t, centered on the CLCR population median 
(CLCR,med). For the exponential expression, κ is an estimated parameter (a first-
order rate constant) describing the decay in cladribine extended exposure, t is 
the time since first dose and Tdose is the time of the first day of weekly treat-
ment n. The summation of the Expsi,t,week n expressions relative to each weekly 
treatment was then used to drive the drug-effect relationship, according to: 
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, = , ,  Eq.14 

where ExpsECEi,t represents the extended exposure in the individual at time t.  
Relapse rate data were analyzed using parametric repeated time to event 
(RTTE) methodology. The final model described the time to occurrence and 
re-occurrence of qualifying relapses using a Weibull distribution with a de-
creasing hazard over time, with an inhibitory Emax drug-effect relationship in-
cluded on the hazard, driven by cladribine exposure in the effect compartment. 
 ℎ( ) = ∗ ∗ ( ∗ ) ∗ (1 − ∗ ,+ , ) Eq.15 

where λ and γ  represent the scale and shape factor of the Weibull distribution, 
respectively, Emax and D50 are estimated drug-effect parameters corresponding 
to the maximum obtainable effect and the cumulative amount of cladribine 
administered (in total mg) resulting in 50% of maximum effect. The expres-
sion ExpsECEi,t represents a time-varying measure for cladribine exposure 
(proportional to the cumulative amount of cladribine administered in the indi-
vidual until time t (in total mg) normalized by CLCR,i,t), as described above in 
Eq.15. 

The covariate analysis found that the covariate EXNB was a significant 
explanatory covariate when included on the baseline hazard through the scale 
parameter λ. Parameter estimates obtained from models estimated on data 
from the CLARITY and CLARITY Ext trials are reported in Table 8 together 
with uncertainties. To further assess the drug-effect relationship, Kaplan-
Meier VPCs were produced for the final model and stratified on treatment 
regimen, and it showed that the model can predict the observed data satisfac-
torily across the treatment arms. 

Table 8. Parameter estimates and uncertainties for the RR model 

Parameter Typical value (RSE%)a IIV CV% (RSE%) 

λ (years-1) 0.11 (1.7) 132 (4.8)
γ 0.759 (3.3) -
D50 (mg) 47.7 (39) -
Emax 0.700 (10) -
ΘEXNB,LM 0.415 (23) -
κ (years-1) 0.467 (31) - 
a Obtained by NONMEM covariance step using the sandwich variance estimator (default).  
The relative standard errors for IIV are reported on the approximate standard deviation scale 
(standard error/variance estimate)/2.

The developed model provides a good description of the time to occurrence 
(and re-occurrence) of qualifying relapses, following treatment with 
cladribine tablets according to different regimens in subjects with RRMS. 
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BoD 
The model was based on the previously developed model by Savic et al.95 and 
described MRI BoD observations as a continuous variable arising from an in-
direct response model, as in: = − ∗  Eq.16 

where kin represents the zero-order production rate, and kout represents the first-
order disappearance rate of MRI BoD. Disappearance rate (parameterized as 
a half-life) and S0,i (MRI BoD baseline) were estimated, with kin defined ac-
cording to: = ∗ ,  Eq.17 

Time component was added in a linear fashion to investigate possible trends 
over time in burden of disease. However, available data did not show signifi-
cant trends over time, and did not support the inclusion of disease progression. 
The distribution of S0,i was found to be right skewed, and a Box-Cox transfor-
mation was implemented to handle this113. The cladribine effect was best de-
scribed with an Emax function inhibiting the production of BoDs (kin), as in:  = ∗ 1 − ∗ ,+ , − ∗  Eq.18 

where Emax and D50 are estimated drug-effect parameters corresponding to the 
maximum obtainable effect and the drug potency describing the cumulative 
amount of cladribine administered (in total mg) needed to reach half of the 
maximum effect. 

Cladribine treatment resulted in demonstrable benefit in reducing lesion 
load relative to placebo with an estimated maximal effect of 66%. The 
cladribine dose found to produce half maximal effect, 15mg, was rather low. 
However, this effect was not seen immediately as the half-life (HL) of disap-
pearance of BoD was estimated to be 1076 days.  

During exploration of the raw data it was noted that there were some in-
consistencies in BoD data between CLA and CLA EXT trials in certain pro-
portion of individuals, likely linked to a change in the methodology of meas-
uring T2 volume. To accommodate this phenomenon, a mixture model was 
used, which resulted in significant improvement of the fit119. Here the model 
is defined so that two subpopulations are allowed: subpopulation with scaling 
constant equal to 1 and a subpopulation for which the scaling constant is esti-
mated together with the likelihood that can be ascribed to each subpopulation. 
The proportion of patients belonging to a subpopulation having a scaling con-
stant (SCONmix2) of 1.57 was estimated to be 0.566 (1-Pmix1), meaning that 
those patients will typically have 57% higher predictions during CLA EXT. 
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The covariate analysis found that years since MS diagnosis (MSD) and age 
were statistically significant explanatory variables when included as continu-
ous relationships on MRI BoD baseline (S0,i), and that subject age was a sta-
tistically significant explanatory variable when included as a continuous rela-
tionship on the maximum drug-effect (Emax).  

