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Abstract

THE UNIVERSITY OF MANCHESTER

Abstract of thesis submitted by Estelle Yau for the degree of Doctor of Philosophy,
entitled: “A systematic framework to integrate preclinical data within PBPK models:
from global sensitivity analysis to middle-out approaches”.

Month and year of submission: June 2021

Whole-body physiologically-based pharmacokinetic (PBPK) models have many applications in
academic and pharmaceutical research and drug development. However, optimization of
parameters in such complex models by fitting models to observed data is a challenging and time-
consuming process. The models are often unidentifiable/over-parameterized given the large
number of parameters and availability of data which are mostly limited to plasma observations.
It is common practice to fix some parameters and estimate others. However, the decision on which
parameters to fix and which to estimate is subjective and therefore the final model and parameters
may vary significantly between different investigators. This was a concern highlighted by
regulatory agencies in their guidance documents for PBPK modelling. Hence, the overall aim of
this thesis was to develop a systematic approach for integrating preclinical data within PBPK
models to address this issue.

The first part of this thesis was focused on identifying key drug-dependent and physiological
parameters that influence predictions of tissue-to-unbound plasma partition coefficients (Kpus)
and thus drug distribution in PBPK models. The impact of these parameters was evaluated on the
Kpus predicted by the Rodgers and Rowland model using sensitivity and uncertainty analyses.
For most drug classes, LogP and fraction unbound in plasma (fup,) were generally the most
influential parameters for Kpu predictions. Uncertainty in tissue composition parameters
especially acidic phospholipid concentrations and extracellular protein tissue:plasma ratios, could
have a large impact on Kpu predictions for all classes. For parameter estimation involving PBPK
models and dimensionality reduction purposes, less influential parameters might be assigned
fixed values depending on the parameter space, while influential parameters could be subject to
parameter estimation.

Secondly, several model reduction approaches were investigated to simplify PBPK model
structure or dimensionality and thus facilitate the estimation process during PBPK model
development. Tissues were clustered according to physiological information reducing the number
of unknown parameters without changing the overall PBPK model structure. The investigated
mechanistic models in conjunction with preclinical in vivo data were able to provide suitable
estimates of Kpus using the nonlinear mixed effect method. To that end, diazepam was used as a
case example. This analysis provided a basic framework for PBPK model development and
estimation of distribution parameters and subsequent applications of PBPK modelling, especially
translation of drug distribution from animals to humans.

Subsequently, the use of the investigated mechanistic models for interspecies extrapolation was
evaluated. The models that could best fit data in rats and monkeys were applied for translation of
drug distribution to humans. The performance of these best models was assessed for three
compounds (diazepam, midazolam and basmisanil) and compared to the whole-body PBPK
model with Kpu predictions from the Rodgers and Rowland model. Using the approach of
simplified PBPK models with common scalars and the best models, PK profiles could be well
described in preclinical species and plasma profiles were successfully predicted in human for
diazepam and midazolam. This proof of concept was shown for lipophilic weakly basic
compounds. For an exhaustive evaluation, the work and models proposed herein may be extended
to different drug classes and more compounds. The PBPK modelling framework presented in this
work for drug distribution and prediction of human PK could also be applied to translation within
species e.g., from an adult to a paediatric population.
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General introduction
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1.1. Introduction

During the development of a new drug, it is important to characterise the absorption,
distribution, metabolism, and excretion (ADME), to understand drug exposure especially
after oral dosing and to link drug dose to efficacy and safety, and thus to predict a relevant
dose in clinics. Absorption describes the rate and extent at which drugs enter the body.
Once the drug is absorbed from the absorption site, it is distributed throughout the body,
mostly via the blood circulation. The drug can be biotransformed into metabolites by
organs or tissues (primarily the liver, the gastrointestinal tract, and kidneys). The drug
can be transformed into more water-soluble metabolites to facilitate its excretion from the
body via faeces or urine. Key enzymes to consider for drug metabolism are hydroxylation
enzymes such as cytochrome P450 (CYPs) and conjugation enzymes such as UDP-
glucuronosyltransferases (UGTS). The study of the ADME processes and the quantitative
description of how these processes affect the concentration-time course of the drug in
plasma, serum, or whole blood, tissue target and target organs is defined as
pharmacokinetics (PK) [1].

Small molecule drug discovery and development is a long, challenging, and expensive
process [2, 3]. It involves thousands of compounds being screened and tested in order to
identify a novel drug that is useful and safe for the treatment of a disease or a condition.
This process can be divided into different stages: discovery, pre-clinical, clinical Phases
I to 11 and post-marketing. Each stage has its own aims and requirements and is designed
to gather evidence and information about the PK, the safety and efficacy of the drug.
Various PK data are generated from preclinical- to late-stage clinical development.
Before the clinical phases, diverse animal, in vitro and in silico data are available. All the
information available from those studies can be integrated through modelling and
simulation (M&S) for supporting the design of human studies [4]. Thanks to the
advancement in computer sciences in the last decades, M&S tools have become widely
used in drug development and have helped to improve drug development and decision
making [5, 6]. Various models can be used to predict PK parameters and subsequently to
estimate human PK and clinical dose. These models vary from simple allometric scaling
and in vitro-in vivo extrapolation (IVIVE) to more complex physiologically based
pharmacokinetic (PBPK) modelling. The increased consideration for understanding the

ADME properties has led to a reduction of attrition rate in drug research and development
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due to PK reasons [7]. Additionally, confidence in the prediction of human PK allows
assessment of potential drug-drug interactions (DDI) and mitigation of safety risks [8].

Regardless of the mechanism of drug action, the unbound concentration of drug
attained at its site of action is the one driving therapeutic effect. Establishing and
maintaining the optimal exposure help to determine the required dose and dosing interval
for a compound. However, the unbound concentration of drug at these sites of action are
generally unknown, especially if they are in tissues. The general assumption is to estimate
the unbound concentration in tissues (Cut) based on the unbound concentration of drug in
blood plasma (Cup), which are defined as follow (Eq. 1.1-Eq. 1.2):

Cuy = Crotart X fue Eq. 1.1
Cup = Croatp X fUp Eq. 1.2
where Ciotait and Crotalp are total concentration in the tissue and in plasma, respectively;

fur and fup are the fraction of drug unbound in the tissue and in plasma, respectively.

At equilibrium, unbound plasma concentration and unbound tissue concentration
would be equal for drugs distributed only by passive diffusion without efflux or influx by

transporters, consequently (Eq. 1.3-Eq. 1.4):

Crotart X fur = Crotarp X fUp Eqg. 1.3
Ceotalt fup
— = = Kp
Ctotal,p fut Eq. 14

The ratio of the total drug concentration in a tissue to plasma concentration at steady state
is defined as the tissue-to-plasma partition coefficient (Kp). Kps are a measure of the
steady-state distribution of the total drug concentration in tissue and will be described

later in this chapter.

Together with clearance, the volume of distribution (Vd) are key PK parameters
which determine the drug half-life and dosing regimen. The extent of drug distribution
within the body is described by the volume of distribution [1]. VVd does not represent a
physiological space, it is the apparent volume of fluid needed to contain the total amount
of drug, assuming the drug is evenly distributed throughout the body, to produce the
observed concentrations in plasma. VVd (Eq. 1.5) is the proportionality constant that relates

the plasma concentration of drug (Cp) to its total amount in the body (A):

A
Vd = Eq. 15
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As a measure of the extent of distribution into tissues, VVd can also be related to the protein
binding and the physiological volumes of plasma (Vpiasma) and tissues (Vissue) and can be
calculated as follows (Eg. 1.6) [9]:
_ fup
Vd = Vplasma + Viissue,i * fT Eg. 1.6
t
where fup and fu; are the fraction unbound in plasma and body tissues, respectively, Viissue,i

is the volume of the i-tissue.

The volume of distribution values can vary widely between individuals as it can be
influenced by age, gender, disease state, and body composition [10, 11]. Consequently,
this may affect the dose and dosing interval needed to maintain therapeutic concentrations
e.g., when considering interactions in comorbidity and making translation between
ethnicities, extrapolation to children. Factors explaining differences in drug distribution
are factors that can influence the rate and/or extent of distribution of xenobiotics into

tissues and which are detailed in the next section.

1.2. Factors influencing small molecule drug distribution

The distribution of a drug within the body refers to a generally reversible partitioning
of drug from one compartment (systemic circulation) into another (extravascular tissues).
This is mainly governed by blood flow rates and the ability of the drug to cross tissue and
cellular membranes. Thus, tissue-to-plasma-levels of drug at steady state depend on
compound properties and the physiological composition of different tissues. The rate of
tissue distribution can be influenced by tissue blood perfusions, transporter-mediated
uptake rate, and the membrane permeability (Table 1.1). The extent of tissue distribution
is dependent upon tissue partitioning coefficients as well as binding to constituents within
blood and tissues (Table 1.1). Therefore, both physiological and physicochemical factors
can influence tissue distribution of a drug. The factors are summarized in Table 1.1 and

further detailed below.
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Table 1.1. Drug- and physiology- specific factors affecting the rate and extent of drug distribution
into tissues. Adapted from [12]

Determinants of Physiological properties Drug characteristics
tissue distribution
Blood perfusion Regional blood flow, organ size
rate
Membrane Tight junctions in capillary wall (for ~ Molecular size, lipophilicity,
permeability large molecules) pKa
Transporter- Distribution of influx/ efflux Functional groups
mediated transporters in various tissues
distribution
Binding to blood Albumin, a1-acid glycoprotein, Lipophilicity,
components lipoproteins, globulins, acid/base/neutral character
haemoglobin, red blood cells
Tissue binding Extracellular albumin or Lipophilicity,

lipoproteins, acidic phospholipid or acid/base/neutral character
lysosomal binding
Tissue partitioning Tissue composition and volume, lonization and lipophilicity
regional pH
Perfusion rate is defined as the volume of blood per unit time (blood flow) per unit tissue volume
(or mass).

1.2.1. Tissue perfusion rate:

When drugs are highly lipophilic or the membrane is highly permeable, drug
distribution becomes perfusion rate-limited. It is thus intrinsically dependent on the blood
flow rate from the heart to the organs. Drug distribution thus occurs rapidly in highly
perfused tissues such as heart, liver, kidney, spleen, or intestine, while it is generally
slower in lowly-perfused tissues such as adipose tissues.

