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Abstract

ABSTRACT

The overarching aim of this work was to utilise modelling and simulation
methodology to obtain a better understanding of clinical data generated from
or in red blood cells (RBCs). It focussed on RBC survivaland the use of RBCs as

a matrix for pharmacokinetic (PK) data.

Firstly, a novel statistical model for RBC survival was developed based on
prior knowledge of the underlying physiological mechanisms using a bottom -
up model building approach. The model was developed within the statistical
framework of survival analysis and uses a highly flexible probability density
function to describe a hypothetical RBC lifespan distribution that is able to
account for plausible physiological processes of RBC destruction. These
mechanisms include death due to old age (senescence), random destruction,
and early or delayed failure.

The model was extended to describein vivo RBC survival studies using
different RBC labelling techniques and flaws inherent in the most commonly
used labelling methods. Using an information theoretical approach, it was
determined that full parameter estimation would be possible based on ideal
labelling methods, but also based on the currently available, flawed labelling
methods under an optimised study design with an intensive sampling strategy.

The model was applied to in vivo RBC survival data obtained in patients
with chronic kidney disease (CKD) as well as healthy controls (using data
obtained from the work of other investigators). RBC survival was found to be
significantly reduced in CKD patients compared to controls, and the results
suggest that increased random destruction is the likely cause of this reduction

rather than accelerated senescence.

Secondly, a catenary compartment model describing the intracellular
population PK of methotrexate (MTX) and its polyglutamated metabolites

(MTXPGSs) in RBCs was developed using a data driven, top-down modelling
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approach. Model development was based on data obtained from 48 patients
with rheumatoid arthr itis (RA) receiving once weekly low -dose MTX. The
developed model was used to test different hypotheses related to the
mechanism of enzymatic deglutamation of MTXPGs, the loss of MTXPGs from
RBCs, and the significance of genotypic and phenotypic covariates

The final model was able to describe the time profiles of MTX and
MTXPGs inside RBCs in all 48 patients, and thus can form the basis of a full
pharmacokinetic-pharmacodynamic (PKPD) model for low -dose MTX
treatment in RA in future work. Such a PKPD model could be used to assess
whether RBC MTX or MTXPG concentrations are suitable biomarkers to

monitor low -dose MTX treatment, which is currently debated in literature.

In conclusion, two different approaches were successfully applied in this
thesis to develop mathematical models that are able to describe different types
of RBC derived clinical data: a novel statistical RBC survival model that is able
to provide a deeper insight into physiological processes of RBC destruction in
the future, and a compartmental PK model describing the intracellular
accumulation of MTX and MTXPGs in RBCs that can form the basis of a full
PKPD model in further work.
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51Cr radioactive chromium -51
S9Fr radioactive iron -59
-2LL -2x log likelihood
A adenine
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Ci Oorear bon groupod, car bon
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CNV copy number variation
CO carbon monoxide
CO2 carbon dioxide
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EBE empirical Bayes estimate
ED expectation of the determinant
eGFR estimate glomerular filtration rate
ELS extended least squares
EM expectation maximisation
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E-step expectation step
F females
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FwW
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G
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Gl

Hb

[Hb]

HDbA 1¢
HCInD
HD
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iv.

ICSH

IPP method

IPRED
IRWLS
Km

L2

LBW

LIDR models
LL

LOQ

LRT

LS

M

M3

M6

MCMC

MCV

MDRD formula
MDRT

MMD

M -step
MTHFR
MTX
MTXGlul
MTXGIluX

MTXPGs
Na251CrO4
NADPH/NADP
NLME models

first-order estimation
first-order conditional estimation

first-order conditional estimation with intera ction

folylpolyglutamate synthetase
flexible Weibull distribution
g-glutamyl hydrolase

guanine

glomerular filtration rate

gastro intestine; gastrointestinal
haemoglobin

haemoglobin concentration
glycated haemoglobin A 1¢
hypercube log D-optimal design criterion
haemodialysis

height

intravenous

International Committee of Standardization in Hematology

individual PK parameters = method for PKPD modelling using

empirical Bayes edimates
individual prediction
iteratively reweighted least squares

Michaelis constant in enzyme kinetics (substrate concentration at half-

maximum reaction rate)

level 2 data item in NONMEM 2
lean body weight

lifespan indirect response models
log likelihood

limit of quantification

likelihood ratio test

lifespan
males
Stuart Beal s met hod
Stuart Beal ds met hod

Markov Chain Monte Carlo

Mean corpuscular volume

Modification in Diet in Renal Disease formula
multi drug resistance transporter

maximin D -optimal design

maximisation step

methylenetetrahydrofolate reductase
methotrexate (drug in general)

parent molecule of MTX containing 1 glutamate moiety
specific methotrexate (poly)glutamate having X moieties of glutamate

attached, e.g. MTXGI
polyglutamated MTX metabolites (in general)
radioactive sodium chromate-51
nicotinamide adenine dinucleotide phosphate
non-linear mixed effects models

MT XGI

ub
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ns statistically non -significant

02 oxygen

OoLS ordinary least squares

OFV objective function value

PBMC peripheral blood mononuclear cells
PBPK physiologically based pharmacokinetics
PD pharmacodynamic(s); peritoneal dialysis
pdf probability density function

PK pharmacokinetic(s)

PKPD pharmacokinetic(s)-pharmacodynamic(s)
PM parent-metabolite

pvcVPC prediction and variability cor rected visual predictive check
R2 coefficient of determination

RA rheumatoid arthritis

RAW reduced additive Weibull distribution
RBC red blood cell

RES reticuloendothelial system

RFC reduced folate carrier

rHUEPO human recombinant erythropoietin

RL random labelling

RUV residual unexplained variability

SAEM stochastic approximation expectation minimisation
sc subcutaneous

SD standard deviation

SE standard error

SEX indicator variable for sex: 1 = male, 0 = female
SHMT serine hydroxymethyltrans ferase

SNP single nucleotide polymorphism

T thymine

TC transit compartment

TDM therapeutic drug monitoring

TNF-a tumor necrosis factora

TYMS thymidylate synthase

Y apparent volume of distribution

VPC visual predictive check

WT total body weight
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VARIABLES & SYMBOLS

a indicator variable for a genotypic covariate in the MTX RBC PK model , i.e. a=
(0, 1)

A amount of drug in a compartment

Anb total amount of haemoglobin in the body

b indicator variable for a genotypic covariate in the MTX RBC P K model , i.e. b=
0, 1)

b day of birth of the bth cohort of RBCs in the RBC survival model

c constant hazard rate in the RBC lifespan/survival model

C concentration

Ce concentration in the effect compartment

CL clearance

CL, clearance of MTX in the MTX plasma PK model

CLlguux clearance of MTXGIluX from RBCs in the MTX RBC PK model

cov indicator variable for a covariate in the RBC survival model, i.e. cov= (0, 1)

cov value of a continuous covariate

CVprop coefficient of variation of a proportional error

CVZ2rop squared coefficient of variation of a proportional error

D dose

E effect

EGCso drug concentration resulting in half -maximum effect

Eff D-efficiency

Emax maximum effect

Eo baseline effect

f fraction of renally cleared MTX

F bioavailability in the MTX PK model

F bioavailability

F(t) cumulative distribution function

f(® mathematical function; structural model; probability density function

frw(t) flexible Weibull distribution (pdf)

fuix(t) combined pdf of the RBC lifespan model

fran(t) reduced additive Weibull distribution (pdf)

g(® additional function required for rejection sampling

h(t) hazard function

H(t) cumulative hazard function

i index for individual (human or RBC),i.e. i= ( IN) é

I intermediate in a turnover PKPD m odel
I identity matrix
i index for observation, i.e. j= ( 1n,) for ¢he ith individual

J Jacobian matrix
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kel
Keq

kFPGSX

Kin
I(in
Kout

kout,GIuX

Ko

Kp

loss,

NCL(t)

Na(t)

index for iteration

first-order absorption rate constant

first-order absorption rate constant in the MTX plasma PK model
first-order elimination rate constant

first-order elimination rate constant in the MTX plasma PK model
first-order equilibrium rate constant in an effect compartment PKPD model

first-order rate constant of polyglutamation converting MTXGIluX to
MTXGIu(X+1) in the MTX RBC PK model

first-order rate constant of input in a TC model
first-order rate constant of MTX uptake into RBCs in the MTX RBC PK model
first-order elimination rate

first-order rate constant of MTXGIuX loss from RBCs in the MTX RBC PK
model
production rate constant of RBCs in the RBC lifespan/survival model

production rate of RBCs in the RBC survival model corrected for reuse of a
cohort label

first-order rate constant of random destruction in a TC model
first-order rate constant of transit in a TC model
vesiculation rate constant in the RBC survival model

first-order intercompartmental transfer rate constant from compartment x to
compartment y

first-order i ntercompartmental transfer rate constant from compartment x to
compartment y in the MTX plasma PK model

first-order rate constant of deglutamation converting MTXGIuX to MTXGIu(X -
1) in the MTX RBC PK model

first-order rate constant of deglutamation converting MTXGluX to MTXGIuY
in the MTX RBC PK model

likelihood

calculated mean lifespan

natural logarithm

loss of label between dayb-1 and b in the RBC survival model
mean RBC lifespan in a TC model

apparent mean RBC lifespan

lifespan of the it" RBC in the RBC lifespan model
mixing parameter in the RBC lifespan/survival model
Fisher Information matrix

total number of individuals (humans or RBCs)
number of transit compartments

total number of labelled RBCs at timet after loss due to vesiculation and
including reuse in the RBC survival model for a cohort labelling method

total number of surviving RBCs at time t after loss due to decay in the RBC
survival model
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Ne(t)

temax
tlag
t
t1/2app
ti2cr

t1/2el

T
T
T

total number of surviving RBCs at time t after loss due to elution in the RBC
survival model

total number of observations

total number of observations in the it individual

total number of parameters

non-renal clearance of MTX in the MTX plasma PK model

number of living RBCs at time t in the RBC lifespan/survival model

total number of labelled RBCs at timet after loss due to vesiculation, decay and
elution in the RBC survival model for a random labelling method

normalised sensitivity index

total number of surviving RBCs at time t after loss due to vesiculation in the
RBC survival model

total number of labelled RBCs at time O

index for parameter, i.e.p= ( 1n,) €
probability

conditional expectation of the log likelihood
ratio f(x)/ g(x) calculated for rejection sampling

} reduced lifespan parameters in the RBC lifespan/survival model

renal clearance of MTX in the MTX plasma PK model

number of reused label on day b in the RBC survival model

fraction of lost label that is reused on the next day in the RBC survival model
rate of production / input

rate of elimination / loss

set of all positive real numbers

standard deviation

}senes:ence parameters in the RBC lifespan/survival model

sensitivity

survival function

time

day of 0 bitrRB® id theoRBC lifdspan model
t i me unt ofRBGsdccursin théRBC lifespan model
lag time in the MT X PK model

time point of labelling in the RBC survival model
apparent half-life

half-life of 51Cr = 27.7025 days

half-life of elution of 5Cr = 70 days

transpose

survival time, time of event

time space

XXXV



Preface

v control factor for rate of vesiculation with v= (1, 2)

V volume of distribution

\% population covariance matrix

Vbiood total blood volume

Voiux apparent volume of distribution of MTXGIluX inside RBCs in the MTX RBC PK
model

Vrees total volume of RBCs

\ apparent volume of distribution of the central compartment in the MTX
plasma PK model

w weight

X independent variable

X n-by-n, matrix of independent variables

y observation / dependent variable

Y n-by-1 vector of dependent variables

z variable of integration over time in LIDR models

Z indicator variable for living & non -living RBCs in the RBC lifespan model

a weighting parameter in the HCInD criterion

b covariate coefficient

d level of change in the parameter estimate for a sensitivity analysis

D difference

e residual unexplained variability

f any parameter in a model (fixed or random effect)

f mean of any parameter obtained in bootstrap analysis (fixed or random effect)

£ estimate of any parameter in a model (fixed or random effect)

f vector of all parameters (fixed or random effects)

F parameter space

g Hill coefficient

h random effect (scalar)

h random effects (vector or matrix)

I constant hazard rate

I 1 first exponent in a sum of exponentials

I secondexponent in a sum of exponentials

p RBC lifespan distribution

d fixed effect parameter (scalar)

d population mean fixed effect parameter (scalar)

E fixed effect parameter estimate (scalar)

g population mean fixed effect parameter estimate (scalar)

d ny-by-1 vector of fixed effect parameter values

d ny-by-1 vector of (calculated) population mean fixed effect parameters

& ny-by-1 vector of fixed effect parameter estimates

g ng-by-1 vector of population mean estimates for fixed effect parameters

‘ XXXVi



Preface

SZadd

S add

parameter space of fixed effects
variance of an additive error

standard deviation of an additive error
error matrix

variable of integration over time in the RBC survival model
step sizein the SAEM algorithm

element of the variance-covariance matrix (scalar)
between subject variance (scalar)

variance-covariance matrix (dimensions n,-by-ny)

D-optimal design criterion

local D-optimal design
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AIM & STRUCTURE OF THE THESIS

The overarching aim of this w ork was to utilise modelling and simulation
methodology to obtain a better understanding of clinical data generated from

or in red blood cells (RBCs) with respect to:

A RBC survival and physiological mechanisms of RBC destruction.
A RBCs as matrix for biomarker data with an application to the
pharmacokinetics of low-dose methotrexate (MTX) treatment in

rheumatoid arthritis.

For this purpose, the thesis has been divided into five parts (Table P.1).
First, an introduction to the field of modelling and simulation and the methods
used in this thesis is given in Part I. Background information on RBC survival
and physiology, as well as an overview of the pharmacokinetics and
pharmacodynamics of MTX relevant to this thesis are also provided in this
part.

Second, the cevelopment, assessment and application of a novel statistical
model for RBC survival based on plausible physiological mechanisms of RBC
destruction in the human body is described in Part 1l which comprises three
chapters. A so-called bottom-up approach was used here, where model
development is based on an understanding of the underlying physiological
mechanisms and not dependent on data.

Part 11l consists of two chapters and covers modelling of clinical data to
describe the pharmacokinetics of low-dose MTX based on drug concentrations
measured in RBCs. In this part, model development is primarily data driven,
also known as a top-down approach. The developed model is then used to test
different hypotheses related to the underlying mechanisms of intracellular
MTX accumulation as well as to assess the significance of genotypic and
phenotypic covariates.

Part VI integrates both approaches by concluding this thesis with a

discussion of the findings and future prospects.
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Lastly, the appendices in Part V contain additional material including
MATLAB & and NONMEM 2 codes related to the individual chapters as well as

a list of all references.

Table P.1: Structure ofthis thesis

Part | Introduction
Chapter 1 8 Introduction

Part Il Red blood cell survival model
Chapter 2 8 A statistical model for red blood cell survival time
Chapter 3 8 Evaluation of red blood cell labelling methods
Chapter 4 8 Modelling red blood cell survival data

Part Il Pharmacokinetics of methotrexate in red blood cells

Chapter 58 A p opulation pharmacokinetic model for
methotrexate measured in red blood cells

Chapter 6 8 Hypotheses testing for methotrexate
pharmacokinetics in red blood cells

Part IV  Discussion & Future Prospects
Chapter 7 8 Discussion & Future Prospects
Part V Appendices
Appendix 1 d Appendix to Chapter 1
Appendix 2 8 Appendix to Chapter 2
Appendix 3 8 Appendix to Chapter 3
Appendix 4 0 Appendix to Chapter 4
Appendix 50 Appendix to Chapter 5
Appendix 6 8 Appendix to Chapter 6

References
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The basic RBC lifespan model developed during this preliminary work is
described in the Introduction to this thesis (Chapter 1, Section 1.2.4.3.
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additional work was conducted during my PhD and builds the foundation of
Chapter 2 and the corresponding publication, which was written as part of my
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All other parts of this thesis are based on work done entirely during my

PhD candidature.
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Chapter 1: Introduction

This chapter is partially based on the following peer-reviewed publication s:

Korell J, Coulter C, Duffull S (2011) A statistical model for red blood cell survival
Journal of Theoretical Biology 268(1):3949.

Korell J, Coulter C, Duffull S (2011) Evaluation of red blood cell labelling methods

based on a statistical model for red blood cell survigairnal of Theoretical Biology
291(0):8898.
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1.1. Modelbased analysis ofinical data

This introduction provides an overview of model based analysis of
clinical data, with emphasis on the methodology applied in modelling and
simulation in the area of population pharmacokinetic -pharmacodynamic
(PKPD) modelling. For general references to this section refer to[1-4]; specific

references will be indicated as appropriate.

1.1.1. Models & M odel development

1.1.1.1. Models

I n this thesi s, t he t e maticalddesorigtierl afar ef er st
system given by a function f, that relates the input (a n-by-n, matrix of
independent variables X) with an outcome (a n-by-1 vector of dependent
variables Y) via the parameters d (n,-by-1 vector of estimable regression
parameters) and accounts for a residual error e (vector of the same size & Y).

Note, that in this thesis matrices and vectors will be denoted by bold symbols.

Y=f(d,X)+U

Equation 1.1: General form of a mathematical model

Models are simplified description s of reality . They can be used to describe
data arising from a system, to learn about the system itself, to generate and test
hypotheses and to predict future outcomes based on what-if scenarios.
However, a single model does not necessarily have to fulfil all of these criteria,
and it is crucial to take into account the purpose of the model, i.e. its intended
application, when choosing between competing models during the model

development process.




Chapter lintroduction

1.1.1.2. Model development

The purpose of model development is to find the func tion f that describes
the relationship between X and Y and to determine the corresponding
parameters d that describe this relationship quantitatively .

Models can be developedin two different ways:

A using a top-down approagcior

A using a bottomup approach

1.1.1.2.1. Top-down approach

A top -down approach starts with data. Subsequently, an empirical model
is developed that best describes the data. Usually, this is done with emphasis
on the principle of parsimony, meaning the simplest model describ ing the data
sufficiently well is preferred. Common empirical models are based on a sum of
exponentials or on polynomials, using the lowest possible number of
exponentials or polynomials. However, empirical models do not directly relate
to the underlying m echanisms that gave rise to the data and therefore do not
allow for making inferences on these mechanisms.

Knowledge of the underlying system can however help making decisions
during a top-down model building process. Incorporating such prior
knowledge leads to semi-empirical models that allow for some mechanistic
interpretation. Typical examples of semi-empirical models are compartmental
pharmacokinetic (PK) models. These models do not relate in detail to all
physiological mechanisms involved in absorption , distribution and elimination
of a drug in the body, but provide a parsimonious, simplified mathematical
description of the time course of the drug concentrations in the body while still
retaining some mechanistic aspects Compartmental PK models themselves

will be introduced in more detail later on (Section1.1.2.1.2.




Chapter lintroduction

1.1.1.2.2. Bottomup approach

A bottom-up approach on the other hand uses prior knowledge about a
system to develop a model. It does not require data a piori and is not
necessarily bound to the principle of parsimony. The resulting models are often
call ed osystem model so or omechanistic mo d
complex than empirical models.

However, prior knowledge of all underlying mechanism s might not be
available during model development , or the complexity of a full mechanistic
model might escalate beyond reason with respect to the intended purpose of
the model. Under these circumstances, semi-mechanistic models are often
developed which also include empirical aspects. These models aresimpler than
fully mechanistic model s, but incorporate the key mechanisms that are of
interest in the modelling analysis and therefore allow making direct inference
about these mechanisms from themodel.

Ultimately, mechanistic as well as semimechanistic models need to be
tested, i.e. applied to data, to evaluate their credibility. This data needs to be
informative for the processes described in the model. Such information rich

data can be difficult to obt ain clinically or simply be un available.

In this thesis, both types of model building approaches have been applied.
In the first chapter of Part Il (Chapter 2), a semimechanistic statistical model
for red blood cell (RBC) survival was developed using a bottom -up approach.
Prior knowledge of RBC destruction in the human body was used to develop a
statistical survival model independent from data. The theoretical aspects of the
model were explored in Chapter 3 and the model was finally tested for its
ability to describ e clinical data in Chapter 4. Part Il describes the top-down
development of a semi-empirical population PK model for methotrexate (MTX)
and its metabolites based on data measured inside RBCsand using a classical

compartmental analysis.
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1.1.1.2.3. BEG principle

Sdecting an appropriate model is essential in the model developing
process to ensurethat the final model can fulfil its intended purpose. However,
it needs to be noted that there wildl
has famously noted [5]:

0 Bsentially, all models are wrong, but some are useful

A useful guid ancefor a more relaxed parsimonious selection of empirical

models is the BEG principle which comprises three quotes:

1. Box06s quote mentioned above

neve

2. EEnsteinds modification of[ye@&c k hamods

unknown |:

OA scientific theory should be as

3. Ge | maaalbfar appropriateness [6]:

I

S i my

0Do the model 6s deéief Paci eesnhtbhe ssubst ar

In other words, a model should be as simple as possiblewhile still being

able to fulfil its purpose without leading to biased inferencesand conclusions.

1.1.2. Pharmacokinetics and Pharmacodynamics

Here, a brief introdu ction to the basic concepts of pharmacokinetics (PK)
and pharmacodynamics (PD) as well ascommon models used to describe these
will be given.

The description of PK data analysis methods will focus on the
compartment model approach. This approach is applied in the third part of this
thesis for the development of the population PK model for RBC MTX
concentrations.

PD data analysis is not part of this thesis, but the ultimate goal for future
work is to extend the RBC MTX PK model towards a full PKPD model. Thus, a
brief overview of PD and PKPD is given in Section 1.1.2.2and Section 1.1.2.3

respectively, for the sake of completeness.
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1.1.2.1. Pharmacokinetics

In short: oPharmacokineticss what the body doe® the drugé [7]. More
appropriately, PK describes the relationship betweenthe dose of adrug and its

concentration in the body as a function of time.

1.1.2.1.1. Time course of drug concentration

The time course of drug concentrations in the body after administration of

a drug is governed by four processes known as the ADME scheme:

A Absorption uptake of the drug into the systemic circulation after
administration, passive via diffusion across membranes or active via
transport mechanisms.

A Distribution: dispersion of the drug in the body tissues after
absorption.

A Metabolismtransformation of the drug via chemical reaction s.

A Excretion removal of the dru g (and its metabolites) from the body.

M etabolism and excretion together result in eliminationof the drug.

For a PK analysis, drug concentrations in the body can be measured in
different matrices, but most commonly (due to convenience) concentrations in
plasma are obtained.

In mathematical terms, PK then describes theplasma concentration C of a

drug as function of the administered dose over time t dependent on the

parameters d{PK} :

C(t)= fpx (doset,d{PK})

Equation 1.2: Basic equation for pharmacokinetic models.

A PK modelling analysis aims to find the function f and the

corresponding estimates of the PK parameters d'{PK} that describe the
relationship between the dose of a particular drug and its plasma concentration
over time. Common PK parameters of interest are clearance CL), the apparent

volume of distribution ( V), and the elimination rate constant ke, which is equal

10
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to CL/V. In addition, the absorption rate constant (k;) and the oral
bioavailability ( F) are usually of interest for drugs that can be administered
orally.

A standard approach is to use compartment models for this type of
modelling analysis. These models will be described in the following section
using several examples. In these examples it is assumed that the drug follows
linear PK, which means that Equation 1.2 is linear with respect to dose.
Although this is true for the majority of drugs, non -linear PK can occur as well,
e.g. if the absorption, distribution, elimination and/or metabolism of the drug
involves active and therefore saturable transport mechanisms or enzymatic
processes or if the drug itself induces or inhibits its metabolism and/ or

elimination in a concentration dependent manner.

1.1.2.1.2. Compartmenimodeldor PK analysis

Compartment PK models are semi-empirical models where the body is
described by a finite number of disposition compartments, commonly not more
than three. These compartments do not necessarily reflect true body tissues
although associations can be made.The simplest model is a one-compartment
model, consisting of a central compartment, e.g. the plasma and other rapidly
equilibrating tissues, from which samples are taken (Figure 1.1). Note that only
the disposition compartments are shown in the following s chemata, while
absorption compartments are omitted for simplification purposes.

For a one-compartment model it is assumed that the drug distributes in
all body tissues proportionally to its distribution in the central compartment.
The resulting PK profile for a drug with first -order elimination after an
intravenous (i.v.) bolus dose is monoexponential (Equation 1.3, Figure 1.2 blue
line).

The PK profile after oral administr ation can be described by Equation 1.4

and is shown in Figure 1.2 as red line.

11
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Dose

Central

Comp.

Figure 1.1: Schematic of a orompartmenPK modelwith first-order elimination for
an i.v. bolus dos@\), and for oral administration with firsbrder absorptioiiB).
Parameterske = elimination rate constanyy = apparent volume of distributioim the

central corpartment,k, = absorption rate constark, = oral bioavailability

D . D. &4 CL
clt)=, @l ke )——cexpS‘e—@q
(; V -

Equation 1.3: One-compartmenfPK modelfori.v. bolus administration with first
orderelimination.C(t) = plasmaconcentratiorover time D = dose)V = apparent

volume of distributionke; = CL/V = elimination rate constantCL = clearance.

)= g 1y ol ka0 ol 1)

Equation 1.4: One-compartmenfPK modelfor oral admnistration with first-order
absorption anelimination.C(t) = plasma concentration over tini@,= dosefF =
bioavailability,V = apparent volume of distributioke = CL/V = elimination rate

constant,CL = clearance.

12
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Figure 1.2: Plasma concentrations for a eoempartment PK model with firsgrder
elimination for an i.v. bolus dogbklue ling and for oral administration with firsbrder

absorption(red ling with D = 10 units, CL=1In(2) hr1,V=1L,F =1 andk, = 1 hr.

Two-compartment models (Figure 1.3) have an additional peripheral
compartment into which the drug distributes at a different rate than in the
plasma, resulting in a biexponential PK profile a fter i.v. bolus application

(Equation 1.5, Equation 1.6, Figure 1.4).

Dose

Central
Comp.

Peripheral
Comp.

Figure 1.3: Schematic of a twoompartmen®PK modelwith first-order eliminatiorfor
an i.v. bolus dos@arameterske = elimination rate constank;», ko1 = first-order

transfer rate constant from the central to the peripheral cormasat and vice vers&/;

= apparent volume of distributioim the central compartmenY/, = apparent volume of

distribution in theperipheral compartment.

13
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dA ) ) i}
d_tl =-kip A\ +kog A\ - kg GB\g
dA ) )

d_t2 =kjp A1 - ko1 Ao

A1(0)=dose A,(0)=0
Equation 1.5: Two-compartmat PK modelfor i.v. bolus administration with first
ordereliminationexpressed as ordinary differential equatiaith initial conditions.

A1 = amount in central compartmenf, = amount in peripheral compartment.

Clt)=c, texd- 1, @)+C, &axd- 1, 4)  c(0)=C;, +C,

_ _C0,+C,0; _ 10,
kip=/1+/2- ko1~ kg koq = Kel =
G +C ko1

Equation 1.6: Closed form solution @f two-compartmenPK modeffori.v. bolus

administration with firstorderelimination.

10
10
5
'-C-E 8
5
g ° 10°
[&]
o
E 4
[%2]
o
e 2
-1
0 ) . 10 . :
0 4 8 12 0 4 8 12
time [hours] time [hours]

Figure 1.4: Plasma cocentrations for a twaompartment PK model with firsirder
elimination for an i.v. bolus do$&= 10 units, k=1 hri, V1 =1 L,ki>= 0.5 hrl, ko,

=0.25 hr, andV,=5L.
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For multi -compartment model s two different types of models need to be
distinguished : mammillary modelsand catenary modeldn a mammillary model
all peripheral compartments are directly linked to the central compartment , but
not interlinked . In a catenary model the compartments are linked in sequence
(Figure 1.5). In mathematical terms, these models are usually expressed as

series of ordinary differential equations equivalent to Equation 1.5.

Dose

Central
Comp.

Peripheral
Comp.
Vo

Peripheral
Comp.
V3

Dose

Central Peripheral Kas Peripheral
Comp. Comp. Comp.
V2 k32 VS

Figure 1.5: Schematic of mammillary (A) and a catenar{B) threecompartment
model with firstorder elimination for an i.v. bolus dogtgarametersk, = elimination
rate constantki, ko1 ki3, ka1, Koz, Kap, = first-order trarsfer rate constantsetween the
compartmentsV; = apparent volume of distribution in the central compartm&at:

apparent volume of distribution in the first peripheral compartmegt; apparent

volume of distribution in the second peripheral compantme
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Mammillary models are prevailing in PK analysis, as it is commonly
assumed that all tissue compartments are directly linked with the central
plasma compartment rather than with each other. On the other hand, catenary
compartment models are useful to describe transition processes, e.g. the
successive formation of multiple metabolites [8] or a time delay in drug

absorption after oral administration [9,10].

1.1.2.2. Pharmacodynamics

In short: oPharmacodynamicss what the drug does tothe body [7]. More
appropriately, PD describes the relationship between drug concentrations and

effect.

1.1.2.2.1. Concentratiord effect relationship

After absorption into the systemic circulation and distribution to its site of
action, a drug causes a physiological effectby binding to a receptor. Here,
oeffectd can stand for the desired clinical effect of the drug but also undesired
adverse effects.

In mathematical terms, PD describes the effectE of a drug as a function of

its plasma concentration C and the PD parameters d{PD} :

E(C)= fpp PP}

Equation 1.7: Basic equation for pharmacodynamic models.

1.1.2.2.2. PD models

The magnitude of a pharmacodynamic effect E depends on the
concentration of the drug. H owever, the relationship between concentration
and effect is generally non-linear, i.e. doubling the concentration does not
result in a two fold increase in effect. Also, the effect asymptotes to a maximum
effect (Emay With increasing concentrations, resulting in a reduced increase in

effect with the increase in concentration (0

16
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Based on the receptor binding theory for drug action, a mathematical
model was developed to describe the relationship between drug concentration
and effect, which is the same asthe Michaelis-Menten equation that is used to
describe saturable enzyme kinetics. This basic PD model is commonly referred

to as Enaxmodel(Equation 1.8).

E(C) — EmaX G{:
ECgo +C

Equation 1.8: Enaxmodel withEmax= maximum effect of the dru@, = drug

concentrationand ECsp = drug concentration resulting in hathaximum effect.

An extension to the basic Enax model is the so-called sigmoidalEyax model
which introduces the Hill coefficient g to describe sshaped asymptotic

behaviour in the model:

g
Elc)=maxE
EC5q7 +CY

Equation 1.9: Sigmoidal &ax model withg= Hill coefficient

Strictly speaking g should only be referred to as the oHill coefficient 6 if it
is an integer as it was mechanistically derived based on the theory of allosteric
binding of multiple ligands to the same receptor[11]. However, in a modelling
analysis it can be estimated as an empirical exponent that is allowed to take any

positive value (Figure 1.6).

17
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1001

751

50r

effect [%]

25

0o 5 10 15 20
concentration
Figure 1.6: Concentratioreffect relationship for aBmaxmodel withEpax= 100%, ECso
= 2.5 units/L, and different values fay black lineg= 1, red line g= 0.25, andblue

lineg=>5.

The Emax model can furthermore be extended to include a constant
baseline effectEp in the absence of thedrug (Equation 1.10). If the baseline is
changing over time, e.g. due to progress of the disease,Ey can bereplaced by a
time varying function in Equation 1.10, which is generally called a disease

progression model. More details on disease progression models can be found

in Chan and Holford, 2001 [12].

E(C)=E + ECe +C

Equation 1.10: Emax model withconstantbaseline effeé.

18



Chapter lintroduction

1.1.2.3. Pharmacokinetics-Pharmacodynamics

By combining PK and PD the time course, i.e. onset and duration, of a
drug effect can be described.
1.1.2.3.1. Time course of drug effect

Mathematically, we can substitute Equation 1.2 in Equation 1.7 and

obtain:

E(t) = pr (pr (doset, d{PK} ), d{PD})
Equation 1.11: Basic equation for pharmacokingpicarmacodynamic models.
From Equation 1.11it can be seen that the drug effect E is now expressed
as a function of time t depending on dose, the PK parameters d‘{PK}, and the

PD parameters d{PD} , effectively describing the time course of the drug effect.

1.1.2.3.2. PKPD models

PKPD models are conventionally divided into two categories , depending

on the nature of the link function fpp(Qthat is used to combine PK and PD:

A immediate effect PKPD model
A delayed effe@KPD models

An immediate effect PKPD modaésumes no time delay between PK and
PD. This means that the effectfollows the same time course asthe plasma
concentration of the drug (Figure 1.7), e.g. the maximum effect is achieved at

the same time as maximum plasma concentrations are observed
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Figure 1.7: Timecourse of drug effects for an immediate effect PKPD niéldek line:
PD effect withEmax= 100%,ECso = 2.5 units/L, andg= 1. Red linePK profile for a
onecompartment PK model witbral administration, firstorderabsorptiorand first

orderelimination whereD = 10 units,CL=1In(2) hr,V=1L,F=1 andky,=1 hrl

We can substitute the concentration C(t) in Equation 1.8 (alternatively
Equation 1.9 or Equation 1.10) with the plasma concentration described by the

PK model (Equation 1.2) to obtain:

e

Equation 1.12: Immediate effect PKPD model

However, only very few drugs do not exhibit a time delay between PK
and PD. More often, the PD effect of the drug does not follow the same time
course as its PK e.g.the time of the maximum effect does not correspond to the
time of the highest plasma concentration as illustrated in Figure 1.8. This delay
can be attributed to various factors, such as a delay in the distribution of the
drug from plasma to the site of action, a slow binding of the drug to the
receptors, or the drug can stimulate or inhibit physiological processes that have

their own time course and which in turn cause the observed effectE.

20



Chapter lintroduction

6r 6
c
£ 4t 4
E
= 5
8 g
(] @
£
&2 2
o

0 . : : 0

0 6 12 18 24

time [hours]

Figure 1.8: Timecourse of drug effects fodalayed effect PKPD modBlack line:PD

effect withEmax= 100%,ECso = 2.5 units/L, andg= 1. Red linePK profile for a one

compartment PK model witbral administration, firstorderabsorptiorand firstorder
elimination whereD = 10 units,CL=1In(2) hri,V=1L,F=1 andk,=1 hrl.

Two different types of delayed effect PKPD modélsve been developed: the
effect compartment PKPD modaid turnover PKPD models

The effect compartment modedssumes the presence of an additional
compartment in which the drug i s assumed to exhibit its effect. The
distribution into this hypothetical compar tment results in the delay between
the PK profile in the plasma (described by the central compartment) and the
PD effect. Alternatively, the delayed distribution into the effect compartment
can also be interpreted as slow binding to the receptor. This model assumes
that only a marginal amount of drug distribute s into the effect compartment so
that its influence on the mass balance of the PK model isnegligible . The volume
of distribution of the effect compa rtment is unidentifiable. H owever, under the
assumption that the steady state concentrations in the central compartment and
in the effect compartment are equal, the equilibrium rate constant keq for the
distribution out of the effect compartment can be estimated Equation 1.13

describes the rate of change of the concentration in the effect compartmentCe
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and the PKPD model resulting from substituting Ce into Equation 1.8

(alternative ly Equation 1.9 or Equation 1.10):

dC .
—== eqCéC' Ce)

0 g e

Equation 1.13: Effect compartment PKPD metwith C. = drug concentration irthe

hypothetical effect compament, keq = equilibration rate constant.

Note that the effect in Figure 1.7 was plotted based on Equation 1.13using
Keq= 0.01 hrl.

Turnover modelon the other hand assume that the drug directly affects
physiological processes such as the production or elimination of an
intermediate | and the changes in these processes result in the delayed effect.
As the drug can either stimulate or inhibit these processes four turnover PKPD

models exist (Equation 1.14) [13]:

W) e 2 oo
B) G @ g R
CRE RN et
R

Equation 1.14: Turnover PKPD modis with | = intermediate, R, = productionrate of
I, Koyt = elimination rate constan{A) inhibition of production(B) stimulation of

production (C) inhibition of elimination,(D) stimulation of elimination.

While the idea of an effect compartment is to some extentadopted in the
third part of this thesis, turnover PKPD models are not applied in th is work
and henceare not elaborated on further. Excellent review articles on PD models

as well asPKPD models have been published and provide more details [14-17].
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1.1.3. Survival analysis

Survival analysis (also known as time-to-event analysis) quantifies the
time until a certain event occurs [18]. It is similar to a PK data analysis in the
sense that the independent variable is time. However, while the dependent
variable in a PK analysis (plasma concentration) is continuous, survival
analysis is concerned with binary data as dependent variable: either event (1)
or no event (0).

Five mathematically equivalent functions are used to describe the survival
time. These functions and their relationships are introduced briefly in the

following section and a simple example is given in Section 1.1.3.2

1.1.3.1. Functions of survival time
1.1.3.1.1. Survival function

The survival function St) defines the probability P of the survival time T
of an individual being longer than time t.
gl fort=0
Slt)=P(T >t) withS[t)=}
()=P(r>1) wins)=r; 7

Equation 1.15: Survival function.

1.1.3.1.2. Cumulativedistribution function

Similarly, the cumulative distribution function (cdf) F(t) describes the
inverse probability for T being less thant:
g0 fort=0
F(t)=P(T <t) withF(t)=j
()=Plr<t) winF()=F) 17
F(t)=1- S(t)

Equation 1.16: Cumulative distribution function.
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1.1.3.1.3. Probability density function

The probability density function (pdf) f(t) describes the random
distribution of the survival time T and is given as the derivative of the cdf with

respect to time t:

dF

ft)=—

0)=";

Equation 1.17: Probability density function.

Note, that with respect to survival ana lysis f(t) spedfically denotes a pdf,

whereas in this thesis f(t) is also used to indicate astructural model .

1.1.3.1.4. Hazard function

The instantaneous risk of an event occurring at time t is described by the
hazard function h(t), which can be derived as the rato of pdf and survival

function:

h(t) = %

Equation 1.18 Hazard function.

1.1.3.1.5. Cumulative hazard function

The cumulative hazard function H(t) describes the cumulative risk of an
event occurring at time T and is given as the integral of h(t) over time. It can

also be described as the negative natural logarithm of the survival function St).

T

H(t) = p(t)dt = - In S(t)

0

Equation 1.19: Cumulative hazard funoon.
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1.1.3.2. Example

This example illustrates the different functions of survival time for a
constant hazard model (Equation 1.20), where the instantaneous risk of an

event occurring, i.e. h(t), does notchange over time (Figure 1.9).

h(t) =/ hazard function
H(lt)=/& cumulative hazard
f(t)=/ @xp(- / @) pdf

F(t)=1- exp(- / @) cdf

St) =exp(- / &) survival function

Equation 1.20: Functions of survival time for a constant hazard model.

It can be seen from these equations that a survival analysis based on a
constant hazard model is equivalent to a PK analysis using a onecompartment
model with i.v. bolus dosing as the survival function in Equation 1.20 equals to
Equation 1.3 with a unit dose and a volume of distribution V of 1. The hazard
rate constarnt / is therefore equivalent to the elimination rate constant kg in a
PK analysis, which means that kg can also be interpreted as the instantaneous

risk of a single drug molecule to be removed from the circulation.
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Figure 1.9: Functions of survival time for a constant hazard madéh | = 0.1per

unit of time
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1.1.4. Population analysis

Clinical data commonly arises from more than one individual while
multiple samples are often taken from each individual, and variability not only
between the different people but also within the data from the same individual
is observed. With respect to the opening quote of this thesis by Sir William
Osler (page 3), understanding this variability is par amount to replacing the
coarto in medicine with science.

A population analysis can be used to achieve this goal. Two types of
population analysis will be introduced here that can quantify the variability in
the data: the two-stage approachnd the full population approachFor comparison,
the naive pooled approatdr data analysis will also be considered, although this
approach does not allow for the quantification of variability in the data. More

information on population analysis methods can be found in [19-22].

1.1.4.1. Naive pooled approach

Using the naive pooled approach, the data is analysed as if it had arisen
from just a single individual (or as if each observation was obtained from a
different individual ). The whole data set is pooled together and just one set of
parameter values is estimated for the corresponding model. In terms of
computational effort, this method is the least complex approach. Equation 1.21
describes the wse of ordinary least squares (OLS) to calculate the objective
function value (OFV) for the naive pooled approach:

N an

OFVOLS(d):a % (yij - f(Xij d)P
|:1QJ:1

|- O: OO

Equation 1.21: Naive pooled approach using ordinary least sQqU&ES) to calculate

the objective functiorvalue(OFV).

Here, d denotes the n,-by-1 parameter vector of the structural model f(Q
as in Equation 1.1, i denotes the it individual, N is the total number of
individuals such that i = ( 1N), §; denotes the jth observation in the it

individual with n; being the total number of observations for this individual,
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and x; is the jth independent variable for the it individual. Note, that this

notation wi Il be used throughout this thesis.

The naive pooled analysis aims to find the set of parametersgthat
minimise Equation 1.21, i.e. that provides the best fit of function f to the data.
No betw eensubject variability (BSV) can be estimatedfrom this approach. This
results in biased parameter estimates as well as an inflated residual
unexplained variability (RUV) [19]. It also needs to be noted that using OLS as
objective function for a naive pooled analysis also does not allow estimating the
RUV variance parameters. Due to these drawbacks the naivepooled approach
is commonly only used to obtain initial parameter estimates for a more

complex population method .