The final parameter estimates are reported in Table 9. Model evaluation by 
VPC showed that the model well captured the BoD dynamics both in placebo 
and cladribine tablets treated patients. 

Table 9. Parameter estimates and uncertainties for the BoD model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

S0 9801 (3) 0.994 (2)
HL (days-1) 1076 (13) -
Box-Cox S0 -0.167 (15) -
ΘMSD,S0 (years-1) 0.0435 (13) -
ΘAGE,S0 (years-1) -0.0109 (22) -
ΘAGE,ALEMAX (years-1) -0.0083 (30) -
EC50  14.7 (55) -
Emax 0.66 (9) -
SCONmix2 1.57 (3) -
Pmix1 0.434 (9) -
σ 26.9 (4) -
σext,mix2 11.1 (8) - 

 a Obtained by NONMEM covariance step using the sandwich variance estimator (default).  
The relative standard errors for IIV are reported on the approximate standard deviation scale 
(standard error/variance estimate)/2.
 b Reported on standard deviation scale 

EDSS 
Continuous approach 
A continuous model with a linear disease progression (DP) was developed. 
The model was constrained to have predictions between 0 and 10 using a logit-
transform, as follows: = 10 ∗ 1(1 + ( )) Eq.19 

where  is the individual model prediction on the normal, observed, 
scale and logitEDSS is the unconstrained model prediction of the EDSS. 

By model definition, the disease progression was linked to the disease ac-
tivity, resulting in higher rate of progression with higher EDSS. For descrip-
tion of cladribine treatment, a disease modifying effect was incorporated using 
an Emax drug-effect relationship with extended first-order exposure on the pro-
gression of logitEDSS, as in: 
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= − ∗ ,+ ,  Eq.20 

where logitEDSSt=0 is equal to baseline EDSS(S0). The final parameter esti-
mates are reported in Table 10. Box-Cox transformation of all three random 
effects with estimated Box-Cox parameter provided an improvement of the 
fit. The additive BSV term associated with DP allowed both worsening and 
bettering of EDSS. This made the model very flexible in the description of 
disease progression and was expected to result in a better estimate of the true 
drug-effect, compared to forcing the disease progression to always be positive. 

To model residual unexplained variability (RUV), an additive error model 
was used on the unconstrained EDSS model prediction. To improve further 
the model stability an additional additive RUV term was included with a fixed 
variance. 

In the covariate search, it was found that patients with higher age and MSD 
had a higher S0. The negative estimates of the covariate effects are the result 
of EDSS being modeled in the unconstrained space.  

Table 10. Parameter estimates and uncertainties for the EDSS model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

S0 -0.972 (2.3) 0.667
DP (years-1) 0.0283 (20) 0.101
D50 (mg) 24.5 (37) -
Emax 0.0176 (37) 3.178
Box-Cox S0 -0.317 (17) -
Box-Cox NDP 8.29 (32) -
Box-Cox Emax -0.179 (6.6) -
ΘMSD,S0 (years-1) -0.0198 (13) -
ΘAGE,S0 (years-1) -0.0129 (16) -
κ (years-1) 1.28 (13) -
σadd 0.150 (4.1) -
σadd 0.316 (FIXED) - 

 a Obtained by NONMEM covariance step using the sandwich variance estimator (default).  
The relative standard errors for IIV are reported on the approximate standard deviation scale 
(standard error/variance estimate)/2.
 b Reported on standard deviation scale 
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IRT approach  
Using the data from CLARITY, IRT methodology has been successfully im-
plemented for the first time to model EDSS in patients with RRMS. The final 
baseline model contained 8 ordered categorical submodels (7 models corre-
sponding to 7 FS and 1 describing the ambaid item constructed out of ambu-
lation and reliance on aid) in which a total of 42 item specific parameters were 
estimated. The obtained ICCs are shown in Figure 7, illustrating that a person 
with higher IRT disability has a higher probability of increased scores for each 
item. Noteworthy are the low slope parameter of 0.49 for visual, meaning that 
a large increase in IRT disability only yields a small increase in the probability 
for an increased score on this item, and the high slope parameter value of 3.5 
for ambaid resulting in a high discrimination power in IRT disability around 
the bi value of each score in this item. 
 