1.2.2. Membrane permeability

A small molecule drug can get across cell membranes by mainly two mechanisms:
transcellular diffusion through the lipid membrane due to concentration gradients or
active transport via carrier-mediated mechanisms [13]. Drug-related factors such as size,
lipophilicity, ionisation, and functional groups (e.g., acidic or basic centres) influence the
passive diffusion mechanism of molecules through the lipid membrane. When drugs are
ionized at physiological pH, polar or water-soluble, drug distribution is permeability rate-
limited, and the membrane and transporters are the rate-limiting step. Drugs can also be
limited in their ability to penetrate into tissues depending on their ability to cross
endothelial and cellular barriers, which can be highly selective (e.g., blood-brain barrier

or placental barrier). Cell membranes are made up of lipid bilayers to which small
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lipophilic drugs are highly permeable. Compared to acids and neutrals, basic compounds
can enter more easily into cell membranes as lipid bilayers have negatively charged polar
heads. Weak acids and bases contain at least one functional group that can reversibly
disassociate or associate with a proton to form a negatively charged anion or a positively
charged cation. Depending on the pH of the compartment media and the acid dissociation
constant (pKa), the balance of the equilibrium can be shifted between ionised and
unionised fractions (Figure 1.1). The extent of drug ionisation is determined by the pKa
of the ionisable compound and the pH of the compartment fluid (tissues, plasma, and
extracellular water). When a pH difference exists between physiological body
compartments, then the extent of drug ionisation would influence its ability to distribute
and cross cell membranes within the various body tissues. For large molecules, the rate
of distribution into tissues is limited by their membrane permeability (tissue fenestration,

and receptor mediated extravasation).

Figure 1.1: Binding of moderate to strong bases (B) to intracellular neutral lipids (NL), neutral
phospholipids (NP) and acidic phospholipids (AP) and acids, weak bases and neutrals (A) to NL,
NP and protein adapted from [14, 15].

Plasma
B+H" &« BH* HA & H'+A «, pH=7.4
* * f f " " proteins ’
* * " " * * Extracellular
B+H" «+ BH* HA «+ H*'+A «—» water
4 4 proteins pH=7.4
¢ $ Intracellular
water
o B+H" & BH* HA & H*+A pH=7.0
=
B |
NL AP NL
NP NP

Unionised fractions of moderate to strong bases (B) cross membranes and bind to intracellular
NL, NP, while ionised fractions (BH") bind to AP. Unionised fractions (A) of acids, weak bases
and neutrals cross membranes and bind to intracellular NL, NP, while ionised fractions (A") bind
to extracellular proteins.

1.2.3. Transporters
Drugs distributed across cellular membranes via transporter proteins lead to
accumulation in specific tissues or excretion from specific tissues. Because binding to
drug transporters is a concentration-dependent and saturable process, it may introduce

nonlinear distribution. Drug transporters are expressed at various levels in different
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organs such as liver [16], kidney [17], intestine [18], and brain [19]. Efflux drug
transporters, most importantly P-glycoprotein (P-gp), breast cancer resistance protein
(BCRP), multidrug resistance protein (MRP), play an important role in drug transport
across membranes and drug disposition [20]. Uptake transporters like organic anion
transporting polypeptides (OATPs) and organic anion transporters (OATS) also play a
significant role in drug absorption, distribution, and elimination [21]. Several in vitro and
in vivo systems are commonly used to assess uptake and efflux transport Kkinetics [22].
Subsequent IVIVE of transporter-mediated processes use static and PBPK modelling

approaches to predict transporter-mediated PK and DDIs.

1.2.4. Binding to blood components

Nonspecific drug binding to plasma proteins and binding of the drug to its target
can also influence the extent of distribution as it is assumed that only the unbound drug
material in blood distributes from systemic circulation into tissues [23]. Acidic drugs such
as warfarin and acetylsalicylic acid mainly bind to albumin, the most abundant protein in
plasma [24]. Neutral compounds can also bind to serum albumin [25]. Basic drugs such
as lidocaine or propranolol usually bind to a1-acid glycoprotein (AAG), lipoproteins or
globulins [26]. Additionally, various lipophilic compounds can bind to the membrane or
the cellular components of the red blood cells (RBC) [27-29].

1.2.5. Binding to tissue components

Basic drugs generally more extensively distribute in tissues and thus have an
apparent volume of distribution larger than the volume of acidic drugs. Many basic drugs
are indeed ionized at physiological pH allowing them to bind to tissue constituents and
also to accumulate in lysosomes which are able to trap lipophilic basic drugs, in particular
cationic amphiphilic drugs (CADs) such as chlorpromazine, imipramine due to the low
pH associated with them [30, 31]. Specific binding of drugs to tissues components (e.g.,
membrane phospholipids, DNA, proteins) can increase drug distribution by several fold
in those tissues [32, 33]). And if the binding is irreversible, drugs tend to concentrate
inside the tissue, leading to drug accumulation (e.g., tetracycline can distribute and

accumulate in bone and teeth [34]).
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1.2.6. Tissue partitioning

The unbound tissue partition coefficients reflect the extent of drug distribution into
tissue and are dependent on both drug characteristics and tissue composition. Tissue
compositions influence tissue partitioning and therefore the extent of drug distribution;
hydrophilic drugs tend to distribute into water-rich tissues (e.g., muscle) or stay in the
blood or interstitial spaces. On the other hand, lipophilic drugs may concentrate in fat-
rich tissues (e.g., adipose, liver, brain, and kidney) which may increase the VVd and drug
half-life, with a possible slow drug accumulation and delayed washout during and after
chronic dosing. However, as plasma drug concentration decreases, tissues will release the
accumulated drug back into the vascular space. Therefore, lipid contents of tissues (i.e.,
neutral lipids and phospholipids, acidic phospholipids) and physical tissue volumes

appear as key physiological determinants of distribution.

1.3. Prediction of drug distribution

1.3.1. Volume of distribution at steady state (Vss)

Estimation of the volume of distribution at steady state (Vss) is a key parameter
to predict the required dosing interval for a compound. Vss is the volume of distribution
at equilibrium, i.e., when all the drug is distributed into the different tissues and is not
influenced by the elimination (if elimination does not occur in any of the peripheral
tissues).

Several methods can bhe used to estimate distribution volume based on
experimental data [35]. Following an IV bolus dose, Vss can first be estimated by

noncompartmental analysis using the following expression (Eg. 1.7):

Vss = Dose
S§ = Co Eq. 1.7

Where Co is the initial concentration in plasma determined by plotting the log
concentrations versus (linear) time and extrapolating back to time zero, before clearance
began. This Eq. 1.7 assumes that the drug does not distribute into tissues and elimination
half-life is very short, which may not be true. Assuming a mono-compartmental model,
Vss can be estimated using the volume to link the elimination clearance (CL) to

elimination half-life (tu2):
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0.693
CL
However, the Vss in Eq. 1.8 is likely over-estimated due to the assumption of mono-

tl/Z == VSS " Eq 18

exponential PK and no consideration of the contribution of multi-exponential elimination

to the terminal half-life.

1.3.2. Prediction of human Vss
Various methods have been proposed to predict Vss (especially in human) based
on preclinical data in early drug development (before any clinical data is obtained). Most
common methods can be classified into empirical, semi-mechanistic and mechanistic
methods. Although many studies have compared the Vss prediction accuracy of different
methods [36-46], there is no clear agreement on which method is the most accurate as
they reported varying results. This could be due to different sizes of datasets used and

different types of compounds included in the comparison studies.

Empirical methods
The first empirical method is a single species allometric scaling where human Vss
is simply derived from the Vss of preclinical species [38]. It is assumed that the unbound

Vss (Vuss) normalised by body weight is the same between species (Eq. 1.9):

Vusspuman = VUSSanimai Eqg. 1.9

where Vuss=Vss/fup. This method is based on the assumptions of similarity in tissue
composition across species, species-independence of drug partitioning into tissue lipids,

and species difference in plasma protein binding.

Another empirical approach is allometric scaling where the physiological or
pharmacokinetic parameter (here, Vss) is related to the power of body weight (Eq. 1.10)
[47]:

Vss = a-BW" Eq. 1.10
where BW is the body weight, a and b are the allometric coefficient and exponent,
respectively. The coefficient and exponent are determined by fitting the allometric
function to preclinical information (e.g., PK parameters) of various animal species of

differing body weights. The fitted function is then used to extrapolate Vss from chosen
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preclinical species to human. For multiple species, the exponents of volume of
distribution for a drug generally tend to be close to 1, implying that Vss normalised by
body weight is constant across species [48]. However, this is not observed for all drugs.
One reason is that because of its empirical nature, allometry does not consider species
differences in protein expression, enzymes, transporters, and plasma protein binding,
amongst others. Alternatively, several studies have attempted to improve allometric

predictions by correcting for plasma and/or tissue protein binding [45, 49].

Alternatively, Wajima et al. suggested to scale human Vss from two species: rat

and dog using multivariate regression analysis (Eq. 1.11) [50]:

Log(VsShuman)
= 0.07714 - Log (VsSyqt) - Log(Vssdog) + 0.5147 Eq. 1.11

- Log( Vssgeg) + 0.586

Semi-mechanistic methods
The semi-mechanistic models also require preclinical in vivo data, but they
consider species differences in physiology. Based on the relationship reported by Gillette
et al [9], the Die-Tozer method was one of the first physiological models for predicting
human Vss [51]. In this model, it is assumed that the unbound drug distributes into extra-
and intra-cellular space where it can interact with extracellular proteins and tissue

components, as described in the following equation (Eq. 1.12):

VSShuman = plasma + (fup,human ’ Ve)

4 [(1 = Ftpaman) Ryt Vptasma) + ¥y - opuman. - EG- 112
futanimar

where Reji is the ratio of total binding sites in extracellular fluids outside the plasma to
that in plasma, Ve is the extracellular fluid volume, and Vr is the remaining fluid volume
into which drug distributes. This approach assumes fu: to be the same between species.
Two different equations can be used to calculate fu; and both need in vivo Vss, fup and
some physiological data. A value of fut in preclinical species of less than or equal to zero
would indicate no binding to tissue components. Recently, the @ie-Tozer model has been
modified to consider other tissue components such as lysosomes that can influence the

volume of distribution [52].
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Wajima and Oie-Tozer approaches are commonly used in practice in the
pharmaceutical industry to predict human Vss. In a study comparing 24 approaches using
in vitro and in vivo data to predict Vss in human, Jones et al. reported that the Wajima
model was the second most accurate model (94% of human Vss predicted within 3-fold
of observed Vss) and the @ie-Tozer method being the first (78% of predicted Vss within
2-fold of observed Vss) [38]. However, these models generally require in vivo animal
data which are not always available in drug discovery due to resource, time, and cost
limitations as well as ethical issues (3Rs principles). Therefore, many efforts have been
put into developing in vitro and in silico methods for predicting Vss early. Lombardo et
al. rearranged the @ie-Tozer model to estimate fu: based on physicochemical properties

without requiring in vivo preclinical data for neutral and basic drugs (Eq. 1.13) [53, 54].

Log(fu;) = 0.0080 — 0.2294 - Log (D,.,,) — 0.9311 - fi,,
+ 0.8885 Log (fu,) Eq. 113
where fi7 4 is the fraction of drug ionized at pH 7.4.

Additional quantitative structure-activity relationship (QSAR) models have been
proposed to predict human Vss in early drug discovery when limited animal data are
available [41, 46, 55-57]. These models are generally built using data mining (or machine
learning) methods and predict Vss using physicochemical or molecular descriptors.
Several studies suggested that these methodologies can predict Vss reasonably well
within 2-fold difference of the actual value [55-57]. These in silico models are high-
throughput approaches which can be used to assess compounds’ PK even before their
synthesis. One general limitation of these QSAR approaches could be the inability to
predict the Vss of a compound in a new unknown chemical class, which was not included
in the large dataset used for training and validation. Nevertheless, Lombardo et al.
recently published a large dataset of human Vss values for 1352 structurally diverse

compounds [58], presenting the opportunity to assess new QSAR models [41, 46, 59].