1.1.4.2. Two-stage approach

In a two-stage approach, the data for each individual are analysed

separately, e.g. using OLS as objective function, resulting in N sets of individual
parameter estimates g, (n-by-1 vector). The expectation of the population
mean value for the pth parameter Efp can then be calculated as either the

arithmetic or geometric mean of these parameter sets, while the BS\of the pth
parameter denoted by W, can be quantified as the variance of theindividual

estimates of the pth parameter:

ny

OFV; (d; ) = a (v - x5 )
i :argmai(éFvi )
Gi
dp = N :15
Qp = oych (-5,

1

Equation 1.22: Two-stage approach using ordinary least squares as objective function
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The two-stage approach is a relatively simple method to obtain an
estimate of the BSV in addition to the population mean parameters. However,
this approach requires rich data for each individual and the obtained BSV tend
to be inflated compared to the true variabili ty in the parameters between the
individuals as it does not take into account the uncertainty in the individual

parameter estimates

1.1.4.3. Full population approach

A full population approach provides the most accurate and precise
guantification of the population mean parameter estimates as well asRUV and
BSV for a given data set. In addition, this approach is able to handle sparse
data. However it is also the most complex analysis method of these three
approaches.

A hierarchical model structure is assumed for a full population approach.
The first level in the model hierarchy describes the structural model on an
individual level together with the statistical model for RUV. Equation 1.23
gives an example where the RUV is described by an additive error e which is

assumed to be normally distributed with variance s2.

Yij = f(Xij ,Eﬁ)+€‘|j
with O~ N[o,s?)
Equation 1.23: Structural modefor theit" individual in a full population approacly;

= jth observationsxj; = jth independent variabjéI = vectorof individual parameter

estimates for thigh individual, ands? = variance of thadditive errore.

The second hierarchical level describes the model for the BSV in the

individual parameter estimates Equation 1.24).
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&p = J&_p @
Equation 1.24: Betweersubject variability of théndividual estimateof thepth
parametefor theith individual Elp in a full population approaclwhereJ(]:‘IO denoteghe

population meamparameteestimateand djp denoteshe random effect for thé

individual.

It is assumed that the BSVterms h,, are normally distributed with variance
% %p, where Wis the variance-covariance matrix for all elements of h according

to:

ey v3 3 v2. @
é 11 21 npll]
é, 2 2 u
VvV v 3 4
q =eé’12 22 N
é 4 4 6 4
5 2 2 2 U
é/l”p Vznp 3 V”p”pg

Equation 1.25: Variance-covariance matrix forhte betweesubject variability

In contrast to a two-stage analysis, where the expectation of the
population mean parameter values d are calculated post hoc as the mean or
median of the individ ual parameter estimates E, , a full population approach
allows estimating the population mean parameter values from the data.
Through out this thesis these population mean estimates will be denoted asg
(n,-by-1 vector).

Using an exponential model to describe BSV as shown inEquation 1.24is
of convenience in a PKPD analysis asit results in a lognormal distribution of
E, that restricts all parameter estimates to be greater than zero. Given that
physiological parameters have a natural lower boundary of zero, t his is more

plausible than a normal distribution , which would allow for negat ive

parameter estimates as well
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1.1.4.3.1. Non-linear mixed effeanodelling

The hierarchical structure of a population analysis model requires the
estimation of two types of effects: fixed effectgiven by the structural parameters
d, and random effectdescribing the remaining unexplained differences seenin
the data set via the variance terms W and s2. These types of models are also
known as non-linear mixed effectmodels(NLME models). Here, non-linear refers
to the non-linearity of the model in the random effect parameters.

Due to the additional complexity of the se models, parameter estimation
using OLS is no longer feasible. Instead, a likelihood based approach is
required to allow for the estimation of d, W and s2. The likelihood L is
expressed asthe probability P of the data Y arising under the structural model f
given the parameters d, W and s2. Maximum likelihood estimation then aims

to find those parameter values that maximise L.

L=plv|d.q,s?)
Equation 1.26: Likelihood for a NMLENodel.

The most commonly used software package for NMLE modelling used for
population PKPD analyses is NONMEM 2, originally developed by Lewis
Sheiner and Stuart Beal[19,23] More recently, MO NOLIX ¢ was introduced as
an alternative NMLE modelling software [24]. An overview of the common
estimation methods used to maximise Equation 1.26 with both programs is
given next. Note, that more NMLE modelling programs are available and are
used in the area of population PKPD. However, here focus is given only on

those programs and algorithms that are utilised in this thesis.
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1.1.4.3.2. Estimationmethodin NONMEM 2

No analytical solution is available for NMLE models that allows
estimating d, W and s2 simultaneously using a likelihood based approach.
Instead, when using the most common estimation methods FO (first-order) and
FOCE (first-order conditional estimation), NONMEM & minimizes -2x log

likelihood (-2LL) as objective function based on a numerical solution where

f(xij d, Cli) is linearised using a first-order Taylor series expansion around h.

Under the assumption of a normally distributed residual error -2LL is

equivalent to the extended least squares ELS) given by Equation 1.27[25]:

Fvagé -t @2 1x;, @) +og( vi B

Equation 1.27: Objective function useth NONMEM 2 [19].
Here, | ¢ denotes the determinant, while V; denotes the population
covariance matrix of the data in the ith individual which depends on X;, d, W

and s2. Under the assumption of a single residual error variance s2, V; is

approximated as:

Vi =3qd" +s?,
Equation 1.28: Linear gproximation of the populatiocovariance matriq19].

where Jis the Jacobian matrix of the first partial derivatives of f with

respect to the random effectsh, and I, is ann-by-n; identity matrix.
This expansion is evaluated for all djp: 0 in the FO method or at a

conditional estimate for all djp denoted Ep in the FOCE method, and estimates

for d and s2 are obtained at each iteration. Subsequently, h; are estimated from
the empirical Bayes estimates (EBEs) after eachteration conditioned on the
current estimates of the population parameters d. EBEs are theindividual

parameter estimatesg, obtained by using d as prior information. It needs to

be noted that the FO method performs well only for models that are close to
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linear, and FOCE is therefore the method of choice for NLME analysis in
NONMEM 2. In addition, the interaction option should be used in the presence
of a heteroscedastic error model so that the algorithm accounts for the
relationship between eand h when calculating s2.

Besides theselong-standing and commonly used estimation methods,
recent versions of NONMEM ? include a range of alternative estimation
methods such as the Laplacian method (which uses a seconebrder Taylor
series approximation) or various stochastic methods.More detail on the FO and

FOCE estimation as well as the alternative methods can be found in[1,23].

1.1.4.3.3. SAEM algorithmin MONOLIX 2

With the FO and FOCE method in NONMEM @ an exact solution for the
linear approximation of the likelihood is obtained. In contrast to that, the
SAEM (stochastic approximation expectation maximisation) algorithm is a
stochastic method which provides an approximate solution to the exact
likelihood. The MATLAB ¢ based implementation of the SAEM algorithm used
in MONOLIX # 1.1[24] was used in Chapter 4 of this thesis as the model used
in this chapter was also implemented in MATLAB 2. Nonetheless, this
algorithm is now also available in NONMEM 2 (version 7.1. and above).

The SAEM algorithm is an extension of the EM algorithm that is used for
linear mixed effect models. For each iteration k the EM algorithm first

computes the conditional expectation of the log likelihood Q (E-step) which is

then maximised with respect to all estimated parameters f :(a,q,sz) (M-

step):

E-step QK (f)= E(IogP(Y,X;f)|Y,f{k']})

M -step fIK*T = argmax(Q{k} \i ))
fia

Equation 1.29: EM algorithm for linear mixed effect models.
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For NLME models, Q cannot be computed directly . However, the E-step
in the EM algorithm can be replaced by a stochastic approximation for these

models, resulting in the SAEM al gorithm:

o (f) =gtk B (f)+ K (|Og p(y,x{k};f)_ olk-3 g ))
Equation 1.30: Stochastic approximatioof the EM algorithnfor NMLE models.

where Xt is randomly drawn from the conditional distribution

P(CP{,f{k}) and the step size JH s decreasing with each iteration in a
predefined manner. For NMLE models, a Markov Chain Monte Carlo (MCMC)

procedure is used to obtain the simulations for xtk required in the expectation
step of eachiteration. Using the SAEM algorithm in MONOLIX 2, the E- and M-
steps are repeated for a user-defined number of iterations, usually O5 0 0

Convergence is assessedin this implementation of the algorithm by the user

based onautomatically generated graphical output where the trajectory of f{k

is plotted against k.
More information on the SAEM algorithm and MONOLIX ? can be found
in [24,26,27]

1.1.5. Optimal design

Within the setting of design of experiments, optimal designtheory aims to
optimis e a study design to gain maximum information from a given design
within a set of design canstraints. The type of information sought depends on
the question asked. For example, the aim of discriminating between competing
models requires different information than the aim of parameter estimation for
a given model. Different statistical criteria have been developed to optimise for
different questions. In this thesis, optimal design theory will be applied for
parameter estimation and the D-optimality criterion will be introduced here.
More detailed information on optimal design can be found in Foo a nd Duffull

[28] and Atkinson and Donev [29].
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1.1.5.1. Theory

For clinical studies the design variables to be optimised are most often the
number and timing of blood samples with the aim of gaining as much
information as possible on the underlying parameters in the model . A sample
taken at a time point where the response is most sensitive to change in a
particular parameter value provide s the most information about that parameter
value and thus is optimal for estimating the parameter.

The sensitivities of a function f with respect to changes inthe parameters g
can be expressed as the partial derivatives of the function with respect to the

parameters. This can be expressed as a sensitivity matrix of partial derivatives

over all model parameters d= (d1,2 dn, )T at all time points t = (t;,2 t,) which

is denoted as the Jacobian] (dimension ny-by-n):

aily) , o
B L P
Grl) o ()}
gud“p “d”pH

Equation 1.31: Jacobian matrix.

The Fisher Information matrix (Mg) can then be calculated accoding to:

Mg =Jg 2T

Equation 1.32 Fisher Information matrix.

Here, £ = G2l n» Where (%is the variance of the residual error assuming
an additive error model and | ,is an n-by-n identity matrix , yielding a diagonal

error matrix S. Note, that the parameter vector d caninformally be assessed to
be locally identifiable when Mk is positive definite for a given design.

The lower bound of the standard error of the parameter vector d is given
by the square root of the diagonal entries of the inverse of Mg. Therefore,
maximizing Mk is equivalent to minimi sing the standard error of the parameter

estimates.
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1.1.5.1.1. LocalD-optimality criterion
It is common to summarise the Mg by taking its determinant | Mg

yielding the local D-optimality criterion Y 5. The local D-optimal design Y*D

is gained by maximising Equation 1.33 over the design spaceT, where T | IR*.

Yp :argmax(| Mg (dt)| )
ti T
Equation 1.33: Local Doptimality criterion
As the Mg is a function of the parameters d, the local D-optimal design
depends on the parameter values as well, thus these would need to beknown a

priori which is usually not the case.

1.1.5.1.2. RobustD-optimality criteria

Uncertainty in the parameter values can be incorporated by assuming a
distribution of parameter uncertainty and applying a robust D-optimality
criterion. Various robust criteria have been developed, such as ED(expectation
of the determinant), DE (determinant of the expectation) MMD (maximin D -
optimal design) and AIP (approximation to the preposterior information ,
equivalent to the negative log of the expectation of the determinant) [30-32]. In
this thesis, a hypercubelog D-optimal design (HCInD) will be applied as robust
optimality c riterion [33], and the introduction here will focus on this criterion
only.

In contrast to other robust criteria, HCInD does not require the

distribution of the uncertainty in the parameter values to be specified a priori

but rather a lower and upper point estimate. 2"p parameter sets are formed
representing all possible combinations of the 2.5 and 97.8" percentiles of the

prior parameter distribution . The logarithm of the determinant of the Mkg is

then calculated for each of the parameter setsd{k} and the design is optimized

based on their summation according to:
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o

Yp =argmeo?§5 —In%M (d{k} )

T g =1Np

-I-C!Da%Oz

Equation 1.34: HCInD optimal design criterion.

In this work, the weighting of each model (&) is fixed to 1 and the number

of parameters that are to be estimatedn, is the same for all models.

1.1.5.1.3. D-efficiency

The D-efficiency Eff of any given design Y 5 in comparison to the D-
optimal design Y*D is then calculated according to

oY C~)1/np
Eff (%) = ae—Dg Ao
&p?

Equation 1.35: D-Efficiency.

The efficiency is related to the experimental effort, whereby a value of, for
example, 50% indicates that the design in the numerator is half as efficient as
the design in the denominator and doubling the experimental effort of the

former would yield equivalently informative designs.
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1.2. Red blood cells

RBCs or erythrocytes, are the main cellular component of human blood
and a very unique type of cell. Their main function is to transport oxygen (O2)
from the lungs to the body tissues and carbon dioxide (CO2) back from the
tissues to the lungs. Because of this specialised function, RBCs are almost
entirely filled with haemoglobin (Hb), the protein that binds O 2 and COzand

that gives blood its red colour [34].

1.2.1. RBC producti on

RBCs are produced in the stroma of the bone marrow, a processknow n as
erythropoiesis, where pluripotent haematopoietic stem cells differentiate over
several precursor cell types into reticulocytes [34]. This differentiation is
mediated by the hormone erythropoietin (EPO), which is produced in the
kidneys in response to reduced Oz content in the blood. Thus, a feedback loop
between RBC production in the bone marrow, Oz content in the blood (an
indicator for the number of RBCs in the circulation ) and EPO production in the

kidneys exists.

Bone marrow

RBC production

Circulation Circulation
EPO blood O, patrtial
concentration pressure
Kidneys

EPO production

Figure 1.10: Erythropoietic feedback circle.
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During the differentiation process in the bone marrow, the c e | nuatess
degenerates and is extruded sacrificing the ability of the cell to synthesise
proteins, perform self-renewal and mitosis for a greater Hb carrying capacity.
The resulting reticulocytes migrate into the circulation and subsequently
differentiate into mature RBCs within one to two days by degeneration and

loss of the remaining organelles [34].

1.2.2. RBC lifespan & destruction

Without the ability of self -renewal and mitosis, mature RBCs are
committed to die after a certain period of time. This period of time is
commonly referred to as the lifespanof RBCs and is generally accepted to be
approximately 120 days, although this value lacks clear scientific evidence
Lifespan values reported in the literature dif fer depending on the method used
to determine the lifespan, and mean lifespan values between 100 and 125 days

have been reported [34-36].

1.2.2.1. Lifespan concept & destruction mechanisms

Four general processes are involvad in the physiological destruction of
RBCs:

Senescencddeath from old age)
Mid -life destruction of misshapen RBCs

Random destruction and loss during the circulation

> > > >

Early death of unviable RBCs and due to neocytolysis

It has beensuggested, that the potential lifespan of a RBC is aninnate
characteristic of the cell itself. It is assumed to resemble theability of the cell to
resist the stressthe cells are exposed toduring the circulation in the body , e.g.
shear forces in the capillaries [37]. Mature RBCs are not able to repair any
structural damage or metabolic failures by de novosynthesis of proteins or
lipids [34]. Therefore, ther ability to resist destructive processesis limited and
eventually determines the c e | lifeSpan [37]. This limited ability decreases

gradually during the life time of the cell, finally resulting in death of the cell
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due to old age which is termed senescenceFurthermore, misshapen RBCs have
an inherent reduced ability of resistance and, therefore, are removed from the
circulation earlier than normal RBCs.

RBCsare also subject to ageindependent random destruction, at least to a
small fraction in healthy humans and to a greater extentin certain types of
anaemia [38]. Furthermore, erythrokinetic studies have shown that
erythropoiesis is partly ineffective resulting in unviable RBCs [39], which either
never reach circulation or are destroyed shortly after their release [40].
Additionally, selective reticuloendothelial sequestration of the youngest RBCs
termed neocytolysis has been described[41]. Neocytolysis is a fast and fine
tuned mechanism to control the number of circulating RBCs[41], and is part of

the pathophysiology of the anaemia of chronic kidney disease(CKD) [42].

1.2.2.1.1. Effectof pathological conditions on RBC lifespan and destruction

The influence of pathological conditions on the RBC lifespan and
destruction mechanisms is not fully understood. In CKD for example, RBC
survival is decreased in addition to the diminished RBC pro duction that results
from a decreased production of EPO by the kidneys [43,44] However, it is
unclear whether this decreased survival is due to an accelerated senescence,e.
the cells have a generally decreasedsurvival capacity, or whether the uremic
environment results in an increased destruction of the cells irrespective of their
age. Deeper insight into the underlying mechanisms of RBC destruction would
be desirable to obtain a better understanding of the anaemia of CKD, but also

other diseases affecting RBC survival.

1.2.2.2. Destruction sites & stimuli

Damaged and senescentRBCs are removed by the reticuloendothelial
system (RES) predominantly by the spleen,but also by the liver [34,45]

RBCs are sequestered within the vascular spaces of the RES, where they
are haemolysed after phagocytosis by macrophages. Various factors are

involved in triggering the removal of RBCs in the RES most of which are

related to the ability of the cell to deform normally or t he cel |l 0s
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characteristics. Cell deformation is crucial for the RBCs to passthrough the
small gaps in the filtration beds in the RES, while altered membrane
characteristics can trigger phagocytosis by macrophages. The following

characteristics have been reported to trigger RBC destruction:

A decreased activity of glycolytic enzymes with subsequent metabolic
failure [46]

A increased intracellular calcium concentrations leading to a higher cell
density and decreased deformability [47]

A oxidative injury and polymerisation of cytoskeletal proteins resulting
in increased cell stiffness [34]

A changes in the cell membrane affecting deformability and surface
charge [34,45]

A increased binding of autologous antibodies to antigens in the RBC

membrane [34]

In addition, changes in EPO concentrations not only mediate RBC
production but also influences RBC destruction in the RES. Neocytolysis was
shown to be induced by rapidly decreasing EPO concentrations which result in
wider gaps in the filtration beds of the RES and also in direct changes on the
RBC membrane [48-50]. These mechanisms allow for a faster decrease in RBC
numbers when shifting to lower altitude than would be possible by removal of
old and damaged RBCs alone[41]. Neocytolysis may also result from r apid and
large fluctuations in EPO concentrations which can occur with i.v. EPO therapy

[42,51]

1.2.3. Methods to determine RBC survival

To estimate the lifespan of RBCs it isgenerally considered necessary to
follow the cells over their entire life. This is usually achieved by using a label.
Two different types of labelling methods have been established:cohort labelling

and random labelling method84,52]
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1.2.3.1. Existing RBC labelling methods

An overview of existing labelling methods for RBCs is givenin Table 1.1.

Using cohort labelling methods newly formed RBCs are labelled as a group,

while random labelling involves labelling RBCs of all ages that are present at

one point in time.

Table 1.1: Labelling methods for RBCs.

Label

Cohort labelling methods

Radioactive iron (5%Fe)

Glycine tagged with
isotopes (15N or 14C)
Random labelling methods

Differential agglutination
method

Radioactive chromium
(®1Cr)

Radioactive diisopropy! -
fluorophosphate (DF 32P)

Biotin

Mechanism

Incorporation into the heme group durin g the
production of haemoglobin [35,53]

Incorporation into the protoporp hyrin part of
the heme group [35,38,54]

Transfusion of donor RBCs into a recipient
with a different blood group but without the
ability of producing antibodies again st the
blood group of the donor [55]

Complexation with haemoglobin [56-58]

Binding to intracellular cholinester ases[59-61]

Covalent binding to membrane proteins [36]

Unfortunately , all labelling method s have significant limitations . In the

case of cohort labelling methods the label is usually incorporated into Hb

during RBC production over several days. Therefore, the labelled cells do not

have exactly the same age. Other problems associated with both ypes of

labelling techniques include the reuse of a label released after the breakdown of

a cell and random loss of label from the cells during their circulation in the

body. For an accurate estimation of the RBC lifespan it would be necessary to

account for all of those problems occurring with the label used.
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Of the methods mentioned in Table 1.1, the biotin technique would be
expected to provide the most accurate estimation of the RBC lifespan.Biotin is
permanently bound to the RBC membrane in a covalent manner and RBCs
carrying the biotin label can be detected with high sensitivity using flow -
cytometry . However, this method is not widely used for clinical purposes due
to the expensive equipment required and the complex procedure. Therefore,
only limited information on this method exists in comparison to the more
commonly applied techniques, especially the radioactive chromium ( 51Cr)

method.

1.2.3.2. Other methods

An alternative method that has been used to determine RBC srvival and
that does not rely on the concept of labelling is the CO exhalation method [62-
65]. This method measures the CO content in the exhaledbreath and therefore
guantifies heme turnover as one molecule of CO is produced per molecule of
destroyed heme. The measured CO content is then converted mathematically
into a RBC lifespan value where the contribution of the breakdown of other
heme containing enzymes and proteins such as myoglobin is accounted for
empirically .

While CO exhalation avoids reuse and label loss, it is confounded by
environmental issues and only gives an indirect measure of RBC turnover at a
certain time point. This method does not follow RBCs longitudinally and
therefore does not provide any information on the RBC lifespan distribution.
Additionally, the equations used to derive an RBC lifespan value from the CO
content in the breath are potentially confounded. The fraction of CO attributed
to RBC breakdown in these equations is usually determined based on the
assumption of an average RBC lifespan of 120 days, and not all alternative
physiological mechanisms that result in CO production other than RBC

breakdown are accounted for in most of these equations.
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1.2.3.3. Reference method to determine RBC suwival

The International Committee for Standardization in Hematology (ICSH)
recommends random labelling with 51Cr to determine RBC survival [66]. This
method is therefore most often used in clinical practi ce.

Although 5I1Cr is firmly bound to intracellular Hb in vitro [56,57] a
permanent loss of label is observedin vivo [57,67] This loss seems ¢ be partly
due to the dissociation of the chromium -haemoglobin complex. Previous
aut hors refer t o t[87i68] anddaaerrecting factoseverat i on o6
established to account for it [66]. However, the extent of elution varies
depending on the labelling method and is additionally increased in haemolytic
disorders [67]. Furthermore, it was shown more recently that Hb is lost from
RBCs due to vesiculation [68]. This process further increases the amount of lost
label. Yet, the loss of label due to vesiculation of Hb has not been considered in
previous calculations of the RBC lifespan based on5ICr labelling experiments
which casts doubt on the accuracy of the RBC lifespan values determined in

this way .

1.2.4. Previously proposed life span models

Mathematical models have been used to describe RBC survival since the
first labelling methods for RBCs were established in the 1940s and 1956. Most
of these models assumed the lifespan to be uniform and finite for all RBCs in an
individual ( i.e. a point distribution); however random destruction and simple
lifespan distributions, such as normal or lognormal distributions, were
considered as well [38,54,69] An extensive review of the early work can be
found in Berlin et al [35].

Here, focus will be give n to models developed more recently in the area of

pharmacometrics.
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1.2.4.1. Lifespan based indirect response models

Over the past 20 years, lifespan based indirect response (LIDR) models
have been developed and used to describe various haematopoietic cell lines,
including erythropoiesis in rats [70]. A recent review by Krzyzanski and Perez
Ruixo excellently describes the fundamentals, applications and limitations of
LIDR models [71].

LIDR models are extensions of simple turnover models (Figure 1.11,
Equation 1.36) where the cell lossrate R, (t) is described asa function of time
dependent on the lifespan distribution, denoted by the pdf, f(t,2), of the cells
(Equation 1.37). The general notation used in Equation 1.37 allows the pdf to be
time variant, i.e. cohorts of cells produced on different days are allowed to have

different lifespan distributions.

Rin(t) Rouf(t)

Figure 1.11: Schematic of aetl turnovermodel R (t) = cell productiorrate, Ryu(t) =

cell losgate N = total number of cells in the system.

= Rnlt)- Rou)

Equation 1.36: Mass balance egtian for a cell turrover model

o]
Routlt) = fRin(t- 2) & (t- 2,2)dz
0
Equation 1.37: Time-dependent cell loss ra®g,;as a function of the lifespan

distribution of the cells denoby the corresponding péit,2).

Equation 1.37 is equivalent to the convolution Ry *f(t) and can be
substituted in Equation 1.36, which then becomes a delayed differential

equation.
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Basic LIDR models use a point density asthe pdf where all cells have the
same lifespan. These distributions are either assumed to be time invariant in
models where only a change in cell production is of interest [72], or time
variant where the location of the point density is allow ed to shift over time, e.g.
due to the influence of agents that affect the elimination of the cells [73,74]
However, the main simplifying assumption that cells produced on the same
day will all have the same lifegpan holds true even for time varying basic LIDR
models.

Despite being more realistic, continuous pdfs have only been used
sporadically as lifespan distributions in LIDR models [75,76] mainly because
solving the corresponding delayed differenti al equation is very difficult .

It should be noted that all LIDR models proposed so far assume cell
destruction to occur due to one mechanism only, namely senescenceOnly the
use of a complex pdf would allow for different destruction mechanisms in a

LIDR model.

1.2.4.2. Transit compartment models

Transit compartment (TC) models describe the survival of a cell
population based on a series of catenarycompartments (Figure 1.12) where cell
death is assumed to occuronly by senescenceand is equivalent to the removal

of the cells from the last compartment.

krr krr

-

Figure 1.12: Schematic of a transttompartment modeNC = numberof

compartmentskrg = transfer rate constanki, = production rate constant

TC models can be regardedas a special case of LIDR models, where the
underlying pdf is described by a gamma function [77]. However, they are
easier to solve mathematically as they do not require delayed differential

equations; and a closed form solution is available [9,10]. Note, that if the
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number of compartments approaches infinity the TC model becomes
equivalent to the LIDR model as the gamma function will approach a point
distribution.

TC models with different number s of compartments have been used to
describe the survival for RBCs in literature [78-80]. Of particular interest is the
work of Kalicki et al. who extended the basic TC model for RBC survival by
including random destruction as a first -order loss process from all 29
compartments in their model [80]. This was the first attempt to include two
different types of RBC destruction into one of the recent models for RBC

survival.

1.2.4.3. A proposed RBC lifespan model

In contrast to the more parsimonious objectives of the models described
before, | have previously developed a model for RBC survival based on
physiological destruction mechanisms of RBCs in a bottom-up model building
approach [81,82]

Development of this model was based on the theory of aging and
longevity and survival analysis methods were applied to propose a pdf that
accounts for four plausible destruction mechanisms of RBCs in the human

body:

A early removal of unviable RBCs from the circulation
A ageindependent random destruction

A premature removal of misshapen RBCs

A normal cell death due to senescence

1.2.4.3.1. Proposed RBC lifespan distribution

For this purpose, a bathtub-shaped hazard function was used as this type
of function generally includes three components: 1) an instantaneous elevated
risk of system failure followed by rapidly decreasing risk rate in the earliest
phase of existence (analogous to infant mortality), 2) a constant hazard rate that

spans the whole existence and that describes random loss (analogous to
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random death) and 3) a final phase o increased system failure due to
senescence of the system (analogous to an agdependent increasing mortality

rate). This results in a typically u-shaped hazard curve, thus the name bathtub
function.

Bebbington et al. proposed a pdf for human mortality showing a bathtub -
shaped hazard curve for the population of Indonesia [83]. They combined a
modified flexible Weibull (FW) distribution, denoted by the parameters s> 0,
s> 0 and c?2 0, and a reduced additive Weibull (RAW) distribution, denoted
by the parameters r; > 0 and r, > 1. The resdting pdf for lifetime t > O

(equivalent with age at time of death) is denoted by the following equation :

favix () =mCf gy () + (@- m) OFraw(t)

fax (t.d)= mcﬁfxp(- exp(s; @- spft)- C®)C«81+32/t2)®xp(sl - sz/t)+c))+

- m. ( 0) - (1 0 )y 2 ) ) ()i 0) )1
d= [C, mry,r2,9, Sz]T
Equation 1.38: Probability dengy function of the proposed RBC lifespan model.

Here, the proportion al contribution of each distribution is determined by
the unit-less mixing parameter m (0 ¢ m¢ 1). The mean parameter values for the
Indonesian population were estimated as r; = 0.0260 dys?, r, = 5.7936,s; =
0.0434 days!, s,= 234.94 daysc = 0.0029 dayst and m= 0.7843[83].

The underlying modified flexible Weibull distribution can be regarded as

the pdf of the healthy subpopulation, shown in Figure 1.13A.
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Figure 1.13: A Probability density functiorigw(t) of the flexible Weibull distribution
accounting for death due to senescence and random loss in the healthy population.
B Probability density functioriraw(t) of the educed additive Weibull distribution

showing early infant mortality and reduced life expectancy of individuals with

congenital disorders.
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Here, death occurs either due to senescence (component 3) or age
independently in a random fashion (component 2), e.g. fatal accidents or highly
virulent infections that Kill irrespective of age. Initially, t he curve is elevated
from the x-axis by the influence of the constant hazard rate c, while the
maximum at the age of 70 years accounts for death due to senescenceéOdn the
other hand component 1, infant mortality together with a reduced life
expectancy is described by the reduced additive Weibull distribution ( Figure
1.13B). Infant mortality is rapidly decreasing during the fi rst five years and the
mortality rate reaches a minimum at the age of 15 years. The saddle at the age
of approximately 37 years is thought to account for a reduced life expectancy of
those in the population who have congenital disorders that were not associated
with immediate mortality (e.g. cystic fibrosis).

Combining these two distributions according to the mixing parameter m=
0.7843 (from the Indonesian population) results in the overall lifespan
distribution for the Indonesian population (Figure 1.14A, Equation 1.38). The
main maximum at the age of 70 years equates the maximum of the modified
flexible Weibull distribution, while the saddle at the age of approximately 37
years equates the maximum of the reduced additive Weibull distribution. This
results in the saddle between the age of 35 and 50 years of the corresponding
bathtub-shaped hazard function (Figure 1.14B), which represents the

instantaneous risk of death at any point in time.
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Figure 1.14: Combined model for the Indonesian populat®®robability density
function fyx(t). B Corresponding bathtubhaped hazard oee hyx(t).
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The Indonesian model was chosen as a template for the lifespans of RBCs
due to characteristics that compare to a potential bathtub-shaped hazard
function for RBC survival. The characteristics of the Indonesian model are

mapped to the postulated features for the RBCmodel in Table 1.2.

Table 1.2: Indonesian model versus RBC model

Indonesian model RBC model

Early infant mortality Early death of unviable RBCsor
neocytolysis

Constant hazard rate during the Random destruction of RBCs during

main lifetime their circulation in the body

Reduced life expectancy of Reduced lifespan of misshapenRBCs

individuals with congenital

disorders

Exponentially increa sing hazard Removal of normal RBCs from

rate with increasing age circulation due to senescence

1.2.4.3.2. Implementation of the model in MATLAB

The model was implemented in the programming software MATLAB N
(The MathWorksa Inc., Natick, USA). The overarching premise was to assign
each simulated RBCs an individual lifespan , randomly sampled from the
lifespan distribution described by the proposed pdf.

Severaldifficulties arose from this idea:

1) The complex structure of the pdf does not allow direct sampling of
lifespans from the corresponding cdf as the inverse of the cdf is not available in
closed form. To circumvent this problem, a rejection sampling method was
used to generate lifespans with the same distribution (seeAppendix A.1.1for a
description of this method ) [84,85]

2) The sampled lifespans had to be rescaled to the dimension of RBC
survival. This was achieved by multiplying each lifespan by the ratio of
assumed median RBC age (in dgs) and median human age (in years).
Applying this converting factor preserves the shape of the original distribution,

while rescaling it to the dimension of RBC survival. A median RBC age of 115
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days was assumed, according to the mean lifespan of pooled RBC survival data
determined using 5Cr and the historically frequently used method of
differential agglutination [34].

3) This version of the model suffered from very long run times as the
initial MATLAB N code was very inefficient relying on multiple loops and

excessive interim data storage.

1.2.4.3.3. Relation to this thesis

The work presented in the second part of this thesis is based onthe newly
proposed RBC lifespan model. In Chapter 2, the model is improved to
overcome the above mentioned difficulties. It is furthermore enhanced to
describe different labelling techniques commonly used to determine RBC
survival in vivo.

The ability of estimating all parameters in the final model from RBC
survival studies using hypotheti cal, ideal labelling methods as well as currently
available, non-ideal methods is assessedbased on an information theoretic
approach. The model is then applied to in vivo data to compare RBC survival in

patients with CKD and healthy controls.

1.2.5. RBCs and clinical data

Besides measuring the lifespan of RBCsvarious other data derived from
RBCs can be used in clinical practice. It reaches from standard laboratory
measurements of haematological parameters such as Hb concentrations or the
mean corpuscular volume (MCV) to the most common marker of glycaemic
control in diabetic patients, glycated haemoglobin HbA 1.

In addition, RBCs can also serve as matrix to measure PK datafor drugs
that accumulate intracellularly . An example of this will be explored in Part Il 1
of this thesis where a population PK model for intracellular RBC concentrations

of methotrexate (MTX) is developed.
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1.3. Methotrexate

MTX is a folate analogue that is widely used as an immune suppressant
and anti-cancer drug because of its antiinflammator y and anti-proliferative
properties [86]. The structures of MTX as well as folic acid are shown in Figure
115

In the following, a brief overview of MTX PK and PD will be given with

emphasis on its use in rheumatoid arthritis (RA).
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Figure 1.15: Chemical struaires of folic aci;A) and methotrexatéB).
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1.3.1. Pharmacokinetics

1.3.1.1. General pharmacokinetics of the parent drug

MTX can be administered orally or parenterally. Absorption from the
gastrointestinal (GI) tract is by means of an active transport mechanism which
is saturable at high doses. The bioavailability of oral MTX doses less than 30
mg/week is approximately 70% [86-88].

A biphasic PK profile is observed after i.v. dosing of MTX that is best
described by a two-compartment model [89-92]. In vivo metabolism of MTX is
minimal; the main hepatic metabolite after high -dose administration of MTX is
7-hydroxy -MTX which results from hydroxylation of the pteridin structure in
the molecule. 81% of the administered dose is excreted unchanged via the
kidneys within 48 hours [86]. Glomerular filtration and tubular secretion both

play a role in the renal clearance of MTX [86].

1.3.1.2. Intracellular metabolism via polyglutamation

Similar to folate, MTX is also taken up into cells via the reduced folate
carrier (RFC) [93]. Inside the cells, the enzyme folylpolyglutamate synthetase
(FPGS) adds glutamate moieties to the parent molecule in a stepwise manner,
resulting in the formation of polyglutamated MTX metabolites (MTXPGs) [94-
96]. The MTX parent molecule contains one moiety of glutamate onto which the
additional glutamates are added via glinkage forming a polyglutamate chain.
A second enzyme, gglutamyl hydrolase ( gGH) catalyses the reverse reaction
and cleaves one and/or two termin al moieties of glutamate [97]. MTXPGs
accumulate intracellularly, as only the parent drug can leave the cells via multi
drug resistance transporters (MDRT) of the ABC (ATP binding cassette) family
[95,98,99]
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1.3.2. Pharmacodynamics
1.3.2.1. Postulated mechanisms of action

As a folate analogue MTX inhibits a key enzyme in the folate pathway,
dihydrofolate reductase (DHFR) ( Figure 1.16) [100]. DHFR converts folate to its
active form tetrahydrofolate which acts as an acceptor and donor of methyl
groups in other enzymatic reactions. Inhibition of DHFR by MTX therefore

affects all cellular processes that require G-transfer.

Folate

NADPH

DHFR |—— MTX
NADP+

A 4

Dihydrofolate

NADPH
DHFR |—— MTX
NADP+
Serine
C1 group »
! Tetrahydrofolate
SHMT Glycine
5-Methyl- 5,10-Methylene-
tetrahydrofolate tetrahydrofolate
MTHFR
NADP+ NADPH

Figure 1.16: Folatepathwayand mechanism of action of MTKADPH / NA DP+ =
nicotinamide adenine dinucleotide phosph&t¢MT = serine

hydroxymethyltransferasédTHFR = methylenetetrahydrofolate reductase.
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MTX also interferes with DNA synthesis by direct inhibition of folate
dependent enzymes such as5-aminoimidazole -4-carboxamide ribonucleotide
transformylase (ATIC) and thymidylate synthase (TYMS). These enzymes are
essential for the de novasynthesis of purines and pyrimidines ( Figure 1.17) [101-
103], and their inhibition is mainly responsible for the anti -proliferative action
of MTX. In addition, MTX also has anti -inflammatory and i mmunosuppressant
properties, which can be attributed to a reduction in the production of pro -
inflammatory cytokines such as interferon -g TNF-a and interleukin 1 b as a
result of an increased intracellular accumulation and secretion of adenosine

(Figure 1.17) [104,105]

MTX
[ ATIC ] [ TYMS ]
Purine synthesis Adenosine Pyrimidine synthesis
® accumulation & (®)
secretion (=)

!

Production of
pro-inflammatory cytokines (®)

Figure 1.17: Anti -proliferative and antinflammatory mechanism of action of MTX
ATIC = 5-aminoimidazole}-carboxamide ribonucleotide transformylaBEMS =

thymidylate synthasgl06].

A more detailed illustration of the postulated pathway of action of MTX is

provided in Appendix A.1.2, App Fig. 1.21.
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MTXPGs are active metabolites that have been shown to exhibit an even
higher affinity for folate dependent enzymes than MTX, and a similar affinity
to DHFR [86,98] At least part, if not the majority, of the activity of MTX can
therefore be attributed to these active metabolites, and their intracellular
accumulation results in a prolongation of the PD effects [86,95,107]

Nevertheless, the exact mechanism of action of MTX in RA is still unclear,
and it also remains unknown whether MTX has a local effect in the joint as well

as systemic effects.

1.3.2.2. Adverse effects

The adverse effects of MTX are nostly associated directly with its anti -
proliferative mechanisms of action. It affects fast dividing cells such as hair
follicles, mucosal cells of the GI tract, and the bone marrow, resulting in
alopecia, mild to severe Gl irritations, and myelosuppressio n, respectively [86].
In addition, adverse effects related to the central nervous system such as
fatigue and loss of concentration can occur. Most severely, hepatotoxicity and
pneumonitis may occur, albeit rarely [86,108] Severe adverse effects require
discontinuation of MTX therapy, while mild to moderate Gl irritations after
oral administration usually can be overcome by changing to parenteral

administration [108].

1.3.3. Use of MTX in rheumatoid arthritis

Low-dose MTX (2%rmguoace b weekPexhibits antiinflammatory
activity and is used in the therapy of several autoimmune conditions, such as
inflammatory bowel diseases and RA [86,109]

In RA, MTX is the gold standard disease modifying anti -rheumatic drug
(DMARD) and is comm only given in doses of 10 d 25 mg once a week, either
orally or via subcutaneous administration [108]. Rapid and effective disease
control is desirable in RA to prevent irreversible joint damage [108]. However,

the required dose is difficult to predict as it varies widely among patients.
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In clinical practice, MTX treatment is usually started at a low dose (7.5 - 10
mg/week) which is subsequently escalated according to clini cal response[110].
Starting MTX treatment at maximum dose (25 mg/week) is generally avoided
as it may result in Gl adverse effects which are poorly tolerated resulting in
patients discontinuing MTX treatment [111].
Finding biomarkers that can be used to predict clinical outcomes, guide
dose escalation and monitor MTX treatment is therefore of great clinical
interest [108].
Not e, t hat in this thesis the term o0b
biological measure that has a predictive, but not necessarily a causative

relationship with disease or treatment outcomes.

1.3.3.1. Monitoring of MTX treatment in RA

Most commonly, plasma concentration measurements such as steady
state, peak or trough concentrations are used to monitor drug therapy.
However, plasma concentrations of MTX are unsuitable for monitoring weekly,
low-dose MTX treatment. MTX plasma concentrations fall below the li mit of
guantification (LOQ) within 24 hours after application and no steady state
concentrations can be measured[112,113] Currently, the literature provides no
evidence for a correlation of clinical outcomes or adverse effects with alterative
PK measures such as peak concentrations. In addition, the active metabolites
MTXPGs contribute significantly to the activity of MTX, which may not be
adequately reflected by measuring common biomarkers related to the parent
drug only. Therefore, an alternative biomarker for monitoring of low -dose
MTX treatment is required that correlates with clinical outcomes and/or

adverse effects in RA and that can be measuredeasily.
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1.3.3.1.1. RBC MTXPG concentrations

Potential candidates as altanative biomarkers to monitor MTX treatment
are MTXPG concentrations measured inside RBCs. As in other cells, MTXPGs
accumulate inside RBCs The simple accessto RBCs and their abundance make
them easy candidates for measuring intracellular MTXPG concentrations.

However, RBC MTXPG concentrations have neither a known causal
relationship with RA nor with the clinical outcomes of MTX treatment . RBCs
are not involved in the pathology of RA and are also not located on the
postulated pathway of action of MTX . Yet despite this lack of causality, RBC
MTXPG concentrations could be used as a clinically reasonable biomarker to
assess MTX treatment if there is a predictable correlation with the outcomes
such as disease control and/or adverse effects. Such a correlationis debated in
literature. Several studies have shown a correlation between disease control
and RBC MTXPG concentrations [114-116], but these findings could not be
verified in a more recent cross-sectional study [117]. A population PKPD model
could prove useful to determine whether a predictable correlation between
MTXPG concentrations in RBCs and clinical outcome of MTX therapy truly
exists.