 
Figure 7. Item characteristic curves per item: probability of occurrence of each score 
as a function of IRT disability at baseline (with positive values of disability indicat-
ing a higher disability than the disability of the typical patient) 

Figure 7 also highlights that the score of 0 is the most frequently observed, 
for most of the items. Also, the probability for a score of 0 drops quickly as 
the IRT disability increases, except for ambaid item where probability of hav-
ing score of 0 remains 100% with increasing IRT disability until a certain level 
of IRT disability is reached. This is in line with common clinical knowledge 
that only patients with advanced stage of the disease will start experiencing 
impaired ambulation (EDSS higher than score of 4). 
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Probability curves for different scores of some items (e.g. mental) overlap 
over a range of IRT disability levels, indicating that a specific item doesn’t 
differentiate well between those scores for a given range of IRT disability.  

The disease progression was best described with a power model with a signif-
icant positive correlation of 0.59 (p<0.001) observed between baseline IRT 
disability and the disease progression rate, indicating that patients with higher 
IRT disability at baseline are likely to progress faster. The effect of cladribine 
on IRT disability was best described using both exposure-dependent and ex-
posure-independent drug effects, according to the following equation: D (t) = D , + α ∗ t ∗ (1 − EffD) − Emax ∗ ExpsExps + Exps  Eq.21 

with IRT disability at baseline (D0), disease progression rate (α), power con-
stant (pwr), maximal exposure-dependent drug effect (Emax), exposure 
needed for half maximal effect (Exps50) and constant exposure-independent 
drug effect (EffD).  

The final model suggested that cladribine treatment significantly (p<0.001) 
slowed the disease-progression rate, with a 20% decrease in disease progres-
sion rate compared to placebo, irrespective of exposure. The model also de-
scribed an exposure dependent decrease in IRT disability in patients treated 
with cladribine tablets with a cumulative dose of 407 mg being needed for half 
maximal (exposure-dependent) effect in a typical patient. Final parameter es-
timates for this model are shown in Table 11. The item-level VPC, with the 
example of brainstem item, in Figure 8 shows that for the duration of the trial 
there is a good agreement between observed and predicted scores. The ade-
quate performance of the model was confirmed on total EDSS level.   

Table 11. Parameter estimates and uncertainties for the IRT model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

α (years-1)c 0.087 (6.5) 0.199 (6.9)
pwr 0.707 (3.6) -
Emax 0.171 (5.3) 2.20 (9.2)
Exp50 (mg) 406.8 (4.8) -
EffD 0.228 (18.6) - 

 a Obtained by bootstrap method (n=100) in NONMEM 
 b Reported on standard deviation scale
 c Correlation between individual estimates of baseline disability and slope was estimated to 
0.113 (18.6 %RSE)
 
Coefficients for covariate-parameter relationships were obtained from the ra-
tio of covariance between parameter and covariate variability to the covariate 
variance. Covariate analysis revealed that baseline IRT disability was corre-
lated with age, duration of disease, and EXNB with coefficients of 0.027, 
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0.037 and 0.075 respectively. This means for instance, that a typical patient of 
58 years, who is 20 years older than the population’s mean of 38 years, will 
have a baseline IRT disability that is 0.54 (i.e. 20*0.027) units higher on the 
disability scale, than the IRT disability of a typical patient with the mean age 
in this population. Similarly, there is a 7.5% increase in baseline IRT disability 
per number of relapses (>1) in the year previous to the study. Coefficients for 
covariates effects on the slope of disease progression were 0.0053, 0.0054 and 
0.05 for age, duration of disease and EXNB respectively. Figure 9 illustrates 
how much of variability in baseline disability and in disease progression slope, 
respectively, can be explained by the investigated covariates: age, MSD and 
EXNB. 

 
Figure 8. Visual predictive checks (VPCs) describing the time-courses of each score 
for the brainstem item. Median (blue solid line) of the observed data is compared to 
the 95% prediction interval (gray shaded area) for the simulated data 

 
Figure 9. Impact of covariates on the variability of baseline IRT disability (left 
panel) and disease progression slope (right panel) 
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The IRT methodology has been applied here to ordered categorical data, but 
it has been shown by Ueckert et al. that it is equally suitable for other types of 
non-continuous data, such as binary or count data16. 

Biomarker driven endpoint models (Paper II,V) 
The key pharmacodynamic effect of cladribine is an exposure-dependent re-
duction in the ALC, which is believed to be linked to clinical benefits of 
cladribine administration. This served as a rationale for exploring the sequen-
tial linkage between cladribine exposure, biomarker(s) and clinical end-
point(s). A series of biomarker driven endpoint models was developed to this 
end. 