Mechanistic methods
Human Vss can also be estimated from tissue-to-plasma partition coefficients
(Kp). Assuming tissue distribution is only driven by passive diffusion, the Vss can be
related to physiological volumes of the body and a measure of the distribution at steady-

state of the total drug concentration and tissues is reflected by Kp (Eq. 1.14) [60]:
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n
Vss = Vplasma + Kprpc * Vrec + 2 Kp; - Vtissue,i ' (1 - Ei) Eqg. 1.14
i

where Vpiasma and Viissue,i are the physiological volume of plasma and the tissue i, Vrec IS
the volume occupied by red blood cells (Vbiood-Vpiasma). E IS the extraction ratio of an
eliminating tissue such as the liver. For non-eliminating tissues, E=0. Kprsc is the red
blood cell-to-plasma ratio and can be determined from fup, blood:plasma ratio (BP) and
the haematocrit (Hte) as in Eq. 1.15:

Hte — 1+ BP

Kprpc = Hte

Eq. 1.15

In the plasma, the drug is assumed to be in rapid equilibrium with plasma proteins
and only the unbound and unionised fraction of drug can distribute into tissue. The tissue-
to-plasma water partition coefficients (Kpu) reflect the steady state total concentration of
drug in the tissues (Ctart) to the unbound concentration in plasma (Cyp) following a
constant rate drug infusion (Eq. 1.16):

_ Ctotal,t

Kpu =
Cup Eq. 1.16

The unbound tissue partition coefficients (Kpu,u) illustrate the extent of steady-state

distribution between the unbound fractions in tissues and in plasma (Eqg. 1.17):

fue
Fit, Eq. 1.17

Kpu,u = Kp *

(Kpu,u=1 for passive diffusion, Kpu,u<1 for efflux and Kpu,u>1 for influx).

1.3.3. Prediction of human tissue partition coefficients

Kp values need to be known in each tissue in order to predict the human Vss for
a compound. These Kp data can be determined experimentally from preclinical species,
but it is however time consuming and costly. Consequently, many in vitro and in silico
methods have been developed to estimate Kp values in order to predict Vss. The different
methods for estimating Kp are described in greater details in the fourth section of this
chapter. One of the methods is to use mechanistic tissue composition-based prediction
models to predict tissue Kps. They have the advantage that they can be used in early drug

discovery without requiring an in vivo study as they can rely on in vitro measured or
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computed physicochemical properties of lipophilicity, ionisation, plasma protein binding,
and blood-to-plasma concentration ratio.

Some of the tissue composition models use human physiological data [61] for prediction
of human Kps and human Vss [36, 62]. However, experimental human tissue-to-plasma
partition coefficients are rarely available and subsequently the reliability of the in silico
partition coefficient estimates cannot easily be assessed. Nevertheless, a recent study
showed that this approach is comparably accurate or superior to empirical allometric
approaches based on the extrapolation of in vivo animal Vss data to predict Vss in human.
It was also reported that prediction of human Vss is more accurate when the Vss in

preclinical species is well predicted [36].

Alternatively, human Vss can be extrapolated from tissue-to-plasma partition coefficients
in preclinical species (generally rodents) [44, 63]. Kpu values are commonly assumed to
be directly translated between species by considering that tissue binding is conserved
across species (Eq. 1.18) [1, 47, 49]:

Kpupyman = KPUgnima Eg. 1.18

1.3.4. Prediction of PK profiles
The Kpu predictions can then be inputted into whole-body PBPK models. PBPK
modelling provides a powerful tool for integrating preclinical data into human PK
predictions of PK parameters and concentration-time profiles. The concept of PBPK
modelling is based on an approach that integrates broad information on species
physiology and a wide understanding of the mechanisms affecting the pharmacokinetic
profile of a drug. PBPK model structure and how Kpus are integrated into the model are

detailed in the section 5 of this chapter.

Other approaches for predicting human PK profiles based on preclinical data include
Dedrick plots and Wajima's method [64-67]. The concept of the Dedrick plot or ‘species-
invariant time method’ is based on allometic scaling and assumes that differences across
species are based on body weight [64]. It assumes that after normalizing concentrations
by body weights and transforming the chronological time to the equivalent time
(kallynochrons and apolysichrons), the plasma concentration-time curves should be
superimposable for all species [68]. A similar idea was later proposed by Wajima et al

where the assumption is that after normalizing concentrations by steady-state plasma drug

34



concentration (Css=Dose/Vdss) and normalizing the time by mean residence time
(MRT=Vss/CL), the plasma concentration—time curves should be superimposable across
species [65]. These two empirical approaches can give good predictions [64, 65, 69] but
inaccurate results are common especially if biliary clearance, renal secretion, or high
metabolism exist and interspecies differences in these mechanisms are not well
understood [70-73]. Application of correction factors can improve predictions in certain
cases [68, 74, 75] but the assumption of linearity still has to be made and large interspecies
differences in active processes are not addressed using these empirical approaches.
Therefore, the use of PBPK modelling for predicting human PK profiles is preferred and
several studies showed PBPK modelling performed better in comparison to empirical and

allometric approaches [76-79].

1.4. Determination of tissue-plasma partition coefficients

Both physicochemical characteristics and tissue compositions are important
determinants of the extent of drug distribution. Most of these factors are accounted for in
a PBPK model by the tissue-to-plasma partition coefficients. The Kp values are key
components for the characterization of the extent of drug distribution into different tissues
in the body and reflect the degree of tissue distribution attributed to processes such as
protein binding, lysosomal trapping, and lipid interaction. Kp values are defined as the
ratio of total concentration of drug in the tissue to total concentration of drug in the plasma
at equilibrium/steady-state. There are several methods employed to investigate drug
distribution; the most general are in vivo animal and human PK studies. However, with
the development of new in vitro and in silico predictive tools, it is now common to predict

drug distribution in the early drug development stages.

1.4.1. In vivo methods
The most common way is to derive Kp values in vivo from blood and tissue
concentrations after administration of the drug to the designed species (usually rat or
mouse). One established approach is to calculate Kp values from steady-state plasma and
tissue concentrations following a constant rate infusion of drug until steady state is
obtained [80-82]. After sacrificing the animal at one time point, sampling is performed

from the tissues and plasma. Kp is calculated as the ratio of concentration in the tissue to
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the concentration in plasma at that time point. It is important to bear in mind that if the
animal is sacrificed before the steady-state is reached in all tissues, the Kp values is likely
to be under-estimated. To ensure that the drug has reached steady-state, the experiment is
often repeated at several different time points and similar measured values would indicate
that steady state has been reached. Alternatively, Kp can be calculated following an i.v
bolus injection of drug and sampling of tissues and plasma at different time points [83-
85]. Kps are then calculated as the ratio of areas under concentration time (AUC) profiles
between tissues and plasma. For this approach, it is important to ensure that each tissue
reaches one common terminal (elimination) phase after initial distribution (if tissues’
terminal phases differ among one another, pseudo-steady state is not reached).
Additionally, this method may not be suited for compounds that are rapidly eliminated
from the body if the plasma and tissue AUC are not well estimated [86]. Additionally, the
sampling site can also have an impact on measured drug concentrations with different
concentrations being observed between arterial and venous sampling, and correction for
eliminating tissues need to be consider [87-89]. It was also shown that venous and arterial
concentrations are the same when lung distribution is negligible and distribution

equilibrium is instantaneous.

All the in vivo techniques require at least one animal per sampling time. At each
time point, the removed tissues are homogenized, and the total tissue concentrations can
be determined by liquid chromatography/mass spectrometry [90] or by liquid scintillation
counting [91, 92]. The extraction method should be adequately chosen depending on
tissues to accurately measure the drug concentration within each tissue as some solvents

may interact or alter the drug and some tissues need to be pre-treated [93, 94].

Other methods have also been used including imaging techniques such as
quantitative whole-body autoradiography (QWBA) or positron emission tomography
(PET) microdosing [91, 95-97]. In the QWBA, animals are dosed with radiolabelled
compounds and then sacrificed in order to determine the tissue distribution of the
radioactivity. No extraction step is necessary in this method and the radioactivity can be
measured in the whole animal or in the individual tissues. However, one limitation may
be its lack of specificity since by measuring the total radioactivity it does not distinguish
parent compounds from metabolites. Another method is PET, a non-invasive method
which makes it possible for use in human and where the drug is labelled with a positron-

emitting radionuclide. Although the in vivo distribution of the labelled drug can be
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detected externally and visualised as tomographic images, it is also difficult to distinguish
radio-metabolites from the parent tracer. One of the main drawbacks of PET studies is its
high cost and thus they are more carried out in drug development rather than in drug

discovery.

1.4.2. In vitro methods

In order to reduce animal use in preclinical experiments, a number of in vitro
methods have been developed to estimate Kp values. For volatile compounds, tissue:air
partition coefficients can be measured using the vial equilibration method: the compound
is allowed to equilibrate between the air and the blood (or tissue) at body temperature in
a sealed vial after shaking [98, 99]. The sampling of compound in the vial headspace is
performed by gas chromatography and tissue-to-plasma partition coefficients can be
calculated simply as the ratio of tissue:air and plasma:air partition coefficients. The in
vitro distribution or binding of drugs to tissues may be determined using tissue
homogenates [84, 100], slices [101] and isolated tissue components [102]. For non-
volatile compounds, tissue partitioning can be measured by equilibrium dialysis or
ultrafiltration: the compound can distribute between blood (or plasma) and tissue
homogenates through a membrane in a multi-chamber system [100, 103]. Tissue
homogenates are the most extensively used although it has been argued that the compared
to tissue slices homogenization may alter the cellular integrity of tissue (e.g., brain)
without differentiating between intra- and extracellular drug distribution and thus tissue
concentrations obtained may not be relevant [104]. This may lead to a measured in vitro
Kp overestimating the actual in vivo distribution for drugs for which distribution is mainly
restricted to the extracellular space in vivo since the total aqueous phase and intracellular
binding sites have become available. Another method is to study in situ perfused organs

(e.g., brain, liver) but their use is limited as it is low throughput [105, 106].

1.4.3. In silico methods
Various in silico models have been developed to predict tissue partition coefficient
values for drugs (Table 1.2). Rather than requiring in vivo data, these mechanistic
methodologies estimate the extent of tissue distribution from parameters already available

in the literature or quickly and easily obtainable with simple experiments, such as
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physicochemical and in vitro binding characteristics to lipids and proteins of the drug,
and this allows the routine application of PBPK methods in early drug discovery.
Lipophilicity (logP), ionisation (pKa), plasma and/or blood protein binding (fup or fup)
are drug-parameters routinely measured during drug development. Several methods for
the calculation of Kps are widely used and have been reviewed in the literature. More
details can be found in the following publications [39, 107] and a summary can be found
in Table 1.2.