In the third part of this thesis, a population PK model for RBC MTX and
MTXPGs is developed using a top-down modelling approach. Such a model
provides a better understanding of the time course of MTXPG accumulation
inside RBCs and will facilitate future work assessing the correlation between
RBC MTXPGs and disease outcomes and/or adverse effects of low-dose MTX

therapy in RA in a full population PKPD model.
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Chapter 2A statistical model for red blood cell survival time

Chapter 2: A statistical model for
red blood cell survival time

This chapter is partially based on the following peer-reviewed publication:
Korell J, Coulter C, Duffull S (2011) A statistical model for red blood cell survival
Journal of Theoretical Biology 268(1):3949.
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2.1. Synopsis of the Chapter

In this chapter, the development of the pro posed statistical model for the
lifespan of red blood cells (RBCs) (introduced in the Introduction Section
1.2.4.3 is continued. Furthermore, sensitivity of the model to changes in the
parameter values is explored and general (a prior) model identifiability is
assessed using information theoretic principles. Finally, possible applications of

this model to describe various pathological conditions are discussed.

2.2. Introduction

2.2.1. Previously proposed models for red blood cell survival

Lifespan based indirect response (LIDR) models have been described
successfully for natural cell populations and used to simulate the influence of
various agents on the production of different cell types [72,118] e.g. the
stimulating effect of erythropoietin (EPO) on reticulocyte count [72]. In these
compartment models, the loss of cells from a population is not controlled by a
first-order process. Instead, the cells leavethe compartments either due to
death by senescence or by differentiation into another cell type [72]. The
transition time between the compartments is assumed to be equal for all cells in
the population correspondi ng to a point mass distribution of lifespans which
follows the simple assumption of a fixed lifespan of all cells [72].

A more complex and arguably realistic approach is the implementation of
a continuous lifespan distribution into the model. The influence of EPO on the
reticulocyte population has been simulated by Krzyzanski et al.[75] using three
different probability density functions (pdf): a gamma distributi on, a lognormal
distribution, and a pdf suggested by Dornhorst [69] that accounts for random
destruction of the cells until they reach their finite lifespan and die due to
senescence. Although more mechanistically focussed none of these lifespan
distributions provided a better fit to the reticulocyte counts after admi nistration

of EPO than the fixed lifespan model.
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Freise et al.[76] used a truncated three-parameter Weibull distribution to
simulate a distribution of reticulocyte lifespans in sheep. Applying a time
variant location parameter depending on the stimulation of RBC production,
this distribution yields better results with respect to the underlying physiology
than a time variant point mass distribution, which assumes a fixed lifespan for
all cells stimulated at the same point in time.

Recently, Kalicki et al.[80] compared the goodness of fit of several transit
compartment (TC) models to data of RBC survival. They found a 29-TC model
including random destruction to be superior to simpler TC models without
random destruction.

In contrast to these mostly parsimonious and application focused
previous approaches, the underlying idea of the model proposed in the
Introduction to this thesis (Section 1.2.4.3 was to obtain a mathematical
description of the RBC lifespan distribution that is focused on the plausible
processes of RBC destruction, with the intention of providing a new
perspective on modelling the lifespan of RBCs, that might facilitate future work

in this area.

2.2.2. Red blood cell destruction mechanisms

Four types of physiological destruction mechanisms of RBCs are

plausible:

A early removal of unviable RBCs from the circulation
age-independent random destruction

premature removal of misshapen RBCs

> > >

normal cell death due to senescence

These complex mechanisms involved in RBC destruction contradict the
assumption of a fixed lifespan for all RBCs. The multitude of mechanisms can
only be described by a lifespan distribution and cohort labelling studies
provide evidence for such a distribution [54,119] Yet, the true shape of this

distribution remains largely elusive, and none of the so far proposed
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distributions accounts for all these possible physiological mechanisms of RBC

destruction.

2.3. Objectives

Although not all of these processes of RBC destruction might be present
simultaneously in an individual at any point in time, the objective here was to
postulate a continuous lifespan distribution that is specific for the survival tim e
of RBCs and that is in accordance with the plausible processes of RBC
destruction in humans. It is intended to prove useful in future to inform RBC
survival studies in healthy volunteers as well as in patients with various types
of haemolytic disorders as the extent to which each of these processes
contribute to the overall lifespan distribution can be varied in this model,

which will be discussed later in this chapter.

2.4. Model development

2.4.1. Previous version of the model

The underlying theory of the proposed model has been described in detail
in the Introduction ( Section 1.2.4.3. The model was implemented using the
programming software MATLAB N (The MathsWorks™ Inc., Natick, USA).

In brief, a previously published survival model f or humans [83] was
rescaled to the time scale of R survival based on matching characteristics
between human mortality and RBC destruction mechanisms (seeTable 1.2 in
Section 1.2.4.3.10f the Introduction ) [81,82] The corresponding pdf over time t

constitutes of a mixture of two Weibull distributions and is given by:
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fax ()= MGy (t)+(1- m) S raw(t)
= mc'%x[:(- exp(sl ®- Szlt)- C@)C«Sl +32/t2)®xd51 @- 52/t)+c))+
(- m)@xp- (11.0)72 - (1, @) )C((rl By )1y @)L+ (ry )y ) 112 1)

Equation 2.1: Probability density function of the pposed RBC lifespan model.

Here, FW stands for flexible Weibull which is a function of the parameters
s, & and ¢, while RAW stands for reduced additive Weibull and the
corresponding function is described by r; and r,. Both these distributions are
combined as fractions based on the mixing parameterm.

As mentioned in the Introduction to this thesis ( Section 1.2.4.3.2, the
previous version of the proposed model suffered from several drawbacks:
Firstly, it was based on anumerically intensive and time consuming code that
followed each generated RBC individually over time using multiple loops in
MATLAB V. Secondly, the previously published human parameter values were
used and individual rescaling of each lifespan based on the ratio of median
RBCs survival (assumed to be 115 days) to median human survival was
required. Both these issues had to be resolved to render the model suitable for
future work. To address the first issue, a more efficient code was implemented
in MATLAB N, while the second issue was resolved by developing a specific
model for the lifespan of RBCs. Both modifications are described in the

following section.

2.4.2. Modifications of the model
2.4.2.1. Improvement of the run times

To overcome the first drawback of very slow run times, the MATLAB N
code was improved using vectorisation. Here, RBCs are generated as entries in
an array with the dimensions k, (production rate per day) times tgmax(time until
obirth 6 occurs). Therefore, the corresponding column represents the day of
obirth 6 for each cell, i.e. the day of release from the bone marrow. Each RBC is
then assigned an individual lifespan, randomly drawn with replacement from

the lifespan distribution. Subsequently, for every day of a simulation it is
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checked whether each individual cell is born and still alive, or not. Living cells

per day are summed up and plotted versustime t according to:

N
Nrecdt) = & Zit
i=1

with N =kp Bgmax

‘eZ =1 ift> tBi andt < tBi +LS|

where
iZ=0else

and LS~ p(s1,Sp,C,Iq, T2, M)
Equation 2.2: Lifespan distribution model for RBC survival.

Here, N is the total number of RBCs in the simulation, k, denotes the
constant production rate per day, tsmaxiS the time until obirth 6 occurs, tgiis the
individual day of obirtho of the it RBC and LS is a random sample of an
individual lifespan, which are distributed according to Equation 1.38 (p). In this
context, the day of obirtho is assumed to be the day of release into the
circulation. This implies that reticulocytes and mature RBCs in the circulation
are not distinguished, thus reticulocytes represent the fraction of the youngest

RBCs in this model.

2.4.2.2. Estimation of RBC specific parameters

The requirement of individual rescaling of e ach RBC lifespan was
addressed by estimating the RBC specific parameter values forEquation 1.38. A
rescaled sample of 1,770,887 prgosterior RBC lifespans was obtained based on
the human pdf using the rejection sampling method (Appendix A.1.1). A
histogram containing 200 bins was created from these samples and normalised
based on the total number of sampled lifespans. This normalisation results in
an integral (from zero to infinity) of one for the normalised histogram and
converts the units of the y-axis from absolute count to relative frequency,

which is equivalent to a probability density.
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Figure 2.1: Normalised RBC fespan histograrfblue stems indicating the midpoints of
each bipand corresponding normalised coordingtdse ling based on 200 bins: x

axis RBC lifespan in days;axis relative frequency = probability densi¢t) f

Fitting the pdf given by Equation 1.38to the coordinates of the mid points
of the normalised bins allows estimating the RBC specific parameters for the
model. The fitting was achieved by using a non-linear least square regression
method implemented in MATLAB N as function Isqcurvefit

However, when the parameter estimation was based on all 200
normalised coordinates, the fit to the main maximum of the function described
by the flexible Weibull distribution was given more weight compared to the fit
to the reduced additive Weibull distribution part that accounts for the saddle in
the profile. This resulted in a significant difference between the profile of the
estimated pdf and the profile of the normalised coordinates . An empirically
determined set of parameter values was able to capture the coordinate profile
much better without noticeable loss in the fit to the shape of the main

maximum ( Figure 2.2).
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Figure 2.2: Profile of the 200 normalised histogram coordinéifs) compared with

the empirically fitted pdfgreer) and the estimated péifed) based on all 200 points.

To improve the curve fitting procedure, t he number of data points used
for estimation was reduced to produce five data sets by removing every second
coordinate from the original data set, resulting in data sets with 100, 50, 25,
twelve and six normalised coordinates only. (Note that the pdf contains six
parameters and therefore requires a minimum of six support points for
parameter estimation.) Equation 1.38 was then fitted to each new data set The
difference between the original 200 normalised coordinates and the predictions
based on each set of parameer estimates (based on the sixdata sets) was
calculated and plotted against time (difference curve). By calculating the area
between the difference curve and null (AUC) it was determined which set of
parameter estimates provided the best fit to the original data. The fit was
assessed based on the AUC value (the lower the better) however the ability to
capture the profile of the original data in comparison to the empirical
parameter set was also taken into account. The corresponding plots for all six
data sets are given in Appendix A.2.1, while a summary of AUC values for the

difference plots is given in Table 2.1.
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Table 2.1: AUC of difference plots based on each set of parameter estimates.

Set of parameter estimates AUC
empirical ly determined 0.0682
estimated based on 200 points 0.0644
estimated based on 100 points 0.0616
estimated based on 50 points 0.0600
estimated based on 25 points 0.0584
estimated based on 12 points 0.0588
estimated based on 6 points 0.0665

The data setscontaining 25 and twelve normalised coordinates provided
comparably low AUC values for the difference plots. However, the data set
containing twelve support points was considered to be superior in capturing
the original profile. T he corresponding plots for this data set are shown in
Figure 2.3. The parameter estimates obtained by fitting Equation 1.38 to this
data setwere used in the following as RBC specific parameter values and are

given in Table 2.2.

Table 2.2: RBC spedic parameter values

Parameter Estimated value Units
St 0.0241 days1
S 440.78 days
ry 0.0140 dayst
ra 8.9681 -
c 0.0024 days1
m 0.8941 -

Based on these parameter values a lifespan distribution specific for RBCs
can be generated directly using the resampling method [84,85] described in

Appendix A.1.1, without the requirement of rescaling.
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The final new MATLAB N code for this RBC specific model is given in
Appendix A.2.2 and was used for the following simulations. Note that similar
simulations were also carried out during the preliminary work [81], and
equivalence of the new coding method was ensured by recreating these in this

chapter.

2.5. Simulations

Three simulations were conducted using the enhanced code for the
model: 1) a group of 1000 RBCs all born on day one was simulated 2) a
constant daily production rate of 1000 RBCs during the first ten days was
assumed; 3) constant production of 1000 RBCs per day wasassumed to occur
over 500 days to achieve a steady state of the total numberof RBCs during this
simulation.

The assumption of a constant daily production rate is based upon the
equivalent proposal of Schiodt [120]. This assumption was confirmed by
comparing th e variability in reticulocyte count over time asa useful metric to
determine the production rate of RBCs [121]. Sandberg et al.[122] have shown
that the variability within a subject is small in comparison to the between
subject variability , which was confirmed by us [81,82] based on data of Seip
[123]. Therefore, the production rate of RBCs in each individual can be

assumed as constant in relation to the variability between different subjects .

2.5.1. Simulation 1

The simulation of a cohort of 1000 RBCs born on the first day results in an
s-shaped disappearance curve.In Figure 2.4 the percentage of surviving RBCs
is plotted versustime as dashed line. The early death of some of the RBCs
accounts for the concave beginning of the disappearance curve. Afterwards, a
small fraction of RBCs die due to random destruction and with increasing ag e
the death rate increases due to senescence. The tailing at the end of the curve
results from those cells that have been assigned a very long survival time much

greater than the median.
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Figure 2.4: Disappearance curve of the first simulation with 1000 RBCs born on day
one(@ and survival curve of the second simulation with a constant daily production
rate of 1000 RBCs during the first ten dgy$ ). The yaxis is scaled to percentage of

RBC survival.

It needs to be noted that the resampling method used for defining

survival induces Monte Carlo error in the apparent survival fraction.

2.5.2. Simulation 2

A similar survival curve is observed simulating a constant production of
1000 RBCs per day during the first ten days. The solid line in Figure 2.4
represents the percentage of surviving RBCs in this simulation. The descending
part of the curve shows the same sshaped pattern with a less pronounced
initial concave part and tailing at the end as the disappearance curve in the first
simulation. Steady state is not achieved in this simulation due to the short time
of production which is less than the typical age. The daily production rate

during the first ten days is bigger than the destruction rate on these days.
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2.5.3. Simulation 3

Assuming a constant daily production rate of 1000 RBCs over the first 500
days results in a survival curve with steady state occurring after approximately

180 days Figure 2.5).
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Figure 2.5: Survival curve of the third simulation assuming constant production of
1000 RBCs per day to occur over 500 days. After approximately 180 days steady state

is reached until prduction stops after 500 dayssert: Fluctuation in steady state.

The number of RBCs keeps growing until all RBCs born on the first day
have died. At this time steady state is reached. A smooth transition from the
ascending part of the curve into the steady state is observed. This is due to the
fraction of long -lived RBCs with a survival time of approximately 180 days
which were born on the first day. As a result of the short survival time of some
cells, the total number of RBCs in the steady state is lesghan the product of
production rate and the median lifespan. In contrast, assuming a fixed lifespan
for all RBCs results in a total number of RBCsat steady state that is equal to the
product of production rate and lifespan (data not shown). The number of RBCs
in this simulation fluctuates around a value of approximately 105,000 RBCs
(Figure 2.5 insert). This fluctuation equates to variations of the randomly

sampled lifespans (Monte Carlo error) as each single RBds followed during its

75



Chapter 2A statistical model for red blood cell survival time

entire lifetime. The descending part of the curve has lost the sshaped pattern
observed during the first two simulations. An initial concave part of the
disappearance curve is no longer observed visually. Instead, an almost linear

decline with a sharp onset and tailing at the end is present.

2.6. Model application

Here, the results of the simulations are compared with previously
published RBC survival studies to show that the newly proposed RBC lifespan
model is applicable for the inter pretation of RBC survival studies. Previously
reported survival curves obtained using cohort labelling methods as well as

random labelling methods are considered.

2.6.1. Cohort labelling studies

The first simulation represents a hypothetical cohort labelling met hod
using an ideal label, where only cells born on the same dayare labelled. The
corresponding disappearance curve of the labelled cells is equivalent to the
dotted line in Figure 2.4. Unfortunately , such a label for RBCs does not exist
and this simulation can therefore only serve as a theoretical example

The second simulation can be regarded as a simplified model of anin vivo
survival study conducted by Shemin and Rittenberg [54]. These authors used
glycine tagged with heavy nitrogen (15N) as a cohort label for RBC which is
incorporated into haemoglobin (Hb) during the production of RBCs in the bone
marrow. A comparison of their data and the second simulation is shown in

Figure 2.6.

76



Chapter 2A statistical model for red blood cell survival time

‘\ ~— — " lifespan model
| i '-—\.\\\\ i o, === cohort labelling
| ; ~— . O sampling times
p ~ N
0.8

0.5

-10.6

| i \
| \
H (e} -0.4

o
w

T
/

Cohort labelling - Percent 15N
o
[
L

A~
Lifespan model - Survival fraction RBCs

0.1hH \

1 | | | B— |
0
40 80 120 160 200 240
time (days)

0
®

Figure 2.6: Survival curvesfor cohort labelling meth@dSurvival curveobtained by
Shemin & Rittenberg usingtN (@with ¢ as the observathtd. The graph was
digitally extracted and recreated frgb#]. Survival curve obtaing in the second

simulation (%2 ).

The constant production of RBCs over ten days assumed in this
simulation equals to a prolonged incorporation of label during Hb synthesis. In
both cases, an sshaped disappearance curve is observed, although the initial
concavity is not seen in the in vivo study. Furthermore, Shemin and Rittenberg
almost observed a steady state with a smooth transition to a descending curve
(Figure 2.6 dotted line), while in the simulation presented here, the early break
down of some of the young RBCs results in an immediate start of the
disappearance curve with a short initial concave part (Figure 2.6 solid line).
There are two explanations for these differences: Firsty, the incorporation of
the cohort label might not occur at a constant rate. It is likely, that a pool of
labelled glycine is formed in the bone marrow. Subsequently, this labelled
glycine is used for the synthesis of Hb during erythropoiesis, d ecreasing the
pool of label over time. Therefore, the fraction of RBCs labelled during
erythropoiesis would decrease over time as well. This can explain the plateau
as well as the long presence of label in the circulation observed by Shemin and
Rittenberg. In contrast, for simplification purposes it is assumed in the model

that the production of labelled RBCs is constant over time. The second
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explanation for the observed differences is a possible reuse of the label. A
fraction of the released 15N -tagged glycine might be used for the formation of
new Hb after the breakdown of the initially labelled cells, whereas in the
simulation the label is assumed to be ideal without showing any reuse. This
would also explain that the in vivo survival curve does not retur n to zero, even
after almost 240 dayswhich is twice as long as the commonly accepted lifespan
of RBCs

Furthermore, an early disappearance of a small fraction of young RBCs
and the presence of a small rate of random destruction cannot be observed in
the study of Shemin and Rittenberg due to the irregular and long blood
sampling intervals. Released labelduring the intervals from short -lived RBCs
would already be reused when the next sample is taken. Otherwise, in the case
of an even longer but reduced incorporation of the label during erythropoiesis,
the continuous formation of tagged RBCs would obscure the loss of a smadl
fraction of labelled cells. Hence, the lifespan distribution that was derived by
Shemin and Rittenberg can only reflect those RBCs dyirng from senescence,
whereas the distribution underlying the new model accounts for all plausible
processes of RBC destruction. Here,each cell is followed individually in the
model, resembling an almost ideal cohort labelling technique without reuse of
the label and a constant daily production of labelled cells over a definite and
known time period (ten days in the simulation) .

An alternative model for cohort labelling studies of RBCs has recently
been presented by Kalicki et al.[80]. Using previously published data of RBC
survival [124], they estimated the parameter values ofa TC model (Figure 2.7A)
as meanlifespan LS = 107 days krp = 0.00527days, and krgr = NC/ LS (days™)
with NC = number of compartments [personal communication]. To simulate the
fractional survival of a RBC cohort the initial humber of RBCs in the first
compartment is set to 1, and it is assumed that ki, = 0 days! to stop any further
production. The resulting graph of RBC survival (Figure 2.7B dotted line)
shows a similar pattern as the first simulation using the newly proposed

lifespan distribution model (Figure 2.7B solid line). However, due to the
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empirically chosen median RBC age of 115 days in thelifespan distribution
model compared to the shorter mean RBC lifespan of 107 days and the higher
rate of random destruction in the TC model, the overall survival of the RBC
cohort is longer using the lifespan distribution model. This is reflected in
Figure 2.7B by the right shift of the survival curve of the proposed lifespan
distribution model compared to the curve of the TC model. Additionally, the
TC model does not account for the selective early break down of younger RBC
whereas with the new model early death can be seen as an initial concave part

of the survival curve .
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Figure 2.7: A Compartment model witrandom destruction and variability of RBC
lifespan as proposed by Kaliekial [80]. NC = Number of compartmentk, = rate
constant of RBC productiorp = rate constant of random destructionrk rate
constant of transit and.S= mean RBC lifesparB (@ Survival fraction of an RBC
cohort(RBG = 1) simulatedwith the transit compartment model fdiC = 29,LS=
107 dayskrr= NC/LS (days?), ki, = 0 days!, krp = 0.00527 days. (42 ) Survival
fraction of an RBC cohort simulatedth the newly proposelifespan distribution

modelassuming a median RBC age of 115 days.
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2.6.2. Random labelling studies

In a comprehensive review on the analytical interpretation of RBC
survival studies Dornhorst illustrated the effect of normally distribute d
lifespans on the survival curve of RBCs in healthy individuals where no
random destruction and early death of RBCs were assumed to occur [69].
Applying this distribution , the author predicted a straight line with tailing at
the end as the disappearance curvefor a random labelling technique such as
Ashbyds ag tethoidue [65 (Figurer2.8A). The descending part of the
survival curve obtained in the third simulation equates the predicted
disappearance of cells assuminglabelling to occur on day 500 Figure 2.8C).

The International Committee of Standardization in Hematology (ICSH)
suggests a reference method for conducting RBC survival studies using
radioactive chromium (%1Cr) [66]. This method should yield a straight line for
the disappearance of label from circulation as well; provided that the data is
corrected for random loss of the label from the cells and that death of RBCs
occurs largely due to senescence [figure 2.8B). The disappearance curve
observed using this method equals the descending part of the survival curve in
the third simulation ( Figure 2.8C), although the model also accounts for
random destruction and early disappearance of a small fraction of cells. The
small rate of random loss present in healthy individuals is neglected in the
interpretation of the ICSH for the sake of simplification as it is difficult to
estimate with the labelling methods currently available. The same holds true

for early loss of RBCs.

following page:

Figure 2.8: Survival curves obtained usingandom labelling methodé Survival
curve as predicted by Dornhorassuming a normal distribution of RBC lifespans with
L = mean lifespan. Digitally recreated frq69]. B Disappearance curnygoposed for

51Cr labelled cells, uncorrectéd@ and corrected faandom losg%2 ). C

Disappearanceurve obtained in the thirdimulation using the lifespan model.
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2.7. Ability of parameter estimation

The aim of this section is to investigate whether the parameters of the
survival function corresponding to the RBC pdf could be estimated from an in
vivo RBC survival study and at what times blood samples should be taken to
measure RBC counts. Theblood sampling times were determined by applying
a local D-optimal design criterion [29]. A description of D -optimal design is
given in the Introduction to this thesis (Section 1.1.5. The determinant of the
Fisher Information matrix was maximised using a n exchange algorithm
implemented in MATLAB N (Appendix A.2.3).

A hypothetical in vivo study with 100 patients using an ideal radioactive
RBC cohort label without reuse of the label was assumed. Measurement noise
was included by assuming an additive error of 36 counts per minute. This
value equals to 12% of the average number of counts per minute during the
experiment, which was set to 300. Optimal blood sampling times were

determined to be on day 4, 64, 75, 87, 12 and 148 after labelling (Figure 2.9).

Ideal cohort labelling
400 T T

disappearance
O optimal time points

300

200

counts per minute

100 -

0 40 80 120 160 200
time (days)

Figure 2.9: Disappearance of an ideal cohort label with optimal time points for blood

sampling atday 4, 64, 75, 87, 120 dril48 after labelling
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The percentage standard error for the parameter estimates given as the
diagonal elements of the inverse Fisher Information matrix are shown in Table
2.3. All six parameter estimates, exceptr,, have a standard error of <10% and,
therefore, could be estimated from this hypothetical in vivo study with good

precision. The imprecision of the estimate of r> was slightly larger at 33%.

Table 2.3: Percemage standard errdiSE) for the parameter estimates from a

hypothetical in vivo RBC survival study with 100 patis using an ideal cohort label.

Parameter r ro S S C m

SE (%) 4.25 33.07 2.39 2.81 8.30 1.30

2.8. Influence of parameter changes

The influence of changes in the RBC specificparameters on the pdf is
shown in Figure 2.10.

The location of the maximum of the reduced additive Weibull distribution
(equals the saddle of the mixed pdf shown in Figure 2.10), which accounts for
the reduced lifespan of misshapen RBCs, is controlled by parameterr; (Figure
2.10A). Increasing the value of r; results in a decreased lifespan of misshagen
RBCs.

Parameter r, controls the shape of the reduced additive Weibull
distribution ( Figure 2.10B). Increasing the value of r, results in an increasing
number of misshapen RBCs with reduced lifespan without hav ing an effect on

the location of the maximum of the reduced additive Weibull distribution.

following page:

Figure 2.10: Influence of parameter chges on the shape of the RBC p#f.)
parameter values estated for RBC pd{@ +25% changdrespectivelyn= 1), (**)
-25% change in the corresponding parameter value. A detailed description is given in

the text on the following pages.

83



Chapter 2A statistical model for red blood cell survival time

0.02

.
—

<
o

200

150

100

50

(,skep) Aususp Ajigeqoid

0.02

-
<
o

200

150

100

50

(,.shep) Aysusp Ajiiqegold

200

150

100

50

0.02

s
—
<
o

(,.skep) Aususp Ayligeqoid

150

100

50

—
<
o

o
o

(,.shep) Aysusp Ayjiqeqoid

100 150 200

lifetime t (days)

50

,
—
O
o

(,skep) Aususp Aniiqeqoid

100 150 200

lifetime t (days)

50

-
<
(=]

(,.sAep) Aususp Auqeqoid

| 84




Chapter 2A statistical model for red blood cell survival time

The parameters s; and s, control the location of the maximum of the
flexible Weibull distribution (equals the maximum of the mixed pdf), while s
also has influence on the location of the probability region associated with this
density of the distribution. Increasing the value of s, shifts the maximum to
lower values, therefore decreasing the lifespan of normal RBCs dying due to
senescence, while the shape of the distribution is additionally narrowed ( Figure
2.10C). On the other hand, increasing the value of the true location parameter s,
increases the lifespan of normal RBCs without an effect on the location of the
central density of the distribution ( Figure 2.10D). Therefore, s, is of particular
interest as it can be described as a funton depending on environmental factors
or drug dosages, which will then allow the estimation of a reduced or
prolonged RBC lifespan under the influence of these factors or drugs within
any candidate model.

The constant hazard rate accounting for random destruction of RBCs is
solely controlled by c. Increasing the value of c increases the number of RBCs
dying of random destruction and therefore reduces the number of RBCs dying
due to senescence as wellKigure 2.10E).

Finally, the mixing parameter m controls the extent to which each of the
underlying distributions contributes to the mixed model. Increasing the
influence of the reduced additive Weibull distribution by decreasing the value
of m results in a higher early death and number of misshapen RBCs with a
reduced lifespan and decreases the number of normal RBCs dying due to
senescencekigure 2.10F). Vice versaincreasing mincreases the influence of the
flexible Weibull distribution, therefore increasing the number of RBCs dying
due to senescence and reducing early death and the number of misshapen
RBCs. Form = 1 (dashed line in Figure 2.10F) the reduced additive Weibull
distrib ution is completely removed from Equation 1.38, leaving only random
destruction and death due to senescence.

Future work using this model might include expressing these parameter
values as functions of physiological factors, like the production of EPO or

various pathological states. This allows changing the extent to which each
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process of RBC destruction is represented in the lifespan distribution, and
provides an opportunity to adapt the model according to actual clinical

situations.

2.9. Possible application in pathological states

This section gives three examples to demonstrate the possible application
of the model to pathological states that involve altered conditions of RBC
destruction: stress erythropoiesis, sickle cell anaemia, and immune-mediated

haemolytic anaemia.

2.9.1. Stress erythropoiesis

During stress erythropoiesis RBC production is increased as a result of
increased EPO production under hypoxic conditions. There is evidence that the
survival of RBCs produced un der acute stress conditions is decreased37].

Both, acute and chronic stress erythropoiesis canbe accommodated in the
model: The increased RBC production can be desdbed by an increased
production rate while the reduced RBC survival in the acute state could be
expressed dependent on the underlying mechanism as a shift of the senescence
component (maximum of the flexible Weibull distribution) to the left , an
increase in random destruction or an alteration in the density associated with
misshapen RBCs. These alterations in the model parameter values would either
occur over a defined period of time in the case of an acute insult, or be

permanent in the presence of chronic conditions.

2.9.2. Sickle cell anaemia

Sickle cell anaemia is characterized by abnormaly shaped, rigid RBCs
with a shortened survival in comparison to normal shaped cells. The reason is a
mutation in the Hb gene resulting in faulty Hb which aggregates in the absence
of oxygen in the venous system. This polymerisation leads to a deformation of
the RBCs which over time becomes irreversible. The misshapen RBCs cannot

pass through narrow capillaries due to their rigidity and increased intra - and
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extravascular haemolysis occurs [34]. These processes lead to an increased
random destruction of RBCs and a significantly shortened survival of the RBCs
in comparison to healthy normal subjects [125]. Although heterozygous carriers
of the sickle cell gene are usually assumed to have normal RBC morphology,
some indication is given that these patients show a variable fraction of
misshapen, sickle-like RBCs [126]. As these cells show morphological features
similar to the fully sickled cells in homozygous carrie rs, they are likely to have
a shortened survival in comparison to normal shaped cells.

It is therefore possible to include the homozygous and heterozygous form
of the sickle cell disease in the model as follows: The RBC lifespan distribution
is assumed to lack the senescence component in homozygous carriers. Instead
all cells die at early times either due to a drastically increased random
destruction or due to early splenic sequestration as a result of their
deformation. The early destruction can be expressed mathematically by a
dramatic reduction in the density of the main maxima of the pdf as almost no
cells die due to normal senescence while the saddle accounting for early death
of misshapen RBCs will increase as virtually all cells are misshapen. Random
destruction governed by parameter c will additionally be elevated in
comparison to normal conditions. In contrast, in heteroz ygous carriers of the
sickle cell gene the pdf is suspected to express a shape similar to the one
presented here including the saddle for the early destruction of the misshapen
RBCs in addition to the normal death of RBCs due to senescence. The location
and size of the saddle would be dependent on how severely the survival of the

deformed cells is affected.

2.9.3. Immune -mediated haemolytic anaemia

Immune -mediated haemolytic anaemia is characterized by the formation
of autologous antibodies against RBC membrane proteins [34]. RBCs with
bound antibodies are subsequently removed from the circulation by the
immune system and in the spleen and liver. This type of haemolytic anaemia

can therefore be regarded as a pathological cadition with an increased
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random destruction of RBCs as there is no indication of an agedependent
factor. The model is able to account for this type of altered RBC destruction by
an increase of parameterc, while the density of the senescence component of
the pdf would be decreased or even missing dependent on the severity of the

anaemia and therefore the random destruction.

2.10Discussion

2.10.1.Model development

The purpose of this model was to describe RBC survival using a lifespan
distribution that accounts for t he possible physiological mechanisms of RBC
destruction. Since there is no reliable information available on the actual
distribution of RBC lifespans in humans, it was necessary to empirically choose
a pdf for this purpose. The chosen distribution accounts for all potential hazard
types resulting in the death of RBCs: senescence, random destruction, death
due to initial or delayed failures. This is the first time that early death is
incorporated into a model of RBC survival. It accounts for unviable RBCs that
are destroyed shortly after their release, and also for neocytolysis, the selective
destruction of the youngest RBCs [41].

The previous version of this model relied on rescaling of human lifespans
and was implemented in MATLAB N using a time consuming code. Here, these
drawbacks were eliminated by vectorising the MATLAB N code and estimating
the RBC specific parameter values for the pdf from a normalised histogram of
the rescaled RBC lifespan distribution. Based onthese RBC specific parameters,
a lifespan distribution for RBCs can be generated directly without the need for
rescaling. Note that since the inverse cumulative density function for the pdf is
not available in closed form a sampling based algorithm is required for
generating lifespans. For the simulations with the model, each RBC is assigned
a discrete lifespan, randomly drawn with replacement from this RBC lifespan

distribution. Each individual RBC is then followed during its entire lifespan.
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This results in a more comprehensive model of RBC survival than has
previously been developed.

In contrast to other work, where reticulocytes and RBC production in the
bone marrow are an essential part of the model, this work focuses on the
disappearance of RBCs fromthe circulation. The day of obirthé i n t hie
assumed to be the day of the release of a cell from the bone marrow into the
circulation. Reticulocytes and mature RBCs were intentionally not
distinguished in this context. It is unlikely that there is a difference between
both types of red cells in terms of labelling. Cohort labels are incorporated
during erythropoiesis in the bone marrow and, therefore, are already present in
the cells at the time of release into circulation, whereas the uptake of a rardom
label into reticulocytes should not deviate largely from the uptake into mature
RBCs. Therefore, reticulocytes are assumed to represent the fraction of the

youngest RBCs in the model.

2.10.2.Simulations

Adequacy of the new version of the model compared to the old code was
ensured by recreating three simulations that had already been part of previous
work [81]. The results obtained with the new code are equivalent to the earlier
ones for all three simulations.

The assumption of a constant daily production rate in the second and
third simulation is based on the lower within subject variability of the
reticulocyte count compared to the between subject variability, as the
reticulocyte count is a useful method to determine erythropoiesis activity [121].
Nevertheless, this assumption holds only as long as normal steady state
conditions are present. Any alteration of the erythropoietic feedback circle
combining oxygen partial pressure, EPO production and erythropoiesis will
ultimately result in a change of the production rate of RBCs.

For the simulations presented here, he value for the production was set

to 1000 RBCs per day as there is no need for the true value in the presented
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simulations. It should be noted that the value of 1000 is arbitrary and does not

affect the generalisability of the model.

2.10.3.Mo del application

Comparison of the newly developed model to previously observed or
proposed RBC survival curves demonstrate the applicability of the model for
simulating the survival time of RBCs. Importantly, the model is able to describe
survival curves similar to those observed using cohort labelling methods, as
well as those proposed for random labelling of RBCs. Therefore, it is possible to
use the model for the interpretation of future RBC survival studies.

The first simulation equals the ideal case of labelling a cohort of RBCs all
born on the same day. However, this is unlikely to occur in practice as cohort
labels are normally incorporated into Hb during erythropoiesis over several
days. Therefore, the second simulation is a more realistic model for cohort
labelling studies, as RBC production is assumed to occur over several days in
this simulation. However, the incorporation of a label during erythropoiesis
might not be constant, which is assumed for simplification in the current
model. Furthermore, the predicted disappearance curve of the simulation does
not account for a possible reuse of the label. In both cases it would be
straightforward to incorporate corresponding correcting factors into the model
to simulate the survival curves actually observ ed using these methods. This
will be explored in the next chapter of this thesis .

The third simulation can be regarded as a model for random labelling
studi es. Regarding Ashbyds historical met h
transfusing donor RBCs into a recipient is similar to stopping the production
and merely observing their following disappearance. In the third simulation
the transfused sample equals a fraction of RBCs taken on day 500 containing
cells of all ages. Regarding other random labelling methods, the labelled RBCs
parall el a blood sample taken on day 500, w
circulation after labelling on the same day. However, this simulation equates

labelling of RBCs with an ideal label that is not lost from the cell during
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circulation and does not decay. It would be necessary to extend the model for
simulations of the actually observed survival curves. For example, to simulate
the observed survival curves in 5ICr studies, it is necessary to include factors
that account for the radioactive decay, the dissociation of the chromium -
haemoglobin complex, and the loss of label due to vesiculation of Hb. Again,

the next chapter of this thesis will address these required modifications .

2.10.4.Ability of parameter estimation

It was shown that all six parameters of the corresponding survival
function could be estimated with good precision from a hypothetical in vivo
RBC survival study with 100 patients using an ideal RBC cohort label.
However, this is based on the assumption that the label is only incorporated
into RBCs born on the same day and that no reuse of the label is present.
Further work is required to evaluate the ability of parameter estimation from in
vivo studies using currently available labelling methods. It is thereby necessary
to account for the specific shortcomings that are associated with any given
label.

In addition, the local D -optimal design applied here assumes the values of
the parameters in the model are known exactly. Yet, this would not be the case
when estimating the parameters from a RBC survival study. Parameter
uncertainty should therefore be taken into account when designing RBC
survival studies using this model, e.g. by applying a robust D -optimal design

criterion.

2.10.5.Influence of parameter changes

Given the flexibility in the parameter set, adjustments of the model are
possible to account for various haemolytic disorders by modelling the data and
allowing one or more parameter to be estimated. Expressing the parameters as
functions dependent on physiological factors could be used to control the
influence each of the destruction processes has in an individual, as these

processes might not be equally present simultaneously in each individual.
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Additionally, drug effects can be included into the model by describing speci fic
parameters as a function of the dose of a drug.

The location parameter s; is of particular interest regarding these possible
variations, as it controls the location of the maximum of the pdf without having
influence on the density of the function. For example, haemolytic disorders
which lead to a shortened survival of normal RBCs can be expressed by
incorporating a model for s, which results in a reduction in the value of the
location parameter s, depending on the severity of the disease. Another
possible scenario would be an acute stress erythropoiesis, where the
production of RBCs is increases over a short period of time due to elevated
endogenous EPO production or the administration of e xogenous EPO. The
resulting EPO dependent decrease of the lifesgan of normal RBCs can again be
expressed as a function of the location parameters, depending on the dose of
EPO in the model.

Other parameters of interest for incorporation of possible environmental
effects are the random hazard ratec, controlling the rate of random destruction,
and the mixing parameter m. Increasing the number of misshapen RBCs with
reduced lifespan and increasing early death can be achieved by decreasing the
mixing parameter mresulting in an increasing influence of the reduced additive
Weibull distribution on the combined pdf. Furthermore, by fixing m to 1
Equation 1.38 simplifies to the flexible Weibull distribution. In this case, the
lifespan distribution only accounts for random loss and deat h due to
senescence controlled by the parameterss;, s, and c¢. This option might be used
for the sake of parsimony and can serve as a good approximation in healthy
individuals, where the amount of early death and misshapen RBCs seem to be

fairly small.

2.10.6.Possible application in pathological states

The applicability of the model in pathological states involving altered
conditions of RBC destruction has been described using three examples: stress

erythropoiesis, sickle cell anaemia and immune-mediated haemolyti c anaemia.
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Due to the flexibility of the model, all three states are assumed to result in
certain alterations of the underlying RBC lifespan distribution which would be
described by changes in the parameter values. This might provide a deeper
insight in th e pathophysiology of these diseases when applied to RBC survival
data in patients suffering from any of these or similar conditions. However, this

needs to be proven in future studies.

2.11.Conclusion

The newly developed model is able to simulate the survival time of RBCs
and yields survival curves similar to those previously published for RBC
survival studies using different labelling methods.

The underlying pdf of RBC survival time not only accounts for age-
dependent removal from circulation due to senescence, but also for random
destruction during the circulation in the body, for the early destruction of
unviable RBCs, a shortened lifespan of misshapen cells, and for the mechanism
of neocytolysis. Thus, the model reflects the known physiology of RBC
destruction.

All parameter values controlling the survival of RBCs in this model could
be estimated from a hypothetical in vivo RBC survival study using an ideal
labelling method . However, future work is required to assess the ability of
parameter estimation from in vivo survival studies using existing labelling
methods that are inherently flawed. This will be assessed in the following
chapter of this thesis.

Furthermore, the application of the model for various haemolytic
disorders is expected to result in alterations of specific parameter values, which
will provide deeper insight into the pathology of these diseases. Drug effects
can be included into the model as dosedependent functions of specific

parameter values.
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Chapter 3: Evaluation of red blood
cell labelli ng methods

This chapter is based on the following peer-reviewed publication:
Korell J, Coulter C, Duffull S (2011) Evaluation of red blood cell labelling methods

based on a statistical model for red blood cell survealrnal of Theoretical Biology
291(0):8898.
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3.1. Synopsis of the Chapter

Here, the model developed in the previous chapter is enhanced to
describe currently available red blood cell (RBC) labelling methods. It is
furthermore assessed whether these methods are informative eough to
support full parameter estimation of the model using a robust optimal design

approach.

3.2. Introduction

An accurate estimation of the lifespan of RBCs is desirable. This would be
particularly valuable for predicting the time to reach new steady state v alues of
haematocrit in patients undergoing treatment with erythropoietin  [127]. In
addition, many diseases utilise measures that relate to RBC lifespan to provide
an estimate of disease activity, for example, glycated haemoglobin (HbA1c) as a

biomarker for glycaemic control [128].

3.2.1. Estimation of the RBC lifespan using labelling methods

Estimation of the lifespan of RBCs is possible by using a label that stays
with the cells during their circulation in the body. In general, two types of
labelling methods have been developed: cohort labelling, where cells of a
certain age arelabelled, and random labelling, where all cells present at one
moment in time are labelled irrespectively of their age (equivalent to
population labelling). However, all current labelling methods contain
significant flaws, resulting in potentially inaccurate estimates of the RBC
lifespan.

A cohort labelling method such as heavy nitrogen (1°N), or radioactive
iron (°%e), incorporates the label into RBC precursor cells during their
production in the bone marrow, usually as a substrate used in haemoglobin
(Hb) synthesis. Subsequently, these labelled precursor cells develop into
reticulocytes and are released into the circulation where they mature into RBCs.

However, the incorporation of the label into the precursors does not occur
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instantly after administration of the label and may be prolonged over several
days. Therefore, the resulting labelled RBCs are not exactly of the same age
[38]. In addition, cohort lab elling methods suffer from reuse of the label in the
production of further RBCs [36]. An advantage of cohort labelling methods is
that they do not require ex vivo manipulation of the cells. In contrast, the
labelling process using random labelling methods is in general conducted ex
vivo which can damage the cells and thus might affect their subsequent
survival in the circulation. These methods also appear more sensitive to loss of
the label via dissociation of the label from the viable RBC as well as radioactive
decay. This is particularly notable for labelling with radioactive chromium
(®1Cr) [57,129] Both labelling methods, cohort as well as random, suffer from
loss of label due to vesiculation of Hb from viable RBCs [68].