The effect of ALC was included as an independent variable in RR, BoD 
and EDSS models. ALC derived measure DALC was used as a driver of the 
ALC effect. DALC was defined as the relative change of the individual model-
predicted ALC at time t (ALCi,t) from the individual model-predicited baseline 
(ALC0,i), as follows: 

, = 1 − ,,  Eq.22 

The statistically significant parameter-covariate relationship from previously 
developed models were kept without re-testing. 

ALC-RR 
The relapse rate was described by a Weibull hazard function with estimated 
scale (λ) and shape factor (γ). Exponential IIV was included on λ and on the 
maximal effect of the ALC effect (ALEmax). 

 = ∗ 1 − , ∗ ,+ , ∗ ∗ ( ∗ )  Eq.23 

The parameters of the final model with precision estimated from the SIR 
method are listed in Table 12. The maximal effect of ALC was estimated to 
be 0.973. DALC50 was estimated to be 0.334 and fell within the observed 
range of cladribine-induced reduction of ALC. Therefore, a 33% decrease in 
ALC is needed for a 49% decrease in hazard of occurrence of relapse.  

Kaplan-Meier VPCs of the fit of the RTTE model to the RR data is dis-
played in Figure 10, and showed good agreement between observed and 
model simulated data.  
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Table 12. Parameter estimates and uncertainties for the ALC-RR model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

λ (years-1) 0.109 (12) 1.389 (12)
γ 0.761 (3) -
DALC50  0.334 (52) -
ALEmax 0.973 (1) 2.773c (13)

ΘEXNB,male 
0.302 (17) - 

 a Obtained by Sampling Importance Resampling method. The relative standard errors for 
IIV are reported on the approximate standard deviation scale (standard error/variance esti-
mate)/2  
 b Reported on standard deviation scale
 c Logit transformed to guarantee that no individual ALEmax prediction is higher than 1 

The developed ALC-RR model had lower OFV (p<0.01) than the drug effect 
RR model and comparable simulation properties. Including both an ALC and 
a drug effect in the model didn’t improve the model fit in comparison to ALC 
effect alone, suggesting that all or most of the cladribine effect on relapse rate 
was carried by ALC. 

Of the limited number of reported models for RR, the developed model 
shows most similarity to the work presented by Lee at al.120. However their 
analysis used the average lymphocyte count at steady state and annualized 
relapse rate, resulting in a loss of information regarding ALC time course and 
exact time of occurrence of relapses. 

 

 
Figure 10. Kaplan-Meier VPC for the first qualifying relapse stratified by treatment 
arm.  The blue line represents the observed Kaplan-Meier curve while the grey 
shaded area is the 95% prediction interval based on model simulations. Relapse-free 
Survival is defined as percentage of subjects that does not experience a relapse 
through the period of observation. Abbreviations: C: cladribine; P: placebo.  
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ALC-BoD 
MRI BoD was modeled as a continuous variable using an indirect response 
model with an inhibitory Emax ALC effect relationship implemented on the 
rate constant describing production (or build-up) of MRI BoD.  
 = ∗ (1 − , ∗ ,+ , ) − ∗  Eq.24 

As for the drug effect BoD model, the model was parametrized in terms of 
half-life (HL) of decline rate and BoD baseline (S0). To account for individual 
differences in the S0, an IIV term was included. A Box-Cox transformation 
was included to normalize its distribution.  The mixture models was included 
in the same way as for the drug effect model. Final parameter estimates to-
gether with corresponding uncertainties are shown in Table 13. BoD lesions 
appeared to be very sensitive to reduction in ALC following cladribine admin-
istration, with an estimated maximal effect of 69% relative reduction in lesion 
volume compared to placebo treated patients. The reduction in ALC (DALC) 
found to produce half-maximal effect was rather low (4%). To fully appreciate 
the extent and time course of cladribine effect mediated thru ALC changes, 
the half-life of decline of BoD lesions needs to be taken into account, and was 
here estimated to be 1126 days.  

Table 13. Parameter estimates and uncertainties for the ALC-BoD model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

S0 9794 (3) 0.994 (2)
HL (days-1) 1126 (13) -
Box-Cox S0 -0.168 (15) -
ΘMSD,S0 (years-1) 0.0433 (13) -
ΘAGE,S0 (years-1) -0.0109 (22) -
ΘAGE,ALEMAX (years-1) -0.00729 (30) -
DALC50  0.0357 (55) -
ALEmax 0.668 (9) -
SCONmix2 1.57 (3) -
Pmix1 0.434 (9) -
σc 26.9% (4) -
σext,mix2

c 11% (8) - 

 a Obtained by NONMEM covariance step using the sandwich variance estimator (default).  
The relative standard errors for IIV are reported on the approximate standard deviation scale 
(standard error/variance estimate)/2.
 b Reported on standard deviation scale
 c The epsilon shrinkage was estimated to 5.6% 

A VPC presenting the general descriptive capabilities of the model per treat-
ment arm is shown in Figure 11. Drug effect and ALC driven BoD models 
gave very similar OFVs, suggesting that once DALC is included in the model, 
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the need for drug effect component disappears. Performed simulation based 
diagnostics demonstrated practically identical fit of the two models to the 
CLA/CLA EXT data.  