Table 1.2: Summary of in silico Kp prediction models and their main inputs

Main inputs

Arundel [108]

Correlation-based

Vss, logD

Bjorkman [109]

Correlation-based

Muscle Kp

Poulin [60, 110]

Tissue-composition-

logP, logKvo:w, fup

based
Berezhkovskiy [111] Tlssue-gc;gzosmon- logP, logKvow, fup
Rodgers [14, 15] T'Ssue’gg?ezos't'on’ logP, pKa, fup, B:P

Richter [112]

Correlation-based

muscle Kp

Lukacova [113]

Tissue-composition-

logP, pKa, fup, B:P

based
Schmitt [114] Tissue-composition- logP, logD, logKyo:w, logMA,
based pKa, fup
Jansson [115] Correlation-based Vss, muscle Kp, logP, logD,
|OgKvo:w

Poulin and Theil [61]

Correlation-based

Muscle Kp, skin Kpu or KpuRBC

Tissue-composition-

logP, logKvow, pKa, fup, B:P,

Peyret [116] based Kp:w, Kprwp
Poulin and Haddad Tissue-composition- )
[117] based logP, logKvow, B:P, pKa, fup,
Yun aﬁl%?gmton Correlation-based Vss, logP, pKa, fup

Assmus [31]

Tissue-composition-

logP, pKa, fup, B:P

based
Korzekwa and Nagar | Tissue-composition- _
[52] baSEd IOgP’ BP; pKa, fUp, fUm

Mayumi [119]

Correlation-based

Muscle Kp, logP, pKa, fup, B:P

Kp : Tissue-to-plasma partition coefficient ; Kpu : Tissue-to-unbound plasma partition coefficient;
KpuRBC : Red blood cell to plasma partition coefficient data for unbound drugs ; B:P :Blood-to-
plasma ratio ; logK.w.w: Logarithmic value of vegetable oil-water partitioning adjusted for
ionization at pH 7.4; LogP : Logarithmic value of N-octanol-water partition coefficient; logD:
logP adjusted for ionisation at pH 7.4; logMA: Logarithmic value of the phosphatidylcholine-
water partition coefficient at pH 7.4; Kp.w : protein:water partition coefficient ; Kymwp : plasma
and interstitial fluid protein:water partition coefficient ; fu, : Unbound fraction in plasma; fum :
Unbound fraction in microsome; Vss : Volume of distribution at steady state
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Overall, the equations of in silico models for predicting Kps are mostly based on
physicochemical drug properties and physiological tissue composition information.
However, they generally do not incorporate active transport (influx/efflux transporters)
of drugs. Poulin et al. first suggested the development of a mechanistic model to estimate
Kps by assuming that compounds dissolve into water content of tissues and partition into
the lipids and phospholipids within tissue cells [60, 110]. Berezhkovskiy later modified
the model by Poulin et al. and considered that only the unbound drug fraction in water
bind to tissues [111]. Subsequently, Rodgers et al. developed two equations - one for
strong bases with pKa>7 and one for neutrals, acids and weak bases) to take into account
the impact of drug ionization on partitioning [14, 15]. To avoid the cut-off at a pKa of 7
in the Rodgers et al. model, Lukacova et al. suggested to transform the two equations into
a single continuous equation [113]. A recent study found that the performances of
Rodgers et al. and Lukacova model are very similar, with the exception for compounds
having pKa around 7 [46]. Alternatively, Schmitt examined electrostatic interactions
between charged molecules and acidic phospholipids and also considered distribution in
cells and interstitial fluids in their unified algorithm [114]. On the other hand, Peyret et
al. integrated previous mechanistic algorithms into a unified algorithm to predict tissue
partition coefficients for drugs and environmental chemicals [116], whereas Poulin and
Haddad developed a model for highly lipophilic compounds where Kp and Vss do not
increase exponentially when LogP is above 6 [117]. Recently, Assmus et al. extended the
Rodgers et al. model to include ion partitioning into acidic or basic intracellular
compartments (lysosomes and mitochondria) which improved predictions especially for
basic compounds [31]. Additionally, a recent study suggested the use of partitioning into
microsomes (unsorted phospholipid membranes) to determine interactions with all

phospholipids for the Kp prediction of both charged and uncharged compounds [52, 120].

An alternative to tissue composition-based models are correlation-based Kp
prediction models which are empirical in nature and require more experimentally derived
data. These correlation-based models use both physicochemical properties of a drug [115,
118, 119] and experimental data, such as muscle Kp [61, 109, 112, 115, 119, 121] or
volume at steady-state Vss [108, 115, 118] and red blood cell partitioning (RBCu) data
[61] as surrogate variables (Table 1.2).

Although many in silico models have been proposed, no general rules have

emerged to determine which Kp prediction model is the best as one model cannot predict
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the Kp of all model compounds accurately. A few studies have compared several Kp
prediction methods [39, 62, 122]. Graham et al. performed a comparative study on the
predictive performance of three mechanistic models [14, 15, 60, 111] and three empirical
models [61, 108, 115] to predict the most accurate Kps for rat tissues [39]. They reported
that the model proposed by Rodgers et. al. [14, 15] showed the most accurate Kp
predictions with 77% of predicted values within threefold although transporter systems
still need to be incorporated into these equations. More recently, Utsey et al. assessed the
performance of five models for Kp predictions using a standardized tissue composition
for humans [62]. However, their analysis found that no single Kp model consistently
perform more accurately for Kp predictions than the other models. Nevertheless, the
Rodgers et al. model generally showed good performance and is currently the most used
model for predicting tissue Kp values in PBPK modelling. Therefore, the work of this
thesis focussed on the Rodgers et al. model and further details of the model are provided
below.

Rodgers et al. proposed two mechanistic equations: one for predicting Kpu for
moderate-to-strong bases and group 1 zwitterions (at least one basic pKa>7) [14], and
another for acids, very weak bases, neutrals and group 2 zwitterions (no basic pKa >7)
[15]. The Rodgers et al. model integrated the electrostatic interactions between a drug and
the tissue components. Acidic drugs and lipophilic neutrals bind to albumin and
lipoproteins respectively, which are both present in the extracellular fluids in a tissue.
Strong or moderate bases preferentially bind to acidic tissue phospholipids and to acidic
components such as AAG present in plasma. The equations include drug partitioning into
neutral lipids (NL) and phospholipids (PL), drug dissolution into the tissue intracellular
(IW) and extracellular (EW) water, and also associations with extracellular proteins such
as albumin or lipoprotein [14, 15, 94, 123] and are as follow:

Moderate to strong bases (Eq. 1.19):

X f; P-fy,+ (03P +0.7):f; K, [AP7],
wa)+fEW+< J (Y )fw>+< [Y]Eq.l.lg

Kpu=(

Weak bases, acids and neutrals (Eq. 1.20):
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X fiw
Y +fEW+<

Kpu =

P fy.+ (03P +0.7) -pr>
Y

L (P, + 03P 0D fu,
IV ( Y ) Eq. 1.20
[PR]r
[PRI,

where P refers to the partition coefficient of the unionized drug. few, fiw, fai, fne, and fap,
represents fractions of extracellular water, intracellular water, neutral lipid, neutral
phospholipids, and acid phospholipids respectively, with Xf=1, so that the fraction of
residual tissue constituents frem =1 —fiw —few —fne —fe. P is the octanol:water partition
coefficient for all tissues except adipose, for which P represents the vegetable oil:water
partition coefficient. K, is the association constant of strong basic compounds for acidic
phospholipids. [AP] is the tissue concentration of acidic phospholipids. [PR]r and [PR]p
are the concentrations of albumin (for acids and weak bases) or lipoproteins (for neutrals)
in the tissue and in plasma respectively. In Eg. 1.19 and Eq. 1.20, X and Y represent the

degrees of ionization, as described by the Henderson-Hasselbalch equation, and are as

follows:
Monoprotic X =1+ 10pKa-PHIw Y =1+ 10Pka-PHp
bases:
Monoprotic X =1+ 10PHw-pKa Y =1+ 10PHp~PKa
acids:
Neutrals: X =1 (no ionization) Y =1 (no ionization)
Zwitterions: X =1+ 10PKabase=PHiw Y =1+ 10PK%ase=PHp

— 10PHiw—PKaqcia — 10PHp—PKaqcia

where pHiw and pHp, refer to the pH of the intracellular water and plasma respectively.

Ka can be calculated from the red blood cell-to-plasma water partition coefficient
i.e., unbound drug concentration in blood cells (Kpursc), based on the concentration of
acidic phospholipids (AP) in red blood cells (Eq. 1.21) [15]:

1+ 10PKa — 10PHreC
1+ 10PFa—pip ’WVRBC>

(P * fNL,RBC + (03P + 07) " fNP,RBC)] (1 + 10pKa - 10pHp>

K, = [KpuRBC - <

Eq.1.21

1 + 10PKa-PHp [AP~] - 10PKa=PHp
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In Rodgers et al. [14], Kpursc is estimated using the standard equation (Eq. 1.22)

BP — (1 — Haematocrit)
fup - Haematocrit

Kpugpe = Eq. 1.22

where BP is the blood: plasma-ratio and haematocrit value is 0.45.

1.5. PBPK modelling

PBPK models are a mathematical representation of physiological and drug-specific
processes that govern drug ADME. Such models allow simulations of the concentration-
time profiles or pharmacokinetic (PK) profiles of a drug in various body compartments
specified within the PBPK model which aids drug discovery and development and
regulatory decision-making processes regarding optimal first in human (FIH) dose
prediction and trial design, prediction of drug-drug interactions (DDIs), extrapolations of
PK in special population and development of oral formulations, amongst others [78, 124-
130]. The development and implementation of PBPK models have become more
accessible with the availability of user-friendly PBPK software packages such as
GastroPlus® (Simulations Plus, Lancaster, CA, USA), PK-Sim® (Bayer Technology
Services, Leverkusen, Germany) and SImCYP® (Certara,Sheffield, UK), amongst others
[76, 128, 131-134].

1.5.1. Model structure

The full (whole-body) PBPK modelling is particularly suited to integration of
broad knowledge of different origins (e.g., in silico, in vitro, and in vivo) in an
anatomically and physiologically relevant framework for each species (“bottom-up”
approach). For small molecules, the structure of this model consists of compartments
representing individual organs or tissues of the body, interlinked via the systemic blood
circulation (Figure 1.2). For large molecules, PBPK models also include lymph flow and
target-mediated drug disposition (TMDD). Each organ is defined as a homogenous

compartment limited by perfusion rate or permeability rate [1, 135].
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Figure 1.2: Schematic representation of a whole body PBPK model adapted from [127]
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Q refers to blood flow: to the lungs (Quw), the heart (Qre), the kidneys (Qxi), the bones (Quo), the
muscles (Qmu), the spleen (Qsp), the liver (Qna), the hepatic vein (Qny), the gut (Qqu), the adipose
(Qaq), the skin (Qs), the brain (Qur) and the rest of body (Qro).