Other methods, such as carbon monoxide (CO) exhalation, have been
developed to determine RBC turnover without depending on a label
[62,63,65,130,131]While CO exhalation avoids reuse and label loss, except
vesiculation, it is confounded by environmental issues and only gives a
measure of RBC turnover at a certain time point . It does not allow following the
cells during their lifetime. Therefore, CO exhalation is not considered in this
work .

Due to the flaws inherent in all present labelling techniques an ideal
labelling method is currently not available and the mean lifespan and the
distribution of lifespans of RBCs remain elusive. To obtain an accurate
estimation of the RBCs lifespan it would either be necessary to overcome these
flaws in the development of new labels, or to account for them during the
calculation of the RBC lifespan from the data obtained. The former approach
seems to be unlikely in the near future. However, modelling RBC survival data
using methods that not only can account for the flaws inherent in various RBC
labelling techniques but also differentiate between RBC destruction processes
might prove fruitful to overcome the shortfalls associated with the current

labels.
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3.2.2. Previously developed RBC lifespan model

In the previous chapter, a statistical model for the survival time of RBCs
with respect to the physiology of RBC destruction was developed. The
underlying distribution of RBC lifespans accounts for known processes of RBC
destruction in the body, including death due to senescence, random loss during
circulation, as well as death due to early or delayed failure. The resulting
survival model was used to simulate in vivo RBC survival studies using
different ideal RBC labelling methods. Predictions from the model agreed well
with models from the literature for both, cohort and random labelling methods.
However, the model did not account for the above mentioned flaws associated

with real labels for RBCs.

3.3. Objectives

The overall aim of this chapter was to compare the performance of
commonly used labelling methods for RBCs. This was carried out by
addressing the following three specific objectives: 1) To include known flaws
associated with 51Cr and 15N into the RBC survival model. 2) To assessthe
theoretical identifiability of the model, i.e. the ability to estimate all parameters
in the model, based on ideal cohort and random labelling experiments. 3) To
evaluate whether the parameter values can be estimated from nortideal
labelling studies using 5Cr or 15N, and to compare the performance of both
labelling methods in terms of t he precision of parameter estimation.

It is important to assess the theoretical behaviour of the model so that any
future experiments can distinguish issues with model performance (i.e.
structural identifiability issues) from issues associated withthe particular data

set to be analysed(i.e. deterministic identifiability issues) .
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3.4. Methods

3.4.1. RBC survival model

A statistical model for the survival time of RBCs was implemented in
MATLAB N (The MathWorksa Inc., Natick USA) based on the work of
Bebbington et al [83] and adapted to describe RBC survival in the previous
chapter. This RBC survival model was enhanced in this chapter to provide the
survival function $t) (Equation 3.1) that is mathematically equivalent to the
RBC lifespan distribution used earlier (see Introduction Section 1.1.3 and
Appendix A.3.1).

The survival of a single cohort of RBCs born on the same day to timet is

described by the following equation

S(t)= mdexp(- exp(s; @- sp/t)- cd))+
- mdeel- ()72 - (61" )

Equation 3.1: Survival function for a cohort of RBCs born on day t = 0.

where s; and s, control normal d eath of RBCs due to old age (senescence),
r; and r, describe a reduced survival of faultily produced RBCs resulting in
early or delayed failure, c controls random destruction irrespectively of age,
and mis a mixing parameter combining both parts of the function. Figure 3.1
shows the underlying RBC lifespan distribution and indicates which parts of

the distribution are controlled by these parameters.
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Early and delayed
failure

Senescence
n&r s &s,

Randomdestruction ¢

0 40 80 120 160 200
lifespan (days)

Figure 3.1: Underlying RBC lifespan distribution that accounts for four plausible
physiological mechanisms of RBC destruction. Parameters in the survival model

controlling these mechanisms are indicated.

Previously, values for these parameters were estimated by assuming a
median RBC lifespan of 115days (Table 3.1). The assumption of 115 days is for
convenience and it is unnecessary to apply this assumption when modelling
RBC survival data.

Correspondingly, the mean lifespan L based on these parameter values is

100 days, calculated according to[132]:

Equation 3.2: Mean RBC lifespan.

It is assumed that the day of birth is equal to the day of release into the
circulation. This implies that the model does not require a distinction between
reticulocytes and mature RBCs. Here it is assumed that reticulocytes represent
the fraction of the youngest RBCs in the model and their survival along with

mature RBCs can be estimated.
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Table 3.1: Survival function parameters, corresponding processes of RBC destruction,

and nominal parameter values with upper and lower point estimatae obbust design.

Parameter

S1
S
r

)

Mechanism of RBC destruction Nominal value
Senescence 0.0241
Senescence 440.78
Reduced lifespan due to delayed failure 0.0140
Reduced lifespan due to initial failure 8.9681
Constant random destruction 0.0024
Mixing parameter * 0.8941

Lower point
estimate

0.0227
414.26
0.0132
8.4295
0.0023
0.8403

Upper point
estimate

0.0256
468.99
0.0149
9.5404
0.0026
0.9512

Units

days1
days
days1

days1

“Defines the probability density of the senescence and random destruction component,

while the probability density of the reduced lifespan part is scaled to (1 -m).
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The product of the survival of RBCs from Equation 3.1 and the number of
RBCs born per day provides the model for labelling a single cohort of RBCs
born on the same day. This would be equal to an ideal cohort labelling method
where the label is only incorporated on the day of administration.

The combined survival of (multiple) cohorts born on different days can be

described by the following integral over time t:

t
Nrecdt)= fKp(JCB(t- 9dU  withoer ¢t
0

Equation 3.3: Combined survival of multiple cohorts of RBCs

where k; is the production rate of RBCs on each day ¢ (number of RBCs
produced per cohort), SQis the survival of each cohort according to Equation
3.1, and Nggcdt) is the total number of cells present at time t [76,132]

To simulate an ideal random labelling method, RBC production has to
occur until the number of RBCs has reached steady state. Stopping the
production at an arbitrary time point at steady state and subsequently
observing the disappearance of the cells is equivalent to labelling all RBCs
present at this time point and then observing the disappearance of the label
[132]. In all simulations presented here and without loss of generality one unit

of label is assumed to bind to one RBC.

3.4.2. Simulation of random labell ing studies using radioactive chromium

51Cr labelling is the most common method used for labelling RBCs. It is
conducted ex vivo by using radioactive sodium chromate (Na2®CrOg4). The
chromate anion containing hexavalent chromium can penetrate into RBCs,
where the chromium binds to Hb and, subsequently, is reduced to the trivalent
state [133]. 5I1Cr is lost during the circulati on from viable RBCs due to three
different mechanisms (Figure 3.2): 1) vesiculation of Hb together with the
bound label [68], 2) decay of the radioactive label, and 3) dissociation of the

chromium -haemoglobin complex and subsequent diffusion out of the RBC for

which the overall procegxw,6Mas been ter med
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intracellular extracellular
Hb.51CrIII 1 51CrVIo42-
SN
2b
Hbe51\V 3 Hb + 51!l 51C
l
3
Vesicle /

Figure 3.2: Labelling with radioactive chromium and losdto# label from R8s
during their circulation.1 Ex vivo labelling using radioactive chromate and binding to
haemoglobin with reduction of the hexavalent chromium to the trivalent state.
2 Elution: a Dissociation of the chromiwinaemoglobin compléreversble procegs
b loss of trivalent radioactive chromium from the ¢eteversible process
3 Vesiculation of haemoglobin together with bound label.

4 Radioactive decay with a hdife of 27.7025 days to stable vanadium.

Reuse of the lost label for kbelling other RBCs is not possible, as the
cationic trivalent chromium cannot penetrate into RBCs again [56]. All three
processes of loss were incorporated into the RBC model independently and
their effect on the disappearance of the label was evaluated individually and in
combination.

Vesiculation was reported to result in a loss of approximately 20% of the
total Hb content over the lifetime of RBCs [68,134,135] It was also suggested
that the rate of vesiculation might be higher in older RBCs [68,136,137]
Therefore, loss of label due to vesiculation of Hb was incorporated into the
survival model as a percentage loss of each RBCwith 80% of the Hb cell
content still being present at the median survival of 115 days. A linear loss and

an increasing loss with increasing age were considered according to the
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following equation where summation was used to approximate the solution of

Equation 3.3:

t
Ny (6) = & Kp(b)eS(eb)dL- K, (t- b)Y)
b=0
with k, = 0.2/(115 days)"
where v =1 for linear loss

and v> 1 for increasing loss.
Equation 3.4: RBC survival corrected for viesllation.

Ny(t) is the total number of surviving RBCs at time t after loss due to
vesiculation, b is the day of birth of the bt cohort of RBCs, ky(b) is the
production rate of RBCs on day b, S(Qis the survival of the bth cohort according
to Equation 3.1, k, is the vesiculation rate constant that results in a 20% loss per
RBC over 115 days, andv controls the rate of vesiculation. In this chapter, only
integer values of v were considered with v = (1, 2). Note here that for v> 2 the
loss due to vesiculation would become too extensive after reaching 115 days,
confounding the normal death of the cells governed by the underlying survival
model. (Appendix A.3.2 provides additional information on the derivation of
Equation 3.4 as well as the following equations.)

Elution and radioactive decay were both included in the model as random
processes. Thehalf-life of 51Cr is 27.7025 days(ticr) [138], while elution was
reported to occur to approximately 1% of the remaining label per day in
healthy individuals [57,139,140] This results in a half-life of approximately 70
days for the loss due to elution (tixe). The final model for simulating random

labelling using 51Cr is therefore given by the following equation:
Nge () = N, ()& (t- L)/t ocr - (E- tL)/ty) 2
RL\'/ — v
Equation 3.5: Random labelling corrected for vesiculation, decay and elution.

where t, is the time point of | abelling with t Ot, Ngy(t) is the total number

of labelled cells at time t after loss due to vesiculation, decay and elution.
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3.4.3. Simulation of cohort labelling studies with reuse of the label based on
the example of heavy nitrogen

Cohort labelling methods are subject to two major disadvantages in
addition to the loss of label due to vesiculation of Hb: Firstly, the label is
incorporated into newly produced RBCs over a prolonged time, resulting in
labelled RBCs that do not have exactly the same age, and secatly, a possible
reuse of the label can occur after the breakdown of initially labelled cells or
from other sources where the label is incorporated due to a lack of selectivity
for RBCs.>Fe for example is extensively reused after the breakdown of initiall y
labelled cells [53]. Glycine tagged with 15N is taken orally over several days and
incorporated mainly into the pr otoporphyrin part of Hb during the production
of RBCs in the bone marrow. This production of labelled RBCs occurs over an
even longer period of time, strongly suggesting the presence of a glycine pool
in the bone marrow [38]. Shemin and Rittenberg conducted a cohort labelling
study, where the tagged glycine was given orally over three days [54]. This
resulted in an increasing amount of label in the circulation for more than 20
days before an apparent steady state was reached. Additionally, there seems to
be some degree of reuse of the label present as wel[36]. See for instaice the
disappearance curve of label observed by Shemin and Rittenberg which does
not return to zero even after more than 200 days and appears to asymptote to
about 20% of the maximum amount of label that was present (seeFigure 2.6 in
Section2.6.10f Chapter 2) [54].

The simulation of a cohort labelling method with reuse was based on the
data presented by Shemin and Rittenberg [54], assuming a prolonged but
constant production of labelled RBCs over 25 days. Linear vesiculation (as per
Equation 3.4) of Hb together with the incorporated label and a constant reuse of
20% of the released label from RBCs broken down on the previous day were
chosen to provide the best description of their data.

The total number of labelled cells at time t (Nc.(t)) for a cohort labelling

method with reuse and vesiculation is given by:
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t

New (1) = éok’;,(b)c's«-b)c&- k(t- b))

with  Kp(b)=kp(b) + reusdb)

reusdb) =loss, Of

d | N forb=0
an %% 71N, (b- 1) (Ny(b)- kp(b) forb>0

Equation 3.6: Cohort labelling with vesiculation and reuse of the label
where loss, is the loss of label between dayb-1 and day b, rf is the fraction
of lost label that is reused on the next day (reuse fraction), reuse is the actual
number of reused label on day b, and k;(b) is the apparent daily production

rate including reuse. N,, ky(b), S, k,, and v are defined as previously.
Table 3.2 gives an overview of all fixed parameter values used in these
simulations. The MATLAB " code for the proposed RBC lifespan model and its

modifications for the different labelling methods is given in  Appendix A.3.3.

Table 3.2: Fixed parameter values used in simulations

Parameter  Values Units  Description

Cohort labelling

% 1 - linear vesiculation
2 - increasing vesiculation
k, 1.74x 108 days?! correction factor for linear vesiculation
(v=1)

1.51x 105 days? correction factor for increasing
vesiculation (v = 2)

rf 0.1

0.2 - reuse factor

Random labelling
tipcr 27.7025 days half-life of 51Cr due to radioactive decay

ta/2el 70 days elution half -life of 51Cr
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3.4.4. Local parameter identifiability for ideal cohort and random labelling
studies

To disentangle structural (or a priori) model identifiability from
performance issues that might arise when applying a model to data (i.e.
deterministic or a posterioridentifiability issues) , structural local identifiability
of the parameters in this model were determined informally based on ideal
cohort and ideal random labelling experiments by applying the theory of
design of experiments [29]. In this method the Fisher Information matrix was
constructed according to Equation 1.32in the Introduction to this thesis, and it
was assessed whether the matrix was positive definite for a given fixed design
for a single individual, indicating local identifiability  (i.e. all parameters in the
model are in theory identifiable) .

The maximum units of label per ml of blood were set to be 400 for all
simulations by choosing the daily constant production of RBCs (parameter k)
accordingly. This corresponds to the maximum initial counts per minute (cpm)
per ml blood found in a typical in vivo RBC survival study using 51Cr.
Measurement noise was determined based on in vitro experiments
(unpublished data): The background count was 10 cpm with a variance of 1.73
cpm? for the additive error (SZdd, and a coefficient of variation (CV prop) Of
2.32% was determined for the proportional error. Both were included in the
simulations as combined error model. Based on the5Cr background count a
limit of detection of 5 cpm per sample analysed was calculated according to
Currie [141], assuming 100% counting efficiency of the sample Given a
potential blood sample of 6 ml, the overall limit of detection would be 0.8
cpm/m |. For comparison of cohort labelling and random labelling methods,
the maximum units of label/m | blood and the measurement noise were
assumed to be the same for all labelling methods and were determined based

on 5.Cr.
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3.4.5. Optimised designs for parameter estimation

A hypothetical study with 100 healthy individuals was considered, where
any set o blood samples was assumed to be exchangeable between the
individuals . Blood sampling times were optimised based on the theory of
design of experiments in order to obtain the maximum information on the
parameter values in the model from these samples [29]. To account for
uncertainty in the parameter values, a robust D-optimal design criterion
(HCInD) was applied as introduced in the Introduction of this thesis (Section
1.1.5.1.2 [33]. The lower and upper point estimates were chosen to be
symmetric around the nominal parameter values determined in the previous
chapter and are given in Table 3.1. The median lifespan of RBCs based on 2=
64 possible combinations of these upper and lower bounds is between 100 and
120 days (a list of the combinations is given in Appendix A.3.4). As before, the
exchange algorithm (Appendix A.2.3) was used to maximise the optimal design
criterion. The performance of an optimised design was then assessed based on
the asymptotic lower bound of the percentage standard errors (%SE) of the
parameter estimates.

100 data sets were simulated under the optimised design for the ideal
labelling methods and the parameter values were re-estimated for these
simulated data sets. A combined error model (additive and proportional) was
considered, wit h three different error levels for these simulations: 1) the error
used for the optimisation of the design (CV prop = 2.32%,S2%adq= 1.732Ccmp?2), 2)
CVprop = 5%, SZ%dd = 3.5 cmp?2, and 3) CVprop = 10%, S%dd = 7 cmp2. The typical
assay error levels for these type of experiments have a %CVrop in the order of
<5% [142-144]. A local search algorithm applying the simplex method was used
for parameter estimation. The algorithm is based on the built-in MATLAB N

function fminsearchbut had been modified to allow for boundary conditions

(fminsearchbnd available online via file exchange at:
http://www.mathworks.com/matlabcentral/fileexchanqe/8277 , accessed on
12.10.2010
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In addition to the ideal labelling methods, two different labelling
scenarios were considered for the optimisation of blood sampling times in a
hypothetical in vivo study: 1) random labelling with 51Cr and 2) cohort labelling
with 15N. For the random labelling study, it was furthermore investigated
whether a superior (hypothetical) label that does not elute or decay appreciably
during the time course of the experiment would improve the precision of the
parameter estimates. The cohort labellng method was initially based on the
previously described simulation scenario (constant incorporation over 25 days
and a fixed reuse fraction of 20% of lost label). Furthermore, the influence of a
shorter (ten days) or longer (50 days) incorporation of label, as well as a smaller
fraction of reuse (10% fixed) on the precision of the parameter estimates was
investigated. Finally, it was determined whether the fraction of reuse can be
estimated as well, and how well a design would perform that was determined

under the assumption of the wrong fraction of reuse.

3.5. Results

3.5.1. RBC survival model

Figure 3.3 shows the disappearance of an ideal cohort label and an ideal
random label as predicted by the survival model.

In the case of an ideal cohort label (Figure 3.3A) all labelled RBCs are
produced on the first day. Immediately afterwards, a sharp drop in the
disappearance curve of the label is observed. This drop of about 5% results
from the early destruction of unviable RBCs shortly after their release from the
bone marrow. Subsequently, labelled RBCs are removed due to random
destruction, delayed failure and senescence, resulting in an sshaped
disappearance curve. To simulate an ideal random labelling method, constant
production of RBCs was assumed to occur over 500 days. This ensures steady
state in the total number of RBCs as 500 days is more than double the survival
time of the longest lived RBCs in the cohort labelling simulation
(approximately 200 days). The disappearance of the cells after stopping the

production at day 500, which is assumed to be equal to labelling all cells
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present at this time point irrespectively of their age, is shown in Figure 3.3B.
Instead of the s-shaped pattern observed for the simulation of a cohort labelling
method, ideal random labelling results in an apparent linear disappearance

with tailing at the end.

Cohort labelling
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surviving fraction of labelled RBCs
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Figure 3.3: Disappearance curseredictedor an ideal cohort labéRh) and an ideal

randomlabel(B).

3.5.2. Simulation of random labelling studies using radioactive chromium

The influence of all three mechanisms of loss of51Cr during the circulation
was investigated individually. The resulting disappearance of label is

compared with the disappearance of an ideal label in Figure 3.4.
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First, the loss of Hb together with bound label due to vesiculation was
incorporated into the m odel according to Equation 3.4. Figure 3.4A shows the
influence of linear vesiculation; whereas in Figure 3.4B increasing vesiculation
with cell age was assumed. Slight differences in the two types of vesiculation
are observed after approximately day 75, where the disappearance curve with
an increasing vesiculation rate over cell age remains depressed below the
disappearance curve of an ideal label for a longer period. Due to this slight
deviation, further simulations were focused solely on linear vesiculation .
Figure 3.4C compares the disappearance of the radioactive label with a decay
half-life of 27.7025 days with the disappearance of an ideal label. Instead of the
linear disappearance curve observed with an ideal label, the decay results in an
exponentially decreasing disappearance curve. Finally, the influence of the
dissociation of the chromium -haemoglobin complex and the subsequent loss of
trivalent chromium from the cells is shown in Figure 3.4D, where a dissociation
half-life of 70 days was assumed according to literature for the rate limiting
step of the combined mechanism termed elution [57,140] Elution is similar to
radioactive decay, as both processes are exponential. Consequently, the
influence of elution also results in an exponentially decreasing disappearance
curve. However, the decline of the disappearance curve is slower due to the
apparent longer half-life of elution compared to the half -life of the decay.

The combined loss of I1Cr due to all three mechanisms is illustrated in

Figure 3.5in comparison to the disappearance of an ideal label.

following page:

Figure 3.4: Influence of the individual mechanisms of loss on the disappearance of

radioactive chnmmium as random labeBlue disappearance of an ideal labedf
disappearance of the label with the corresponding mechanism &f liossr
vesiculation of haemoglobiB,increasing vesiculation of haemoglolinradioactive

decay(half-life 27.7025 dgs), D elution (hal-life 70 days
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Figure 3.5: Combined mechanisms of loss of radioactive chromium compared to
ideal random labelling meth@blue). Green linear vesiculation of haemoglobin,

brown: linear vesiculation and decagd linear vesiculation, decay and elution.

It is expected in clinical RBC survival studies using %Cr as the random
labelling method, that one would observe the combined, very fast
exponentially declining disappearance curve instead of the linear
disappearance of an ideal label. Correcting this curve for the decay of the label,
as it is commonly done in clinical practice, results in an apparent half -life of
RBCs in the circulation of 32 days in this simulation. Note, alth ough reported in
terms of half-life, which implies a random destruction process, the principle
natural mechanism of RBC destruction is in general believed to be senescence
and hence not a random process. This illustrates the oversimplification caused

by application of empirical corrections for decay and elution.
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3.5.3. Simulation of cohort labelling studies with reuse of the label based on
the example of heavy nitrogen

Cohort labelling was simulated in Figure 3.6 on the basis of survival
studies using 15N with a prolonged constant incorporation of the label over 25
days and a constant reuse fraction of 20% of label lost on the previous day. In
addition linear loss due to vesiculation of Hb from the intact viable RBC was

included.

400

300

200

Units label per ml blood

O 1 1 1
0 50 100 150 200
time (days)

Figure 3.6: Disappearance of a cohort label with prolonged incorporation over 25 days
and constant reuse of 20% withoimiue and with (red) linear vesiculation of

haemoglobin

The amount of label in the circulation is rising as long as production of
labelled RBCs occurs, and the subsequent disappearance curve shows a similar
s-shaped pattern as the disappearance of an ideal cohort label. However, in
contrast to the ideal cohort labelling method, an initial drop resulting from the
early death of unviable RBCs is not obvious due to the prolonged incorporation
of label. Furthermore, approximately 12% of the maximum amount of label
present during the entire simulation is still present in the circulat ion after 200

days.
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3.5.4. Local parameter identifiability and optimised designs for ideal labels

The Fisher Information matrix was found to be positive definite for both
the ideal cohort and ideal random labelling studies, indicating that the model is
locally identifiable for a given finite design. The results for the optimal blood
sampling times after labelling on day 0 and %SE of the parameter estimates
calculated for the mean parameter values of the prior parameter distribution
are shown in Table 3.3.

Ideal random labelling requires six blood samples between day 1 and day
140 (Table 3.3a). The %SE for five of the parameters are pproximately 20% or
less, while parameter r, controlling the initial destruction of unviable RBCs was
associated with the highest %SE of about 130%. Nevertheless, all parameter
values could in theory be estimated from such a study. In comparison, ideal
cohort labelling is associated with an improved pre cision, where the blood
samples are to be taken at slightly later time points (Table 3.3b). The %SE
values for all but one parameter are 5% and less. Again, the initial destruction
of unviable RBCs described by parameter r, is associated with a higher %SE of
about 23%.
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Table 3.3: Sampling times and corresponding percentage standard €%3E) for the parameter estimates

Simulation

Ideal labelling methods

a) Random labelling

b)  Cohort labelling
Random labelling

c) Radioactive chromium
d) Fixed initial destruction
e) No elution of the label

f) No decay of the label

Optimal sampling times (days)

N

46
60

27
27
29
39

68
72

51
54
54
64

83 113
84 129

67
77
69
77

82
78
85
97

140
153

107
107
118
130

ri

11.4
2.3

54.3
42.5
31.2
20.5

)

132.8
22.7

674.9
fixed

362.5
195.9

%SE parameter

Sil

2.6
0.6

67.8
55.4
24.8

8.4

S

3.8
0.9

67.0
51.0
27.3
11.0

21.1
5.1

118.9
39.4
74.2
40.2

m

3.8
0.9

19.3
4.2
11.2
6.0

reuse
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Table 3.3: continued.

Simulation Optimal sampling times (days)
r 2
Cohort labelling
Incorporation over 10
9) P 11 63 76 89 129 156 35 34.4

days and 20% reuse

Incorporation over 25
h) 15 68 86 104 140 167 42 448
days and 10% reuse

Incorporation over 25

15 69 86 104 139 166 49 519

days and 20% reuse

. Incorporation over 50

)] 13 65 105 126 156 188 11.3 107.3
days and 20% reuse

Incorporation over 25

k
) days and 10% reuse

15 68 86 104 140 166 201 42 4438

Incorporation over 25
) 15 68 86 103 139 166 204 51 50.9
days and 20% reuse

%SE parameter

S

1.1

1.0

1.3

2.7

1.1

1.4

S

15

15

1.8

3.7

15

1.9

C

7.4

8.2

95

17.8

8.2

9.5

13

15

1.7

3.0

15

1.7

reuse

fixed

fixed

fixed

fixed

0.7

0.5
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The results of the simulation-estimation analysis (Table 3.4) for ideal
cohort labelling confirm the findings of the design analysis. The empirical %SE
obtained at the same error level as used for the optimal design are in the same
magnitude as calculated based on the Fisher Information matrix, and therefore
based on simulation-estimation all parameters are estimable in this model.
Note, that the %SE based on the optimal design are asymptotic lower
boundaries, slightly higher values obtained based on simulation -estimation are
therefore anticipated. As expected, increasing the error level results in an
increase in the empirical %SE of all parameters. In contast, simulation-
estimation of ideal random labelling resulted in higher empirical %SE than
calculated based on the optimal design. Nonetheless, under the experimentally
derived error level, estimation of all parameters would be possible. Higher
error levels are accompanied by a decrease in the success rate of the estimation

procedure and a loss of information on all parameter values.
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Table 3.4: Simulationestimation results for ideal labelling methods iimgarison to the information theoretic values

Simulation & Error level s

ri
Ideal cohort labelling
calculated based onM b 2.3
2.32% CWprop  SZ%add= 1.73 cpn? 3.4

6.
5% CVprop S24d= 3.5 cpn?

8
10% CVprop ~ S2add= 7 cpmZ 114
Ideal random labelling
calculated based onM b 114
2.32% CVprop  SZadd= 1.73 cpn? 586
5% CVprop S24d= 3.5 cpn? 96.4
10% CVprop ~ S2add= 7 cpmZ 207.2

)

22.7
42.7

152.2

240.7

132.8
123.9
318.6
111.0

%SE parameter estimates

S

0.6
1.2

1.8

2.1

2.6
28.0
16.3

117.1

S

0.9
1.5

2.2

2.6

3.8
34.5
20.8

135.9

Success?
c m

51 0.9 -

59 1.1 97%

9.6 1.8 89%
10.7 2.0 96%
21.1 3.8 -
38.8 16.5 95%
38.7 14.5 60%
60.6 18.7 58%

a0p runs out of 100 that resulted in parameter estimates that are within © 100 fold of the nominal values

b Mg = Fisher Information matrix, calculations based on a combined error model witbpG\2.32% and,q=1.73 cprﬁ

119



Chapter 3Evaluation of red blood cell labeli methods

3.5.5. Optimised designs for non -ideal labels

The robust D-optimal design was located for random labelling with  51Cr
including t he various loss mechanisms of the label from RBCs. The results are
shown in Table 3.3c. The optimal sampling times are shifted to earlier time
points compared to the ideal random labelling method. The corresponding
%SE of the parameter estimates are considerably higher than for the ideal
labelling method. Four of the parameters show %SE values of between 55% and
120%, while one parameter was well estimated with a %SE of approximately
20%. However, parameter r, controlling the initial destruction of unviable RBCs
was poorly estimated with a %SE of >600%. To overcome this problemr, was
fixed and the %SE of the estimates for the remaining five parameters were
determined together with the new set of optimal blood sampling times (Table
3.3d). The optimal sampling times were minimally different. The
corresponding %SE for the parameter estimatesare 55% and less for all
remaining parameters. However, as these parameter estimates are still
associated with a low precision in comparison to an ideal random label, it was
investigated whether the elution component or the decay of the radioactive
label plays a greater role in this loss of precision. First, optimal blood sampling
times and the corresponding %SE were determined for a radioactive random
label analogue to 51Cr but without loss due to elution. The results are given in
Table 3.3e. The optimal blood sampling times are located on similar day s as for
51Cr. Precision is particularly improved for the two parameters controlling the
senescence of RBCss( and s,). The %SE for both is reduced from >60% to <30%
for a label without elution. However, parameter r, remains poorly estimated
from a study using such a label as its %SE is >300%. Second, an analogue to
51Cr that had a substantially longer half -life of decay and principally only
shows loss due to elution and vesiculation was considered. In this case, the
optimal blood sampling times are shifte d to later days (Table 3.3f). They are
now located on time points up to day 130 and are closer to the optimal
sampling times for an ideal random labelling method. Correspondingly, the

precision of the parameter estimates has again improved. The %SE for all
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parameters but r, are <50%, whereas the error for r, has decreased to
approximately 200%. Furthermore, a half-life of 360 days was found to be
adequate for the hypothetical radioactive label to result in %SE of a similar
magnitude as would be expected for a label without decay.

The robust D-optimal design was also located for a hypothetical cohort
labelling method that shows a constant zero-order rate prolonged
incorporation and reuse of label from previously label led RBCs. The results for
the optimal blood sampling times and %SE are given in Table 3.3g-l. For the
first setup a prolonged incorporation over 25 days and a reuse fraction of 20%
was assumed on the basis of datafrom Shemin and Rittenberg [54]. Blood
samples are taken over a longer period of time ranging up to 5 months (Table
3.3i). The corresponding %SE for all parameters but r, are <10%, indicating
very high precision. Parameter r, is associated with %SE of approximately 50%.
By assuming a shorter period of incorporation of just ten days, the optimal
sampling times are shifted to slightly lower time points ( Table 3.3g). This
improves the precision of the parameter estimates even further, with r, having
now a %SE of about 35%. In contrast, a longer periodof incorporation (50 days)
reduces the precision of all parameter estimates slightly (Table 3.3j). The %SE
are approximately doubled in comparison to incorporation over 25 days, while
the optimal blood sampling times are spread over a longer period of time
where the last sample should be taken on day 188. Furthermore, decreasing the
constant reuse fracion to 10% with a prolonged incorporation over 25 days has
only little influence on the optimal design and the corresponding %SE ( Table
3.3h) in comparison to the corresponding design for 20% reuse and 25 days of
incorporation. Correspondingly, the D -efficiencies for the design evaluated at
20% reuse but applied for a reuse fraction of 10% andvice versavere >99.9%.
Finally, an optimal design was determined where the reuse fraction was to be
estimated as an additional parameter. Two scenarios with different reuse
fractions (again 10 and 20%, respectively) were evaluated, while the
incorporation of label was assumed to occur over 25 days (Table 3.3k and ).

Estimating this ad ditional parameter requires an additional time point. In  both

121



Chapter 3Evaluation of red blood cell labeli methods

cases, this time point is located at around day 200, while the remaining six
optimal blood sampling times are almost unchanged when compared with the
corresponding designs with a fixed reuse fraction. Correspondingly, there is
only a minimal loss in the high precision for the estimates of the parameters
controlling RBC survival, while the %SE for the estimation of the reuse fraction
is <1%, indicating an acceptably precise design. Again, the D-efficiencies were
>99.9% when the design was optimised assuming a reuse fraction of 10% but

applied to a setting with 20% reuse and vice versa

3.6. Discussion

3.6.1. Enhancement of the proposed RBC survival model

Previously, an individual lifespan was randomly assigned to each RBC
produced during the simulation [82]. This procedure was described in the
previous chapter and the Introduction to this thesis ( Section 2.4.2.1& Section
1.2.4.3.2. However, difficulties arose from this procedure when attempting to
mathematically manipulate the function . The model was modified here to
eliminate the need for random sampling by locating the corresponding survival

function to simulate a single or multiple cohorts of RBCs.

3.6.2. Simulation of random labelling studies using radioactive chromium

The different mechanisms of loss of 51Cr during the circulation of RBCs
were incorporated into the final model. Loss due to vesiculation of Hb can be
incorporated as a constant process or increasing in an agedependent manner.
However, loss due to an agedependent process was minimally different
compared with the linear loss and vesiculation only plays a minor role overall.
As literature conflicts on vesiculation rate [68,134,145,146]a constant loss was
assumed throughout this work.

Elution of 51Cr is mostly reported to occur at about 1% per day in healthy
individuals [57,61,140] However, it seems to be a variable process dependent
on the labelling process [147] and the disease state[67]. Furthermore, it might

vary between individuals or within an individua | in different RBC
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subpopulations. It would therefore be highly desirable to estimate elution as an
additional parameter in the model. Yet, as elution is described as a first-order
loss, equivalent to a random process, it is not possible to distinguish elution
from the natural random destruction provided by the estimate of the parameter
c. Thus, elution has either to be known from a priori sources (e.g. the
recommendations of The International Committee on Standardization in
Hematology [66]), or needs to be determined independently (e.g. from in vitro
experiments) and applied as a fixed parameter in the model to allow for
unbiased estimation of ¢ as the only unknown variable resu Iting in exponential
loss. Note that the half-life of decay of 5ICr to stable vanadium is known and
hence can be included as an exact quantity in the equation.

In clinical practice, it is common to correct the observed disappearance of
the label for the radioactive decay of the label only (ignoring any other
processes of loss, e.g. elution), and simply report an apparent halflife of 51Cr in
the circulation instead of further calculating the mean RBC lifespan. Applying
this concept to the simulation of random labelling using 5Cr presented here
results in an apparent half-life of 32 days after correction for radioactive decay
only, which is within the normal range reported for healthy individuals (25 9640
days) [35]. This suggests that although the model was not built from data but
developed in a theoretical framework based on plausible processes of RBC
destruction in the body, it is in agreement with the current survival studies of

RBCs in healthy individuals.

3.6.3. Simulation of cohort labelling studies with reuse of the label based on
the example of heavy nitro gen
The settings used for the simulation of cohort labelling with reuse of the
label are based on data published by Shemin and Rittenberg[54]. A constant
production of labelled RBCs over 25 days provided an acceptable description
for their data. Although this is a si mplification of the process it appears that all

designs presented here are fairly robust to this choice, and it is unlikely that a
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more complex description of the incorporation phase would significantly
change the optimal designs and the precision of the parameter estimation.

The value of 20% reuse was chosen based on an empirical estimate from
Shemin and Ri t b4 whiehrisgi® agreainant with findings of
Amatuzio and Evans [148]. Two caveats with respect to the interpretation of
reuse arise. Firstly, the protoporphyrin part of Hb toge ther with the bound
label is mainly excreted from the body in form of bilirubin. Therefore, it is
unlikely that the reused label originates solely from the breakdown of
previously labelled RBCs. Secondly, glycine is not only incorporated into the
heme part of Hb, but is also utilized as amino acid during the formation of
many other proteins, including the globin chains of Hb itself. Therefore, a reuse
from these alternative sources would seem more likely [36,38] Additionally,
the model accounts for an immediate reuse of the label released from initially
labelled RBCs on the very next day. Yet, Hb is produced over several days
during the maturation of RBC precursors in the bone marrow resulting in a
delay of the appearance of the newly labelled RBCs in the circulation.
However, only the extent of reuse is relevant in the model as neither the source
of reused label nor the exact time of delay is identifiable, and reuse is assumed
to be continuous from the first day. Th erefore, is not expected that these
simplifying assumptions influence the inferences from the results presented

here.

3.6.4. Local parameter identifiability & optimised design for parameter
estimation

Based on the theory of optimal design, it was shown that all p arameters
are locally identifiable under ideal labelling conditions. The precision of the
parameter estimates is slightly lower for an ideal random labelling method.
Nevertheless, it would be possible to estimate the parameter values from such a
study, as only the initial destruction of unviable RBCs is associated with a
slightly higher error of 130%, which is amenable to a more intensive design

strategy. Yet, it has to be noted, that any deviation from the optimised
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sampling schedule in clinical practice would result in a design which may lead
to a reduction in the precision of the parameter estimates. The optimal design
results have been confirmed based on simulation-estimation analysis at the
same error level as used for the information theoretic approach. Unfortunately ,
ideal labelling methods are not available, as all labels developed sofar are
associated with significant flaws. Furthermore, higher error levels, in excess of
those that would be expected experimentally, result in a loss of information on
the parameter estimates even under ideal labelling conditions. This was
particularly seen for the random labelling method during simulation -
estimation and further highlights the difficulties associated with this particular
labelling method. Note, however, that the success rate and the precision of the
parameter estimates could be increased by using a global search algorithmsuch
as simulated annealing that is less likely to converge to a local minimum than
the simplex method used here. This strategy was na followed in this work due
to the high computational burden associated with global search algorithms.

No between subject random effects are considered in the design. This
assumption implies that the variability in the lifespan between healthy
individuals is lessthan the variability in the lifespan within an individual and
hence a model that includes only the fixed effects components is of importance.
This does not mean however that the variance of the between subject effects
would be poorly estimated in the current design, but rather that the current
design does not incorporate these elements. In the absence of empirical data
that can be used to quantify the sources of variability it is not practical to relax
this assumption in the current work. However, uncertainty in the parameter
values used in this work was accounted for. By choosing the variance of the
parameter distribution accordingly, a median survival of RBCs between 100
and 120 days was ensured[35,36] By applying a robust optimality criterion it
was ensured that the designs reported here are optimised over a range of
potential parameter values and, therefore, should be applicable for healthy
individuals. The study design incorporated 100 individuals with  six samples

per subject.
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3.6.5. Comparison of the results for the different labelling methods

The results for the optimal design showed that all parameters but the
initial destruction of unviable RBCs (parameter r;) would be estimable from the
hypothesised study in the case of labelling with 51Cr even in the presence of the
associated label flaws. In theory, this problem could be overcome by using a
different random label with a longer half -life for the radioactive decay of at
least 360 days. The influence of eldion is relatively less than that of radioactive
decay. However, this process cannot be distinguished from natural random
destruction without either strong a priori information or data from additional
studies. This problem limits the precision of estimatin g the lifespan of RBCs by
using 51Cr as a random labelling method, and provides, in agreement with
Cavill [129], a clear argument against the common use of the51Cr method. The
51Cr method can only provide a semi-quantitative measure of RBC survival, but
cannot be used to determine the actual lifespan of RBCs due to the significant
flaws inherent in this meth od.

It needs to be noted, that although this work was focussed on 15N as an
example for cohort labelling and 51Cr as the most commonly used random
labelling method, m ore recently random labelling of RBCs using biotin has
been introduced [149,150] This label is a promising alternative to 5ICr, as it is
not radioactive, hasan apparent small loss due to elution, and is unaffected by
vesiculation since the detection method using flow -cytometric analysis only
counts cells as either positive or negative. Therefore, this technique comes close
to being an ideal random labelling method in the sense of the work presented
here. Unfortunately, the biotin label is not yet widely available in the clinical
setting and requires more manipulation of the cells during the labelling
process, potentially affecting the stability of the labelled cells [36]. Further work
is therefore required to ultimately decide on the quality of this promising label
to determine RBC survival.

Nevertheless, in contrast to random labelling, cohort labelling with reuse
and vesiculation provides more information on the underlying parameter

values than even an ideal random labelling method. Unfortunately, 15N has not
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been used and investigated as extensively as>Cr. Hence, there is limited
information available on its behaviour in the body in order to provide a more

detailed description of its flaws. Yet, the results presented here indicate that
cohort labelling provides more information on the survival of RBCs e ven when

associated with certain disadvantages like reuse and prolonged incorporation.

3.7. Conclusion

In summary, RBC lifespan estimates obtained by using the currently
available labelling methods have to be interpreted cautiously, and the flaws
associated with these methods have to be accounted for if one aims to predict
for example the effect of erythropoietin treatment on haematocrit in patients
with anaemia. Model based techniques that are sufficiently flexible to account
for both the limitations in the me thodology as well as the likely causes for RBC
destruction are recommended to be used.

This work has shown that the flaws associated with the most commonly
used random labelling method, 5I1Cr, are more substantial than those associated
with cohort labellin g methods. Nevertheless, an adequately designed
experiment will provide informative details on RBC lifespan and associated
destruction mechanisms when considered in a model based analysis

framework.
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Chapter 4: Modelling red blood cell
survival data

This chapter is based on the following peer-reviewed publication:
Korell J, Vos F, Coulter C, Schollum J, Walker R, Duffull S (2011)Modeling red
blood cell survival dataJournal of Pharmacokinetics and Pharmacodynamics

38(6):787801.
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4.1. Synopsiof the Chapter

In this chapter, the proposed red blood cell (RBCs) survival model is
applied to clinical data obtained using the most commonly used labelling
technique, labelling with radioactive chromium (51Cr). RBC survival is assessed
in diabetic patie nts with chronic kidney disease (CKD) as well as age and sex

matched healthy controls.

4.2. Introduction

4.2.1. Anaemia of chronic kidney disease

Anaemia of CKD is a common complication in patients with renal
impairment, especially in end -stage renal failure [151,152] It results from an
insufficient production of erythropoietin  (EPO) by the damaged kidneys,
reduced bone marrow responsiveness to EPO and reducedcapacity to produce
RBCs as well as a decreased survival of RBCsn the circulation [43,44,153,154]
Extracorpuscular factors are believed to play a major role in the decreased RBC
survival [154,155] but it remains unclear whether this d ecrease results from
increased random destruction or premature senescence of the cells.
Additionally, mechanical damage during haemodialysis might affect RBC
survival, while an effect of treatment with human recombinant erythropoietin

(rHUEPO) on RBC lifespan is disputed [156-159].