 

 
Figure 11. Visual predictive check for the ALC-BoD model stratified by treatment 
arm. The graph shows the observed median (solid blue line) and 2.5th and 97.5th per-
centiles (lower and upper dashed blue lines, respectively). The observed data is com-
pared with the 95 % confidence interval for the median (orange shaded area) and the 
2.5th and 97.5th percentiles (lower and upper light-grey shaded area, respectively) of 
the simulated data. Abbreviations: C: cladribine:; P: placebo.  

ALC-EDSS 
Continuous approach 
The same continuous methodology was used as for the drug effect-EDSS 
model to link ALC to EDSS. EDSS data were model in the unconstrained 
space with individual predictions kept in the 0-10 range through a logit trans-
formation. A model with linear disease progression (DP) on the logit scale 
provided the best fit.    
 = − , ∗ ,+ ,  Eq.25 

IIV was included on EDSS baseline (S0), DP and ALEmax. DP and ALEmax 
were found to be correlated signifying that patients with faster disease pro-
gression tend to have a higher maximal effect of ALC on EDSS dynamics. 
The parameter estimates and uncertainties are shown in Table 14. Model esti-
mates of DALC50 and ALEmax suggest that a 77% reduction in ALC is 
needed to reach 25% of the maximal effect.  
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Table 14. Parameter estimates and uncertainties for the ALC-EDSS model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

S0 -0.982 (2) 0.669(2) 

DP (years-1) 0.0426 (12) 0.121 (4)
Box-Cox S0 -0.316 (15) -
Box-Cox NDP 7.08 (9) -
Box-Cox ALEMAX -0.135 (20) -
ΘMSD,S0 (years-1) -0.019 (13) -
ΘAGE,S0 (years-1) -0.012 (16) -
ALEmax 0.189 (14) 0.14 (4)
DALC50 2.305 (12) -
σadd 0.149 (4) -
σadd 0.316 (FIXED) - 

 a Obtained by NONMEM covariance step using the sandwich variance estimator (default).  
The relative standard errors for IIV are reported on the approximate standard deviation scale 
(standard error/variance estimate)/2  
 b Reported on standard deviation scale 
 c Correlation between individual estimates of DP and ALEmax estimated to 53% (6% RSE) 

The model was evaluated using VPCs stratified by treatment arm (Figure 12) 
based on the actual design. In the simulations, the simulated EDSS was 
rounded to take on values in agreement with the clinical scale (i.e. 0, 1, 1.5, 2, 
etc.). Dropout was taken into account in these simulations.  

 

 
Figure 12. VPC for the ALC-EDSS model stratified by treatment arm. The graph 
shows the observed median (solid blue line) and 2.5th and 97.5th percentiles (lower 
and upper dashed blue lines, respectively). The observed data is compared with the 
95 % confidence interval for the median (orange shaded area) and the 2.5th and 
97.5th percentiles (lower and upper light-grey shaded area, respectively) of the simu-
lated data. 
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The ALC-EDSS model had slightly lower OFV and comparable simulation 
properties to the previously developed drug effect EDSS model. Another im-
portant finding is that ALC effect and drug effect were both significant in 
presence of one another, suggesting that they both are explaining part of EDSS 
dynamics following administration of cladribine tablets.   

Cladribine is characterized by short systemic exposure and long lasting ef-
fect that is attributed to cladribine induced sustained reduction in circulating 
lymphocytes. This “time disconnect” is accounted for by implementation of 
an exponential decay in the effect driver in the drug effect EDSS model. In 
the case of ALC driven model, this adjustment is not needed as long-lasting 
effect is already reflected in ALC dynamics, which greatly simplifies the 
model. The same applies for modeling of RR.  

Model predictions  
The described models were used to predict relapse-free survival and EDSS 
over four years, following the five treatment sequences compared with pla-
cebo. As illustrated in Figure 13, cladribine demonstrated a clear drug effect, 
accounted for via individual ALC changes from baseline, and reflected in dif-
ferences in respective clinical outcomes. Only small differences were pre-
dicted between the two cladribine treatment regimens where patients were 
treated for 4 years (CC 8.75mg/kg Vs CC 7 mg/kg).  Noteworthy are small 
differences in clinical endpoints between patients being treated with cladribine 
for 2 and 4 years (CP 3.5 mg/kg Vs CC 7 mg/kg).  