Assuming tissues are perfusion-limited (well-stirred) compartments, each non-

eliminating tissue can be described by the following equations (Eq. 1.23-Eq. 1.24):

Lung dClung Clung
Viung " ——— = | C — Eq. 1.23
lung dt Qlung venous Kblung q
Other dc; C;
tissues Vi dt =0Q;- (Carterial - K_bl) Eqg. 1.24

where Ciung, Ci, Cvenous and Carterial are the total drug blood concentrations in the lung, the
i"-tissue, the influent venous blood and arterial blood, respectively. Viung, Qung, Viand Qi
are the volumes and blood flows for the lung and each i"-tissue, respectively. Kbiung and
Kb are the tissue-to-blood partition coefficient in the lung and in the i tissue and
represent the tissue to venous blood concentration ratio at steady state. Kb values are

determined from Kpu, the tissue-to-unbound plasma partition coefficients (Eqg. 1.25).

fup
Kb = Kpu-—~
pu-o Eq. 1.25

where fup, and BP are the fraction unbound in plasma and the blood-to-plasma ratio,

respectively.
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When renal elimination (CLgr) is part of the venous compartment, the rate
equations for the arterial blood and venous blood compartments are defined as follows
(Eq. 1.26- Eq. 1.27):

v ) dCartenal Q Clung —C )
arterial dt lung * Kblung arterial Eq. 1.26

d CUETIO‘LLS

Ci
v -—:EQ.-__Q .C —CLg - C
venous dt i Kb, lung " Lvenous R " Lvenous Eqg. 1.27

where Y’ Q; - % includes all the i*" tissues except the stomach, gut, pancreas, and spleen;

Varterial aNd Vvenous are the volume of arterial and venous blood, respectively.
For the liver, the rate equation is defined as (Eq. 1.28):

dClwer Csplan i Clwer

Vliver = Qha arterial T z Qs ) Q )
plan,i liver
Kbsplan i Kblwer

Eq. 1.28
Cllver

— CLintjjper * fup - Kby
ver

where the Qspian,i, Csplan,i and Kbspian,i are the concentration, the blood flow, the volume
and the blood partition coefficient of the i'™ splanchnic organs (stomach, gut, pancreas
and spleen); Qna is the blood flow from the hepatic artery; Ciiver, Qiiver, Viiver, KDiiver are
the concentration, the blood flow, the volume and the blood partition coefficient of the

liver; CLint is the hepatic intrinsic clearance and fuy is the fraction unbound in blood.

The PBPK model parameters can be generally classified into system-specific and
drug-specific parameters. System-specific parameters characterise physiological and
species-related properties (e.g., blood flow rate, organ volume, tissue composition,
enzyme or transporter abundance [incl. genetic polymorphisms], plasma protein
concentrations, haematocrit, etc.). Most of the values for these physiological parameters
for humans and other species (commonly mouse, rats, and non-human primates (NHP))
are available in the literature [136-138]. However, these values usually refer to a
“reference individual” while each of the biological parameters (physiological, anatomical,
enzymatic, and transporters) may significantly vary between individuals and within

populations.

In contrast, drug-specific parameters are the compound’s physicochemical,
biochemical and biopharmaceutical properties and other parameters that are relevant to

the ADME processes of the drug (e.g., binding to blood, tissue-to-plasma distribution
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coefficient, permeability, metabolic rate, etc.) and which generally differ between drugs.
These parameters are generally incorporated into PBPK models by extrapolating them
from in vitro systems to in vivo with the use of physiologically based scaling factors in
the so-called in vitro— in vivo extrapolation (IVIVE) approach [139]. However,
uncertainty in model parameters may exist due to the uncertainty associated with the in
vitro measurements, the prediction errors of inadequate scaling factors or even the

inability to capture the processes in vitro.

1.5.2. Refinement of PBPK models and parameter optimisation

The large number of biochemical and physiological parameters and the associated
variability and uncertainty may be limiting the prediction accuracy of such models [140,
141]. The lack of proper input parameters and misspecifications of the model structure
can result in poor predictions from PBPK models. There should be a balance between
model complexity and available information; it is possible to have a very detailed model,
but the limiting factor is the lack of all relevant parameters to populate it, therefore the
model is structurally adequate but lack of understanding of parameters limits its use. On
the other hand, with simpler models such as compartmental models the system is reduced
into a one- or two- compartment model which lack mechanism and extrapolative power.
Recent regulatory guidance regarding PBPK modelling [142, 143] indicated the need for
addressing the uncertainty of model predictions and required a more systematic approach
for reporting variability and uncertainty in parameter estimates. Indeed, many in silico
methods, in vitro experiments, in vivo and clinical studies often report only point
estimates of physiological and drug parameters without quantification of variability or
uncertainty [144]. Variability refers to diversity of data attributed to environmental or
genetic factors. Variability of the data cannot be reduced, but it can be better characterised.
On the other hand, uncertainty is a variation that is due to errors in the experiment,
measurements, modelling and assumptions of the studied system. Uncertainty can be

reduced through optimization of the experiment with more or better data.

Simulation and prediction using a PBPK modelling approach can begin at a very
early stage of drug development when the plasma concentration data are not yet available
in humans or even in animals. When new data are generated during the development of a

new drug, they could be used to revise the uncertainty and improve the predictive
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performance of the model. Comparison of simulated data to in vivo data is needed to
verify the model assumptions and information about parameters, to refine the PBPK
model and to assess its ability for adequate prediction. If a mismatch exists between the
model predictions and the observed data, additional studies may be performed to enable
a more mechanistic understanding of the reasons for such a difference (Figure 1.3) [145].
If such differences cannot be explained from a mechanistic viewpoint or due to
uncertainties in the initial parameters, it is a common practice to adjust some of these
parameters and fit the model to experimental data in order to improve the PBPK model
performance and optimise uncertain model parameters (“middle-out” approach). The
initial parameters values of the PBPK model (e.g., those based on simple in silico
descriptors or in vitro experiments) can be updated based on the PK data in the preclinical

species; and the new values can be further updated when PK data in humans are available.

Figure 1.3: PBPK modelling strategy in drug discovery and development adapted from [145]
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1.5.3. Parameter identifiability, uncertainty, and sensitivity analysis

In the case of parameter estimation, it is important to test if the model is said to be
structurally identifiable or globally identifiable in that there is sufficient information
contained in the data available and there is a unique correspondence between parameter
values and the observed data [146-149]. As a result, all the parameters to be estimated for
a given model are uniquely identifiable given perfect data. In contrast, if a limited set of
parameter combinations can lead to the same input/output relationship the model is said

to be locally identifiable. Another issue is numerical identifiability, which refers to an
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increase uncertainty in the parameters of the structurally identifiable model given the
observed data.

In early drug development, PK studies are carried out on a small number of
animals exposed to a few administered dose levels and observation periods, range
typically from several hours to several weeks. As a result, observed data is from a small
number of repeated measurements on the same animal or time-course data from animals
sacrificed at different sampling points. Additionally, for a PBPK model to be identifiable,
data from the tissues should be available, but such data are generally not available or
limited to samples at termination of the study. To overcome these issues, generation of
additional data by sampling from additional tissue compartments can be proposed, as well
as improvement of the collected data by considering an optimal design approach to

optimise sample collection [150].

Because PBPK models are parametrised by a large number of physiological and
biochemical parameters, simultaneous estimation of these parameters is rarely performed,
and the fitting process does not usually follow a systematic and formal approach. In order
to stabilise parameter estimation, many parameters are fixed to values that are generally
not completely certain and then only a few parameters are therefore selected and
estimated through mathematical computations, which could result in biased estimates. In
addition, the decision on which parameters to fix and which to estimate is generally
subjective and therefore the final model and model parameters may vary significantly
between different modellers [144, 151].

Before trying to estimate an unknown parameter, it is recommended to perform a
sensitivity analysis in order to determine the influence of the unknown model parameters
on the output [152, 153]. The extent to which a change in the unknown model parameter
affects quantitatively or qualitatively the chosen output depends on how sensitive it is to
the parameter. If improvements in the measurement of the sensitive parameter values are
not possible, the quantitative impact of the error in the input needs to be at least
incorporated into the PBPK predictions. If the PBPK model is too complex with various
compartments and parameters, the system may be over-parametrised and turn out to be
structurally and numerically unidentifiable from the available data. A comprehensive
review of sensitivity analysis can be found in [152, 154] and examples of application in
PBPK modelling can be found in [155-160].
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1.5.4. Lumping of PBPK models

To reduce the high-dimensionality of PBPK models for parameter estimation,
model order reduction techniques can be used [161]. Proper lumping of tissue
compartments is one of the techniques used to derive reduced PBPK models with a fewer
number of parameters [162-165] that retains the kinetic behaviour of the more complex
models. A minimal PBPK model further reduces the number of compartments to just one
or a few compartments with comparable blood flow rates (Jones et al. 2013; Sager et al.
2015). Proper lumping involves lumping together kinetically similar tissue compartments,
each state of the original model can be included in only one of the states of the reduced
model, and therefore parameters can be directly related between original and lumped
models [166]. In the context of PBPK models, a Bayesian lumping method can be of
particular interest; it uses prior knowledge on the original model to construct a prior
distribution for the reduced model parameters and accounts for parameter uncertainty
during the lumping process [165, 167, 168]. Furthermore, physiological parameters that
may be highly correlated with each other should be mechanistically considered when
estimating parameters in a PBPK model, otherwise this may result in biased, imprecise
or biologically implausible parameter estimates [169]. The recommendation would be to
use a physiologically plausible value extracted from the literature for one of them, or to

reparametrize the model in terms of a composite variable.

1.5.5. Parameter estimation approaches

Once the different previously described limitations and methodological issues
related to the fitting of PBPK model are addressed, population modelling can be used to
estimate the PBPK model parameters even when only sparse data are available. In
addition to establishing correlations between parameters and covariates in order to
explain parameter variability, population PK analysis also considers intra- and/or inter-
individual variability in observed concentrations when estimating the parameters [170-
172].

In order to fit PBPK models to observed data, global optimisation methods have
been proposed such as Monte Carlo optimisation and the simplex method [173]. However,

these approaches may lead to unrealistic parameter values for well-established
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physiological parameters (e.g., flows and volumes) due to parameter identifiability issues.
Therefore, using constraints for these bounded parameters is recommended. New
techniques such as genetic algorithms have been developed to optimise many parameters
simultaneously in complex models based on a natural selection process that mimics
biological evolution [174]. Nonetheless, the most frequently used approach is to fix most
of the model parameters to values from literature or experiment, and to only estimate a
small number of unknown/uncertain parameters. These parameters are usually optimised
against PK data by a trial-and-error visual calibration or by more systematic methods
which can quantify uncertainties and variations in the parameters through their interval
estimates. Many methods have been proposed to fit population PK parameters to observed
data.