4.2.2. Estimation of RBC survival

In general the survival of RBCs is assessed usinglabelling methods, and
age-independent, random labelling of the cells with 51Cr is most commonly
used [57,66] Beside a short haltlife of 51Cr (ti2cr = 27.7025 days)due to the
radioactive decay [138], this method suffers from nonspecific loss of label from
viable cells due to dissociation of the chromium -haemoglobin complex with
subsequent loss of chromium (termed oelution6) as well as vesiculation of
haemoglobin (Hb) together with the bound label [67,68,160] It is common

practice to report an apparent half-life (ti2ap9 0f RBCs based on this labelling
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method after correction for the decay only. If we assume an ageindependent
random destruction mechanism of cells as the sole method of destruction, then
the RBC halflife can be converted into an apparent mean RBC lifespan (Sxpp)
based on LSy = 1.44K;1545p[161]. It is important to note that this conversion
ignores age-dependent death due to senescence and also loss of structurally
deformed RBCs due to other mechanisms. Therefore thisapproach is likely to
provide a limited understanding of the actual physiology of RBC destruction.
Similarly, alternative mathematical descriptions of RBC survival mostly

assume that cell death occurs due to a single mechanism only, either random
destruction or senescence[35,66,72,76,162,163]0Only a few models have been

proposed that combine both mechanisms [35,66,80]

4.2.3. Newly proposed RBC survival model

In the previous tw o chapters, a statistical RBC survival model has been
developed that, in contrast to previously proposed models, accounts for several
physiologically plausible mechanisms of RBC destruction (Chapter 2) [82], and
also for flaws associated with commonly used RBC labelling methods such as
51Cr (Chapter 3) [164]. The destruction mechanisms in the model include
senescence and random destruction, as well as cell death due to early or
delayed failure, which are described by distinct parameters. These parameters
give rise to a very flexible probability density function describing the change in
the instantaneous probability of death over time (equivalent to a lifespan
distribution). Assessing the shape of this function would allow for deeper
insight into the mechanisms of destruction, for example to determine the extent
of a constant risk of death due to random destruction or the presence of

significant initial failure as described in Chapter 2 (Section 2.8).
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4.3. Objectives

The primary aim of this chapter was to apply the previously developed
model to clinical data on RBC survival. The secondary aim was to investigate
whether the data supports an increased random destruction or an altered
senescence ashe primary mechanism underlying the decreased RBC survival

in patients with CKD undergoing haemodialysis.

4.4. Materials and Methods

4.4.1. The data

RBC survival data has been described previously by Vos et al. [165].
Briefly, data were available for analysis from 14 patients with end -stage renal
failure undergoing haemodialysis (CKD group) and 14 age and sex matched
controls. These data were collected in an observational study at the Southern
District Health Board Dialysis Unit, Dunedin, New Zealand (Australian New
Zealand Clinical Trials Registry: ACTRN12610000145000) [165]. Table 4.1
provides an overview of the demographics in both groups. Written informed

consent was obtained from all participants.

Table 4.1: Demographics for both study grou@mean® SD) [165].

CKD group (n = 14) Controls (n = 14)
Age (years) 57.2° 8.6 57.3° 7.9
Sex (M:F) 8:6 8:6
Haemoglobin (g/ L)* 122° 12 143° 10

“p < 0.001

All but two haemodialysis patients were anaemic with Hb concentrations
between 110 and 130 g/L, and all were receiving either continuous treatment
with rHUEPO or iron supple mentation. Dialysis conditions were not altered
during the study.

Labelling of RBCs was conducted according to the recommendations of

the International Committee of Standardization in Hematology using 5ICr
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(Method C) [66]. This procedure involves ex vivo incubation of the cellular
components of an autologous blood sample with radioactive chromate, which
mostly binds to Hb inside the RBCs. A suspension of the labelled cellsis
reinjectedi nt o t he pat i aftertrédsction of excasd crormateno
trivalent chromium using ascorbic acid. The latter form of chromium is no long

available to label Hb.

In the study by Vos etal,, ten to 13 blood samples were taken from each
individual until 52 days after labeling and analyzed for remaining
radioactivity [165]. Figure 4.1 shows the disappearance of the label from the
circulation in both groups. The data is expressed as %labelnormalised to the
amount of label present at day 1 after labelling to account for the washout

phase of unbound 51Cr during the first day.

100

80

60

%label

40

20

time (days)

Figure 4.1: Disappearance 6fCr from the circulation over time in CKD patients )

and healthy controléA).

4.4.2. The model

The model used for data analysis has been described indetail in the
previous chapters. To repeat briefly, the survival of a cohort of RBCs born at

the same time ¢ = 0) is given by:
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S{t)= mdexp(- expls; @- s,/t)- c@))+
ool () - (1 0)2)

Equation 4.1: Survival function for a cohort of RBCsiim on dayt = 0.

Parameters in Equation 4.1 and the corresponding RBC destruction
mechanisms controlled by these parameters are explained in Table 4.2. This
table also provides their default values based on a median RBC survival of 115

days as they were derived in Chapter 2 (Section2.4.2.9 [82].

Table 4.2: Mechanism of destruction and parameters controlling these.

Parameter  Destruction mechanism Default value [82]

Senescence (density of main maximum

.0241
of lifespan distribution) 0.0

s, (days™)

Senescence (location of main maximum
S, (days) . . 440.78
of lifespan di stribution)

c (days?) Constant random destruction 0.0024
Reduced lifespan due to delayed

r; (days?) . P y 0.0140
failure

ra(-) Reduced lifespan due to initial failure 8.9681

m(-) Mixing parameter * 0.8941

* Probability of the senescence and random destruction component given by m, while early
and delayed failure have a probability of 1 -m.

Based onEquation 4.1 the apparent mean lifespan L can be calculatedas

the integral over the survival function St) over time:

o]
L = f(t)t
0
Equation 4.2: Apparent mean RBC lifespan.

Flaws of the 51Cr random labelling method used in the study by Vos et al.
[165] were included in the model as described in Chapter 3 (Section 3.4.2 by

accounting for radioactive decay (tiocr = 27.7025 days), elution(tize;= 70 days)
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and vesiculation of Hb (20% loss over median RBC survival) according to
literature values [66,68,138] Note these values were considered to be fixed
constants and not vary across cohorts or individuals. The corresponding
equations are described in the Appendix A.3.2 and Chapter 3 (Section 3.4.2),
while the following equation is a repetition of Equation 3.5 describing the final

model for random labelling using 51Cr:

Np (£) =Ny {)e2” (t- tu)/ tryocr - (- tL)/ tay 2a

Equation 4.3: RBC survival model accounting for flaws associated with random

labelling using®iCr.

As it was shown in Chapter 3 (Section 3.5.9, full parameter estimation for
the proposed RBC survival model would be possible in theory from a random
labelling method; however the nonspecific loss of label is a significant limiting
factor which compromises the power of the design to provide information on
all mechanisms of RBC destruction simultaneously. In this chapter a simple
overlay of the data on the model prior predictions was considered first,
followed by focusing on the estimation of the parameters of highest clinical
interest with respect to the available data, e.g. parameter s, (controlling the
location of the senescence component or random destruction (parameter c),
while the remaining parameters are fixed to their default values.

This procedure was applied here based on two different approaches: (1) a
two -stage approach and (2) a full population approach. For both approaches, it
was assessed whether estimating senescencesgenarioA) or estimating r andom
destruction (Scenario B) provided the better fit based on changes in objective
function value (OFV). Note that this does not exclude a combination of both or
even multiple contributing mechanisms as possible cause for a decreased RBC
survival in pati ents with CKD. However, this could not be assessed in this
work due to the limitations of the 51Cr labelling method.

An initial exploratory two -stage approach was conducted to assess
whether there was a consistent preference towards one of these scenarios

across individuals within each group. Since it was not possible to estimate both
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senescence and random destruction simultaneously, it was not possible to

determine from a population analysis the non-dominant mechanism in the

population. Furthermore, the apparent mean RBC lifespan L was calculated
for both groups (CKD and controls) in each scenario based on the parameter
estimates using Equation 4.2, and the differences between the groups were

compared.

4.4.3. Two -stage approach

The two-stage approach was conducted in MATLAB N (The MathWorks &
Inc., Natick USA). The model was fitted to the data of each individual
separately using iteratively reweighted least squares (IRWLS) as the objective
function until convergence of the parameter estimates was obtained(as per

[166]). The objective function for the ith subject in the ki iteration is given by:

OFVIRWLS(g) (yu (qu )) {k})

Equation 4.4: Iteratively reweighted least squaf@®WLS) as objective function in

the twostage approach.

where n is the total number of observations y; in individual i, f(Qis the

structural model according to Equation 4.3, x; are the independent variables of

individual i, gjk} are the individual parameter estimates of subjecti during

iteration k, and Wijk} are the weights for the jth observation in the it individual

during iteration k. Starting from ordinary least squares in the first iteration, the
weights are updated during each subsequent iteration k > 1 based on the

estimates of the previous iteration k-1:

{k} Fl fork =1
Wij _'f%(u,@kj}B fork>1

Equation 4.5: Weights for the iteratively reweighted least squares.
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A local search algorithm based on the simplex method and which allows
for boundary conditions ( fminsearchbngd obtained via file exchange from:

http://www.mathworks.com/matlabcentral/fileexchanqge/8277 , accessed on

12.10.2019 was used for minimization in MATLAB N to obtain the best
parameter estimatesin the parmeter space Q during each iteration:

<k . k

gi } :a;lgglln(OWRV\/Ls(di{ }))

Equation 4.6: Objective function minimisation.

The estimation process was repeated until the absolute difference in the

parameter estimates for two consecutive iterations was less than 105, i.e

K 4 K- -6
‘@ip} - ép 3 <10 ° for the pth parameter.

The population mean parameter values (S and € for Scenario A and B,
respectively) were calculated for the CKD group and the controls according to

Equation 4.7, while the between subject variability (BSV) was calculated based

on Equation 4.8 for the pth parameter [22]:
N
-15&
dp = é
Equation 4.7: Population mean parameter value.

qp‘ﬁg(g )2

Equation 4.8: Between subject variance.

where N is the total number of individuals in each group.

For each individual it was determined which scenario provided the better
fit (lower OFV), and within each group it was assessed which scenario was
preferred in the majority of individuals. The apparent mean RBC lifespars for
both groups calculated according to Equation 4.2 were compared using an

unpaired t -test with unequal variance for both scenarios.
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4.4.4. Population approach

The population approach was conducted using the SAEM algor ithm in
MONOLIX # 1.1 (this version was easily amendable for the implementation of
the RBC survival model) [27,167] MONOLIX  maximizes the log likelihood
(LL) denoted as OFV..L in this chapter. Goodness of fit was determined based
on the OFV.L, where the better fit is characterized by a higher value. For nested
models (when appropriate) , the likelihood ratio test (LRT) is used as criterion
with DOFV of ©3.84 being significant fo

Additive, proportional and combined error models were tested as
statistical models for the residual unexplained variability (RUV) .

MONOLIX 2 1.1 calculates the individual estimate for the p" parameter in

the base model without covariates according to:

N R
&, =& ol
Equation 4.9: Individual parameter estimate as calculated by MONOLIX1.

where glp is the individual paramet er estimate of the it individual , Ep is

the population mean estimate and h;, is the random effect for the it individual
[24].

Sex and CKD were tested as covariates on the full dataset. Age was not
included in the covariate analysis as there is no a priori evidence from the
literature that it has an effect on RBC survival and also due to the
homogeneous selection of both study groups with a narrow age range. In
MONOLIX 1.1, the effect of a covariate on tke individual estimate of

parameter pin the ith individual is calculated according to:

3 :‘§ o0 @l itk écov =0 for controls
v :'COVi =1 for CKD

Equation 4.10: Covariate model in MONOLIX 1.1.

where b is the estimated coefficient of the covariate and coy is an

indicator variable taking a value of O for controls and 1 for CKD patients [24].
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Significance is determined based on the Wald test in MONOLIX? on the level
of the parameter estimates themselves, and was confirmed based onthe LRT
with respect to the full model. The Wald test is an approximate local test for
significance of a parameter estimate based on the assumption of a symmetric
confidence interval around the estimate, while the LRT is a global test assessing
the significance of including the additional parameter in the model based on

the overall goodness of fit without relying on the assumption of symmetry in

the deviations. Therefore, the LRT is more powerful compared to the Wald test
and the LRT results were considered to be decisive if both tests resulted in
different outcomes with respect to the significance of a parameter. In addition,

visual predictive checks (VPCs) were plotted for model evaluation.

4.5. Results

A simple overlay of the data and the model prediction without fitting is
shown in Figure 4.2. Good agreement between model prior prediction and the

data was observed.

100

80

60

%label

40

20

0 10 20 30 40 50 60
time (days)

Figure 4.2: Data(* CKD patients A control§ and model prior predictiofi )
without fitting .
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4.5.1. Two -stage approach

Table 4.3 summarizes the results for the two -stage approach estimations.

Table 4.3: Results for the twstage approach

KD
c Controls p value Description
group
ScenarioA: Estimating senescenée
$ (days) 147.38 249.63 0.0005  population mean
BSV of population
Wi, (days?) 2267.97 6527.59 .
mean
Ls, (days) 59.3 75.6 0.0002  mean RBC lifespan
W s2 (days?) 803 120.8 BSV of mean lifespari
Scenario B:Estimating random destructio@
C (days?) 0.0169 0.0094 0.0002 population mean
BSV of population
W (days?)  2.62x 105 1.33x 105 ot pop
mean
EC (days) 49.8 69.1 0.0002 mean RBC lifespan
W (days?) 108.1 174.8 BSV of mean lifespan

* BSV = between subject variance

Both estimation scenarios resulted in a statistically significant reduction in

the apparent mean RBC lifespan in the CKD group compared to the controls:

DL = 16.3 days for estimating senescence (p= 0.000Z),DE: 19.3 days for
estimating random destruction (p = 0.0002). Estimating random destruction
was preferred over estimating senescence ineleven out of 14 individuals in
both groups based on the OFV. Individual fits for four representative
individuals in each group are shown in Figure 4.3. (The individual fits for all

individuals are shown in Appendi x A.4.1)
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Scenario A: Senescence Scenario B: Random destruction
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Figure 4.3: Representativandividual fits (il ) obtained in the twstage approadior
estimating senescen(teft columr) and random destructio(right column) for controls

(A, upperpaneld and CKD patientg® , lower panes).

4.5.2. Population approach

In the population approach, a combined error model was found to
describe RUV best. The MONOLIX? estimates for the base model without
covariates are givenin Table 4.4. CKD was found to be a significant covariate
based on the Wald test and LRT. Sex did not show a significant effect and was
not included in the final model. Estimates for the final model using a combined
error model and CKD as the only covariate are also given in Table 4.4 for both

scenarios.
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Table 4.4: Fixedand random effect parameter estim&¥SE) for the populaton approach.

Parameter

g (days)
& (days?)
bckp

w

L (days)
Lp (days)
Sadd
CVprop

OFVLL

Estimates

Scenario A: Estimating 5

Base model

162.49(6.9)

0.1117(34.1)
62.8

2.96(12.5)
0.0251(12.5)

-780.10

Final model

201.42(7.4)

-0.4511(23.3)
0.0601(36.3)
69.4

56.2
3.12(12.4)
0.0244(12.4)

-773.43

Scenario B:Estimating &

Base model

0.0133(7.3)

0.1296(33.6)
56.0

2.27(12.4)
0.0234(12.4)

-752.12

Final model

0.0106(8.5)
0.4703(23.8)
0.072L (34.5)
63.7

48.1
2.05(12.1)
0.0256(12.1)

-745.51

Description

population mean estimate

population mean estimate
covariate factor of CKD
between subject variance

mean RBC lifespan

mean RBC lifespan with
covariate effect of CKD

additive error (variance)

proportional error (coefficient
of variation)

log likelihood
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Estimating random destruction was again preferred over an accelerated
senescencefor both models based on the OFV.., albeit these models are not
nested. Figure 4.4 shows the population mean prediction for the base model as
well as the full model for both scenarios, while Figure 4.5 shows the
corresponding VPCs. An over-prediction during the first 15 & 20 days is

apparent in these figures.

Scenario A: Senescence Scenario B: Random destruction

100 I Baselmodel ] " Base model |
go} oo
60}
40t

20f

%label
o

100 Full model | Full model |

0 10 20 30 40 50 0 10 20 30 40 50 60
time (days)

Figure 4.4: Population fit obtained using MONOLIX: Base mod¢upper panelsand
full model (lower panelsfor controls(fi , coy = 0) and CKD patientgA¥ cov = 1) for
Scenario Aleft column and Scenario Bight column), respectively(A data of

controls,* data of CKD patienfs
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Scenario A: Senescence Scenario B: Random destruction
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Figure 4.5: VPCs for estimating senescerfladt column and random destruction
(right column) for the base modgirst row, no covariatg the full model for controls
(second rowgov = 0), and the full model for CKD patienfghird row, coy = 1).
(A data ofcontrols,t data of CKD patientsi 50" percentile;i 10h and 90

percentiles of model predictions
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4.6. Discussion

4.6.1. Modelling of the clinical data

The data set does not allow full parameter estimation under the proposed
model as the study was not designed for this purpose. Nevertheless, the
available rich data for each individual allowed estimat ion of the parameters of
highest interest in a classial two-stage approach and also supports a full
population approach with covariate analysis. It is noted that RUV and BSV are
not differentiated in the two -stage approach; therefore, BSV was naturally
overestimated. A clear preference was seen for random destruction being the
predominant mechanism of RBC destruction and this was consistent across
individuals.

CKD was found to be a significant covariate in the population approach
leading to a reduction in RBC survival and a significant reduction of
approximately 45% in the unexplained BSV. In contrast, sex was found not to
be a significant covariate. This was not unexpected as women of childbearing
age were excluded from this study and peri-menopausal women are believed
to have the same apparent RBC survival as maleg35,38]

Both approaches resulted in similar estimates for the apparent mean RBC
lifespan with a significant reduction in RBC survival in the CKD group
compared to the healthy controls with a relative reduction of 20 - 30%
depending on the analysis approach. Although this reduction is less than
reported in the literature of up to 50% [44,153,168] it has to be noted that
previous studies did not rely on age and sex matched controls, and had only a
small number of healthy individuals in the control group, or normalise their
results to an assumed survival value of 120 daysin healthy individuals [169].
Recently, Vos et al.[27] published the clinical data that was used here in this
analysis. Their own analysis used standard techniques and found a reduction
in the median RBC survival of 20% between CKD patients and controls. This

outcome shows good agreement with the model based approach presented

145



Chapter 4Modelling red blood cell survival data

here. However, in this work it was possible to tease out a deeper insight into

possible underlying mechanisms of RBC destruction.

4.6.2. Preferred mechanism of RBC destructio n

Estimating the random destruction component was preferred over
estimating the main parameter controlling senescence on an individual level
(two -stage approach) as well as in the full population setting. This suggests the
presence of a higher degree of random destruction (approximately 1%) in
healthy individuals than assumed in the previous chapters (0.24%). However,
random destruction and age-independent loss of the label from viable RBCs
(elution) are both first-order processes that cannot be distinguished [170].
Elution was fixed to 1% per day in this work according to literature [171]; but it
was also shown that the degree of elution depends on the methods used during
ex vivolabelling of the cells (ranging from 0.95%- 1.7%per day) [147]. Since the
elution process is based on physicochemical properties of51Cr binding to Hb it
is plausible that pathological differences between individuals in this study are
not likely to drive this process, albeit that this assertion is unprovable in this
work. Therefore, the common practise to correct for a constant elution rate of
1% per day as the only mechanism of non-RBC related loss of label was
retained in this analysis.

Nevertheless, CKD patients showed an additional increase in random
destruction compared to healthy individuals which would support an
increased random destruction as a possible underlying mechanism of anaemia
in CKD, although this finding could also be explained by a higher degree of
elution in CKD patients. With respect to th eseassumptions, the apparent mean
lifespan values obtained in this analysis (as in any previous study using >51Cr)
have to be regarded as relative values and do not reflect the actual mean
survival of RBCs in the circulation.

Moreover, nonspecific binding of excess %ICr to plasma proteins with a
short half-life is also likely to be present with this labelling method. In addit ion,

51Cr binds to platelets and leukocytes during the ex vivolabelling process in
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whole blood [172-174]. This would be expected to result in an additional loss of
label from the circulation that is not related to RBC survival or the loss of label
from RBCs. At this point, the impact of these processes have not been
guantified sufficiently in literature to be incorporated into the model . The
model appears to over-predict the initial phase of loss of label from the
circulation up to approximately day 20, as was seen in the VPCs This
discrepancy is in keeping with the nonspecific labelling of other cellular and
protein elements in the autologous blood matrix. The higher initial loss has also
been attributed to fragil e RBCs damaged during the ex vivolabelling process.
An exploratory compartmental analysis testing for mono - versus biphasic
behaviour was conducted which did not reveal the presence of two random
processes of loss of label in this data set as the oneompartment model was
preferred in both groups (results not shown). It was also investigated whether
the model supported estimation of initial or delayed destruction by assessing
the parameters r; and/or r, Using a two-stage approach, the initial failure r;
was estimated consecutively after estimating random destruction ¢ with an
adjusted mixing parameter m = 0.5 to allow for a higher contribution of the
initial failure, and the estimation of c was then repeated based on the obtained
value of r,. The fit impro ved to a negligible extent (not statistically significant).
However, due to the limited information inherent in random labelling with
51Cr it is not possible to determine the contribution of initial or delayed failure
simultaneously with estimating random destruction or senescence in a full
population approach. Therefore, the desired deeper insight into the various
RBC distruction mechanisms contributing to anaemia of CKD cannot be
achieved at the moment. Nevertheless, the model captures the later phase of
loss of label well, and thus provides a good description of the clinically more

important long -term survival of RBCs.
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4.7. Additional analyses

In addition to the analyses presented here in this chapter, two more

analyses were conducted on the data of Voset d. [165]:

A The administration of rHUEPO was tested as covariate on the
survival on RBCs based on the population approach.

A An additional cohort of five patients receiving peritoneal dialysis
(PD) in the study by Vos et al. was analysed using the two-stage

approach.

As these analyses are not directly related to the objectives of this chapter,
only a brief background and a concise discussion of the results is provided
here, while the materials, methods and full results can be found in the

corresponding appendices as indicated below.

4.7.1. Additional analysis testing for HUEPO administration as covariate

4.7.1.1. Background

It is discussed in literature that rHUEPO treatme nt has an effect on RBC
survival; however the nature of this effect is disputed. Some authors report an
increased RBC lifespan under rHUEPO treatment [157,175] Yet, others have
found no evidence for an increased RBC survival in CKD patients under
rHUEPO treatment [158,176] In contrast, in haematologically normal rats,
administration of rHUEPO resulted in a shortened RBC lifespan that could be

attributed to an inefficient R BC production due to stress erythropoiesis [177].

4.7.1.2. Results & Discussion

An additiona | analysis based on the population approach was conducted
to test whether the administration of rHUEPO is a significant covariate on RBC
survival. The materials and methods used for this analysis together with the
full r esults are presentedin Appendix A.4.2.

In summary, rHUEPO proved to be a significant covariate. However, the

inclusion of this covariate effect in the model resulted in the effect of CKD on
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RBC survival to become insignificant. CKD patients receiving only iron
supplementation had an RBC survival similar to the healthy controls. The same
preference towards estimating random destruction was seen as with the model
using CKD as covariate. It needs to be noted that using rHUEPO as a covariate
instead of CKD resulted in a slightly improved fit for both scenarios according

to the higher OFV:

Table 4.5: Comparison oOFV. for different covariates in the model.

Covariate in model Scenario A Scenario B
CKD -773.43 -745.51
rHUEPO -769.65 -742.10

Although it is tempting to conclude from these results that the
administration of rHUEPO and not the underlying pathology of CKD results in
the decreased RBC survival, such a conclusion cannot be drawn irrevocably
due to the small numbers of patients not receiving rHUEPO treatment in this
study. A type | error cannot be excluded. Importantly, it is likely that these
effects are principally due to confounding, as it is likely that only CKD patients
with more severely de creased RBC survival and therefore more severe anaemia
received rHUEPO treatment. In fact, the Hb concentrations of two of the three
patients not receiving rHUEPO were higher than the average in the CKD
cohort, while the third was close to the mean (136, 146, and 126 g/L versus
mean = 122 g/L). Note, that the definition of anaemia is a Hb concentration of
<130 g/L.

4.7.2. Additional analysis for patients receiving peritoneal dialysis

4.7.2.1. Background

In patients undergoing haemodialysis (HD) RBCs are subjected to high
mechanical stress during the extracorpuscular circulation and additional
damage of the cells by the dialysis membrane is likely. This is supported by

results of Medina et al. who found increased RBC turnover during HD [64].
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However, the literature remains unclear as to whether RBC survival is truly
decreased further by HD, e.g. in comparison to less mechanially stressful
dialysis methods such as peritoneal dialysis (PD).

Vos et al included five additional CKD patients into their study that
received PD rather than HD [165]. Surprisingly, patients receiving PD had a
mean RBC lifespan similar to, but slightly shorter than patients undergoing HD
(55.3 versus 58.1 days) based on their empirical analysis. However, they
suggested that their results could have been confounded with the older age of

the patients in the PD cohort as the effect of age on RBC survival is unknown.

4.7.2.2. Results & Discussion

Here, the data of the five PD patients in the study by Vos et al were
analysed based on the more mechanistic RBC survival model using the two -
stage approach as it was described for the HD patients and controls. The full
results for the PD patients are presented in Appendix A.4.3.

Briefly, the calculated apparent mean RBC lifespan values in these
patients fall between those estimated for HD patients and healthy controls for
both scenarios (Table 4.6). Yet, none of these differenceswere found to be
statistically significant based on unpaired t-tests with unequal variances. Note,
that due to the small number of PD patients this cohort was not included in the

population analysis presented in this chapter.

Table 4.6;: Comparison of apparent mean R Bfesparvaluesobtained

using the twestage approach for the different patient cohorts.

Destruction mechanism HD patients PD patients Controls
Scenario A 59.3 63.2 75.6
Scenario B 49.8 55.4 69.1

In contrast to the somewhat surprising results of the empirical analysis by
Vos et al, RBC survival in PD patients was found to be slightly longer than in
HD patients when using the more mechanistic based RBC survival model for

analysis. This new analysis strengthens the hypothesis that increased
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mechanical stress during HD results in a decrease in RBC survival in addition

to the shortening caused by the underlying pathology of CKD ; yet the extent of
this seems to be minor. Further studies in a larger patient cohort (preferably
age and sex matched between tle PD and HD groups) are required to
ultimately determine the effect of HD on RBC survival. However, the

difference between the results obtained by Vos et al. and the results based on
the mechanistic RBC survival model shown here also indicates the importance

of the choice of an adequate model for RBC survival.

4.8. Conclusion

In conclusion, individual parameters of the proposed RBC survival model
can be estimated from available clinical data in a two-stage approach as well as
using a full population approach. RB C survival is significantly reduced in CKD
patients undergoing haemodialysis despite iron supplementation and
treatment with rHUEPO. Without ruling out multiple contributing
mechanisms, this analysis suggests that an increased random destruction is
more likely as underlying pathological mechanism than an accelerated
senescence.

In additional analyses it appeared that administration of rHUEPO or CKD
is related to the decreased RBC survival and the current data are insufficient to
delineate these processes.

Albeit not statistically significant, patients on PD showed a somewhat
longer RBC survival than patients undergoing HD but still had a shorter
apparent mean RBC lifespan than healthy controls. This suggests that the
increased mechanical stress on the RBCgluring HD has a small additional

negative effect on their survival.
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Chapter 5: A population pharmacokinetic
model for methotrexate
measured in red blood cells

This chapter will form the basis for a publication that will be submitted as:
Korell J, Stamp L, Duffull S et al. (2012) A population pharmacokinetic model for

methotrexate measured in red blood cells
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5.1. Synopsis of the Chapter

In this chapter, a population pharma cokinetic (PK) model for
methotrexate (MTX) and its polyglutamated metabolites (MTXPGS) is
developed using a top-down approach based on data measured in red blood
cells (RBC9. Model development is broken into two parts: 1) the development
of a PK model for the parent drug only; and 2) the development of a full
parent-metabolite model. The final model is then assessed based on simulations
and compared with previous findings. Inferences from the model will be

explored in Chapter 6.

5.2. Introduction

MTX is the gold standard disease modifying anti -rheumatic drug
(DMARD) in the treatment of rheumatoid arthritis (RA) [108]. MTX is a so
called folate antagonist, yet its mechanism of anti-inflammatory activity is
poorly underst ood. Besides inhibiting key enzymes in the folate pathway, such
as dihydrofolate reductase (DHFR), MTX also interferes with DNA synthesis
and inhibits the enzyme ATIC (5-aminoimidazole -4-carboxamide
ribonucelotide transformylase) which in turn reduces the production of
proinflammatory cytokines such as interferon -g, TNF-a and interleukin 1 b due
to an accumulation and secretion of adenosine[100-105].

Usually, low MTX doses (5 0 20 mg weekly) are used orally in the
treatment of RA [108]. However, parenteral administration, either
subcutaneous (sc) or intramuscular, can lead to better disease control in
patients that show poor responsivenessto oral MTX [178-184], and parenteral
administration is also associated with fewer adverse effects. Both can be
attributed at least partially to the higher bioavailability via the parenteral route
[87,88,91,8B5], as oral MTX is taken up via a saturable, active transport
mechanism from the gut. When higher oral MTX doses (15 8 20 mg) are
administered saturation of the active uptake transporters can occur, which

results in MT X not being completely absorbed from the gastrointestinal tract.
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This can increase local gastrointestinal adverse effects such as nausea and
vomiting. Parenteral administration on the other hand allows higher doses to
reach the systemic circulation than can be achieved orally, which leads to a
better disease control than obtained with oral administration.

Fast disease control is desired in the therapy of RA to prevent joint
damage, which is largely irreversible. However, MTX doses required to achieve
adequate disease control are highly variable between patients and difficult to
predict as no target for treatment monitoring has been established. The most
common biomarker for therapeutic drug monitoring (TDM) , plasma
concentration, has not proved suitable for monitoring low -dose once weekly
MTX treatment, as no correlation between MTX plasma concentrations and
clinical outcomes of low-dose MTX has been established[115]. In addition,
MTX plasma concentration rapidly fall below the limit of quantification (LOQ)
and steady state plasma concentrations cannot be measured.

More recently, MTX and MTXPG concentrations measuredin RBCs have
been suggested as a potential biomarker for MTX monitoring [114]. However,
RBCs are not involved in any of the postulated anti-inflammatory mechanisms
of action of MTX. Therefore, MTX concentrations measured in RBCs are
unlikely to have a causal relationship with disease outcomes or MTX treatment
effects in RA. Yet, as MTX and MTXPGs accumulate inside RBCs (and other
cells) [95], MTX and MTXPG concentrations measured in RBCs might be easily
accessible measures for cumulative MTX exposure and therefore could have a
potential as a biomarker for MTX treatment if a predictable correlation with
pharmacodynamic (PD) outcomes exists.

Intracellular uptake of MTX takes place via a transporter known as
reduced folate carrier (RFC). Inside the cells, the enzyme folylpolyglutamate
synthetase (FPGS) adds glutamate moieties to the molecule in a stepwise
manner, resulting in the sequential formation of polyglutamated MTX
metabolites, MTXGIuX, where X stands for the total number of glutamate
moieties in the molecule. It needs to be noted that the parent MTX molecule

itself already contains one moiety of glutamat e and is therefore also referred to
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as MTXGIlul in this thesis. Up to four additional molecules of glutamate are
added to MTXGIlul inside RBCs, resulting in the metabolites MTXGlu2 up to
MTXGIu5. Another enzyme, gglutamyl hydrolase ( gGH), removes terminal
glutamate moieties from MTXPGs. The monoglutamated form MTXGIlul is
then removed from the cells via efflux pumps such as multi drug resistance
transporters (MDRT). The affinity of these efflux pumps to transport MTX
decreases with increasing chain length (highest for MTXGIlul, lowest for
MTXGIu5), and all MTXGIuX accumulate intracellularly [99]. This
accumulation seems to play a major role in the activity of MTX as MTXPGs are
active metabolites [95,107] Several studies have shown a correlation between
disease control and MTXPG concentrations, mainly MTXGIu3 and the long -
chain polyglutamates MTXGIlu4 and MTXGIu5 [114-116] However, these
findings were not verified in a more recent cross-sectional study [117].

A better understanding of the accumulation kinetics of MTXPGs inside
RBCs might help to get a better description of the relationship between MTXPG
concentrations in RBCs and disease control. Yet, MTXPG kinetics in RBCs have
rarely been described using mathematical models in literature so far. One
approach by Dalrymple et al.used an empirical exponential model to describe
the PK of MTX and its polyglutamates measured in RBCs [186]. In their study,
each patient was modelled individually using a two -stage approach and the
metabolites were treated as independent compounds. Large variability in the

results between the individual patients was found.

5.3. Objectives

The objective of this work was to develop a population PK model for low -
dose MTX and its polyglutamated metabolites measured in RBCs as first step
towards a full PKPD model for MTX.

To achieve this objective, a bp-down modelling approach is applied to
clinical data resulting in an empirical model on the basis of a classical

compartmental PK analysis.
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5.4. Methods

5.4.1. The Data

5.4.1.1. Patients

Clinical data was available from two studies conducted in Christchurch,
New Zealand, between 2005 and 2009 (ACTRN 012606000275561186,187]
Both studies were approved by the Upper South B Regional Ethics committee,
and all patients gave written informed consent.

The first study (in the followingr ef er r ed t o a sincladedr a | st
patientswith RA who either started (O0Ostarterso)
low -dose oral MTX treatment [186]. Patients stopping MTX had been on MTX
for at least three months prior to being enrolled in the study. All patients were
followed for a minimum of 24 weeks. Clinical data, MTX dosing data and
MTXGIuX measurements were available from 18 patients, equally divided in
nine starters and stoppers, respectively. One of the stoppers restarted MTX
treatment during the time course of the study. (Note that this is the same data
that was analysed previously by Dalrymple et al.using the empirical model
[186])

The second study ( 0 stcu dsyw@ag conducted by the same group of
researchers and involved patients with RA on a stable weekly dose of oral MTX
treatment that were switched to sc administration at the beginning of the study
due to insufficient disease control and/or adverse effec ts under oral treatment
[187]. In this study one patient started immediately on sc MTX without prior
oral MTX treatment. Again, all patients were followed for at least 24 weeks.
Data from a total of 30 patients were available for the analysis presented here
(one of which ceased MTXtreatment during the time course of the study ).

In both studies, clinical assessment of the patients was undertaken at
study begin (baseline at week 0) and weeks 8, 16 and 24. Standard patient
demographics and laboratory data (including mean corpuscular volume (MCV)
and haemoglobin (Hb) concentrations) were recorded at these visits together

with the assessment of disease activity and adverse effectsassociatel with
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MTX treatment. Table 5.1 shows the demographics of patients included in this
analysis. All patients received concomitant folic acid supplementation of 5 mg

per week, administered on a weekday different from the MTX dosing.

Table 5.1: MTX treatmentschedule and patiesharacteristic§mean® SD) in the

oral[186] and sc study187], together with the polled data used in the analysis here.

Patient characteristics oral study sc study pooled
Number of individuals 18 30 48
Starters 9 1 10
Stoppers 9a 1 10
Continuous treatment - 28 28
Weekly MTX dose range [mg] 58620 10620 5820
M:F 7:11 7:23 14:34
Age [years] 58.1° 8.8 53.1° 9.7 55.0° 9.6
Weight [kg] 75.2° 135  78.4° 16.6  77.2° 15.4
Height [cm] 172.2° 6.6 162.2° 31.1 164.7° 27.3
Hb [mg/L] 128.3° 17.4 129.7° 11.4 129.2° 13.8
MCV [fL] 90.7° 7.0 93.1° 4.5 92.2° 5.6

agne patient restarted MTX treatment later on during the study
bvalues for height missing for eight individuals in the oral study

5.4.1.2. Blood sampling and analysis

In patients starting MTX treatment, trough samples (within 36 hours prior

to MTX dosing) were collected weekly for eight weeks, followed by fortnightly

sampling until a stable maintenance dose of MTX was achieved. Thereafter
samples were collected every four weeks until at least week 24, or until the
patient withdrew from the study. For stoppers in the oral study and all patients
in the sc study weekly (trough) samples were obtain ed until week 8, followed
by fortnightly sampling until week 16, and then every four weeks until at least
week 24, or until withdrawal from the study.

MTXGIuX were measured in duplicate samples using high -performance

liquid chromatography as described prev iously [186], separately measuring the
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concentration of each MTXGIuX in packed RBCs The average of the raw
duplicate MTXGIuX measurements, not normalised for RBC count, were used
for the PK modelling analysis. Initial runs were conducted using the non -
averaged observations with an adjusted error model accounting for correlation
between the replicates but no advantage was seen in parameter estimation and
due to excessive run times this was abandoned.

The LOQ of the analytical assay was 5 nmol/L recsfor all MTXGluX. Data
below LOQ (BLQ data) was censored and reported as 0 in the data sets,
without distinction from the limit of detection , which in turn was not reported.
For a limited number of samples actual measurements of the BLQ data could
be retrieved. The remaining BLQ data remained reported as BLQ. The
percentage of BLQ data was 16%, 3%, 11%, 23% and 45% for measurements of

MTXGIul to MTXGIu5, respectively.

5.4.2. Structural model development
5.4.2.1. Plasma PK model for MTX

No plasma MTX concentrations were measured in either of the studies
available for analysis. Therefore, MTX plasma PK was assumedto follow the
population PK model previously published by Hoekstra et al. [91]. These
authors investigated the differences in bioavailability ( F) of MTX after oral
versussc administration in patients with RA using higher weekly doses of MTX
(25 6 40 mg) than in these studies here (50 20 mg). They found a two-
compartment model with absorption lag times for both routes of
administration best described their data. F was assumed to be 100% for sc
administration ( Fsc = 1), while the median Fq5was estimated in relation to Fgc
as 64%,yet with a wide range (21 8 96%). The authors did not report whether
this was dose-dependent. The mean population parameter estimates for the
remaining parameters are given in Table 5.2. These values were used to predict
the populatio n mean plasma concentration-time profiles of MTX in the patients
analysed here, not accounting for any between subject variability (BSV) or

residual unexplained variability (RUV) in the plasma PK. To account for the
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known dose-dependency of oral MTX bioavailability, Fqa was set to 0.7 as
reported by Herman et al.[88]. In contrast to Hoekstra et al.,this study used a
lower oral MTX dose (10 mg/m 2° 17.5 mg/week) which is similar to the dose

used in the oral study of this analysis (median oral dose 12.5 mg/week).

Table 5.2: Population meamparameter estimates ftireplasma MTX model published

by Hoekstra et a[91], oral bioavailabilityFoa as published by Herman et {88].

Parameter Population mean Description

kagra [hr-1] 0.87 oral absorption rate constant

tlagora [Nrs] 0.36 lag time for oral absorption

Foral 0.70 oral bioavailability (based on [88])

kagc [hr-1] 0.36 sc absorption rate constant

tlagsc [hrs] 0.06 lag time for sc absorption

Fec 1.0 sc bioavailability

Vy [L] 9.6 central volume of distribution

CL, [L/hr] 8.4 clearance of MTX from plasma

kio [Pr-1] 0.81 intercompartmental transfer rate constant

from central to peripheral compartment

ky; [hr-1] 0.55 intercompartmental transfer rate constant
from peripheral to central compartment

5.4.2.2. Parent model for MTXGIul in RBCs

Intracellular RBC MTXGIul kinetics were modelled by adding a third
compartment to the plasma PK model published by Hoekstra et al [91], which
is not in mass balance with the plasma PK and therefore similar to a
hypothetical effect compartment in delayed effect PKPD models [188]. It needs
to be noted however, that in this work all observations were in the effect
compartment as only measurements of RBC MTXGIluX concentrations were
available in both studies. In contrast, classical effect compartment models do
not usually have any observations in the effect compartment.

First-order kinetics as well as active transport were initially tested for the

uptake of MTXGIul into RBCs from the central compartment. However, only
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the first-order process gave stable estimates and was therefore retained in this
analysis. Simple first-order elimination of MTXGIlul from RBCs was assumed
in the parent model. A schematic of the model is shown in Figure 5.1.
Structural parameters estimated in the parent model were k;,, the rate constant
of MTXGIul uptake into RBCs, the apparent volume of distribution of
MTXGIul inside RBCs (Vgiu1) and CLgu1, the clearance of MTXGIul from RBCs,

while the elimination rate constant from RBCs is given by CLgui/ Vei-

—~
oral dose sc dose
Wﬂ Fsc
I<a0|al kasc > Plasma PK mOdeI
K (fixed)
Plasma |—> .
«— <——| Peripheral
CLI V1 k21
<
kin
MTXGlul
> RBC PK model
VGIui
CI-Glu1

—
Figure 5.1: Parent model for MTXGIlul based on the tammpartnent plasma PK

model of Hoekstra et §01] with an additional compartment for the RBC PK model.