 

 
Figure 13. Panel A: Predictions from the EDSS model of four-year EDSS time-
course for the typical subject. Panel B: Predictions from the model of four-year sur-
vival for experiencing a first relapse for the typical subject with EXNB value of 1. 
The lines represent predictions from the model following treatment according to the 
5 treatment sequences: PP 0 mg/kg (red), CC 7 mg/kg (brown), CP 3.5 mg/kg 
(green), PC 3.5 mg/kg (blue), CC 8.75 mg/kg (purple), CP 5.25 mg/kg (pink) 



 53

ALC-BoD-EDSS 
IRT approach was used in the development of this model. Model-predicted 
ALC and BoD were tested as predictors of EDSS dynamics separately or sim-
ultaneously. 

RBoD, the model predicted rate of change of BoD, in addition to DALC 
was found to be the best predictor of EDSS time course, as outlined in the 
equation bellow: = ( + | | ∗ ∗ ) ∗ ∗ − , ∗ ,+ ,  Eq.26 

Where D represents IRT disability, α disease progression rate, β the size of the 
BoD effect, pwr power constant.  

The parameter estimates from the final ALC & BoD-EDSS model are 
shown in Table 15.  
 

Table 15. Parameter estimates and uncertainties for the ALC-BoD-EDSS model 

Parameter Typical value (RSE%)a IIVb (RSE%) 

DP slope (years-1) 0.146 (22) 0.08 (28)
DP power 0.763 (9) -
ALEmax 0.0258 (27) 2.34 (28)
DALC50 0.187 (53) -
RBoD 0.034 (46) 0.46 (18) 

 a Obtained by Sampling Importance Resampling method. The relative standard errors for 
IIV are reported on the approximate standard deviation scale (standard error/variance esti-
mate)/2  
 b Reported on standard deviation scale
 c Correlation between individual estimates of DP and ALEmax was estimated to 0.127 (81 
%RSE) 

A disease progression of 0.15 scores on disability scale per year was esti-
mated, as well as significant positive correlation between baseline IRT disa-
bility and the disease progression rate, suggesting that patients with higher 
baseline IRT disability will have a higher rate of disability progression. ALE-
max of DALC relationship was estimated to 0.0258 and DALC50 was estimated 
to 0.187. Figure 14 shows the schematic representation of the modeling 
framework. 
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Figure 14. Schematic representation of the modeling framework. 

The use of IRT approach allowed appreciation of the data description quality 
for the model both on individual item level and composite score level from 
Figures 15 and 16, respectively. Figure 15 displays an example for brainstem 
item, but all other EDSS items were well described by the model. In the Figure 
16, simulated item responses were through the developed algorithm linked 
back to compute the total score in order to assess the adequacy of our model 
to describe the data of total score level. 

 

 
Figure 15. Visual predictive checks (VPCs) describing the time-courses of each 
score for the brainstem item. Median (blue solid line) of the observed data is com-
pared to the 95% prediction interval (gray shaded area) for the simulated data 
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Figure 16. VPC for the ALC&BoD-EDSS model stratified by treatment arm. The 
graph shows the observed median (solid blue line) and 2.5th and 97.5th percentiles 
(lower and upper dashed blue lines, respectively). The observed data is compared 
with the 95 % confidence interval for the median (orange shaded area) and the 2.5th 
and 97.5th percentiles (lower and upper light-grey shaded area, respectively) of the 
simulated data. 

However, BoD alone couldn’t fully capture the disability changes, as meas-
ured by EDSS, therefore from our analysis BoD alone doesn’t qualify as sur-
rogate endpoint for MS disease progression, which confirms findings from 
other analysis61,121. Many studies have attempted to unravel the relation be-
tween MRI measures, relapses and disability progression, the effect that these 
endpoints have on one another remains unclear56,58,59. Correlations between 
the effect of various MS treatments on different endpoints have been found on 
trial level60,61, however correlations reported on individual level are generally 
low61. Including BoD in addition to ALC, provided additional explanation of 
variability between subjects, demonstrating that lesions progression is associ-
ated with disease progression. 

In conclusion, a series of models have been successfully developed to de-
scribe the progression over time of ALC, MRI readouts and clinically relevant 
endpoints. This model represents the first step towards the development of 
comprehensive, data-driven, biomarker guided MS disease progression model 
where the interplay between some relevant aspects of the disease could be 
integrated. 
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Demonstration IRT benefits (Paper III-IV) 
The potential benefits of the IRT based modeling were investigated in this 
section.  