Nonlinear mixed-effects (NLME) models are more frequently used for the
analysis of PK data and repeated measures over time. Maximum likelihood estimation
(MLE) approaches constitute a large category of methods commonly used in NLME
model analyses. The marginal likelihood density function is proportional to the
probability of observing the data when the model and its parameters are assumed to be
correct [175]. The principle of maximum likelihood is to estimate the model parameter
values which maximise the likelihood of observed data given a specific set of parameters
or effectively minimise the negative logarithm of the marginal likelihood density.
However, for the models that are nonlinear with respect to the parameters, the integral in
the likelihood function does not have a closed form expression and is difficult to compute
exactly [176]. Different algorithms have been developed to apply the MLE approach.
Classical estimation methods such as the first-order (FO), the first-order conditional
estimation with interaction (FOCE) and Laplace, approximate the likelihood [176]. These
linearization methods generally perform well for simple and low dimension models but
may fail to converge and estimated parameters may be very approximate when model are
complex. Other methods have also been proposed such as important sampling EM (IMP),
stochastic approximation expectation maximization (SAEM), and Markov chain Monte
Carlo Bayesian (BAYES). These expectation maximization (EM)-based estimation
methods are more precise in computing the likelihood as they can use a variable step size
to control the error of the approximation. The EM iterative algorithm was first developed
for problems with missing data [177] and each iteration alternates two steps : the E-step
involves computing the conditional expectation of the complete data likelihood given the
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observed data, and the M-step only involves likelihood maximization of the complete
data. This two-step algorithm was applied to nonlinear mixed-effects models considering
the random effects as the missing data [178]. The most commonly used software for
NLME modelling are Nonmem (ICON Development Solutions, Hanover, MD, USA)
[179] and Monolix (Lixoft SAS, Antony, France) [180].

However, caution should be taken when using these approaches for extrapolating
from the estimated parameters and for refining PBPK models because these parameter
estimates are conditional on the values that have been assumed for the fixed parameters
[173, 181]. Additionally, the fitted estimates present a certain level of uncertainty coming
from physiological and drug-specific data or the model assumptions. Consequently, any
extrapolations, conclusions or predictions performed based on these parameters may not
be very reliable especially if only single values are reported for the estimated parameters.
Thus, using these methods is challenging for the refinement of PBPK models because of
their multidimensional nature limiting the estimation of the model parameters
simultaneously. Therefore, the fit of PBPK models to data and estimation of relevant

model parameters will be investigated in this thesis.

1.6. Thesis aims and objectives

The overall aim of this thesis was to develop a systematic framework for integrating
observed preclinical PK data in PBPK model development; for refining model predictions
in animal and to improve the prediction of human drug disposition during drug discovery
and development programme. In order to refine predictions, the intention is to estimate
model parameters when observed PK data are available. The current project proposes a
formal framework for parameter estimation within PBPK modelling, with the specific
focus on drug distribution. It critically examines the sensitivity of model predictions to
key model parameters and highlights the importance of qualitative and quantitative data
for drug-dependant and physiological parameters. It also provides different PBPK models
that could be used for model fitting, parameter estimation and translation. In addition,
several case examples illustrate the application of the systematic framework to estimate
parameters in PBPK models and to perform translation, especially to drive predictions in
human and support the design of first in human studies. This thesis has three result

chapters, each with its own aim and objectives.
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In the first result chapter, Chapter 2, the aim was to identify key drug-dependent and
physiological parameters that influence predictions of Kpu and thus drug distribution in
PBPK models. This study investigated the variability and uncertainty of drug and
physiological values, and their impact on model predictions. The sensitivity analysis work
also aimed at potentially reducing PBPK model dimensionality by excluding non-
influential parameters. This published analysis is presented in Chapter 2 entitled “Global
sensitivity analysis of the Rodgers and Rowland model for prediction of tissue: plasma
partitioning coefficients: Assessment of the key physiological and physicochemical

factors that determine small-molecule tissue distribution”.

Subsequently, different model reduction approaches were investigated in order to
simplify WBPBPK model structure or dimensionality. The aim was to obtain mechanistic
models that have a reduced number of model parameters to estimate and thus facilitate
the estimation process during PBPK model development. This study evaluated the ability
of these investigated models to fit PK data and estimate meaningful Kpu parameters using
the nonlinear mixed effect method. The performance of the investigated models for
estimating Kpu parameters and fitting PK data was assessed using diazepam as an
example. This analysis is presented in Chapter 3 entitled “Investigation of simplified

physiologically based pharmacokinetic (PBPK) models in rat and human”.

Finally, the investigated models were used to fit PK data in preclinical species (rat,
monkey) for three compounds (diazepam, midazolam, basmisanil). The best models were
selected according to criteria which then allow the use of these models for translation to
human. The performance of these models for prediction of human drug disposition was
verified against observed clinical data. The work presented here therefore provides a
framework for prediction of human Kpus and volume of distribution and concentration
time profiles from preclinical data. This study is presented in Chapter 4 entitled
“Prediction of human drug disposition from preclinical data using a ‘middle-out approach’

to physiologically based pharmacokinetic (PBPK) modelling”.
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2.1. Abstract

In physiologically based pharmacokinetic (PBPK) modelling, the large number of
input parameters, limited amount of available data and the structural model complexity
generally hinder simultaneous estimation of uncertain and/or unknown parameters. These
parameters are generally subject to estimation. However, the approaches taken for
parameter estimation vary widely. Global sensitivity analyses are proposed as a method
to systematically determine the most influential parameters that can be subject to
estimation. Herein, a global sensitivity analysis was conducted to identify the key drug
and physiological parameters influencing drug disposition in PBPK models and to
potentially reduce the PBPK model dimensionality. The impact of these parameters was
evaluated on the tissue-to-unbound plasma partition coefficients (Kpus) predicted by the
Rodgers and Rowland model using Latin hypercube sampling combined to partial rank
correlation coefficients (PRCC). For most drug classes, PRCC showed that LogP and
fraction unbound in plasma (fup) were generally the most influential parameters for Kpu
predictions. For strong bases, blood:plasma partitioning was one of the most influential
parameters. Uncertainty in tissue composition parameters had a large impact on Kpu and
Vss predictions for all classes. Among tissue composition parameters, changes in Kpu
outputs were especially attributed to changes in tissue acidic phospholipid concentrations
and extracellular protein tissue:plasma ratio values. In conclusion, this work demonstrates
that for parameter estimation involving PBPK models and dimensionality reduction
purposes, less influential parameters might be assigned fixed values depending on the
parameter space, while influential parameters could be subject to parameters estimation.

67



2.2. Introduction

Physiologically based pharmacokinetic (PBPK) models are complex mechanistic
models which are used during all stages of drug development for various analyses (e.g.,
in vitro-in vivo extrapolation (IVIVE), interspecies extrapolation and predictions of drug
exposure [1-3]). Key parameters in PBPK models are tissue:unbound plasma partition
coefficients (Kpus). They describe the extent of drug distribution in each organ/tissue and
are defined as the ratio of the tissue drug concentration to the unbound plasma
concentration at steady state. In drug discovery and early development stages, Kpus can
also be used to predict the volume of distribution at steady state (Vss), a key
pharmacokinetic parameter describing the overall drug distribution within the body
relevant for selecting the first dose in human and dosing frequency. As in vivo Kpu
measurements require excessive resources in terms of animals’ numbers and bioanalytics
for the large number of compounds considered during drug discovery, these experiments
are not usually performed at this stage. Instead, several approaches have been proposed
to predict Kpu from in vitro and in silico data [4-7].

The models proposed by Rodgers and Rowland [5, 8, 9] are one of the most commonly
used method. In an analysis comparing models to predict tissue:plasma partition
coefficients (Kp), Graham et al. reported that the Rodgers and Rowland (R&R) model
was the most accurate for rat Kp predictions with 77% within three-fold of experimental
values and the second most accurate for rat Vss prediction with 80% within three-fold
[10]. Similarly, for human Vss, the PhRMA consortium reported that the R&R model had
the best prediction accuracy with 78% of compounds within three-fold compared to five
other mechanistic methods [11]. The main assumptions of the R&R model are that drugs
partition into neutral lipids and neutral phospholipids of tissue cells, and also partition
within intra- and extra- cellular tissue water. Additionally, the electrostatic interactions
that form between basic drugs and tissue acidic phospholipids (AP) are incorporated for
compounds with pKa>7, while acids interact with extracellular proteins (PR) and weakly
basic compounds bind predominately to aloumin and neutral drugs to lipoproteins [5, 8].
The R&R model has many input parameters: drug specific input parameters are
experimentally measured or calculated in silico from empirical models; and tissue
composition parameters are set values reported in the literature for an individual or
average subject of the target species. And although sometimes overlooked, variability and
uncertainty do exist regarding the true value of each input parameter for a particular

chemical/bioanalytical assay or a particular group of animals or human population:
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uncertainty in the measured values, lack of information, inter/within species variability,
etc.

During PBPK model development, the Kpus predicted by the R&R model, or similar
models, are usually considered as point estimates to simulate drug distribution into tissues.
Simulations are then typically validated against observed in vivo plasma pharmacokinetic
data from pre-clinical species (namely mice, rat, dog and non-human primates) and
humans. If a mismatch exists additional studies may be performed to enable a mechanistic
understanding of the reasons for the difference. However, if differences cannot be
explained then it is common practice to adjust parameter estimates to fit the experimental
data. The complexity of the PBPK model structure, the large number of input parameters
and the limited data available generally hinder estimation of uncertain or unknown model
parameters. Heterogeneous and subjective approaches for parameter estimation using
PBPK models exist in the literature [12-17]. For instance, modellers generally fit a few
specific Kpus as pharmacokinetic data become available while fixing others subjectively.
This may lead to inaccurate parameter estimates or underestimation of uncertainty, and
overall poor extrapolation. Bayesian methods could be a powerful approach for aiding
parameter estimation of PBPK models [18]. The current work is a first step to reduce
PBPK model dimensionality by assessing the sensitivities and excluding non-influential
parameters (Kpus) and model states (tissue compartments) as recommended by recent
regulatory guidelines [19, 20]. The comprehensive sensitivity analysis (SA) was also
conducted to identify key parameters responsible for variability/uncertainty in predicted
drug distribution (Kpus and Vss).

2.3. Methods

2.3.1. Rodgers and Rowland model
The current work is focussed exclusively on the R&R equations as previous work
had shown that it gave the highest degree of prediction accuracy for Kpu values [21].
More details of these equations can be found in the original articles [5, 8, 9]. The R&R
model includes one equation for the prediction of Kpu for moderate-to-strong bases with
one pKa>7 (EqQ. 2.1) and a second equation for other drug classes (Eq. 2.2):

X - P- 03P +0.7)"
;IW>+wa+< fur + ( Y+ )fNP)

Kpu = (
Eqg. 2.1

" <KaAP ) [AP;]T (X - 1)>
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X'le) + o + <P'fNL + (0.3P +0.7) * fnp

K :(
pu Y Y

) + (Kapg - [PR]7) Eq. 2.2

where P is the octanol:water partition coefficient for all tissues except adipose (vegetable
oil:water). The vegetable oil:water partition coefficient, LogPvo.w, is calculated as:
LogP,,., = 1.115 - logP,.,, — 1.35.

f is the fractional tissue volume and subscripts EW and IW refer to extra- and intra-
cellular tissue water, NL and NP refer to neutral lipids and neutral phospholipids,
respectively ; [AP ]t and [PR]r are the tissue concentrations of acidic phospholipids (AP)
and extracellular albumin (for acids and weak bases) or lipoprotein (for neutrals),
respectively; Kaap and Kapr are the association constants of the drug compound with AP
and either extracellular albumin or lipoprotein, respectively; and X and Y are terms
accounting for the drug ionisation in intracellular water and in plasma defined as follows:
For monoprotic bases: = 1 + 10PK¢~PHiw 'y = 1 + 10PKa~PHp

For monoprotic acids: = 1 + 10PHw~pKa 'y = 1 4 10PHp~PKa

For neutrals: X =Y = 1 (no ionization).

pHiw : pH of the intracellular water (7), pHp : pH of plasma (7.4) [5]

Kaar represents an overall affinity constant for various AP. The model makes the
assumption that Kaap in red blood cells (RBCs) is representative of the Kaap in all tissues.
Furthermore, the model assumes that Kapr determined from the plasma data is
representative of the Kapr in all tissues, where Kapr represents the affinity constant to
extracellular binding proteins. The affinity constants to bind to Kaap and Kapr were

determined from Kpursc or fup data/information using Eq. 2.3 and Eq. 2.4, respectively.