Parameters of the plasma PK model are explain€dhbie5.2 and were fixed at the
population mean values. Parameters for the RBC PK rkpd®l; 1 andCLg1 were
estimated in this analysis. Note that the RBC compartment is not in mass balance with

the plasma PK model, similar to an effect compartment in delayed PKPD models.
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5.4.2.3. Parent-metabolite model for MTX GluX in RBCs

The structure of the full parent -metabolite model for MTXGIluX was
derived by adding an additional catenary RBC compartment for each MTX PG
to the parent model, resulting in a total of five catenary RBC compartments
(Figure 5.2). The transfer between the compartments was described as first
order reaction with individual rate constants for each step; although these steps
are catalysed by FPGS andgGH for the polyglutamation and deglutamation
steps, respectively. The volume of distribution parameters (Vgux) were

assumed to be correlated for all MTXGIluX.

oral dose sc dose

Fm al Fs(
kaol al kas(

é i
«— <«<——| Peripheral
CL Vy Koy

mrxGlur | g mrxeiuz | Xesg| mrxeuz | Xess | mrxaiua | Xess| mrxGus

Va1 kyGH2 Vel KyGH3 Veluz KycHa Veiua KyGHs Veius

Figure 5.2: Parentmetabolite model for MT&IuX with a catenary RBC compartment
for each MTXGIuX. Structural parameters estimated for the full mokg! CLg1,
Vaiut, Veiuz, Veluz, Velus, Vaeius, Krpasi, Kepes2, Krpass, Krpasa, Kgahz, Kgaha, Kgeha, and

kng5.

5.4.3. Data analysis

NONMEM " version 7.2 (ICON Development Solutions, Ellicott City, MD)
was used to fit the data [23]. Due to longrunt i me s , Stuart Beal 6s me
[189] was used for handling BLQ data during model developme nt to allow for
parameter estimation using the first -order conditional estimation method with
interaction (FOCE INT). Using this method the first or last BLQ measurement

in the data set in a sequence of decreasing or increasing concentrations is
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replaced with a value of LOQ/2, which was equal to 2.5 nmol/L in this
analysis, and more extreme values (either before or after this value) were
censored from the data set. All parameters in the final parent model and the

final parent-metabolite model were re-estimated applying the M3 method for

BLQ data which uses the Laplacian method with interaction in NONMEM N

where BLQ data is treated as censored and the joint likelihood of the true and
censored observations is computed.

ADVANS5 was used as subroutine in NONMEM N as all processes in the
model are described by first-order rate constants. ADVANS5 uses matrix
exponentials to analytically solve linear ordinary differential equations and
therefore reduces the computational effort compared to time -stepping

numerical inte gration methods [23].

5.4.3.1. Statistical models for between subject and residual variability

BSV on structural parameters was modelled according to Equation 5.1 for

the pth parameter.

= £ djp
Equation 5.1: Between subiject variability on structural parameterraates.

- -

where g,p is the individual parameter estimate for the it individual, Ep IS
the population mean parameter estimate and qip is the random effect for the i*h

individual, following a normal distri  bution with mean = 0 and variance = v p2.
RUV was modelled independently for each MTXGIluX as a combined
error model with :
vy = (& i )C&“ e )* &)
Equation 5.2: Statistical model for residual unexplained izduility for each
MTXGIluX .
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where y}[jx} is the jih observation for MTXGIuX in the it individual

observed at time t;, f(Qis the structural model, g, are the individual parameter

estimates of theith individual, eLX} is proportional error component having the

variance S2,,GluX, and e{z)j(} is the additive error component with variance

S24dGluX. The RUV of the individual MTXGIuX were assumed to be

independent, despite the fact that all metabolite concentrations were measured
from a single blood sample at each observation, i.e. the L2 data item function in
NONMEM " was not applied here. The L2 function would require the RUV

parameters s2propGluX and s2agdGluX to be coded asrandom effect parameters
that are correlated between the individual MTXGIuX, i.e. coded as EPSILONs
in a $SIGMA BLOCK with off -diagonal elements for the covariances in the
NONMEM " control stream. However, in this analysis the RUV parameters
were coded equivalent to fixed effect parameters without correlation, i.e. as
THETAs in $PK, to allow for the implementation of the M3 method for

handling BLQ data.

5.4.3.2. Stability & Sensitivity analysis for the parent -metabolite model

During the structural model development process the ful | parent-
metabolite model was found not to be globally identifiable (i.e. multiple sets of
parameter estimates provided an equally good fit to the data) due to its high
number of parameters and catenary structure. Subsets of the structural
parameters were subsequently fixed until the resulting reduced model was
found to be stable. Stability was assessd as successful convergence to the same
parameter estimates from at least two sets of different initial estimates.

In addition, a sensitivity analysis on the parameter estimates was
performed to assess local identifiability of the parameter estimates for the

reduced model. Absolute and normalised sensitivity were calculated according
to Equation 5.3 for each parameter estimate 1Epl' [Jd:L, W, s?] in the reduced

model.
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_ DOF ff p =udk, - =
s= : wherelI e :on(“cfp)- oFv( p)
_porv. Fp
NS, OrvE,)

Equation 5.3: Sensitivity (S) and Normalised Sensitivity IndefNS|), with Epz

estimate of parameter testéd; level of change in the parameter estimate.

An initial change of +10% in each par
considered in this analysis, and extended to -10%, +25% and25 % (& = 0. 9,
and 0.75, respectively) if the model was found to be insensitive to a certain

parameter at the +10% change level.

5.4.3.3. Covariate analysis
5.4.3.3.1. Covariate analysis for the parent model

Total body weight (WT), lean body weight (LBW), MCV and Hb
concentration ([Hb] ) were tested during model building of the parent model as
covariates on Vg1 based on biological plausibility or prior evidence in the
literature [190]. All covariates were centred based on their median value in the

study population according to:

- _g 4 cov 8 . g
&, = Ch | @
i P C OVmedian§

Equation 5.4: Covariate model.

where COV is the individual covariate value in the it individual and
using the following median values COVjegian 70 kg for WT, 45 kg for LBW, 130
g/L for [Hb] and 90 fL for MCV. Here, b denotes the estimated coefficient of
the covariate, which is estimated as a fixed effect parameter in NONMEM N

LBW was calculated as proposed by Janmahasatianet al.[191] based on

WT and body mass index (BMI) according to:
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LBW = 927 ~ for males
6680+ 216@BMI

LBW = 927 ~ for females
8780+ 244@BMI

Equation 5.5: Formulas to calculate lean body weight accordird 24)].

Height (HT) was missing for eight individuals in the oral study for the
calculation of BMI in Equation 5.5. Therefore, a multiple linear regression of
height against sex and weight at baseline in the remaining 40 patients was used
for a single value imputation of height in these eight individuals. The linear

regression was derived as (seeAppendix A.5.1):

HT = 0.210WT + 19.698EXd 0.14WTGEX +150.25

Equation 5.6: Imputation of height based on weight and sex, where SEX = 0 for

females and SEX = 1 for males.

In both studies, covariates were only recorded during the clinical visits
and not at each time point of MTX measurements. Therefore, the last covariate
observation was carried forward for MTX observations with missing covariate
values occurring after the first clinical visit, while the first covar iate observation
was carried backward for MTX observations with missing covariates before the

first clinical visit.

5.4.3.3.2. Covariate analysis for the paremtetabolite model

Covariates that were found to be significant on Vg in the parent model
were retested for their significance during model development of the parent-
metabolite model. Only covariates that were found to reduce the OFV when

applied on all Vgux were included in the final parent-metabolite model.

168



Chapter 5A population pharmacokinetic model for methotrexate measured in red blood cells

5.4.3.4. Model selection and evaluation

Model selection was based on the objective function value (OFV) applying
the likelihood r at i o t est (LRT) for nested model :
Criterion (AIC) for non -nested models, as well as reduction of random BSV and
RUV. Graphical diagnostics included goodness of fit plots, individual
predictions overlaid with the data and individual weighted residual plots.

Non-parametric bootstrap was used to evaluate the parent model. 2000
bootstrap runs were conducted in NONMEM N, The resampling procedure
(with replacement) wa s stratified based on the number of patients that started
or stopped MTX or were on a continuous MTX schedule in the original study.
Runs that minimized successfully were used to calculate the empirical 95%
confidence interval from the 2.5t and 97.8" percentiles. These also included
successful minimisations were the covariance step was not successfu[192].

The fully reduced parent -metabolite model includin g the final covariates
was also evaluated using non-parametric bootstrap. However, due to the long
run times for the parent-metabolite model, only 400 stratified bootstrap runs
were conducted in NONMEM N. The mean and standard deviation for the runs
with successful minimisation were obtained and used to calculate the

asymptotic empirical 95% confidence interval.

5.4.4. Model assessment

5.4.4.1. Predictive performance of the final parent -metabolite model

The predictive performance of the final parent-metabolite model was
as®essed based on simulations. The time to reach steady state in all MTXGIuX
was computed for an average individual based on the population mean
parameter estimates and compared to the findings of Dalrymple et al.[186], as
well as the postulated normal survival of RBCs. For the simulation, continuous
treatment with an unchanged dose of 10 mg MTX orally once a week over two
years was assumed. The MT>GIluX profiles over time were also assessed from

this simulation based on the ratio of MTXGIlul to MTXGIu2 , 3, 4 and5.
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5.4.4.2. Comparison of MTX GluX kinetics in RBCs with the kinetics observed
in other cell lines

The MTXGIuX kinetics in RBC described by the final parent-metabolite
model and the in vitro kinetics observed in human breast cancer cells were
directly compared based on the results published by Morrison and Allegra [8].
These authors used a similar catenary model structure and the final parent-
metabolite model is based on fixed values for the polyglutamation rate
constants (referred to as a group askrpssi-4in the following) obtained from this
publication.

In addition, an indirect comparison with in vivo MTXGIuX kinetics

observed by Panettaet al.[90] in acute lymphoblastic leukaemia is provided.

5.5. Results

5.5.1. Parent model for MTXGIul in RBCs

The parameter estimates for base and final model for the parent MTXGlul
are shown in Table 5.3. These estimates were obtained using the M3 method to
handle BLQ data. The corresponding NONMEM # code is given in Appendix
A5.2.
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Table 5.3: Parameter estimates for the base and final parent model for MTXGIlul and bo(®Syagsults for the final parent model.

Parameter

Base model

Kin [Nr-]

Clgu [L/hr]

VGIul [L]

BSVKki, [%0]

BSV Clgu [%]

BSV Va1 [%0]

CVoprop [%]
Sadd[nmMol/L]

Epsilon shrinkage [%]
Final model with covariates Or;
Kin [Nr-1]

Clgu [L/hr]

VGIul [L]

BSVki, [%0]

BSV Va1 [%0]

CVDTOD [%]

Sadd[nmMol/L]

Estimate

1.06 x 1&*
579 x 1&*
0.278
70.5

8.1

120.3
21.3

3.42

1.35x 16¢
7.05x1*
0.287
63.7
110.1
20.3

3.58

Shrinkage [%] 2

12.2
88.8
4.7

8.3

2.5

8.9

8.9

Median (BS) b

1.40 x 1¢¢
7.00 x 1¢¢
0.286
63.6
110.1
20.3

2.43

Empirical 95% CI (BS) bc

9.09 x 16,0 2.00 x 16*
490x10¢61.03 x 1(®
0.18460.434
47.8087.2
71.26139.2
16.3024.8
1.3265.21

ah-shrinkage given for BSV parameters, e-shrinkage given together with the RUV parameters CV propand Sadga

b Non-parametric bootstrap statistics based on 1126 runs with successful minimisation out of 2000 runs.

¢ Empirical 95% confidence interval (Cl) constructed from the 2.5t and 97.5" percentiles.
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The combination of LBW, [Hb] and MCV was found to have a significan t
covariate effect on Vgy in the final parent model resulting in a reduction in the
OFV of -16.93. However, estimation of the covariate coefficient b was not
supported and this parameter was fixed to 1. This covariate is biologically
plausible as the product of LBW, [Hb] and MCV can be regarded as an
approximation of the true total volume of RBCs (true V racy circulating in the
body as shown in Equation 5.7 where Anp is the total amount of Hb in the

body.

trueVRBCS and [Hb]: AHb

R count Vblood

with MCV =

if Vipioog  LBW then [Hb]" LABT/k\J/ and Ay, ~ [Hb]ABW

trueVRBCS , trueVRBCS
A [Hb]A.BW
therefore trueVggcs  MCVQHD]GBW

if RBCeount. Anp then MCV’

Equation 5.7: Biological plausibility of covariates &g;u;.

By dividing all covariates by their median value, the total volume of RBCs
is normalised for an average individual, and the estimated parameter Vg1
describes the fractional difference between the normalised total volume of
RBCs and the apparent volume of distribution of MTXGIul.

ClLg1 was associated with a small value for BSV (8.1%) and large
shrinkage (88.8%) in the base model. Removing BSV for this parameter from
the model decreased the OFV by an additional 61.81. Therefore, BSV orCLg1

was not included in the final model for MTXGIul.
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Figure 5.3 shows the goodness of fit plot of the observations versusthe
individual predictions. e-shrinkage was found to be 8.9% (se€Table 5.3) [193].
Good agreement between observations and predictions is achieved for the
lower concentration range (<80 nmol/L), while higher concentrations show a
larger deviation from the line of identity. However, no systematic trend of
model misspecification is observed in the goodness of fit plots and the

individual weighted residual plots (not shown).

DV vs IPRED
160

1 2 0 I . "/,..-’

2 80t
40
0 40 80 120 160
IPRED

Figure 5.3: Goodness of fit plot for the final parent model for MTXGIlul: Observations
(dependent v@ableDV) versusindividual predictiong(IPRED).
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Individual fits obtained from the final model for six patients representing
the typical profiles seen in the data set are given in Figure 5.4, while the fit for
all individuals is shown in  Appendix A.5.3. The model is able to capture the

trend in the data for all individuals.

ID32 ID38 ID15
60 60 60
5 Ve /"_"\)—.’—\
g *e ‘. . .
20 20
0
40 60 80 30 40 50
ID34 ID40 ID25
60 60 60
_ 40 40 40 /Mw
E
S,
20 201 .
S
0 0
50 50 60 70 20 30 40
time (weeks) time (weeks) time (weeks)

Figure 5.4: Individual fits for sixpatients(ID) representing the typical profiles seen in
the dataset obtained with the final parent model for MTXGIlul. Left panels starters
(ID32 & ID34), middle panels stoppefiD38 & ID40), right panels patients on
continuoustreatment(ID15 & 1D25). Blue dotsobservations, red line: individual

prediction, grey line: population mean prediction.

The non-parametric bootstrap results for the final parent model are also
presented in Table 5.3. The median and the 95% confidence interval for all
parameters were calculated based on 1126 runs that minimised successfully out
of a total of 2000 runs (success rate 56.3%). The median values are in close

agreement with the population mean estimates for all parameters.
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5.5.2. Parent-metabolite model for MTX GluX in RBCs

As previously mentioned, convergence issues became apparent during
the structural development of the parent -metabolite model, and the full model
was found not to be globally identifiable. It was therefore necessary to simplif y
the model by fixing structural parameters to achieve successful convergence
and stability. In the following section the results for the final reduced model

will be presented.

5.5.2.1.1. Structural model development, Stability & Sensitivity analysis

Stability of the parent-metabolite model was achieved by fixing all
volume of distribution parameters ( Vgux) and polyglutamation rate constants
krpesi-4. Any arbitrary value could be chosen for these fixed values; however
meaningful values are desirable that are either based on prior knowledge from
literature or previous analyses. The volume of distribution parameters were
therefore fixed to 0.3 L, the rounded value estimated for Vg1 in the parent
model, while the polyglutamation rate constants were fixed to values reported
by Morrison and Allegra in 1987 [8] based onin vitro experiments in human
breast cancer cells, where a similar catenary compartment model was used for

data analysis (Table 5.4).

Table 5.4: Fixed parameter values in the reduced pareatabolite model.

Parameter  Vgux? Krpgs1P Krpgs2 P KrpasaP Krpgsa P

Value 03L 0.171 hrt 0.344 hrt 0.097 hrt 0.141 hr?

2 Fixed based o the mean population estimate for the parent drug MTXGIlul only.
b Fixed based on Model | published by Morrison and Allegra, 1987 [8].

BSV was supported in the reduced model on the structural parameters ki,,
Claiu1, Ve, Vo2, Veus, and Kghs-s, but not on Vguses, Kepesia OF Kgghz. The
combined error model was retained for all MTXGIluX to describe RUV.

The parameter estimates for the basic reduced parentmetabolite model
using the M6 method to handle BLQ data and the results for the sensitivity

analysis are provided in Table 5.6. The model was found to be sensitive to all
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estimated parameters. Sensitivity was the lowest for BSV onkghs using a ©10%
in the estimated parameter value, but increased when a °25% change was
considered.

Repeating the estimation for the best structural parent-metabolite model
using the M3 method did not change the parameter estimates significantly, and
the M6 method was used again for the subsequent analyses due to its

considerably shorter run times.

5.5.2.1.2. Covariate analysis

Based on the reduced parentmetabolite model, the significance of the
covariates MCV, [Hb] and LBW on the volume of distribution parameters Vgjux
was reassessed Table 5.5 provides the corresponding OFV all covariate

combinations tested.

Table 5.5: Reassessment of covariated/gpx.

Covariates on Vgjux OFV change in OFV
none 15438.69

MCV, LBW & [Hb] 15476.49 37.8
MCV & LBW 15433.09 -5.6
MCV & [HDb] 15473.82 35.13
MCV 15430.96 -7.73
LBW & [Hb] 15467.05 28.36
LBW 15441.30 2.61
[Hb] 15463.74 25.05

Based on these results, only MCV was included as covariate onVgyx in
the final reduced parent-metabolite model. Table 5.7 shows the parameter
estimates for the corresponding final reduced parent-metabolite model. The
NONMEM 2 code for the final reduced parent-metabolite model is given in

Appendix A.5.4.
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Table 5.6: Parameter estimates and sensitivity analysis for the basic reduced-parent

metabolite model without covariates\dg,x.

Parameter Estimate DOFV S NSI
OFV 15438.69 a = 1.1
Kin [hr-1] 2.21x 104 0.73 32895.33 4.70x 104
Clgy [L/hr] 1.45x 103 0.79 5481.99 5.14x 104
Kgahz [NrY] 0.1736 2.31 133.18 1.50x 103
Keonz [hr-] 0.1915 1.28 66.73 8.28x 104
Keoha [hr-] 0.2426 2.25 92.72 1.46x 103
K [r 1] 0.2984 1.08 36.33 7.02x 104
BSVki, 0.5122 0.16 3.14 1.04x 104
BSVCLgu1 0.4111 0.13 3.19 8.49x 105
BSV Ve 0.1058 0.06 5.86 4.02x 105
BSV Vg 0.1005 0.06 5.67 3.69x 105
BSV Vs 0.2296 0.09 3.79 5.64x 105
BSVKghs 0.2832 0.14 5.01 9.20x 10°
BSVkgha 0.1737 0.18 10.31 1.16x 104
BSVkghs 0.0625 7.00x 103 1.12 4.53x 106
CV2rop Glul 0.0346 0.57 165.66 3.71x 104
S2dd Glul 35.34 1.10 0.31 7.14x 104
CV2y0p Glu2 0.0460 1.44 313.83 9.35x 104
S2da Glu2 7.32 0.32 0.44 2.09x 10+
CV2pr0p Glu3 0.0142 0.71 500.20 4.60x 104
S24d Glu3 39.15 1.10 0.28 7.11x 104
CV2prop Glud 0.0641 151 234.95 9.75x 10+
S240 Glu4 3.78 0.29 0.76 1.87x 104
CV2pr0p GlUu5 0.0771 0.97 125.35 6.26x 104
SZadd GlUS 2.28 0.14 0.63 9.39x 105
a = 0.9
BSVKghs 0.0625 8.00x 103 -1.28 -5.18x 10¢
a = 1.25
BSVkghs 0.0625 0.04 2.82 1.14x 105
a = 0.75
BSVKghs 0.0625 0.05 -3.14 -1.27x 105
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Table 5.7: Parameter estimates for the fimaduced pareninetabolite model and bootstri@s) results with MCV as covariate o¥igux.

Parameter Estimate  Shrinkage [%] 2 Mean (BS) b Emziezi\;:izl[i()s:]a(r;jéa)rdb Asymptgg;egp(igg?lbvc
kin [nr-1] 2.27 x 16¢ - 2.31x 1 2.43x 105 1.83x 10402.79x 104
CLlg [L/hr] 148 x 1 - 154 x 1@ 2.03x 16 1.14x 1039 1.93x 103
Vo [L] 0.3 fixed - - R }
Vo [L] 0.3 fixed - ; ) )
Vo [L] 0.3 fixed - - R }
Vo [L] 0.3 fixed - - - ;
Vous [L] 0.3 fixed - ; ) )
Krpgsi [hr-1] 0.171 fixed - - - -
Kepsz [Nr-1] 0.344 fixed - - . )
Kepass [hr-] 0.097 fixed - - . )
Krpasa [Dr-1] 0.141 fixed - - - -
Kz [Nr] 0.174 - 0.173 9.33 x 168 0.15580.191
Kz [hr] 0.192 - 0.190 0.0154 0.1598 0.220
Kgsha [Nr-1] 0.243 - 0.243 0.0151 0.21300.272
Kgehs [hr-1] 0.299 - 0.301 0.0202 0.26200.341
BSV ki [%] 69.4 10.0 68.1 9.1 51.8587.9
BSV CLgy1 [%0] 63.4 14.1 61.8 10.5 43.2685.9
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Table 5.7: Continued.

Parameter Estimate  Shrinkage [%] 2 Mean (BS) P Emgi;i\j:igltios;a(rédg)rdb Asymptggg/oegp(ig(é?lb‘c
BSV Vg1 [%] 31.8 27.5 31.0 6.5 19.5847.0
BSV Va2 [%] 32.3 25.1 30.5 13.5 5.658 115.4
BSV Vg5 [%0] 48.2 24.1 41.4 12.8 8.796151.8
BSV kgsns [%0] 53.3 8.8 51.2 5.2 41.4662.6
BSV kgeha [%0] 41.7 4.5 40.5 4.6 32.2650.3
BSV kghs [%0] 24.3 61.6 28.9 16.7 0.4906484.9
CVprop Glul [%] 18.3 o 16.6 4.10 13.7822.2
Sadd Glul[nmol/L] 5.96 6.17 0.60 4.8207.44
CVprop Glu2 [%0] 215 40 21.1 2.42 16.1025.9
Sadd Glu2[nmol/L] 2.69 2.75 0.43 1.9383.67
CVprop Glu3 [%0] 11.8 40 11.6 1.42 9.59014.6
Sada Glu3[nmol/L] 6.29 6.43 0.65 4.8207.59
CVoprop Glu4 [%] 25.4 27 25.9 3.09 18.8631.9
Sadd Glu4[nmol/L] 1.95 2.05 0.29 1.446254
CVprop GlU5 [%0] 27.9 27.6 3.47 20.3033.7
Sadd GlUS[NMoOI/L] 1.50 39 1.31 0.64 0.2382.51

ah-shrinkage given for BSV parameters, e-shrinkage for each MTXGIuX given together with the corresponding RUV parameters CV prpand Sadga GluX.
b Non-parametric bootstrap statistics based on 100 runs with successful minimisation out of 400 runs.
¢ Asymptotic empirical 95% confidence interval (Cl) constructed based on mean and empirical standard deviation of the 100 successful BS runs
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5.5.2.1.3. Model evaluation

Goodness of fit plots for all five MTXGIuX are shown in Figure 55. As
was seen for the parent drug, good agreement between observations and
individual predictions is achieved for the lower concentrations, while higher
concentrations show a somewhat larger deviation from the line of identity.
However, no systematic model misspecification is seen in these plots. For all

five MTXGIluX, e-shrinkage was ¢4% (seeTable 5.7) [193].

DV vs IPRED - Glu1 DV vs IPRED - Glu2 DV vs IPRED - Glu3

150 150

150

100 g

DV

225

150

DV

DV vs IPRED - Glu4

Figure 5.5: Goodness of fit plots for all five MTXGIuX obtained with the final reduced

IPRED

DV

150

100

DV vs IPRED - Glub

IPRED

e
50 ,," Pt
!‘z ¥
o HE= -
100 150 0 25 50 75 100

200

parentmetabolitanodel. Observation®V) versusindividual predictiongIPRED).

following page:

Figure 5.6: Individual fits for all five MTXGluX obtained with the final reduced

parentmetabolite model for six patients: ID& ID34 starters, ID38 & ID40 stoppers,

ID15 & ID25 patients on continuousreatment Blue dots: observations, red line:

individual prediction, grey line: population mean prediction

180



Chapter 5A population pharmacokinetic model for methotrexate measured in red blood cells

ID32 ID34 ID38 ID40 ID15 ID25
60
= 40 :
= 20 ._,‘. W_\‘ & k. B
0 . ..
60
& 40
O 20f = /fg\ X \ e
0 - : 2
100
T 5 , e ﬁ
0 : —
40
3 9 o : _ //"—
ol : . :
40; -
)
22 /
9 0 " - —
% 20 40 0 25 50 45 55 65 45 55 65 20 40 60 15 30 45

time (weeks)

181



Chapter 5A population pharmacokinetic model for methotrexate measured in red blood cells

Figure 5.6 shows the individual fits obtained from the final reduced
parent-metabolite model in the same six patients as were shown for the parent
model. It can be seen in these plots thatlong chain MTXPGs (MTXGIlu4 and
MTXGIu5) are not measurable in some individuals, e.g. ID15, ID34 and ID38 in
this figure. The fits for all patients are shown in Appendix A.5.5. The final
parent-metabolite model shows reasonably good agreement with the data for
all MTXGIluX and in all individuals. However , there remains unexplained
variability in some individuals (note for example ID25 where it appears that
there was some period of non-compliance around week 30); yet it was not
possible to elucidate either a mechanism or clinical reason for this.

The bootstrap results for the final reduced parent-metabolite model are

also provided in Table 5.7. Out of the 400 conducted runs 100 minimized

successfully (success rate 25%). The mean parameteralues f_p and empirical

standard deviation s s of these 100 runs were calculated and used to construct

the empirical asymptotic empirical 95% confidence interval (Cl) according to:

95%Cl = f_p °1.96(

Equation 5.8: Formula b calculate the upper and lower bound ofasgmptotic
empirical 95% confidence intervll) of the bootstrap parameter estimates, with an

a-error level of 0.05

Good agreement between the estimates for the final model and the
bootstrap results is seen,although several of the random effect parameters in
the final model fall slightly outside of the 95% confidence interval, e.g. BSV on

Veiuaes and the deglutamation rate constant Kysps.
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5.5.3. Model assessment

5.5.3.1. Predictive performance of the final parent -metabolite model

In the original analysis of the data in the oral study by Dalrymple et al.
[186] the authors calculated the time to reach steady state inall five MTXGIuX
(Table 5.8). Their calculations were based on the estimated halflife of
accumulation that was determined using a monoexponential accumulation
model for each patient starting MTX treatment in the study. They defined the
time to reach steady state as the time that was required to achieve 90% of the

maximum concentration observed in each individual .

Table 5.8: Calculated time to reach 90% of the steady state concentration for

MTXGIuX in the study by Dalrymple et al.186].

Time to reach steady state Median [weeks] Range [weeks]
MTXGIlul 6.2 0.0013.9
MTXGIu2 10.6 7.0077.2
MTXGIu3 41.2 19.8066.7
MTXGIlu4 149 16.20831.6
MTXGIu5 139.8 15.50264.0

Using the populati on estimates for the final parent-metabolite model, the
RBC MTXGIuX kinetics for a typical patient on a stable oral dose of 10 mg MTX
per week were simulated over a period of two years. The time to reach 90% of
the steady state concentration and true steady state in all MTXGIuX was
calculated from the simulated data for comparison . In this analysis the time to
reach 90% of thetrue steady state concentration did not differ between the
MTXGIuX. It was found to be 14 weeks for all, while true steady state
concentrations were observed after 45, 60, 63, 57 and 70 weeks for MTXGIul to
MTXGIu5, respectively. These values notably exceed the postulated average
lifespan of RBCs of 120 days or approximately 17 weeks.

The ratios between the measured concentations of the individual

MTXPGs and MTXGIul were also computed at each sampling time point in
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this simulation and are shown together with the true steady state
concentrations for each MTXGIuX in Table 5.9. The ratios were found to be
stable throughout the entire simulation time course with only a marginal

fluctuation of °0.001nmol/L .

Table 5.9: Ratios of individual MTXGIuX concentrations and true steady state

concentration[nmol/L]) for an average individual.

MTXGlul  MTXGlu2 MTXGlu3 MTXGlu4  MTXGIuS
ratio 1 1.007 1.824 0.734 0.348
[nmol/L] 14.38 14.49 26.23 10.56 5.00

As can be seenfrom Table 5.9 the intracellular RBC concentrations of
MTXGIlul and MTXGIu2 are fairly similar, while MTXGIu3 is the most
abundant metabolite in the RBCs. The long chain polyglutamates MTXGIlu4
and MTXGIu5 have a lower relative concentration compared to the parent
drug, with MTXGIu5 being the least abundant m etabolite. Furthermore, the
true steady state concentration of MTXGIu5 in an average individual on a
stable dose of 10 mg MTX once weekly is just 5.0 nmol/L, which is equivalent
to the LOQ of the analytical MTXGIluX assay. This explains why MTXGIu5 was

not detectable in a number of patients in this study.

5.5.3.2. Comparison of MTX kinetics in RBCs with the kinetics observed in
other cell lines

5.5.3.2.1. RBC kinetics versus in vitro kinetics in human breast cancer cells

Morrison and Allegra [8] used a similar catenary model to describe thein
vitro kinetics of MTX in human breast cancer cells. They estimated naive pooled
parameter values for the polyglutamation and deglutamation steps. Here, the
rate constants determined for the polyglutamation steps were used as fixed
values for Krpgsia. It is therefore possible to directly compare the
deglutamation rate constants estimated for the RBC kinetics (KgH2-5) With the

corresponding values published by these authors (Table 5.10):
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Table 5.10: Comparison of deglutamation rate constamis!] observed in vitro by
Morrison and Allegrg8] for human breast cancer cells astirmated for RBCs in this

work based on the final paremetabolitdPM) model.

Source kg;Hz kg;Hg kg;H4 kg;H5
Morrison & Allegra 0.637 0.114 0.065 0.122
Final PM model 0.174 0.192 0.243 0.299

As can be seen fromthis table there is a relative difference in the rate
constants betweencancer cells and RBCsThe observed deglutamation rates are
two to four times faster in RBCs than in the breast cancer cells for all reaction
steps other than the last step from MTXGIu2 to MTXGIul, which Morrison and
Alleg ra found to be much faster than was estimated here for RBCs. In addition,
using both the published rate constant values for poly- as well as
deglutamation and estimating the volume of distribution terms in the parent -
metabolite model was examined, but did not provide a satisfactory fit to the
RBC data. Thus, MTXGIuX kinetics in RBCs seem to differ considerably from
those observed in the cancer cell line.

However, direct comparison of these results is difficult. Morrison and
Allegra also accounted for binding of MTXGIuX to DHFR, which is not
incorporated here in the RBC parent-metabolite model, and they used
Michaelis-Menten kinetics to describe the active uptake of MTXGIlul into the
cells. In addition, the MTXGIuX concentrations measured in the cancer cell

experi ments are much moly hraherthrhnanal/lL ).n RBCs

5.5.3.2.2. RBC kinetics versus in vivo kinetics in lymphocytes

Panetta et al. [90] developed a model for the in vivo accumulation of
MTXPGs in acute lymphoblastic leukaemia, were patients receive a high dose
regimen of MTX (0.258 8 g/m 2 body surface areaas intravenous infusion over
24 hours). MTXGIluX concentrations in their study were measured in T-
lymphocytes as well as B-lymphocytes, and were found to considerably exceed

RBC concentrationsa s we | | mfl/a grathemthai nmol/L ). Their final
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model included only two intracellular compartments, one for MTXGIlul and
the other comprising all metabolites, i.e. the sum of the measured MTXGIlu2 to
MTXGIu5 concentrations. Active and passive uptake into the cells was
incorporated in the model, where the rate constant for the passive uptake was
fixed and only the active component was estimated based on Michaelis-Menten
kinetics. Efflux was considered to occur only for MTXGIul and described by
first-order kinetics. The polyglutamation step was estimated as active process,
while the deglutamation reaction was assumed to follow first -order kinetics.
Due to these major differences between the Panetta model and the RBC
model developed here, a direct comparison is not possible. However, during
the initial model development of the RBC model, the model structure used by
Panetta et al. was also considered. For this, the MTXGIu2 8 MTXGIu5
concentrations in RBCswere summed to describe the cumulative concentration
of MTXPGs in the second intracellular compartment. Yet, it was impossible to
apply this model structure successfully to the RBC data in NONMEM 4 The
program terminated due to integration errors when the full data set was used,
while successful minimisati on could only be achieved for a data set containing
only the patients on continuous MTX treatment, e.g. the steady state data in the
RBC study. This model structure seems incapable of adequately describing the
accumulation and disappearance kinetics of MTXGIlul and MTXPGs inside and
from RBCs, which leads to the conclusion that the kinetic profiles observed in
RBCs must differ considerably from those observed by Panetta et al. in

lymphocytes.
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5.6. Discussion

In this chapter, previously published data of MTXGIu X concentrations
measured in RBCs were used to develop an empirical population parent-
metabolite model for low -dose MTX treatment in RA using a top-down
modelling approach. The model was developed in the style of a classical
compartmental PK analysis with only loose guidance based on mechanistic

principles.

5.6.1. Parent model for MTXGIlul in RBCs

Initially, a model for the parent drug MTXGIul only was developed. The
model described the data very well, and good agreement between the final
parameter estimates and the bootstrap results were found.

Plasma concentrations for MTXGIlul were predicted based on a
previously published model. Only population mean parameter values could be
used for this prediction which does not allow for variability in the plasma PK.
The PK inside RBCs was then described by adding an additional compartment
to the plasma PK model. The RBC compartment is not assumed to be in mass
balance with the plasma PK model, similar to an effect compartment in a
delayed effect PKPD model. This assumption is justified, as the rate constant of
uptake into RBCs ki, is only 1.35x 104 hr-1 compared to the rate of elimination
from the plasma, key = V1/ CL; = 9.6 L /8.4 L@r-1 = 1.14 hrl. Due to this almost
10,000 fold difference, the uptake of MTXGIul into RBCs has only a marginal
influence on the plasma concentration and can be neglected in mass balance.
However, the BSV parameter on ki, is likely inflated as it also takes into account
the lack of variability in the predicted plasma concentrations, and it is possible
that ki, is biaseditself. In future studies, measuring MTX plasma concentrations
in addition to RBC concentrations would be valuable to obtain a better estimate
of ki, and its BSV.

Although the uptake of MTX into cells is facilitated by an active t ransport
via the reduced folate carrier, it was assumed to follow first -order kinetics in

this analysis. This approximation is justified as the peak MTX plasma
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concentrations (Cmax) under low -dose treatment are well below the reported K n
value for the tran sporter (Cmax = 700 nmol/L for a 20 mg sc dose of MTX which
is the highest dose in this study, compared to Km values between 3,900 and
8,200 nmol/L reported for various tumour cell lines [93]). In addition, active
transport into RBCs was considered during initial model development but did
not provide a better fit to the data than the simpler model assuming first -order
kinetics.

LBW, MCV and [Hb] were found in combination to yield a significant
covariate on Vgu and it was shown that these covariates are also
physiologically plausible. As LBW already takes into account structural
differences in body composition between males and females no additional
gender difference in the median [Hb] value used for normalisation was
supported in this analysis.

CLgiu1 in the parent model accounts for elimination of MTXGIlul from the
cells as well as metabolism to MTXGIlu2. BSV on this composite parameter was
not supported in the final model. In addition, the input of MTXGIlul via the
deglutamation of MTXGIu2 into the RBC compartment cannot be quantified in
the parent model, which potentially leads to bias in the structural parameter

estimates.

5.6.2. Parent-metabolite model for MTXGIuX in RBCs

The final reduced parent-metabolite model for MTXGIuX kinetics in RBCs
is able to describe the observed data; however the model development process
was hampered by identifiability issues with the full parent -metabolite model.
The catenary structure of the model and the high number of estimated
parameters results in a highly flexible model with multiple solutions and hence
lack of consistent convergence. Fixing of several structural parameters was
required to ensure local identifiability of the model. The apparent volume of
distribution of all MTXGIuX ( Vgux) was set to the rounded value that was
estimated in the parent model, while the polyglutamation rate constants

(kepasi-4) Were fixed to literature values. Any arbitrary value s could have been
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chosen and the estimated parameters for the deglutamation steps would have
changed accordingly; however the chosen values allow for a comparison of the
results with the parent model as well as the previous model published by
Morrison and Allegra [8]. Nevertheless, the estimated values in the final
reduced parent-metabolite model do not have any direct physiological
meaning as the true values for the polyglutamation rate constants (Kkrpgsi-4) and
Veux in RBCs are unknown.

All processes in this model were assumed to follow first -order kinetics,
although the poly - as well as deglutamation reactions are catalysed by FPGS
and gGH, respectively, and the uptake and loss of MTXGIlul are facilitated by
active transport. Yet, the MTXGIuX concentrations measured inside RBCs are
well below the K values for all these enzymes and the transporter and the
first-order approximation is therefore assumed to be valid. This approximation
also allows using the ADVANS subrout ine in NONMEM #, which reduced the
run times considerably.

Model development was conducted using the M6 method to handle BLQ
data and the final reduced parent-metabolite model was then re-analysed with
the M3 method. The use of M3 did not result in a signi ficant change in the final
estimates for the parent-metabolite model, despite the large percentage of data
reported as BLQ especially for the long chain MTXPGs. However, as BLQ data
was not distinguished from data below the limit of detection in the data set, the
actual percentage of BLQ data could be much less. In addition, the performance
of the different methods to handle BLQ data has been assessed for classic
mammillary compartmental models [189,194196], yet not for a catenary model
structure, and especially not in a situation where reversible formation of
metabolites occurs and where a large number of parameters are fixed a priori. It
is therefore unknown what differences in performance are to be expected.

At each time of observation all MTXGIuX concentrations were measured
in a single blood sample. This means that a correlation in the residual error
between these measurements is expected, for example as the process noise

introduced during sample taking and hand ling will be the same. In
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NONMEM & such a correlation is usually accounted for by using the L2 data
item function. However, the L2 function requires RUV parameters to be coded
as random effects (i.e. as EPSILONS), while the M3 method to handle BLQ data
requires these parameters to be coded equivalent to fixed effect parameters (i.e.
as THETASs). To account for error correlation between the individual MTXGIluX
measurements within a blood sample while using the M3 method, a covariance
between the fixed effect parameters that describe RUV would need to be
included in the code. Yet, this is very difficult to implement in NONMEM # for
fixed effect parameters, especially if they are not associated with random
effects (i.e. when they do not have a corresponding $OMEGA BLOCK in
NONMEM 2). As this analysis did not aim to quantify the magnitude of the
error correlation and the ability of using the M3 method to handle BLQ data
was regarded as having a higher priority , such a complex coding procedure
was not explored here. For simplification it was instead assumed that the RUV
of the different MTXGIuX are independent. However, if future studies confirm
that using the M3 method for handling BLQ data has truly no benefit compared
to simpler methods under the current model struct ure, the L2 data item
function should be used in future work.

The final parent-metabolite model was evaluated using non-parametric
bootstrap. Due to the long run times only 400 bootstrap runs were conducted
and the success rate was only 25%. The main reaso for unsuccessful
minimisation in NONMEM # was rounding errors in the parameter estimates.
As only 100 successful bootstrap runs were available for analysis, the mears
instead of the medians of the parameter estimates were calculated and the
standard deviations were used to construct the asymptotic empirical 95%
confidence intervals around the mean estimates. These results showed
reasonable good agreement with the final estimates for the original data set.

Comparing the parameter estimates for MTXGIlul with those obtained
with the parent model, it can be seen that the structural parameters CLg1 and
kin both have increased. BSV onCLg; was supported in the final parent -

metabolite model, yet not in the parent model. BSV on Vg1 dropped
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considerably from >100% in the parent model to 32% in the parentmetabolite
model, while BSV on ki, increased only slightly. The proportional error

component was approximately the same (18% versus20%), yet the additive
error increased from 3.58 nmol/L to 5.96 nmol/L in the p arent-metabolite
model. This is also reflected by a less good fit observed for MTXGIul to the
individual data as was obtained in the parent model only, especially when

looking at the elimination of MTX in the stoppers, e.g. ID38 and ID40 in Figure
5.4 and Figure 5.6.

In the final parent-metabolite model only MCV retained a significant
effect as covariate on all Vgux. This is in contrast to the parent model were
MCV, LBW and [Hb] had a significant effect on the apparent volume of
distribution. It is possible that fixing the population mean value for Vgux
impedes the covariate analysis in the parentmetabolite model, especially as
BSV was also only found to be significant on three of the five volume of

distribution parameters ( Vg1, Veiuz and Veiys).