Item information content 
Fisher information content as a function of IRT disability is shown for each 
item in Figure 17. The shaded area indicates the interval of IRT disability 
containing 95% of the study population. The information content varies con-
siderably across items as is evident from differences in the location of the 
maxima of the information curves as well as differences in their amplitude. As 
an item is most informative around its b-value, the most “difficult” parameter, 
ambaid, contains most information concerning the highly disabled subgroup 
of the studied patient population. 

Items were ranked based on their expected Fisher information for the range 
of IRT disabilities in the current study population. The cerebellar item was 
found to contain most of information, followed by pyramidal and ambaid 
items. 4 (cerebellar, pyramidal, ambaid, bowel & bladder) out of 8 items con-
tained 80% of information for the given range of IRT disabilities.  

 

 
Figure 17. Information content for EDSS items versus IRT disability. The shaded 
areas indicate the disability range for 95% of studied population. 

Full EDSS assessment takes over 40 minutes to be performed by a neurologist, 
hampering its use in everyday clinical practice. Increased efficiency could be 
achieved with optimal selection of the most informative subset of items. Here 
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we use Fisher information as a measure of item information content as it di-
rectly relates to the expected variance of the individual latent variable esti-
mates. Conceptually, we are able to choose the items that have the largest sig-
nal to noise ratio, i.e. where a functional change relates most directly to a 
change in disease state. We have shown that 80% of the information about 
underlying disease status in MS, in the studied population, is quantified in 
only 4 of the 8 EDSS items, namely cerebellar, pyramidal, ambaid, and bowel 
& bladder. With this example we have just demonstrated how a rational sub-
selection of items can be made if one wants to simplify the test.  

Power assessment 
All investigated scenarios have shown that the use of a pharmacometric 
model-based approach can result in an appropriately powered study with a 
small sample size, and gave insights into how various design factors influence 
sample size/power. 

Based on previous work on item information content, the effect of omitting 
some of the least informative items was tested on the power to detect the drug 
effect. As expected, increased sample size needed to achieve 80% power was 
observed when measuring only a subset of EDSS items (Figure 18). However, 
this increase was minor: considering only 4 most informative items, instead 
of full assessment (8 items), resulted in an increase in total sample size from 
81 to 84 for the defined study design and the hypothesized drug effect.  Of 
note, a sample size of 135 would be needed if the drug effect measurement 
was based on only 4 least informative items, which is higher than including 
only 1 of the most informative EDSS items. This calculation is in line with 
previous results: the 4 least informative items together contained only 16% of 
information, while the most informative item contained 34% on its own. 

 
Figure 18. Total number of patients required for 80% power as a function of number 
of EDSS items (among 8 items) included in the IRT analysis 
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The effect of varying the total number of subjects, as well as the type of model 
used for study power analysis, were also investigated. As illustrated in Figure 
19, the application of the IRT modelling approach allowed for a sample size 
reduction of almost 40% (from 131 to 81 patients) in comparison with a con-
tinuous composite model, to achieve 80% power to detect a given drug effect. 
The demonstrated advantage of IRT model over continuous composite model 
was preserved across various magnitudes of drug effect tested. Those results 
are to be foreseen as traditional EDSS models rely on a composite score, 
where considerable amount of information is lost, and the data are treated as 
continuous despite being of a discrete nature. These results are in line with 
findings by Healy et al., who have shown that a trial including 200 patients 
would be reasonable if using an approach based on the actual EDSS values122. 
The increased number of needed patients could come from the fact that Healy 
and al. used a transition model where EDSS half steps were collapsed and all 
EDSS scores higher than 3.5 were combined, while we are analyzing all EDSS 
data without any simplification of the scale. 

 

 
Figure 19. Power to detect a drug effect versus total number of subjects. 
Comparison of power curves for IRT (blue line) and continuous composite model 
(red line). 

To assess the influence of characteristics of the study population on study 
power, different severities and heterogeneities of patient populations were 
simulated by varying the mean or the variance of the baseline IRT disability, 
originally set in the model to , ~Ν(0,1). With both investigated models, the 
sample size needed for an 80% power decreased as the severity of population’s 
disability increased, and as the variability decreased (Figure 20). In compari-
son with the continuous composite model, the IRT models required fewer sub-
jects independently of the studied population, except when the severity was 
highest, where the number of subjects was equal for the two models. In com-
parison to the continuous composite model, the IRT model was less sensitive 
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in terms of statistical power to population attributes (sample size ranging from 
69 to 99 patients). It is common that measurement scales, and even more so 
composite ones, perform poorer in patients in early disease stages123, and that 
a heterogeneous patient population implies a higher percentage of early stage 
patients. 