1 + 10PKa—pHrpC
Kasp = [KpuRBC - < Y 'fIW,RBC>
P fyrec + (0.3P +0.7) - fyp rBC
- Yy Eqg. 2.3
( i )
[AP~]gpc - 10PKa-PHraC
K _ 1 1 P * fNLp + (03P + 07) * fNPp 1

where subscripts RBC and P indicate red blood cells and plasma, respectively; pHrac is
the intracellular pH of red blood cells (7.22) [5]; fup is the unbound fraction of drug in

plasma; and Kpurac is the red blood cell:plasma water concentration ratio.
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Kpursc can be determined in vitro or calculated from fup, blood:plasma ratio (BP) and
the haematocrit using Eq. 2.5 [22, 23]:

Haematocrit — 1 + BP
fu, - Haematocrit Eq. 25

Kpugge =

Using these equations, negative values can be obtained for Kaap and Karg, in such a case

the affinity constants are set to zero [9].

By decomposing the R&R model (Eq. 2.1 and Eqg. 2.2), three terms can actually be

distinguished and each can dominate the Kpu outputs under certain circumstances:

X'fIW
Y

Term 1 (( ) + fgw), related to fractional tissue water volumes (fiw, few) and is

only pKa-dependent: it has the greatest relevance if terms 2 and 3 are negligible (e.g.,
high fup - low LogP compound). Under such conditions, the distribution space is the

total water.

P-fyL+(0.3P+0.7)-fyp
Y

Term 2 ( ), related to tissue lipid partitioning (neutral lipids (fnu),

and neutral phospholipids (fxe)) and is LogP- and pKa-dependent: it might be the

most relevant term when Kaap or Kapr are zero.

Kapp:[AP7]1:(X~-1)

Term 3 ( S

or Kapg - [PR]y), related to interactions with tissue AP

(Kaar-[AP]r) or nonspecific protein binding (Kapr:[PR]7), is dependent on LogP,
pKa, fup (and BP for strong bases). It has relevance if partitioning into RBCs lipids or
into plasma lipids is greater than binding to RBCs or to plasma proteins (e.g., low fup

>

. . . (1+10PKa-PHRBC P-fNL,RBCH(0.3P+0.7)-fNp RBC
relative to LogP), i.e. : (T'fIW,RBC)‘l'( v )

Haematocrit—1+BP

P-fNLp+(0.3P+0.7)-prp> >

from equations Eq. 2.3 and Eq. 2.5, 0r 1 + < s

fup-Haematocrit

% from equation Eq. 2.4. Kaap and Kapr in term 3, are deconvolved from expressions
p

for partitioning into RBCs or plasma lipids (fni,rec and fane,rec, Or fnep and fapp) and
interactions with RBCs acid phospholipids or plasma proteins [5, 8]. Therefore, Kaap
and Kapr might be negligible or even become zero when partitioning into RBCs or
plasma lipids determine fu, and BP regardless of LogP: Kpursc and subsequently
Kaap = 0 if BP = 1-Haematocrit; and Kapr = 0 if fup = 1.

Finally, the plasma Vss can be calculated using the predicted Kpu values as follows (Eq.
2.6):
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Vss = > ((Kpui - i) Veissues - (1= ED) + Kptgsc  fity - Vasc + Vytasma  Eq, 26
where Ei and Viissuei represents respectively the extraction ratio and the volume of it tissue
(values used are given in Table S1). Vrec is the volume of red blood cells. Vpiasma IS the
plasma volume, and Vpiasma = 3.15L for a reference man of 70 kg [9]. The tissue volume
Viissue Was calculated as a fraction of body weight (BW) corrected by the tissue density
(kg/L): Viissue = faw x BW/density.

2.3.2. Global sensitivity analysis on drug parameters: PRCC

Global sensitivity analyses (GSA) use a set of samples representative of the
parameter space of inputs to explore the design space which are simulated according to
their distribution functions and possible correlations [24]. Monte Carlo sampling of input
parameters generates output variable distributions to be used in assessing model
uncertainty [25]. Based on Monte Carlo simulations, scatterplots of the tissue Kpus
predicted from the R&R model and each drug parameter were generated in order to
identify visually the relationships between the inputs and outputs (tissue Kpus) which
were all monotonic and mostly nonlinear (Figure Al.2-Figure Al.5).

Partial rank correlation coefficient (PRCC) is a method for GSA based on rank-
transformed linear regression analysis. It is a powerful method to evaluate the statistical
input-output relationships after eliminating the linear influence of other input variables
and when there is a nonlinear monotonic trend between input parameters and output
variables as it requires a non-parametric test of ranked data [25]. It has been demonstrated
that for nonlinear non-monotonic trends, PRCC does not perform as well as variance-
based methods, such as extended Fourier amplitude sensitivity test (eFAST).
Nevertheless, when applied to monotonic trends, combining Latin hypercube sampling
(LHS) [26, 27] with PRCC this methods is robust, reliable and less computationally costly
([28]). Additionally, PRCC can also consider interactions between parameters [29].
Calculated PRCC is a standardised similar sensitivity measure between -1 and 1 that can
be compared among different parameters, with a value of |PRCC] close to 1 indicating the
parameter has a strong impact on the model output. Sensitivity of Kpu predictions to the
physicochemical input parameters, i.e. LogP, pKa, fu, and BP, was investigated for
hypothetical but relevant neutral, acid, weak basic and moderate-to-strong basic
compounds in R v.3.4.2 with Rstudio v.1.0.153 [30]. Zwitterions and multiple charged

compounds were not explicitly considered in this work as in the R&R model they are
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expected to behave like strong bases or acids/weak bases depending primarily on their
most basic/acidic pKa value. For each drug class, a total of 10,000 compounds with
different properties were generated by LHS with the R package “lhs” [31]. Each simulated
set of compounds per drug class was uniformly sampled by selecting values for each
physicochemical drug input parameter from the ranges specified in Table 2.1. The ranges
represent realistic intervals for the drug-dependent parameters [32, 33]. For each
simulated compound, tissue Kpu values were then calculated using the Eg. 2.1 and Eq.
2.2. The input parameter (drug physicochemical properties) and output parameter (tissue
Kpu) values were transformed into their ranks and PRCCs were calculated following the
procedure described previously [28]. The significance of a non-zero PRCC value was
tested using a two-sided Student’s t test [28] as the number of tests performed is large, a
Bonferroni multiple test correction was used [34]. Details of the PRCC analysis are

provided in Appendix Al.1.

Table 2.1: Constrained bounds of drug parameters

Input Neutral Acid Weak Base Strong Base
parameters
pKa - from21to 8 from3to 7 from 7 to 11
LogP from-3t0 6 from -3t0 6 from-3t0 6 from-3t0 6
fup from0.001to1 from0.001tol from0.001tol from 0.001to1
BP from0.55t02.4 from0.55t02.4 from0.55t02.4 from0.55t02.4

2.3.3. Relationship between LogP and fup
Model input variables are typically assumed to be independent for practical reasons,
as non-independent inputs samples are more complex to generate and may need a very
large sample size to compute accurate sensitivity measures. However, the assumption of
independence among input variables may not be appropriate given the nature of the
relationship between, for instance, lipophilicity and plasma protein binding [35-37].
Consequently, several degrees of dependency between LogP and fup, were considered
when sampling the LogP and fu, values:
1) Independence of LogP and fup: LogP and fup was each sampled independently
from its defined uniform distribution with the LHS method.
2) A linear relationship between LogP and fup while investigating different
correlation coefficient p=-0.3, -0.5 and -0.9 following Iman and Conover’s

procedure [38].
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3) A nonlinear empirical relationship between LogP/LogD and fup (p =-0.8 for
neutral basic drugs, p =0.5 for acids) with added noise [35, 39].
The sample size of the GSA for the different degrees of dependency evaluated was chosen
to be the same (N=10,000). Further details regarding the setup of the dependency between
LogP and fup are provided in Appendix Al.2.

2.3.4. Local sensitivity analysis of drug parameters with Vss output

Preliminary analyses based on Monte Carlo sampling of input parameters revealed
that the relationship between the drug input parameters and Kp and Vss was not strictly
monotonic (data not shown), a key prerequisite for the use of PRCC. Consequently, this
type of analysis is inappropriate for investigating the influence of drug input parameters
on Vss output. Alternatively, local sensitivity analyses (SA) were performed investigating
how small changes in one parameter value at a time affect the model output. The
sensitivity coefficient (Sjj) for a definite independent variable X was calculated (Eq. 2.7)
based on the partial differentiation of each output of interest with respect to each model
input parameter [40] and normalised by both the output and input parameter to remove
the influence of units [25]. Sjj quantifies the relative change of the model output at a
relative change of the input parameter (Eq. 2.7). It should be noted that each input
parameter is perturbed to a small extent while holding all other parameters fixed.

S.. = % X &
V= ax 1y, Eq.2.7

where Yi is the model output i, X is the input parameter j.

As drug input parameters influence Kpu and subsequently Vss predictions, a local
SA of the R&R model was carried out with the most and least influential drug input
parameters found from the GSA for each drug class to assess their impact on Vss. Indeed,
some tissues have a small physical volume and therefore may become negligible
contributors to Vss sensitivity despite having sensitive Kpu values. On the other hand,
other tissues can have a large volume and not sensitive Kpu values but be very influential
on Vss. Additionally, tissues with a high drug extraction ratio (close to 1) may have a low
influence on Vss. The sensitivity coefficients depend on the specific set of parameter
values used and the ranges of the input variable were selected to be the same as the ones
used in the GSA (Table 2.1). This analysis was not meant to be exhaustive and to
investigate all possible scenarios. As such, cases of a high lipophilicity-high protein
bound compound (LogP=3, fup=0.01) and a low lipophilicity-low protein bound
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compound (LogP=-0.3, fup,=0.9) were investigated to illustrate the impact on drug types
frequently encountered during drug discovery and development that can influence

significantly drug distribution.