5.6.3. Model assessment

The final parent-metabolite model was assessed based on simulations.
The time required to reach 90% of the true steady state concentration for an
average indivi dual was compared to the analysis conducted by Dalrymple et al.
[186] on a subset d the same dataset. These authors found the required time to
be highly variable between different individuals and also between the
individual MTXGIuX, with median values well above 100 weeks for MTXGlu4
and MTXGIu5. In contrast, the population analysis co nducted here led to an
equal time to reach 90% steady state of all MTXGIuX which was found to be
just 14 weeks due to interdependence between the metabolites. The time to
reach true steady state on the other hand varied between the different
MTXGIuX: 45 & 70 weeks. These values correspond to 315 to 490 days and are
much longer than any of the values reported for the average RBCs lifespan in
humans. It is therefore impossible for this accumulation to occur within a single

RBC during its circulation in the bo dy. It is more likely that the actual
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accumulation takes part in the stem cells and/or RBC precursor cells in the
bone marrow and that over time reticulocytes with increasing MTX content are
released into the circulation until steady state is achieved in the bone marrow
cell populations. This theory is in accordance with suggestions by Schalhorn et
al. [197]. In their study, MTX concentrations in RBCs declined for
approximately 24 - 48 hours after administration of a 6 hour infusion of high -
dose MTX, but the concentrations started to rise again after day 4- 7. They
attributed this second increase in RBC MTX concentrations to the release of
young RBCs that were preloaded with MTX and its metabolit es during their
production in the bone marrow.

It should be noted that if MTX accumulation truly takes place on the level
of pluripotent stem cells in the bone marrow, then long -lasting post MTX
treatment consequences on fertility might be expected if a amilar long -term
accumulation also takes place in gametocytes. In this casea MTX free interval
prior to conception that is longer than the three to six months that are currently
recommended by manufacturers would be appropriate. This was also
suggested in a review of clinical studies on the effect of MTX on pregnancy and
fertility by Lloyd et al.[198]. Nevertheless, further clinical studies are required
to determine whether MTX accumulates in bone morrow precursor cells after
their commitment to form a specific blood cell line or on the stage of
pluripotent stem cells, and also in gametocytes.

Nevertheless, the kinetics observed in RBCs were found to differ from
those observed in other cell lines. The rate constants for deglutamation in the
final parent -metabolite models do not match with those obtained by Morrison
and Allegra [8] for human breast cancer cellsin vitro, and the structural model
developed for leukocytes by Panetta et al.[90] is not able to adequately describe
the concentration-time course in RBCs observed during the elimination of MTX
in the starters and stoppers. These differences can be explained by the limited
enzyme capacity in RBCs compared to nucleated cells as well as the inability of
RBCs to perform mitosis. These physiological disparities are likely to result in

altered intracellular MTX kinetics in RBCs co mpared to other cell lines.
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Overall, these findings lead to the conclusion that the MTX kinetics
observed in RBCs differ considerably from the kinetics observed in other cell
lines, and do not to reflect the concentration-time profile of MTX in a single
RBC, but rather a crosssection of the concentration in RBCs of different ages in

a random blood sample.

5.6.4. Further analyses and hypotheses testing

The developed parent-metabolite model for MTX in RBCs can provide a
basis to test further hypotheses. For exampk, in the following chapter of this
thesis, alternative structural models will be evaluated which if supported
would provide insight into alternative mechanisms of MTX accumulation in
RBCs.

Literature suggests that gGH is able to cleave two moieties of glutamate at
a time [97,199] This alternate cleaving mechanism can be incorporated into the
structural model in a future analysis despite the need to fix Krpgsi-4 and Vgux.
Furthermore, loss of MTXPGs can also be ncorporated into the structural
model as was done by Morrison and Allegra [8]. If supported, such a loss could
either be attributed to the destruction of RBCs or active transport of MTXPGs
out of the cells.

In additio n, genotypic covariates can be incorporated in to the model and
tested for significance. PK relevant polymorphisms have been reported for gGH
as well as the influx and efflux transporters of MTX [200,201] However, the
clinical relevance of pharmacogenetic covariates for MTX has not yet been
established conclusively [106]. The developed parent-metabolite model can be
used to test whether covariates that possibly affect the intracellular PK of MTX
show a significant effect.

Lastly, this PK model can form the basis for a full PKPD model in future
work which can then be used to test the suitability of MTXGluX concentrations
measured in RBCs as biomarker for monitoring of low -dose MTX treatment in
RA. Yet, any possible association between PD outcomes and RBC

concentrations has to be seen in the light of the unique PK profile observed in
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RBCs and the lack of a causal relationship as RBCs are not on the postulated

pathway of action of MTX.

5.7. Conclusion

This is the first time that the PK of MTX and its polyglutamated
metabolites in RBCs has been described in a population modelling analysis.
Although identifiability issues occurred during the model development
process, a stable parerimetabolite model could be developed by fixing selected
parameter values. The resulting reduced model is able to describe the observed
data and can be used for further hypotheses testing before being applied in a
full PKPD model of low -dose MTX in the treatment of RA in the future.

It is notable that the kinetics of MTX measured in RBC differ considerably
from the kinetics in other cell lines and likely represent a cross-section of RBC
with different MTX concentrations over time rather than the intracellular
kinetics within an individual RBC.

Future work is required to assess in more detail the encountered
identifiability issues and the mathematical features of catenary models in

general.
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Chapter 6: Hypotheses testing for methotrexate
pharmacokinetics in red blood cells

This chapter will be part of a publication that will be submitted as:
Korell J, Stamp L, Duffull S et al. (2012) A population pharmacokinetic model for

methotrexate measured in red blood cells
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6.1. Synopsis of the Chapter

In the previous chapter, a population pharmacokinetic (PK) model for
methotrexate (MTX) and its polyglutamated metabolites (MTXPGs) measured
in red blood cells (RBCs) was developed. In this chapter several hypotheses
related to the intracellular PK of MTX will be tested based on this model, and

the model will be updated as required based on the results.

6.2. Introduction

In the following section four different hypothesis tests are described that
are related to the intracellular PK of MTX in RBCs. The first two hypothes is
tests are with respect to the structure of the model. They concern the observed
deglutamation mechanism and a potential loss of MTXPGs from RBCs. The
third and fourth hypothesis tests consider the influence of covariates, genotypic

as well as phenotypic, on the PK of MTX in RBCs and in the plasma.

6.2.1. Hypothesis test 1. Cleaving mechanism of gglutamyl hydrolase

The intracellular metabolism of MTX involves two enzymes:
folylpolyglutamate synthetase (FPGS) and g-glutamyl hydrolase ( gGH). FPGS
adds additional glutamate moieties to MTX in a stepwise manner resulting in
MTXPGs, i.e. MTXGIu2 to MTXGIu5. Here, MTXGIluX stands for a specific
polyglutamated metabolite containing a total of X glutamate moieties in the
molecule. gGH removes terminal glutamate moieties from these metabolites.
For the development of the original population PK model for MTXGIuX in the
previous chapter it was assumed that gGH cleaves one moiety of glutamate at a
time. Yet, in vitro experiments by Rheeet al.[97] suggest that the enzyme is able
to cleave two terminal glutamate moieties simultaneously and that this

cleaving mechanism might in fa ct be preferred.
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This leads to four alternative hypotheses on the structural model for the
intracellular PK of MTX:

1) dGH cleaves only one terminal glutamate moiety as assumed in the
original model (Model A).

2) gGH cleaves only two terminal glutamate moieti es, without
conversion of MTXGIlu2 to MTXGIlul (Model B).

3) gGH preferentially cleaves two terminal glutamate moieties, but
allows for the conversion of MTXGIu2 to MTXGIlul by cleaving one
glutamate for this step (Model C).

4) oGH cleaves one and two terminal glut amate moieties (Model D).

For a graphical representation of these hypotheses based on the proposed
model please referto Figure 6.1 in the corresponding Methods section (Section
6.4.7).

6.2.2. Hypothesis test 2: Loss of MTXPGs from RBCs

The structure of the original model developed in the previous chapter
only allows the parent drug MTXGIul to leave the cells. This assumption is
supported by the findings by Zeng et al.[99] who showed that the transporters
that facilitate the efflux of MTXGIul have very poor transport capacit y for
MTXPGs.

Yet, Morrison and Allegra found in their modelling analysis of in vitro
MTX PK data measured in human breast cancer cells that a model that accounts
for loss of MTXGIu3, MTXGIu4 and MTXGIu5 (in the following referred to as
MTXGIu3-5) from the cells provided a better fit to the data than a model that
only allowed MTXGIul to leave the cells [8]. Loss of MTXGIu2 was assumed to
occur as well in these experiments, but the corresponding rate constant of loss
from the cell was not found to be identifiable in their model. The authors
simplified their model further by using a single rate constant to describe the

loss of MTXGIu3-5. These results suggest that MTXPGs are able to leave cancer
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cells and it can be hypothesised that a similar efflux might also be possible in
other cell lines such as RBCs.

In addition, RBCs have a finite survival time. The removal of individual
RBCs from the circulation at the end of their lifespan means that their MTX
content is lost from the total RBC MTX pool in the circulation. If the same rate
constant is able to describe the loss of all MTXPGs in the system, this loss might
be attributed to RBC death rather than efflux of MTXPGs.

These findings lead to three alternative hypotheses, ea& with two sub -
hypotheses (a & b), that will be tested against the original model in this

chapter:

1) All MTXGIuX are lost from the cells, where the loss of all individual
MTXGIuX is described by:
a. adifferent rate constant Koyt iux-
b. the same rate constantkoyt G-
2) Besides MTXGIul, MTXGIu3-5 are lost from the cells (but not
MTXGIu2), where the loss of MTXGIu3-5 is described by:
a. a different rate constant Koucux. (This is a similar to
Hypothesis l1a.)
b. the same rate constantkouciuz-s, but which is differen t from
kout,GIul-
This hypothesis follows the structure of the model developed my
Morrison and Allegra [8].
3) Besides MTXGIul, only the long chain MTXPGs (MTXGIu4&5) are
lost from the cells, where the loss of MTXGIu4&5 is described by:
a. a different rate constant koutcux. (This again is similar to 2a
and 1a).

b. the same rate constantkoy cuags, but which is different from

kout,GIul-
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A graphical representation of the proposed model structure including loss
of all MTXGIuX i s provided in the corresponding Methods section (Figure 6.2,
Section6.4.2.

6.2.3. Hypothesis test 3: Significance of genotypic covariates on MTXGluX
PKin RBCs

Recently, there has been an igreasing interest in genotypic covariates that
might be suitable to explain some of the large variability seen in MTXGIuX
concentrations and clinical outcomes of MTX treatment in rheumatoid arthritis
(RA) [108]. A variety of candidate genes and polymorphisms have been
identified within the MTX and folate pathway that are relevant to the PK
and/or effect of MTX treatment. A number of studies report associations
between individual polymorphisms and MTX efficacy, adver se effects and/or
RBC MTXGIuX concentrations. These were recently reviewed by Stamp and
Roberts [106]. However, none of the investigated polymorphisms have been
proven to be a suitable biomarker for MTX treatment so far. This is partially
due to a lack of conclusive evidence from the association studies as replicate
studies often fail to reproduce initially observed correlations between the
polymorphisms and clinical outcomes of MTX treatment and/or RBC
MTXGIuX concentrations. For example, Dervieux et al. found a significant
association between polymorphisms affecting the reduced folate carrier (RFC)
and gGH [114,200] Yet, these findings could not be verified in a study by
Samp et al.[202].

Polymorphisms relevant to the intracellular PK of MTX have been
reported for gGH as well as the influx and efflux transporters including RFC
and multi drug resistance transporters (MD RTSs) of the ATP-binding cassette
(ABC) family, respectively. These include single nucleotide polymorphisms
(SNPs) as well as copy number variations (CNVSs).

A SNP occurs when a single nucleotide is exchanged in the DNA coding
sequence of the corresponding gene. For example the SNP denotedrs1051266

occurs in the gene SLC19A1, which codes RFC. Here, the guanine (G) in

199



Chapter 6Hypotheses testing for methotrexate pharmacokinetics in red ¢atied

position 80 is exchanged for an adenine (A), and the variant is therefore
denoted as 80G>A. For each SNP two forms, commonly referred to as aleles, of
the gene exist (e.g. forrs1051266having either G or A in position 80), and these
two different alleles give rise to three different genotypes: homozygous for

allele 1 (e.g. GG = wildtype), homozygous for allele 2 (e.g. AA) or heterozygous
(e.g.GA).

A CNV occurs when the number of copies of an allele is altered, e.g.
instead of having two alleles of a particular gene (one on each of the
corresponding chromosomes), repetitions of the allele in one or both of the
chromosomes occur. For example, tre gene coding the enzyme gGH has two
alleles (denoted as allele 1 and allele 2) resulting from the SNPrs11545078and
multiple copies of both alleles can be present in the genome of an individual.

Table 6.1 provide s an overview of the genotypic information that was
available for all but two patients (46 out of 48 patients) in the data set used for
model building in Chapter 5.

It can be hypothesised that these polymorphisms have an effect on RBC
MTXGIuX concentrations. This hypothesis will be tested for each
polymorphism independently based on the developed population PK model
for MTX in RBCs by including a covariate effect on the related PK parameter
and testing for its significance as described in the corresponding Methods
section (Section6.4.3. For example, for rs1051266the covariate effect will be
included in the model on the rate of uptake into RBCs (ki,) as this SNP affects

the gene coding the influx transporter RFC.
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Table 6.1: Polymorphisms relevant to intracellular MTX PK and their frequency in

the study populatiorfn = 46). A = adenine, C = cytosine, G = guanine, T = thymine.

Gene SNP Variant Genotype Frequency (%) 2
gglutamyl hydrolase
oGH rs11545078 CNV allele 1 1 copy 100

allele 1 2 copies 0

allele 2 1 copy 91

allele 2 2 copies 9

Multi drug resistance transporters

ABCC1 rs35592 CNV allele 1 1 copy 98
allele 1 2 copies 2
allele 2 1 copy 74
allele 2 2 copies 26

rs3784862 CNV allele 1 1 copy 90

allele 1 2 copies 10
allele 2 1 copy 62
allele 2 2 copies 38

ABCG2 rs17731538 CNV allele 1 1 copy 98
allele 1 2 copies 2
allele 2 1 copy 74
allele 2 2 copies 26

ABCC2 rs4148396 CNV allele 1 1 copy 93
allele 1 2 copies 7
allele 2 1 copy 48
allele 2 2 copies 52

rs2273697  1249G>A GG 68 [55]

GA 28 [40]
AA 45]

ABCB1 rsl045642  3435C>T CC 24 [20]
CT 43 [50]
TT 33 [30]

Reduced folate carrier

SLC19A1 rs1051266 80G>A GG 37 [25]
GA 43 [55]
AA 20 [20]

a Frequency in the European population [ in square brackets if available] obtained from:
SNPedia: a wiki supporting personal genome annotation, interpretation and analysis
(http://www.snpedia.c _om/index.php/SNPedia ) [203], accessed on 17.04.2012.
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6.2.4. Hypothesis test 4: Significance of phenotypic covariates to predict
between subject variability in the plasma PK of MTX

Lastly, the origi nal RBC PK model developed in Chapter 5 is based on a
fixed plasma PK model for MTX published by Hoekstra et al.[91]. The plasma
PK parameters were fixed to the population mean estimates of Hoekstra et al.
and no random effects on these parameters could be estimated during the
model development process. This was due to a lack of plasma samplesin the
data set used for this analysis as well as the temporal delay between the
sampling of RBC PK data and the plasma PK which did not allow recreating
the plasma PK from the RBC data. Therefore, no within or between subject
variability is accounted for in the plasma PK, although both types of variability
are expected to be present.

However, MTX is largely eliminated via the kidneys involving passive
glomerular filtration (81%) as well as active secretion [86,112] Reduced kidney
function, i.e. decreased glomerular filtration rate (GFR), is therefore expected to
result in a reduced renal clearance of MTX which in turn will result in higher
MTX plasma concentrations and hence higher intracellular uptake of MTX.
Differences in kidney function between individuals will therefore contribute to
the between subject variability (BSV) observed in the MTX RBC concentrations,
and this contribution can be predicted by including a suitable biomarker for
kidney function as covariate on the plasma clearance parameter CL;) in the
developed model.

In the data set used for model building the estimated glomerul ar filtration
rate (eGFR) was available as a biomarker for kidney function as calculated
according to the Modification of Diet in Renal Disease (MDRD) formula [204]
This biomarker will be tested for its significance as a covariate on CL; in the
developed population PK model as described in the corresponding Methods

section (Section6.4.4).
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6.3. Objectives

The general objectives of this chapter were to assess the validity of these
hypotheses based on the original population PK model for MTX in RBCs that
was developed in the previous chapter, and to update the model as required
based on the results.

The following questions will be addressed specifically:

1) What is the preferred cleaving mechanism of gGH in RBCs?

2) Are MTXPGs lost from RBCs, either via efflux or due to death of
individual RBCs?

3) Do genotypic covariates have significant effects on the intracellular
PK of MTXGIuX in RBCs?

4) Can phenotypic covariates such as eGFR be used to include
predictable BSV in the otherwise fixed plasma PK of MTX in the

developed model?

following page:

Figure 6.1: Structural models tested to assess the preferred cleaving mechanism of
gGH. A Original model with cleaving of one glutamate moiety oBl\simultaneous
cleaving 6two glutamate moieties without conversion of MTXGIu2 to MTXGIL,

simultaneous cleaving of two glutamate moieties with conversion of MTXGIu2 to

MTXGIul, and D cleaving of one and two glutamate moieties possible.
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6.4. Methods

6.4.1. Hypothesis test 1: Cleaving mechanism of g-glutamyl hydrolase

To determine the preferred cleaving mechanism of gGH, three alternative
structural models were fitted to the data used for model development in
Chapter 5. The alternative model structures together with the structure of the
original model are shown in Figure 6.1.

The same estimation procedure as described in the Methods section of
Chapter 5 (Section 5.4.3 was applied here, using the FOCE method with
interaction in NONMEM @ 7.2 and the M6 method to handle data below the
limit of quantification.

It was assessed whether any of these models provide a better fit than the
original mo d e | based on Akai kedsnedtaddf or mat
models (the lower the AIC value the better) and the likelihood ratio test (LRT)
for nested models. For the addition of one parameter in the model (one
additional degree of freedom) the LRT requires a decrease in the OFV of at
least-3.84 to be statistically significant at an a-error level of 5%.

Due to the identifiability issues observed during initial model
development, the parameters describing the polyglutamation steps by FPGS
(Kepesi1-4) and the volume of distribution parameters ( Vgiux) were fixed in the
original model asdescribed in Chapter 5. Changing the structural model with
respect to the cleaving mechanism of gGH does not resolve the identifiability
problems observed for the original model and therefore the same parameters

were also fixed in the three alternative models.
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6.4.2. Hypothesis test 2: Loss of MTXPGs from RBCs

Testing the potential loss of MTXPGs from RBCs was performed in a
similar fashion than testing the preferred cleaving mechanism of gGH. The

general structure of the alternative models is shown in Figure 6.2.

oral dose sc dose
Foral Foc

D <———| Peripheral
CL,y A ka4

MmTxGIu1 | X8| mrxeiuz |55 | Mmrxeiuz |y | mrxeiue | K| mTxGius

Veiu1 KyoHz Ve Kyehs Veius KyaHa Voiua Kyahs Veius

Figure 6.2: General model structure used for assessing a potential loss of MTXPGs
from RBCs in addition to the loss of MTXGIul, whé&gg: ciux = CLaiux/Vaiux-

This model structure was fitted to the clinical data using NONMEM @ and
the individual Kouicux Wwere estimated as ClLgux/ Veux. The polyglutamation
rate constants krpgsi-4 and individual Vgux were kept fixed as described in
Chapter 5 due to the observal identifiability issues.

For each fit of the six different hypotheses described in the Introduction of
this chapter (Section 6.2.2 only the relevant parameters of the general model
structure were included in the tested model . This means that for Hypothesis 1a
all individual rate constants of loss from RBCs (koutciux) were estimated, while
for Hypothesis 1b only Koyt i1 Was estimated and Koyt ciuz-s Were set to the same
value as Koucut, 1-€. Kougiur = Koutgluz = KoutGluz = Koutclusa = Koutclus. FOr
Hypothesis 2, koutcuz Was fixed to 0. The remaining four Koy cux parameters
were estimated individually for Hypothesis 2a, while in Hypothesis 2b it was
assumed that Kout,cluz = Kout,clua = Kout,cius and Koyt cius-s was allowed to differ from
Kout,cu1, resulting in two estimated clearance parameters: Koyt,giur @nd Kout,glus-5-

For Hypothesis 3 the same approach as for Hypothesis 2 was applied, yet here
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Kout.ciuz and Koutcuz were fixed to 0O, resulting in the estimatio n of Koyt 1 and
Kout,cluags for Hypothesis 3b, while in Hypothesis 3a Koutclu1 = Kout Glusgs-

Note, that Figure 6.2 is shown using the structure of the original PK
model where gGH cleaves only one glutamate moiety; however, the best model
found from Hypothesis test 1 will be used.

To determine the model that provides the best fit AIC and LRT were used

as model discrimination criteria as described before.

6.4.3. Hypothesis test 3: Significance of genotypic covariates o n MTXGluX
PKin RBCs

As can be seen in Table 6.1, data from eight different polymorphisms
relevant to the intracellular PK of MTX were available from the data set used
for model building. These eight polymorphisms included three SNPs; two
affecting genes coding for MDRT efflux transporters of the ABC family while
the third affects the gene coding the influx transporter RFC. The other five
polymorphisms are CNVs; four occurring in genes coding MDRT efflux
transporter s, one coding the deglutamation enzyme gGH.

These polymorphisms were tested individually for their significance as
covariates on the corresponding parameters in the population PK model. The
six polymorphisms (rs35592, rs3784862, rs17731538, rs4148396, rg3897, and
rs1045642) affecting MDRT efflux transporters were included on all CLgux in
the model (depending on whether these parameters were supported based on
the results of the previous hypothesis tests). The SNP rd051266affects RFC
and was therefore included on k;,, while the CNV of rs 11545078affecting gGH
was included on all four deglutamation rate constants kgHzs and it was
assumed that the covariate affects all four rate constants equally, i.e. the
covariate coefficients added to these parametes were assumed to be the same.

For SNPs, the influence of the three different genotypes (homozygous
wildtype, heterozygous, and homozygous for minor allele) on the

corresponding parameter were coded according to Equation 6.1:
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&y =§gp +aly + b®2§®hip

where a= 0 and b = 0 for a wildtype individual
a=1andb = 0 for a heterozygous individual
a=0andb =1 for an individual homozygous for the minor allele

Equation 6.1: Covariate moddbr a SNP.

Here, &p is the individual estimate of the pth" parameter in the ith

individual, Ep is the population mean parameter estimate, hipis the random

effect for the it" individual , a and b are control parameters equal to 0 or 1
dependent on the genotype of the ith individual, while b; and b, are the
estimated covariate coefficients for an individual heterozygous or homozygous
for minor allele, respectively.

Similarly, the influence of a CNV as genotypic covariate on the

corresponding parameter was coded according to Equation 6.2:

g|p = Jgp C.fbl)a dbz)b @hip
where a= 0 andb = 0 for a individual with one copy of both alleles
a=1andb = 0 for a individual with two copies of allele 1 and one
copy of allele 2
a=0andb =1 for a individual with one copy of allele 1 and two
copies of allele 2

a=1andb =1 for a individual with two copies of both alleles

Equation 6.2: Covariate moddbr a CNV.

Genotypic information was lacking for two individuals in the data set.
These individuals were assumed to be homozygous for the wildtype of all
SNPs and to have one copy of both alleles for theCNVs, i.e. aand b were set to
zero in Equation 6.1 and Equation 6.2 for all tested genotypes for these

individuals.
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The LRT was used to assess the significance of the idusion of the two
estimated coefficients b; and b2 into the model in comparison to the nested
model without covariate effects (base model). Two additional parameters
results in two additional degrees of freedom and the corresponding critical
value for the LRT is 5.99 at ana-error level of 5%. This means that the inclusion
of the two additional parameters must result in a decrease in the OFV of at least

-5.99 points in comparison to the base model to be statistically significant.

6.4.4. Hypothesis test 4: Significance of phenotypic covariates to predict
between subject variability in the plasma PK of MTX

Table 6.2 lists the demographics available in the data set used for model
building in Chapter 5 that were tested here as potential covariates to predict

BSV in the clearance of MTX from plasma.

Table 6.2: Covariategmean® SD) with potential influence on the plasma clearance of

MTX available in the data sébral study[186], sc study{187]).

Patient characteristics oral study sc study pooled
Number of individuals 18 30 48
eGFR [ml/min/1.73m 2] 76.7° 14.3  81.9° 151  80.0° 14.8
Weight [kg] 75.2° 135  78.4° 166  77.2° 15.4
Height [cm] 172.2° 6.62 162.2° 31.1 164.7° 27.3

ayalues for height missing for eight individuals in the oral study

Based on these covariates two alternative covariate models were
hypothesised. First, eGFR was tested for its significance as covariate on total
MTX plasma clearance CL;. Yet, the eGFR values &ailable in the data set were
calculated according to the MDRD formula that automatically normalises the
calculated GFR values to a body surface area (BSA) of 1.73 A To account for
this normalisation, the covariate model was corrected for BSA, and both
covariates were centred on typical values: 100 ml/min/1.73 m 2 for eGFR and

1.73 n? for BSA (Equation 6.3).
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b
GFR; (BSA @
100 173 =

ae
¢
Equation 6.3: Covariate moddbr BSA adjusted eGFR on total plasma clearadce

Here, as well asin the following equations, CL;;denotes the individual
total plasma clearance of theith individual, CL1,p0pis the population mean value
of total MTX plasma clearance (fixed to 8.4 L/hr according to Hoekstra et al.
[91]), and b is the estimated covariate coefficient.

BSA was calculated form total body weight (WT) and height (HT)

according to the Mosteller formula [205]:

WT [kg] GHT[cm
BSA[mZ]z\/ [%]600[ ]

Equation 6.4: Mosteller formula to calculate body surface §B%A) from total body

weight(WT) and height{HT).

Note that for eight individuals from the oral study height had already
been imputed based on weight and sex for the analysis presented in Chapter 5
(see Appendix A.5.1). Here, the imputed values were again used to calculate
BSA of these individuals.

It needs to be noted that GFR is a biomarker for renal clearance, yet only
81% of an administered MTX dose is renally cleared [86]. Total MTX clearance
also involves hepatic metabolism whose capacity is determined by body size.
Therefore, the second covariate model tested the effect of BSA adjusted eGFR
as covariate on the renally cleared fraction (rCL;) only. In addition,
allometrically scaled total body weight with a fixed exponent of 0.75 [206] and
centred on a typical value of 75 kg was included as additional covariate
describing body size on the non-renal fraction (nrCL;). Renal and non-renal
clearance of MTX were assumed to be linear independent processes in this
model, and it was furthermore assumed that renal clearance of MTX is either
affected linearly (A) or non-linearly (B) by the influence of the covariates

(Equation 6.5).
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ééaGFR BSA 8
100 173 =

(A) rcLy; =t @Ll,pop

ééaGFR BSA,o
100 °173 0

(B) rCLy; =t @Ll,pop

. S\WT 60.75
NrCly; = (1- 1) @Ly pop@ 8
, =752

Equation 6.5: Covariate moddbr BSA adjsted eGFR on the renal fractionGif;
using either a linear mod@\) or a nonlinear mode(B), and allometrically scaled

total body weightWT) on the norrenal fraction, withf = 0.81.

Again, the LRT was used to assess the significance of the additionof the
covariate effects described by parameterb for nested models, while the AIC

was used to discriminate between non-nested models.

6.4.5. Refinement of the PK model for MTX in RBCs

Throughout the hypothesis testing process, the proposed population PK
model for MTX in RBCs was updated based on the results. This means that if
an alternative model tested during one of the hypothesis tests was found to be
superior to the corresponding base model, the alternative model was then
carried forward for subsequent testin g (as an updated base model). Therefore,
the resulting final model constitutes the best structural model and also includes
all covariates that were found to be significant throughout this analysis.

Non-parametric bootstrap was used to evaluate the updated model. 400
bootstrap runs were conducted in NONMEM 2, where resampling was
stratified based on the number of patients that started, ceased or received
continuous MTX treatment. The asymptotic empirical 95% confidence interval s
of the parameter estimateswere constructed based on the mears and standard
deviation s for the runs that minimised successfully.

The updated model was furthermore assessed based on the individual fits

to the data for its suitability as a basis for a full PKPD model, while prediction
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and variability corrected visual predictive checks (pvcVPCs) [207] were used to

assess the predictive performance of the model.

6.5. Results

6.5.1. Hypothesis test 1: Cleaving mechanism of gglutamyl hydrolase
The OFV and AIC values for the four structural models in Figure 6.1

assessing the prefered cleaving mechanism gGH are given in Table 6.3

Table 6.3: OFV and AIC for structural models assessing the preferred cleaving

mechanism ofGH.

Model Cleaving mechanism of gGH OFV AlIC
Model A 1 glutamate moiety (original) 15430.96 15478.96
Model B 2 glutamate moieties, without
conversion of MTXGIu2 to 15873.14 15921.14
MTXGIlul
Model C 2 glutamate moieties, with
conversion of MTXGIu2 to 15898.96 15944.96
MTXGIul
Model D 1 and 2 glutamate moieties 15528.52 15588.52

It needs to be noted that NONMEM? had difficulties with the
minimisation for Models C and D, as the algorithm was trapped in local
minima for the corresponding runs presented in Table 6.3. Model D did not
default to either Model A, B or C although these models are all nested within
the structure of Model D, while Model C equally failed to default to the
corresponding nested model B.

These runs were all started from the same initial values, with 0.1 hr-1 for
KgaHz1, Kgeraz and kgrss for Models B, C and D. For Model D, these initial
values resulted in final estimates of 0.0608 hr-1, 0.0484 hr-1, and 0.0897 hr-1,
respectively, for these parameters. Yet, when the initial estimates for kyhsi,

Kgeha2 and kgerss were set to 1 x 164 hr-1, Model D almost defaulted to Model A
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with final estimates of 0.0042hr-1, 1 x 106 hr-1, and 3 x 106 hr-1 for kygns1, Kgchaz
and kghss, respectively, and an OFV of 15430.83 AIC 1549083).

Based on these results, cleaving of only one glutamate moiety by gGH is
preferred, as the original model (Model A) has the lowest AIC. This model

structure was therefore retained for the following hypothesis test.

6.5.2. Hypothesis test 2: Loss of MTXPGs from RBCs
The results for the six hypotheses tested to assess a potential loss of

MTXPGs from RBCs areshown in Table 6.4.

Table 6.4: OFV and AIC for the six hypothes@d) assessing a potential loss of
MTXPGs from RBCs.

H Coding of | oss of MTXGIuX (Koutclux = CLalux/Vaiux) 2 OFV AlC

1a  Koutcui, Kouteiuz, Koueius, Koucua, Kouteus 25627.48 25691.48
b Kout,ciur = Kout.cuiz = Kout,ciuz = Kout,ciua = Kout,clus 15413.88 15461.88
2a  Koutcut, Koutcuz, Koutcua, Koutcius & Koutcuz=0 15422.88 15480.88
2b  Koutoa, Koutcius= Kout,ciua= Koutcius & Koutcuiz=0 15422.03 15474.03
3a  Koutoui, Koutciua, Koutcius & Kout, ciuz= Koutcuz=0 15421.19 15475.19
3b  Kouter, Koutciua= Koutcius & Kout,ciuz = Kout,giuz= 0 15420.05 15472.05

a Note, that here , means that the parameters were allowed to differ in principle, but
could still be estimated as having the same value.

Again, ident ifiability issues became apparent during this analysis with all
tested models other than the model for Hypothesis 1b. None of the additionally
parameters Koyt ciux describing loss of MTXPGs that were added in these models
could be estimated as changes in hese parameters did not result in changes in
the OFV (observed as zero gradients throughout the minimisation procedure in
NONMEM 2 for these parameters).

However, Hypothesis 1b, where the loss of all MTXGIuX from the cells is
assumed to be equal to the rateconstant of the parent drug (Koutciu1), was stable

and provided a better fit to the data than the original model as the AIC value
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for this hypothesis is lower than the AIC value of the non-nested original
model (15461.88versus15478.99. Therefore, the population PK model for MTX
in RBCs was updated according to Hypothesis 1b and this updated model was

used for the following hypothesis tests.

6.5.3. Hypothesis test 3: Significance of genotypic covariates on MTXGluX
PK in RBCs

The eight PK relevant polymorphisms available in the data set were
individually included in the updated population model as covariate effect on
the corresponding parameters. However, none of these covariates showed a
significant effect. Based on the LRT a drop in the OFV of at least -5.99 5
required to render the inclusion of two additional parameters significant, yet
inclusion of the two additional covariate c 0o e f f i ¢ & @ dxdidnotresult in
a drop of more than -5.99 for any of the tested covariates Table 6.5).

The biggest, yet still non-significant reduction in OFV ( -5.07) is seen for
the inclusion of the CNV of rs35592in ABCC1, followed by rs4148396in
ABCC2 (-3.93). For these models, the only notable change in the population
parameter estimates compared to the base model was seen forClLgyi, the
parameter on which the covariate effect was included: 2.93 x 164 hr-1in the base
model versus2.71 x 10* hr-1 for the model including rs35592and 2.53 x 16* hr-1
for the model including rs4148396

214



Chapter 6Hypotheses testing for methotrexate pharmacokinetics in red ¢gtisd

Table 6.5: Comparison of hypothesised models without and with in@tusf genotypic covariates relevant to the intracellular PK of MTX.

i i Estimated coefficients
Gene SNP Variant Parameter with Populat_lon OFV
covariate effect mean estimate by b
Base model without genotypic covariates - - - - 15413.88
Genotypic covaate that affectgrglutamyl hydrolase
oGH rs11545078 CNV KgaHz 0.1678 hrt 1.0711 - 15413.61
Kgahis 0.1879 hrt same
KgaHa 0.2397 hrt same
KgaHis 0.2966 hrt same
Genotypic covariates that affect thalthdrug resistance transporters
ABCC1 rs35592 CNV Cleu1 271 x 10 hrt 2.2702 1.3986 15408.81
rs3784862 CNV Cloiuz 2.93 x 10 hrt 1.0311 293 x 1 15413.67
ABCG2 rs17731538 CNV Cloiuz 2.91 x 1@ hr1 0.9393 1.0347 15413.84
ABCC2 rs4148396 CNV Clgu1 2.53 x 10 hr-t 0.9420 1.3862 15409.95
rs2273697 1249G>A Clgu1 2.93 x 10 hrt 1.00 x 1cpa 1.00 x 1ba  15413.93
ABCB1 rs1045642 3435C>T Clgu1 2.81 x 10 hr1 2.67 x 10 1.07 x 1® 15413.71
Genotypic covariate that affects tleeluced folate carrier
SLC19A1 rs1051266 80G>A Kin 2.00x 104 hr-t 2.32x 10 3.25x1  15412.88

2 Minimisation terminated, estimates of b; and bz near boundary
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6.5.4. Hypothesis test 4: Significance of phenotypic covariates to predict
between subject variability in the plasma PK of MTX

Table 6.6 gives an overview o f the results obtained with the three different
covariate models using eGFR as a biomarker for predictable BSV on plasma
clearance of MTX (CL;) in comparison to the base model without covariates on
CL:. Note that here the base model is the updated structural model where the
loss of all MTXGIuX is described by the rate constant Koy ciu1 (Hypothesis 1b in
Section6.5.9.

Table 6.6: Compaison of the hypothesised covariate models testing the significance of

phenotypic covariates on total versus renal plasma clearance of MTX.

Model Covariate model b OFV AIC
Base none - 15413.88 15461.88

Hypothesis BSA adjusted eGFR on 0.284 15407.51 15457.51

1 total CL;
Hvoothesis linear model for BSA
yp adjusted eGFRon rCL, 0.106  15402.96 15452.96
2A .
allometric WT on nrCLy
Hvoothesis non-linear model for BSA
yp B adjusted eGFRon rCL;, 0.358 15406.85 15456.85

allometric WT on nrCL;

As can be seen fromthese results, the inclusion of the covariates onCL; is
significant based on the LRT for all hypothesised covariate models as all three
models result in a decrease in the OFV of more than-3.84 in comparison to the
base model that does not include the additional parameter b.

Out of the three covariate models, Hypothesis 2A performs best as it has
the lowest AIC value. Therefore, the effect of BSA adjusted eGFR on MTX
plasma clearance is best described by a linear covariate modelon the renal
fraction (rCL;) only, while allometrically scaled total body weight (WT) is used

to predict BSV in the non-renal fraction (nrCL;).
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6.5.5. Refinement of the PK model for MTX and MTXPGs in RBCs

Based on the results of the four different hypothesis tests, the original
population PK model for MTX in RBCs developed in Chapter 5 was refined
here with respect to its structure and by adding further covariates. The
structural update in the final model was based on Hypothesis 1b in Section
6.5.2 which assumed that all MTXGIuX are lost from RBCs described by the
same rate constantKou:ciux = Kout,ciur = Clewy Vewi, While BSA adjusted eGFR
was included as covariate on renal plasma clearance and allometrically scaled
total body weight on non -renal plasma clearance according to Hypothesis 2A
in Section 6.5.4 These covariates account for predictable BSV in the otherwise
fixed plasma PK of MTX. The updated NONMEM 4 code is shown in Appendix
A.6.1.

The parameter estimates for the final updated model are shown in Table

6.7, together with their means f_p and standard deviations s obtained from the

non-parametric bootstrap analysis based on 101 succesful runs out of 400 runs
in total (success rate 25.3%). The corresponding asymptotic empirical 95%

confidence interval (CI) was calculated according to:

95%Cl = f_p °1.96(

Equation 6.6: Formula to calalate the upper and lower bound of the asymptotic
empirical 95% confidence interv@ll) of the bootstrap parameter estimates, with an

a-error level of 0.05

As for the previous parent-metabolite model in Chapter 5, the mean
parameter estimates of the boostrap results agree reasonably well with the
estimates for original data set under the updated model structure. The main

reason for unsuccessful minimisations was again rounding errors.
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Table 6.7: Parameteestimates for the finalpdatedparentmetabolite model

Parameter

Kin [Nr-1]
Clg [L/hr]
Vot [L]
Voiuz [L]
Vo [L]
Voiua [L]
Vous [L]
Kepgsi [hr]
Kepgsz [hr]
Kepasa [Nr]
Kepgsa [hr-1]
Kgahz [hr-1]
Kears [Nr1]
Kgara [Nr1]
Kears [hr-]

Covariate effectb of
eGFR and BSA onCL;

Estimate

591 x 16
2.94 x 16¢
0.3 fixed
0.3 fixed
0.3 fixed
0.3 fixed
0.3 fixed
0.171 fixed
0.344 fixed
0.097 fixed
0.141 fixed
0.169
0.189
0.241
0.296

0.106

Shrinkage [ %)] ¢

Mean (BS) 2

592 x 16
2.92x 16

0.171
0.187
0.239
0.303

0.105

Empirical standard
deviation (BS) @

156 x 1
2.29x 16

0.0100
0.0153
0.0149
0.0217

0.0933

Asymptotic empirical
95% CI (BS)ab

2.87x 10508.97x 105
2.47x10403.37x 104

0.15180.190
0.15780.217
0.21080.268
0.2608 0.345

-0.07800.288

aNon-parametric bootstrap statistics based on 101 runs with successful minimisation out of 400 runs.
b Asymptotic empirical 95% confidence interval (CI) constructed based on mean and empirical standard deviation of the 101 successful BS runs.
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Table 6.7: continued

Parameter Estimate Shrinkage [ %] ¢ Mean (BS) 2 Ergs\i/ri:t?(l)ﬁt?;g;l r:j Asygse)z)t(izlc(gg)p;rbical
BSV kin [%] 56.5 9.0 58.8 9.0 43.1878.5
BSV ClLgy1 [%0] 41.1 255 44.3 10.1 27.0068.8
BSV Vg1 [%] 32.2 23.6 30.8 8.7 15.7855.3
BSV Vg2 [%0] 34.5 215 31.5 13.2 10.9674.0
BSV Vs [%0] 51.8 18.5 45.9 10.7 19.3097.8
BSV kgns [%0] 54.3 8.5 534 5.6 43.2665.3
BSV Kgeha [%0] 42.0 4.5 41.0 4.7 32.4051.2
BSV kghs [%0] 154 75.7 19.0 17.9 0.036526.4
CVprop Glul [%] 17.9 17.9 2.2 13.7822.2
Sada Glul[nmol/L] 6.06 38 6.13 0.67 4.8287.44
CVprop Glu2 [%0] 215 3.9 21.0 25 16.1625.9
Sadd Glu2[nmol/L] 2.74 2.80 0.44 1.9383.67
CVprop GIU3 [%] 11.9 a9 12.1 1.3 9.595 14.6
Sadd Glu3[nmol/L] 6.23 6.21 0.71 4.8207.59
CVprop Glud [%] 25.4 a6 25.4 3.3 18.8531.9
Sadd Glu4[nmol/L] 1.93 1.99 0.28 1.4482.54
CVprop GIUS [%] 28.1 27.0 3.4 20.3833.7
Sadd GlUS[NMOI/L] 1.47 39 1.37 0.58 0.2382.51

¢ h-shrinkage given for BSV parameters, e-shrinkage for each MTXGIluX given together with the corresponding RUV parameters CV propand Sagd GluX.
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Figure 6.3 shows the individual fit of the updated model to the data of six
representative individuals. These are the same individuals that were also
plotted in Chapter 5. The individual fits of all 48 patients are provided in
Appendix A.6.2.