 
Figure 20. Sample size required to obtain 80% power in different study populations, 
whose disease severity is defined as , ~Ν( , ) when analyzing the 
data with an IRT or a continuous composite model. A: variation of severity of the 
simulated population by varying the mean of baseline IRT disability. B: variation of 
heterogeneity of simulated population by varying the variance of baseline IRT 
disability 

This work further demonstrates the potential benefits of an IRT model versus 
a continuous model. While complex, its novel methodology has demonstrated 
some advantages by using item-level data in a meaningful manner instead of 
aggregating the information by deriving a composite score. It is, however, im-
portant to consider that the application of model-based power calculations, in 
general, relies on the assumption that the true underlying model is known. 
Consequently, obtained power results and corresponding sample sizes should 
be interpreted with caution. This is the case with this study, since the analysis 
was based on simulated data, furthermore assuming no dropout and full com-
pliance. The simulation of these variables, while theoretically possible, was 
beyond the scope of this work. Moreover, another important limitation of our 
study was the use of the same model to generate and to subsequently analyze 
the data, which favors the model in question, here the IRT model. Neverthe-
less, this was inevitable given that generating the data with the continuous 
model would allow for simulation of total EDSS score only and therefore 
wouldn’t allow for the application of the IRT approach. 
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Conclusions and future perspectives 

The pharmacometric models developed in this thesis work provide a better 
understanding of the pharmacokinetics and pharmacodynamics of cladribine 
in RRMS patients. They also enable the characterization of the natural pro-
gression of multiple sclerosis. Figure 21 shows a schematic illustration of 
models developed in this thesis. This thesis demonstrates how exposure-bi-
omaker-clinical/efficacy endpoint relationships might be assessed in an inte-
grated manner using the complete time-course of variables. This enables the 
understanding of the behavior of the key outcomes necessary for the success-
ful drug development of long awaited MS therapies, as well as how these out-
comes correlate with each other. The value of the developed pharmacometric 
models was demonstrated by an increased power to detect a potential drug 
effect in the setting of MS clinical trials, allowing for the recruitment of fewer 
patients. In addition, the models can be used to refine endpoints such as clini-
cal scales. By identifying the most important and discriminative components 
of such scales, they can optimize their use and potentially lead to adaptations 
that seek to decrease patients and caregiver’s burden.  

 
In particular:   

• The exposure of cladribine and its main metabolite, CAde, 
was characterized in RRMS patients using a population PK 
model describing plasma and urine time-courses.  

• The ALC, BoD, EDSS and RR endpoints were successfully 
described by exposure-response models. The models were 
able to quantify the clear drug effect of cladribine tablets 
and to give insight into disease progression of RRMS.  

• The integrated modeling framework allowed an understand-
ing of the interplay between ALC and clinical efficacy end-
points. ALC was found to be a promising predictor of RR. 
Also, ALC and BoD were identified as predictors of change 
in EDSS. 

• By considering the true underlying nature of item-level data, 
the IRT methodology, an alternative approach to modeling 
of composite scores, enabled to quantify the information 
content of the individual components of EDSS, which could 
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help improve this scale. In addition, IRT also proved capa-
ble of increasing the detection power of potential drug ef-
fects in clinical trials, which can help making drug develop-
ment more efficient. 

The drug effect models developed here were tailored to cladribine, but the 
implementation of the methodology as well as the description of time-course 
of biomarkers, clinical endpoints and disease progression has broader applica-
bility, beyond cladribine tablets.  
 

 
Figure 21. Schematic overview of models developed in this thesis 

Use of such models and modeling & simulations in general may provide nu-
merous advantages in MS drug development and therapy usage.  
 
In terms of development of new therapies and further investigation of estab-
lished therapies 

• Protocol development and sample size calculation for future trials 
through clinical trial simulations 

• Aid to dose selection and informed go/no-go decision of clinical tri-
als (in particular proof of concept trial) through pharmacometric data 
analysis 
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• Study population selection through the identification of important 
covariates  

• Unbiased assessment of disease progression critical to accurate 
quantification of drug effect 

• Assessment of drug effect on different components of disease pro-
gression e.g. different EDSS items through IRT methodology 

• Benchmark efficacy and safety of novel compounds against existing 
ones through model-based meta-analysis 

In terms of individual patient  
• Identification of patient subgroups at high risk of disease progres-

sion through powerful detection of prognostic covariates 

• Identification/prediction of therapy failure/success through identifi-
cation of predictive covariates 

• Dose individualization through accurate prediction of individual ex-
posure 

The continuation of this work would include evaluation of how general the 
developed models are i.e. if the identified relationships persist and to what 
extent with treatment with other disease modifying agents than cladribine, and 
extending the models with other biomarkers.  
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