Comparing these plots with the corresponding figure in Chapter 5 (Figure
5.6) shows only subtle differences in the individual fits. However, the new
model performs better on a global scale across all individuals and observations
as can be seen from the AIC values15478.96for the previous model developed
in Chapter 5 versus15452.960r the final updated model.

The final updated model was furthermore assessed for its predictive
performance based onpvcVPCs (Figure 6.4). The simulations underlying these
plots were stratified based on the number of patients starting, stopping or
receiving continuous therapy in th e study, and were corrected for data below
the limit of quantification (BLQ data), i.e. simulated MTXGIuX concentrations
below the limit of quantification (5 nmol/L recy were removed from the
simulated data sets as was done in the original study. The 10", 50" (median)
and 90" percentile of the prediction and variability corrected (pvc) observed
and simulated MTXGIuX concentrations were plotted against time after study
begin as independent variable with an equal number of observations per bin. In
addition , the 95% confidenceintervals around the simulated percentiles were

constructed.

following page :

Figure 6.3: Individual fits for all five MTXGIluX obtained with thepdatedparent
metabolite model forsrepresentativgpatients: ID32 & ID34 starters, ID38 & ID40
stoppers, ID15 & ID25 patients on continuous therapy. Blue dots: observations, red

line: individual prediction, grey line: population mean prediction
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Prediction and variability correcti on was conducted to account for
predictable variability arising from differences in other independent variables
such as differences in dose and covariates between the patientd207]. When
these corrections are applied the resulting pvcVPC plots provide a better
reflection of the random variability in the predictions than clas sical uncorrected
VPCs [207]. Note that this correction is done after the BLQ correction, and the
prediction and variability corrected MTXGIuX concentrations can be lower
than the quantification limit.

Overall, the median model prediction show reasonably good agreement
with the median of the data, with a slight tendency to ov er-predict the median
MTXGIu2 concentrations. This means that the structural model is able to
describe the MTXGIuX concentrations in an average individual well. Notably,
the best agreement is obtained for MTXGIu3, which is the most abundant
MTXGIuX. Howeve r, the model has difficulties in capturing the random BSV,
as can be seen from the mismatch of the 10 and 90" percentiles and the large

confidence interval especially around the upper percentile.

previous page:

Figure 6.4: Prediction and variability corrected visual predictive ch¢pksVPC39 for

all five MTXGIuX based on the final updated model stratified for starters, stoppers and

continuous therapy in the original data sktedian (solid lineg, 10t and 9@
percentilegdashed lingsof the observetlack and simulatedred) corrected
MTXGIuX concentrations with the 95% confidence interval around the simulated

percentilegshaded red areas
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6.6. Discussion

6.6.1. Hypothesis testing

In this chapter the previously developed population PK model for MTX in
RBCs was used to test four different hypotheses.

The first hypothesis test concerned the cleaving mechanism of gGH, i.e.
whether the enzyme cleaves one, two, or one and two moieties of glutamate
simultaneously. The previously developed model assumed cleaving of just one
glutamate moiety and none of the alternative structural models tested here
provided the apparent best fit to the data, although cleaving of two glutamate
moieties was shown to occur in vitro by Rheeet al.[97]. However, it needs to be
noted that the developed model is empirical in nature and t he available data
reflects a crosssection of MTXGIluX concentrations in a random sample of
RBCs rather than the kinetics in an individual RBC (see also Discussion in
Chapter 5 Section5.6.3. Therefore, it remains possible that the true cleaving
mechanism of gGH cannot be observed in the available data based on this
empirical model. It is also noted that the more complex models did not
naturally collapse to the simpler models as the estimation algorithm was
trapped in local mini ma. Nevertheless, using a variety of sets of initial
estimates for the more complex models did not provide a fit that was superior
to the previous model. In this light and based on the available data, the simple
model, which assumes the cleaving of just one glutamate moiety, seems to
describe the kinetics of intracellular MTX metabolism best. Yet, a formal
identifiability analysis is required to assess whether the observed stability
issues of the alternative models are due to a lack of structural (@ priori)
identifiability that is inherent in the models themselves, or result from a lack of
information in the available data (deterministic non -identifiability). In the later
case, changes in the design of future studies would be required to overcome the
observed stability issues.

The second hypothesis test also considered structural aspects of the

proposed model. Here, it was tested whether an additional loss of MTXPGs is
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observable in the available data and supported by the model. Loss of MTXGIluX
could be due to two different reasons: 1) efflux transport via MDRT and 2)
removal of RBCs from the circulation. MTXGIuX is known to be a substrate for
MDRT efflux pumps, while MTXPGs have a much lower affinity to these
transporters. Nevertheless, Morrison and Allegra [8] found a model that
included loss of long chain MTXGIuX from human breast cancer cells to be
superior to a model that only accounts for loss of MTXGIul. If such a loss is
due to active efflux transport, the rate constants of the loss of MTXPGs should
differ from the rate constant of MTXGIlul and also differ between the
individual MTXGIuX due to the differences in the affinities to the transporters.
The second possible mechanism of loss is due to removal of RBCs from tle
circulation, i.e. death of RBCs. If this is the only loss mechanism affecting
MTXGIuX, all MTXGIluX should be lost with the same rate constant when for
simplification purposes RBC destruction is assumed to follow a first-order
process rather than a finite lifespan. However, it was not possible to
discriminate between these two possible mechanisms of MTXGIuX loss based
on the proposed model as the addition of further estimated loss parameters for
MTXPGs resulted in additional identifiability issues in the m odel. Yet, the
hypothesis that the loss of all MTXGIuX is described by the same rate constant
Koutclux = Koutciui = Cleui/ Ver provided a better fit to the data than the
original model which only allowed for the loss of MTXGIlul. Therefore, a
general loss of all MTXGIuX was supported in the model based on the available
data and this updated model was used for the subsequent hypothesis tests on
the significance of covariates, although the underlying mechanism(s) for this
loss remain elusive.

The third hyp othesis test addressed the question of whether genotypic
covariates showed a significant effect on the intracellular PK of MTX in RBCs.
Although a large number of polymorphisms affecting genes which are
associated with enzymes and transporters relevant to the intracellular MTX PK
have been identified and investigated for association with outcomes of MTX

treatment, none of these polymorphisms have been tested for their significance
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as covariates in a population PK model for MTX. In the data set used for
analysis data on several polymorphisms relevant to the intracellular PK of MTX
in RBCs were available, including polymorphisms affecting the influx and
efflux transporters as well as the deglutamation enzyme ¢oGH. These
polymorphisms were tested independently a s covariates on the corresponding
parameter values in the updated population model. Although two of the tested
polymorphisms (ABCC1 rs35592 and ABCC2 rs41488396) showed a notable
reduction in the OFV (Table 6.5), none were found to have a statistically
significant effect. Yet, it needs to be noted that this analysis only included
genotypic information on 46 individuals (out of 48 patients in the whole data
set) and some of the tested polymorphisms have a low frequency of carriers
homozygous for the minor allele or multiple allele copies. Therefore, the lack of
significance could be due to a lack of statistical power and a bigger study
cohort would be required for a better assessment of the significance of these
genotypic covariates. In addition, future studies should focus on the most
promising covariate candidates seen in this analysis (ABCC1 rs35592 and
ABCC2 rs41488396), and should be designed in such a way that a maximum of
information on the affected parameter CLg; is obtained, as this was the only
parameter estimated that showed a notable change between the base model
and the model with the genotypic covariates.

Nevertheless, the large number of known polymorphisms with a possible
effect on the intracellular PK of MTX makes it difficult to assess the individual
effect of a single polymorphism. Some polymorphisms potentially lead to an
increase in the intracellular MTX concentrations, while others are believed to
decrease these concentrations. If polymorphisms with opposing effects are
present in the same individual only the net effect is observed, which can lead to
insignificant results when testing these effects independently. This becomes
even more relevant if the analysis is extended to include the pharmacodynamic
effect of MTX, as polymorphisms have also been described for many of the
enzymes involved in the postulated pathway of action of MTX. Therefore, it

might be beneficial in future studies to use a combined genotypic index that
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incorporates several polymorphisms according to their net effect as covariate in
the model rather than individual polymorphisms, as was also suggested by
Dervieux et al.[114]. For such a combined covariate analysis approach it would
be relevant to know whether certain polymorphisms always occur in
combination, i.e. are in linkage disequilibrium, and whether their effects are
additive, synergistic or even antagonistic. This knowledge would facilitate
choosing the structure of the corresponding covariate model, e.g. whether it
needs to allow for an interaction between polymorphisms, and the choice of an
appropriate covariate model structure is paramount to identify a true effect
during the modelling analysis. Yet, despite the vast number of pu blications on
polymorphisms relevant to MTX PK and its postulated pathway of action, such
detailed information is still lacking to a large extent, which hampers the
potential of identifying relevant genotypic covariates through a modelling
based approach.

Finally, it was tested whether phenotypic covariates such as eGFR
provided information relating to the predictable BSV component in an
otherwise fixed model of the plasma PK of MTX. As the available data set did
not contain MTX plasma concentrations, no BSV in the parameters describing
the plasma PK of MTX could be estimated during model development in
Chapter 5 and all individuals were assumed to exhibit the same plasma PK.
However, this assumption risks bias in the estimates of the parameters
describing the RBC PK. Therefore, the last hypothesis test assessed whether the
addition of predictable BSV, described by a measure of eGFR as covariate on
MTX plasma clearance (CL;), results in a significant improvement of the model.
As the eGFR values available in he data set were calculated according to the
MDRD formula, BSA adjusted eGFR was included as covariate on CL; to
account for the body size normalisation inherent in the MDRD formula.
Including BSA adjusted eGFR on total plasma clearance already resulted ina
significant improvement in the goodness of fit. The fit was improved even
further if BSA adjusted eGFR was included as covariate on the renally cleared

fraction of MTX only while allometrically scaled total body weight was used to
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describe predictable BSV in the non-renally cleared fraction. These results are
expected as differences in GFR only affect renal clearance of a drug, while
differences in the hepatic capacity between individuals are related to
differences in body size. Furthermore, it was found that a linear covariate
model for BSA adjusted eGFR on renal MTX plasma clearance is superior to a
non-linear model. Although this linear relationship between eGFR and renal
MTX clearance is an indicator for a predominant first -order elimination
process,this was not unexpected. It is unlikely that the secretion component of
renal MTX clearance is saturated at the low doses of MTX used for the
treatment of RA in the patients studied here, and a deviation from an apparent
first-order elimination process wou Ild only be expected at higher MTX plasma
concentrations than those present in these individuals. It needs to be noted,
however, that the estimated covariate effect b of BSA adjusted eGFR on the
renal component of MTX plasma clearance was 0.106. This estimge results in a
predicted renal clearance of 0.72 L/hr in a typical individual with a BSA of 1.73
m2 and an eGFR of 100 ml/min, which is only 10.6% of the population mean
value if the covariate effect was not included (6.8 L/hr). It is likely that the
estimate of b is biased as the RBC MTXGIluX data might not be very
informative with respect to the plasma kinetics of MTXGlul.

Based on these results, the developed model was updated to include
predictable BSV in the plasma PK of MTX described by BSA adjusted é5FR and
allometrically scaled total body weight as covariates on renal and non-renal
plasma clearance of MTX. Nevertheless, in future studies plasma samples
should also be obtained so that the true BSV in the plasma PK (predictable
based on covariates as vell as unpredictable) can be estimated. This would
then also allow for a truly unbiased estimation of the parameters that describe

the intracellular PK of MTX.

6.6.2. Purpose of the model and application

Population PK models are developed for two main purposes: 1) to be able

to use the model for extrapolation into different circumstances through
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simulations, and/or 2) to provide an accurate description of the concentration -
time course that can be used as a driver to describe a concurrent
pharmacodynamic (PD) process.

The main aim of this work was to develop a population PK model for
MTX measured in RBCs that is able to fulfil the second purpose, as the
developed PK model is intended to form the basis for a full population PKPD
model which would then allow testing whether RBC MTXGIluX concentrations
are suitable biomarkers for monitoring of MTX treatment in RA.

Based on the results obtain here, the updated model should be able to
fulfil its designated purpose in future work. It does provide an accurate
description of the intracellular PK of MTX for all individuals in this study
which can be seen from the good individual fits that were obtained (Figure 6.3).
Yet, a future PKPD model should best be developed based on the secalled IPP
approach [208]. Using this approach the individual PK parameter estimates
(also referred to as empirical Bayes estimates) are used as fixed values for each
individual, i.e. the individually predicted PK pro files are retained, while only
the PD related parameters are estimated. Therefore, this approach treats PK
and PD as being independent processes as it does not include the PK data in
the PD analysis. The only requirement with respect to the PK model is a good
individual fit, which is obtained with the developed model for MTX measured
in RBCs. Furthermore, no causal link between PD effects of MTX and MTX RBC
concentrations is expected as RBCs are not located on the postulated pathway
of action of MTX. This means that the underlying assumption of the IPP
approach, independence between PK in RBCs and PD, is valid. In fact, the use
of other PKPD modelling approaches which include PD information to
estimate PK parameters, e.g. the simultaneous approach, could beproblematic
as under these circumstances the PD data will provide wrong information on
the PK which can result in biased estimates for the PK parameters.

Nevertheless, the developed model is unable to fulfil the first potential
purpose of a population PK m odel as evident from the misfit with respect to

the predicted variability compared to the variability in the observations seen in

229



Chapter 6Hypotheses testing for methotrexate pharmacokinetics in red ¢atied

the pvcVPC plots in Figure 6.4. Although a good agreement between the
median model predictions and the median observations was obtained, the
variability in a population predicted by the model exceeds the variability
observed in the data for all MTXPGs while the variability in MTXGIlul is
under -predicted as can be seen in the pvcVPQlots. This suggests that the BSV
parameters in the model are not accurately estimated and do not reflect the true
BSV in the corresponding structural parameters seen in the population.

One of the goals for including random effects such as BSV parameters in a
non-linear mixed effect modelling analysis is to obtain an accurate estimate of
the true variability in a population which then allows using the model for
extrapolation purposes, i.e. simulations. This goal could not be achieved for
this model and simulation based diagnostics such as thepvcVPCs in Figure 6.4
should be interpreted cautiously. The second purpose of including BSV terms
in a population model is to eliminate the bias in the structural parameter
estimates (fixed effects) that would occur if the repetitive measurements in an
individual were treated as being independent of each other, i.e. not being
correlated through the BSV terms.

Here, it was tested whether the structural model is stable with respect to
changes in BSV onCLg; as this BSV parameter affects all five MTXGIuX via
the loss parameter Koyt clux = Kout.glur = ClLei/ Vewi. In two additional analyses
BSV on ClLg,; was fixed to °25% of its estimated value and the remaining
parameters were re-estimated. Neither of these runs resulted in differences in
the estimates of the structural parameters (results not shown). Hence, including
BSV in the model provides unbiased estimates of the fixed effects and is also
required to obtain the good fit to the ind ividual data. This means that the BSV
terms in the model are non-ignorable, although the estimated values lack
predictive potential. Future studies preferably on larger study cohorts are
required to obtain a better estimation of the true BSV in the population that

then also fulfils the goal of a good predictive performance.
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6.7. Conclusion

Based on the available data the model supports a loss of all individual
MTXGIuX from RBCs when the loss is described by the same rate constant
Kout.clux = Kout,.ciuz = CLgir/ Ve, While simultaneous cleaving of more than one
glutamate moiety by gGH is not supported in the model. However, future work
is necessary to establish whether the observed stability issues are due to
structural or deterministic identifiability issues i n the proposed models.

In this small data set polymorphisms relevant to the intracellular MTX PK
do not show a significant effect as genotypic covariates in the model when
tested independently. Further studies on larger cohorts as well as additional
inform ation on interactions between the known polymorphisms are required
for future work.

Although no plasma samples were available in the data set, it was
possible to include predictable BSV in the plasma PK of MTX using phenotypic
covariates such as eGFR, BSAnd total body weight. BSA adjusted eGFR was
found to have a significant linear covariate effect on the renal fraction of MTX
plasma clearance, while allometrically scaled total body weight was able to
describe variability in the non -renal fraction.

The final updated model is structurally stable and provides a good fit to
the individual data. Therefore, it can be used in future work as the basis for a
full PKPD model for MTX and MTXPGs measured in RBCs, and the IPP
approach is recommended for the development of such a PKPD model.
However, the model poorly estimates the variability seen in the population and
therefore should not be used for extrapolation purposes such as simulation
based predictions.

Future studies are required for a better quantification of BSV in the

plasma PK of MTX as well as the true variability in MTXGIuX concentrations.
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7.1. Synopsis of this thesis

In this thesis two different app roaches were applied to model red blood
cell (RBC) derived data. First, a bottom-up approach was applied to develop a
model for the survival time of RBCs that was principally mechanism based.
This model was subsequently applied to clinical data. The next part of this
work focussed on describing the intracellular pharmacokinetics (PK) of
methotrexate (MTX) in RBCs based on a mainly data driven, top-down
modelling approach.

Both approaches are justified given the intended purposes of the
developed models: quantification of the different physiological mechanisms
involved in RBC destruction in the first case, and obtaining an accurate
description of the concentration -time profile of MTX accumulation in RBCs in

the second.

7.2. Discussion of the findings

7.2.1. A novel statistical model for RBC survival

The RBC survival model developed in Part Il of this thesis has the
intention of ultimately providing a better insight into RBC destruction
mechanisms and how these are affected by pathological conditions such as
chronic kidney disease (CKD). Thus, a mechanistic model was required, and a
bottom-up approach was used to develop a novel statistical model for RBC
survival. Her e, ostatistical 6 means
work of survival data analysis, yet withou t being based on data. Instead, the
underlying probability density function (pdf) was chosen based on prior
knowledge of physiologically plausible mechanisms of RBC destruction.

To date, there is no reliable information available on the actual
distribution of RBC lifespans in humans. However, it is known that
physiological RBC destruction mechanisms include senescence, age
independent random destruction as well as death due to early or delayed

failure. Therefore, a pdf that is able to account for these four mechanisms was
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chosen as the underlying function in the model. In contrast, previously

proposed RBC survival models that allow the RBC lifespan to vary within an

individual mostly account only for senescence [75,7678,79] and rarely for a
combination of senescence and random destruction[80].

The developed model was shown to be able to replicate the shape of
disappearance curves that are usually obtained with different RBC labelling
methods. These include random labelling techniques where RBCs are labelled
irrespectively of their age, e.g. using radioactive chromium (31Cr), as well as
cohort labelling techniques where the label is incorporated during the
production of RBCs in the bone marrow over a period of time resulting in
labelled RBCs of similar age, e.g. labelling with heavy nitrogen. Therefore, the
model was thought to be in principle suitable for analysing RBC survival
studies conducted in clinical practice.

The model was then extended to accaint for the flaws inherent in
commonly used RBC labelling techniques to be able to obtain a more accurate
description of the RBC lifespan. Notably, for the most commonly used RBC
label, 51Cr, the flaws included in the model did not only consist of the deca y of
the radioactive label and the random loss of label from the cells after
dissociation of the chromium -haemoglobin complex, but also loss due to
vesiculation of haemoglobin together with the bound label. Vesiculation of
haemoglobin has only recently been reported in literature [68]. The developed
model is one of the first where this mechanism of 5Cr loss is accounted for
when used to analyse the data of corresponding RBC survival studies.

It was tested whether full parameter estimation would be possible for this
model under different labelling conditions based on theory of experimental
design methodology, i.e. an information theoretical approach. Due to its
mechanism based foundation, the developed model is of a complex nature and
includes six fixed effect parameters. Although this is a rather large number of
parameters to be estimated, it was nevertheless shown in Chapter 3 that full
parameter estimation would be possible under ideal labelling conditions or

under an intensive study design with the current lab elling methods. However,
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this analysis did not take random effects into account. If a random effect
parameter would be included on each fixed effect parameter for a population
analysis, then the total number of parameters to be estimated would increase to
twelve. The deterministic identifiability of such a full population model
requires further analysis, and the study design of future clinical studies should
be optimised based on these results if the proposed model is to be used for data
analysis in a full population setting in these studies.

The model can also be simplified by fixing certain components to render it
applicable for data that does not provide sufficient information for full
parameter estimation in a population setting. This approach was explor ed in
Chapter 4 to estimate the survival of RBCs in healthy individuals as well as
patients with CKD undergoing haemodialysis, as the available clinical data
were not informative enough to support full parameter estimation in the
model. Despite this simpli fication, the decrease in the apparent mean RBC
lifespan in CKD patients compared to healthy controls was found to be similar
to the decrease reported for the same data set based on an empirical analysis
method [165]. This shows that applying the mechanism based model is not
inferior to an empirical analysis. However, in contrast to the previous analysis
[165], the mechanism based modelling analysis presented here allowed testing
which underlying RBC destruction mechanism is more likely to result in the
decreased RBC survival in CKD patients. The resuks imply that an increased
random destruction is the more likely cause, rather than an accelerated
senescence.

Nevertheless, although the developed model includes mechanistic
principles of RBC destruction and was developed using a bottom -up approach,
it is of semimechanistic nature as the underlying pdf was chosen arbitrarily.
Further work is required to obtain the true RBC specific values for all
parameters in the model, in healthy individuals as well as under different
pathological conditions that affect RBC survival. Ideally, such future work
should focus on recent RBC labelling methods such as biotin labelling [149,150]

This random labelling technique is believed to be less flawed than the 5Cr
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technique and would therefore be more informative for parameter estimation

in the model in future studies .

7.2.2. A population PK model for MTX measured in RBCs

7.2.2.1. Model development

The main purpose of the RBC PK model for MTX developed in Part llI
was to provide an accurate description of the time course of RBC MTX
concentrations. It is intended to form the basis of a full population
pharmacokinetic -pharmacodynamic (PKPD) model that can be used to ted the
suitability of RBC MTX concentrations as a potential biomarker to monitor low -
dose MTX treatment in rheumatoid arthritis (RA). Therefore, a compartmental
PK model for MTX including its polyglutamated metabolites measured in
RBCs was developed using a data driven top -down modelling approach.
However, model development was not entirely based on the principle of
parsimony, but also incorporated prior knowledge. Although the available data
set did not contain plasma data, a model previously developed by H oekstra et
al. [91] was used to describe theplasma PK of MTX. Furthermore, the catenary
structure of the parent-metabolite model was chosen based on prior knowledge
of the mechanisms of intracellular MTX metabolism. Thus, the developed
model is of semi-empirical as well is semi-mechanistic nature rather than being
entirely empirical, i.e. data driven.

For simplification purposes and to reduce the computation time, all
transport and enzymatic processes in the model were assumed to follow first -
order kinetics. As this model is based on data of low-dose MTX treatment, this
assumption is justifiable. The measured concentrations of all individual MTX
species (MTXGIuX) are much smaller than the reported Kn values of the
corresponding enzymes or transporters. However, if the model were applied to
data where MTX is administered in much higher doses, e.g. for cancer
treatment, this assumption would not hold true. Therefore, this model cannot
be used for extrapolation to high -dose MTX regimens as this would require the

active processes to be described by MichaelisMenten kinetics instead.
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The catenary structure of the developed model resulted in stability issues
during parameter estimation. To overcome this problem, the volume of
distribution parameters of all five MTXGIuX ( Veux) as well as the rate constants
describing the polyglutamation steps ( kepgsi-4) Were fixed. The corresponding
values were obtained from the parent model for Vgux and from the literature
for kppgsi-4. Further work is warranted to formally assesswhether the stability
issues encountered during model development are due to a lack of structural
identifiability (i.e. the model is a priori not globally identifiable due to its
structure), or due to a lack of deterministic identifiability (i.e. the available data
does not support full parameter estim ation in the model). In the first case, it
would be of interest to further investigate what structural changes are required
to render the model structurally identifiable; whereas in the second case
experimental design theory could be used to optimise the design of future
clinical studies to provide data informative enough to support full parameter
estimation.

Another interesting finding during model development related to the data
below the limit of quantification (BLQ). When the parent drug MTXGIlul was
modelled by itself, a difference in the parameter estimates was obtained when
using Stwuart Beal 8ds M3 met hod compared to
data [189]. Thus, treating BLQ data as censored and computing the jont
likelihood of true and censored data (M3 method) provided additional
information that was valuable for parameter estimation in the parent model.
However, this was not observed in the case of the parentmetabolite model,
although the data set contained a considerable proportion of BLQ data,
especially for the highest MTX polyglutamate, MTXGIu5 (45%). Using the M6
method, all BLQ observations other than the first or last in a sequence of
decreasing or increasing concentrations are removed from the data set while
the remaining BLQ observations are replaced by a value equal to half the limit
of quantification. Removing such a large number of observations, even if they
are censored data, would be expected to decrease the information inherent in

the data set and to lead to less accurate parameter estimateq209]. Apparently
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this was not the case here, as the parameter estimates obtained using the M3
method did not differ significantly from those obtained using the M6 method
for the parent-metabolite model. A possible explanation for this might lie
within the catenary model structure. Within the chain of RBC compartments,
an observation of a particular MTXGIuX also contains information on the other
MTXGIuX species. Thus, for a particular observation it might be equally
informative to have a true measurement available for a short chained
MTXGIuX than to compute the likelihood of a censored observation for a
longer chained MTXGIuX that was BLQ at this observation. A simulation -
estimation study would be a straight forward approach in future work to

assess this interesting finding and to test the hypothesised explanation.

7.2.2.2. Hypothesis testing

The developed RBC PK model for MTX was used to test different
hypotheses related to mechanistic aspects of the intracellular metabolism of
MTX as well as to assess tle significance of genotypic and phenotypic
covariates.

The underlying mechanism of MTX deglutamation via the enzyme g
glutamyl hydrolase (gGH) was assessed. Although it was reported in the
literature that gGH is able to cleave two glutamate moieties simultaneously
[97], a model structure that only allowed for cleavage of a single glutamate was
found to be superior in this work. It was also assessed whether loss of each
MTXGIuX is supported in the model. This hypothesis was of two fold interest.
Firstly, Morrison and Allegra [8] found that longer chained MTXGIuX are
likely to leave human breast cancer cellsin vitro, although the multi drug
resistance transporters involved in the efflux of MTX have a much lower
affinity to MTX polyglutamates compared to the parent drug. Secondly, as
RBCs were used as the matrix for the MTXPK data analysed here, destruction
of RBCs should also result in a loss of all MTXGIuX from the system. In fact,
based on the developed model, loss of all MTXGIluX from the system was

found to be superior to loss of only MTXGIlul. However, further stability issues
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became apparent during the structural hypothesis tests and not all postulated
models were identifiable. Therefore, it was not possible to differentiate between
loss of MTXGIuX due to transport or due to RBC destruction. This again
highlights the need for a formal identifiability analysis of all proposed model
structures.

Polymorphisms affecting genes coding for enzymes and transporters
relevant to the PK or PD of MTX have gained an increasing interest as potential
biomarkers to explain some of the variability seen between patients in the
efficacy and toxicity of MTX treatment [106]. However, to date no single
polymorphism has emerged that would be suitable as predictor for the
variability seen between individu als. This is largely due to a lack of evidence
from association studies, as the observed resultscan often not be confirmed in
replicate studies. In this study, it was tested whether genotypes that were
considered relevant to the intracellular PK of MTX ar e significant covariates in
the developed population model. Genotypic information available in the data
set included polymorphisms relevant to the transporters facilitating influx and
efflux of MTX as well as gGH. However, none of the tested polymorphisms
provided a significant improvement in the goodness of fit when tested as a
covariate on the corresponding PK parameters in the model. This result was
not surprising as the available data set only contained genotypic information
for 46 individuals. Given th e low frequency of some of the alleles in the general
population such a small data set is likely to be underpowered to show a
significant effect. In addition, if different polymorphisms with opposing effects
on the intracellular MTX concentrations occur in the same individual, then the
observed net effect may be too small to show a significant effect when only a
single polymorphism is tested as covariate as it was done here. Therefore, a
larger sample size is required to provide enough power to reassess the
significance of genotypic covariates in future studies. Such an analysis should
also take into account the opposing effects of different polymorphisms by using

genotypic indices rather than single polymorphisms as covariates in the model.
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No plasma data were available in this analysis and the parameters
describing the plasma PK of MTX in the developed model were fixed to
population values obtained from literature [91]. Nevertheless, it was tested
whether predictable between subject variability (BSV) in the otherwise fixed
plasma PK of MTX could be accaunted for by including phenotypic covariates
in the model. Estimated glomerular filtration rate (eGFR) adjusted for body
surface area (BSA) was tested as a covariate on plasma clearance of MTX based
on three different covariate model structures. Out of the se, BSA adjusted eGFR
as covariate on renal clearance together with allometrically scaled total body
weight as a covariate on non-renal clearance was found to be the best covariate
model and resulted in an overall improvement in the model based on change in
objective function value. However, in future studies MTX plasma
concentrations should also be obtained to allow for quantification of random as

well as predictable BSV in the plasma PK of MTX.

7.3. Future Prospects

7.3.1. RBC survival

With the currently available la belling methods for RBCs it is only possible
to obtain a relative measure of the mean RBC lifespan as all methods are
inherently flawed. Such a relative lifespan value is sufficient when comparing
study groups, e.g. healthy controls versus CKD patients, or to assess RBC
survival before and during treatment, e.g. with recombinant human
erythropoietin. Yet, knowledge of the underlying RBC lifespan distribution and
guantification of the processes involved in RBC destruction would be desirable
to obtain a better insight into how pathological conditions such as CKD, sickle
cell anaemia or haemolytic diseases affect the survival of RBCs. In combination
with more informative labelling techniques, a semi -mechanistic model for RBC
survival as was developed in this th esis might prove useful to obtain a better
understanding of these pathologies in future studies.

In addition, knowledge of RBC survival is crucial when dealing with RBC

derived clinical biomarkers, such as glycated haemoglobin (HbA 1c). HbA 1c is
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the most commonly used biomarker for glycaemic control in diabetic patients,
and it has also been suggested that elevated HbA. concentrations are sufficient
to diagnose diabetes [210]. However, the extent of glycation of haemoglobin
does not only depend on blood glucose concentrations but also the lifespan of
RBCs. A reduced RBC survival, for example in patients with CKD, results in
lower HbA 1c concentrations [124], which can lead to a false assumption of
adequate glycaemic control or anincorrect negative diagnosis for diabetes. The
use of mathematical models to describe the relationship between HbA1c and
RBC survival would allow interpretation of corrected HbA icvalues in patients
with impaired RBC survival. Several such attempts have been proposed in
literature [79,211,212] however all employ simplified descriptions of RBC
survival based on top-down modelling approaches. These empirical models of
RBC survival might not hold true in a different p opulation, such as CKD
patients, and the limitations associated with RBC labelling methods are usually
not taken into account. By using a mechanism based modelling approach these
limitations might be overcome. In future w ork, the RBC survival model
proposed here could be extended by including the mechanism of intracellular
glycation of haemoglobin similar to the approach presented by Alskar et al.
[213] which was based on an empirical RBC survival model [80]. Such an
extended model could then be evaluated based on RBC survival data and
HbA 1c measurements obtained in additional clinical studies.

Similarly, the proposed RBC survival model could also form the basis of a
more mechanism focussed model for the intracellular PK of MTX in RBCs in
the future. The empirical RBC PK model developed here did not a priori take
into account the destruction of RBCs and subsequent loss of MTX from the
system. However, as mentioned above, it became apparent during the
hypothesis testing analysis that a loss of MTXGIluX from RBCs is supported
even under this empirical model structure. Yet, it was not possible to determine
whether this loss can be attributed to RBC destruction only or includes a
transporter mediated efflux process, as the empirical model suffers from

stability issues. Incorporating RBC survival in a mechanistic model for the
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intracellular PK of MTX could facilitate the delineation of these processes in

future work.

7.3.2. RBCs as matrix for pharmacokinetic data

When dealing with RBC derived PK data, such as the MTX data in this
thesis, it is important to bear in mind the specific physiological characteristics
of RBCs. As mature RBCs are anucleate cells, they lack the ability to perform
cell division and self renewal, and only have a limited enzyme and transporter
capacity. This means that intracellular metabolism as well as influx and efflux
processes in RBCs differ considerably from other cell lines, as was seen for the
RBC MTX PK when compared to human breast cancer cells as analysed by
Morrison and Allegra [8] or lymphocytes as studied by Panetta et al. [90].
Furthermore, RBCs normally survive for several months in the human
circulation. This survival time should be accounted for when RBC derived PK
data is analysed.

It is also important to realise that RBC derived PK data also contains
information on RBC survival. Drugs that accumulate in RBCs could be used to
determine RBC survival by analysing their RBC PK profile. Such an analysis
should ideally be undertaken usin g drugs that provide cleaner data than MTX
does. Thus, the ideal drug should accumulate intracellular preferably without
the ability to leave the cells through either active transport or passive diffusion.
Furthermore, it should not show an extensive intra cellular metabolism to avoid
stability issues as were noticed for the MTX RBC PK model, and should not be
toxic to the cell. If the observed rate constant of loss from the systemis the
same for all tested drugs, then it is likely that this is a system parameter related
to RBC destruction rather than a drug specific parameter.

In fact, a strong indicator for such a system related RBC loss parameter
could be obtained if future studies on the MTX RBC PK verified that all
MTXGIluX are lost from the system at the same rate. Another candidate for such
an analysis is the antimalaria drug mefloquine, which accumulates in RBCs

due to binding to haemoglobin and the cell membrane [214]. The slow loss of
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mefloquine from the RBCs observed by San George et al. [214] could be
qguantified in further in vitro experiments and thus accounted for in an RBC PK
model for mefloquine as a fixed parameter. Clinical data obtained in in vivo
studies would then allow estimating a lo ss of mefloquine from the system that

is potentially specific for RBC destruction.

7.3.3. RBC MTX concentrations as biomarker for low -dose MTX treatment

The suitability of RBC MTX concentrations as a biomarker to monitor
low-dose MTX treatment has not only been discussed in literature for the
treatment of RA [114,117] but also for the treatment of other inflammatory
autoimmune diseases. These include psoriasis[215] and inflammatory bowel
disease [216], where MTX is used as second line immunosuppressant. As for
RA, the doses of MTX required to reach therapeutic effect in these conditions
incur significant variability between patients. In addition, MTX plasma
concentrations lack a clear correlation with clinical outcomes of MTX treatment
and are considered unsuitable as a biomarker, not only in RA but also in
psoriasis as well as inflammatory bowel disease. As an alternative, RBC MTX
concentrations could be useful predictors for MTX efficacy and/or toxicity as
they are a measure of cumulative exposure to the drug due to the intracellular
accumulation of MTX, similar to the area under the curve of a plasma
concentration time curve or measuring HbA 1c as marker of cumulative blood
glucose exposure. Plasma concentrations of a drug, or blood glucose
concentrations for that matter, only give an indication of the momentary
situation, i.e. whether the drug concentrations are inside or outside of the
therapeutic window or whether the patient is hyper- or hypoglycaemic.
Measures of cumulative exposure, on the other hand, often show a better
correlation with long -term effects, e.g. treatment success or diabetic
complications.

Although the population RBC PK model for MTX developed in the third
part of this thesis was built based on clinical data obtained in patients with RA,

it can also be applied to other clinical data of low -dose MTX treatment. Thus, in
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future work this model could not only facilitate the quest for a biomarker to
monitor MTX treatment in RA, but also in other inflammatory autoimmune
diseases. For this purpose, the developed population PK model should be
extended towards a full population PKPD model, where the MTX RBC
concentrations are linked with PD outcomes such as decrease in disease activity
or occurrence of adverse effects. At the moment, it is unclear whether the PK of
the parent drug MTXGIul, of any of the individual polyglutamated MTX
metabolites (MTXGIu2 8 MTXGIu5), or of a particular combination of these
MTX species is the main driving force of the PD effects of MTX. Using a
population PKPD modelling approach, the PK profile of each MTXGIluX and
also their combinations can be tested to explore the driving force for the PD
effect. This would then allow determination of which, if any, of these is the
most suitable biomarker for a particular clinical outcome of MTX and could
therefore be used to monitor MTX treatment.

Nevertheless, it needs to beconsidered that RBCs are not located on the
postulated causal pathway of MTX action. In future work RBC MTX
concentrations might be shown not to have a clinically relevant correlation with
clinical outcomes of MTX treatment, and therefore not to be suitable
biomarkers for low -dose MTX treatment in RA or other inflammatory
autoimmune diseases. In this case, focus should be given to alternative
biomarkers that could be purported to have a causal relationship with clinical
outcomes of MTX treatment. Recently, van Haandel et al.[217] suggested MTX
concentration measured in peripheral blood mononuclear cells (PBMC) as an
alternative biomarker for MTX treatment in juvenile arthritis. PBMCs are white
blood cells with a single nucleus, i.e. macrophages, monocytes and
lymphocytes. These cells play an important role in the immune response and
also autoimmune diseases. h contrast to RBCs, PBMC are directly involved in
the anti-inflammatory effect of MTX, and intracellular MTX concentrations in
PBMCs are thus more likely to have a causal relationship with clinical
outcomes of MTX treatment. MTX has been shown to inhibit t he proliferation

of PBMCs [218] as well as to decrease the production of pro-inflammatory
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cytokines and increase the production of anti-inflammatory cytokines by
PBMCs [219]. Thus, under the assumption that these effects are directly related
to the intracellular accumulation of MTX, PBMC MTX concentrations are
promising candidates as biomarkers to monitor MTX treatment i n
inflammatory autoimmune diseases.

In the case of RA, it would also be possible to obtain mononuclear cells
directly from the synovial fluid instead of extracting them from peripheral
blood samples as it was done in the study by van Haandel et al. [217].
Assuming that MTX acts locally in the joints, i.e. at the primary site of
pathology, this would allow measuring intracellular MTX concentrations
directly at the site of action and in the postulated effect compartment, the
mononuclear cells. For a PKPD analysis, this is a highly unusual, but probably

advantageous situation that warrants further exploration in future studies.

7.4. Conclusion

Two different approaches to model RBC derived clinical data were
successfully applied in this thesis.

The bottom-up approach used in Part Il resulted in the development of a
novel statistical model for the survival time of RBCs that is able to account for
plausible physiological mechanisms of RBC destruction, and the model was
successfully applied to clinical data.

The population PK model for RBC MTX concentrations developed using a
top-down approach in the third part of this thesis is capable of describing the
time course of accumulation of MTX and its polyglutamated metabolites inside
RBCs, and can be used as the basis for a full PKPD model for lowdose MTX
treatment in RA in future work.

Ultimately, both models will require updating and refinement as more
data and mechanistic knowledge becomes available in the future. Model
development and modelling of clinical data should thus be seen as dynamic

and iterative processes of learning and confirming [220].
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PART V

APPENDICES

These appendices contain additional material related to the individual chapters

in this thesis.
Some of thee materials have been published in peerreviewed publications or

were included in my Postgraduate Certificate thesis as indicated accordingly.
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Appendix 1:  Appendix to Chapter 1
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A.1.1. Rejection Sampling Method

Given a known probability density function (pdf) f(x) with a
corresponding cumulative distribution function F(x), which is not easily
invertible, a sample of x-values that yields a similar pdf can be derived by the

following steps [81,82,84,85]

1) Find another functio n g(x) that lies above f(x) everywhere, i.e.f(x) ¢ g(x).
The simplest case is to draw a straight line through the maximum of f(x),
if f(X) has an absolute maximum fa(X) in the desired interval of x.

2) Generate a random value x;.

3) Generate a random uniform number u; distributed between 0 and 1.

4) Evaluate f(x) for the value x.

5) Calculate the ratio r; of f(x) and g(x): ri = f(x)/g(x)

6) Accept x; if u; ¢ rj, otherwise reject it.

7) Repeat steps 29 6 until the desired number of x has been accepted or the

maximum number of repetitions has been reached.

0.025 T T uniorm

0.02-

0.015 reject

0.005
accept

0 1 1 0
0 4 40 80 120

Xi X

App Fig. 1.11: lllustration of the rejection sampling method for RBC lifesd8a
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A.1.2. Postulated pathway of action of MTX and MTXPGs

\ g
App Fig. 1.21: lllustration of the pathway of action of MTX and MTXPG221].

App Fig. 1.21 was obtained with permission of the copyright owner, the

PharmGKB online database (http://www.pharmgkb.org/pathway/PA2039# ,

accessed on 08.06.2012R22]. A detailed description of the figure is given

online.
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Appendix 2:  Appendix to Chapter 2
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A.2.1. Estimation of RBC specific parameté&iReduced datsets

regression for Isgcurvefit - 200 points
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normalised coordinates
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App Fig. 2.11: Upper panel: Profile of the 200 normalised histogram coordi(ztes
compareavith the empirically fitted pdfgreer) and the estimated p@fed based on all
200 points. Lower panel: Difference plots for empirical and estimated pdf fits with area

between difference curve and (AUC)
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regression for Isqcurvefit - 100 points
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App Fig. 2.12: Upper panel: Profile of the 200 normalised histogram coordi(iaites
compared with the empirically fitted p@freern and the estimated p@fed based on
100 points(pink). Lower panel: Difference plots for empirical and esttiah pdf fits

with area between difference curve and (AUC).
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App Fig. 2.13: Upper panel: Profile of the 200 normalised histogram coordi(iztes
compared with the empirically fitted p@freer) and the estimated pdfed) based on 50
points(pink). Lower panel: Difference plots for empirical and estimated pdf fits with

area between difference curve and (AUC).

258









































































































































































