2.3.5. Incorporation of uncertainties in physiological parameters

Tissue composition data originates from a very limited number of studies. This
section investigated how uncertainties in tissue composition data may propagate into Kpu
and Vss predictions. The term uncertainty includes both biological variability (different
sources/animals used to generate the data) and analytical uncertainty. Physiological input
parameters for PBPK models especially tissue composition data are generally fixed to
average values obtained from the literature (Tables S2 and S3) [5, 8, 41, 42]. However,
most studies that focused on collection of human and rat tissue composition data (i.e.,
interstitial, intracellular, and vascular volumes, albumin and lipoprotein concentrations)
reported uncertainties in those measurements [43-48]. The reported coefficients of
variation (CV) varied widely from 2 to 66% depending on the fractional tissue volume
but measurements were often very sparse, with only one individual measurement reported
in certain cases. Measurements could also be inaccurate due to experimental limitations.
Tissue composition data uncertainty can also be due to data arising from subjects of
differing ages, races/strains, weights and sex. Additionally, all physiological parameters
are associated with inherent biological variability in a population (animal or human).
Uncertainties are generally not explicitly incorporated in Kpu predictions. Therefore,
parameter uncertainty and variability in tissue compositions values could have an
influence on the accuracy of Kpu and therefore the accuracy of Vss predictions. The
sensitivity of physiological parameters on drug distribution was explored by
incorporating 30% uncertainty on the following set of input parameters in Eq. 2.1 and Eq.
2.2 (fne, e, fiw, few, [AP ], [AP]rec, [PR]T/[PR]p). Three scenarios were investigated
which included 30% uncertainty on different terms of the equation: (i) all tissue fractions
(fne, fne, fiw, few), acidic phospholipids ([AP]r, [AP]rec) and protein ratios
([PR]+/[PR]p); (ii) all tissue fractions only and (iii) acidic phospholipids and protein ratios
only. This analysis served to identify the most influential physiological parameter(s).
Distributions of fractional tissue volumes had mean values matching the typical average

values used for tissue composition-based models [42] and a CV of 30 % were generated.
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The tissue fractions were assumed to follow logistic-normal distributions to
constrain the values between 0 and 1 [49]. For this, the j normalised fractional tissue
volumes per tissue were assumed to follow a (j+1)-dimensional logistic-normal
distribution which is derived after the transformation of a standard (j+1)-multivariate
normal distribution with mean vector M and variance-covariance matrix X. Examples of
how to generate samples from a logistic-normal distribution were previously reported [49,
50]. It was assumed that F = [f, f2, ..., fi]T~ Nj(M, X ), where F is a j-dimensional vector
that follows a standard multivariate normal distribution with mean vector M defined as a
null-vector of length j, and variance-covariance matrix ¥ defined as a j-diagonal matrix
of 0.0862 (=0.302 in order to have 30 % CV). For plasma, the two normalised fractional
parameters (fne and fn) were assumed to follow a two-dimensional logistic normal
distribution, whereas for adipose, bone, brain, gut, heart, kidney, liver, lung muscle, skin,
and spleen, four normalised fractional parameters (fne, fai, few and fiw) were assumed to
follow a four-dimensional logistic normal distribution. For blood cells, the three
normalised fractional parameters (fne, fni, and fiw) were assumed to follow a three-
dimensional logistic normal distribution. Here, M and X parameters were fixed to generate
population distributions of fractional tissue volumes that have means matching the
average physiological parameter values [42] and a CV of 30% in the logistic domain. On
the other hand, [AP ]+, [AP]rec, [PR]7/[PR], were sampled from a normal distribution
(N(p, o)) where p is the average value given and ¢ is the variance of the associated normal
in order to generate distributions of these physiological parameters with mean matching
the average values and a CV of 30%. Additional details of the incorporation of
uncertainties are provided in Appendix Al.3.

Finally, Kpu values were estimated based on R&R equations (Eq. 2.1 and Eq. 2.2)
for a hypothetical compound of each class (neutral, acid, weak base, strong base) under
the three different correlation assumptions outlined above. Additionally, the analysis was
done according to four case scenarios of LogP and fu, which corresponded to: a
hydrophilic, a lipophilic, a highly bound and a lowly bound compound. These cases
represented examples frequently encountered during drug development (Table 2.2).
Simulations of fractional tissue volumes, [AP-]r, [AP]rec and [PR]+/[PR], ratios
(N=1000 each) and calculation of Kpu and Vss values for each set of simulated tissue
composition values (Eq. 2.1, Eq. 2.2, and Eq. 2.6) were implemented in R. We defined
the effect of uncertainties in input on output as very influential if the CV% on the output
was greater than 10% for a 30 CV% of the input.
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Table 2.2: Simulation case scenarios investigated using sampled fractional tissue volumes and
extracellular proteins levels
Drug CASE A CASE B CASE C CASE D
characteristics
Neutral
BP:1
Acid
pKa:3
BP:0.55 LogP: -0.3 LogP:3 LogP: from-0.3 LogP: from -
Weak Base fup: from 0.001  fup: from 0.001 to 3 0.3t03
pKa:6.5 tol tol fup:0.01 fup:0.9
BP:1
Strong Base
pKa:9
BP:1

2.4. Results

2.4.1. Global sensitivity analysis of drug-specific parameters: PRCC

The drug-specific input parameters used for the Kpu predictions were pKa, LogP,
fup and BP, depending on drug class (Eg. 2.1 and Eq. 2.2). The results of GSA combining
LHS and PRCC with the different relationships between LogP and fup investigated are
summarised in Table 2.3. The interpretation of the results depended on the sampled input
space and on the correlation between LogP and fu, parameters. However, all parameters
were influential and showed statistically significant PRCC values (p-value<0.001 after
Bonferroni correction) except for pKa for adipose and skin Kpus for weak bases ( Figure
AL.7).

When all input parameters were sampled independently, the PRCCs assessment
showed that LogP played a major role in the Kpu predictions for all drug classes,
indicating generally the highest sensitivity of all input parameters (Figure 2.1). The
second most influential parameter overall was fu,. For acidic drugs, it was even the most
influential parameter for a few of the tissue Kpus (heart, kidney, lung and skin) which
represented tissues with a high fractional volume of extracellular water and albumin ratio
(Figure 2.1). For strong bases, fup was actually the most influential input parameter for
most Kpus except for the tissues that displayed the smallest tissue concentration of AP,
namely adipose, bone and brain, where LogP was the most influential input parameter.
For strong bases, BP was found to have a strong impact on the tissue Kpu outputs (Figure
2.1). In general, among the investigated parameters, pKa tended to be the least influential

parameter with absolute PRCC values between 0.18 and 0.72 for acids and strong bases
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during independent sampling of LogP and fup. In general, LogP, pKa and BP were
generally positively correlated with the Kpu outputs across all classes except for the
strong bases where pKa was negatively correlated with the outputs (Figure A1.7). On the
other hand, fup was strongly negatively correlated with the outputs across all drug classes
(Figure Al.6 and Figure AL1.7).

Figure 2.1: Parameter ranking determined by the PRCC of tissue Kpus for each drug class with
different relationships between LogP and fraction unbound in plasma (fup) for neutral and acidic

compounds
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When considering a low to moderate correlation of p=-0.3 or -0.5 between LogP
and fup, the results were similar to the ones obtained where LogP and fu, were
independent, where the sensitivity of Kpu to LogP was the highest followed by fup and
pKa (Figure 2.1-Figure 2.2). However, for acids, fup became a more influential parameter
for some of the tissue Kpus although the difference between the PRCC values of LogP
and fu, of these tissues was actually slight (PRCC < 0.1) (Figure A1.6). For strong bases,
BP became a more influential parameter than fu, for a majority of the tissue Kpus
(maximal PRCC of |0.79|, Figure 2.1).
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Figure 2.2 : Parameter ranking determined by the PRCC of tissue Kpus for weak and strong bases
with different relationship between LogP and fraction unbound in plasma (fup) for weak and

strong bases
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When considering a strong correlation of p=-0.9, a minimal change was observed

for neutral and weak basic compounds where LogP remained the most sensitive parameter

(Figure 2.1-Figure 2.2). For acidic compounds, LogP now had the smallest PRCCs

(between 0.49 and 0.69, Figure 2.1). For strong bases, BP was now the most sensitive
parameter (PRCC between 0.74 and 0.84), followed by fup, (PRCC between -0.56 and -
0.72), LogP (PRCC between 0.02 and 0.34) and pKa (PRCC between -0.04 and -0.31)

(Figure 2.2). When considering a nonlinear relationship where fu, was considered

dependent on LogP, sensitivity ranking was similar to when considering a strong

correlation of -0.9 between LogP and fu,. The exception was for acids where fup was the

most influential parameter (PRCC between -0.76 and -0.92, Figure 2.1). It appeared that

a nonlinear relationship where fu, depended on LogP, the distribution of fu, was mostly

concentrated around its lower range (more than 60% of simulated compounds had an
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fup<0.1) while with a correlation of -0.9 fup stayed uniformly distributed within the whole
defined range.

2.4.2. Local sensitivity analysis with Vss output

Drug input parameters influenced Kpu and subsequently Vss predictions. Figure

2.3A and Figure 2.3B illustrated the influence of these least and most influential
parameters, respectively, on a normalized score of the Vss. For this assessment, two
prototypical compounds, one high lipophilicity-high protein bound (LogP =3, fup=0.01)
and one low lipophilicity-low protein bound (LogP =—0.3, fup=10.9) compound, were
investigated. Although pKa for acids, strong and weak bases and fup for neutrals were
identified as the least relevant, these parameters still had an important influence on the
Vss predictions, especially between pKa of 5 and 9 where acids, strong and weak bases
can be ionised at physiological pH and when plasma protein binding was high (fup <0.1)
as it has an inverse influence on tissue Kpu (Figure 2.3). For neutrals, an increase in
sensitivity of Vss was observed when fup approached 1 ; when considering a lipophilic
compound with LogP=3, the most apparent change was seen between fu, 0.001 and 0.1
while for a hydrophilic compound with LogP=-0.3, it was between 0.9 and 1. In this latter
case of high fup, Kapr Was set to zero as negative values were obtained [9], term 2 became
zero in Eq. 2.2, and term 3 (function of LogP and pKa) was dominant in Kpu predictions
resulting in a sudden change in Vss and a sharp profile. For acidic compounds, a positive
change in the Vss was observed from pKa values ranging from 2 to 7.2 approximately,
and negative change for pKa values between 7.2 and 8 for compounds with high and low
lipophilicity although the normalized sensitivity coefficient at pKa 7.2 was around 6 for
lipophilic acidic compound and only 2.2 for hydrophilic acidic compound. No change in
Vss was observed for weak bases with pKa values between 3 and 5 where compounds are
mainly unionised (78% with < 5% ionisation in plasma) and a positive change was
observed from a pKa of 5 to 6.9 for an unbound hydrophilic weakly basic compound,
while a negative change was observed for a bound lipophilic weak basic compound. In
this latter case, lipid partitioning was greater than nonspecific protein binding (e.g., low
fup relative to LogP), the terms 1 and 3 became negligible in Eq. 2.2 and the term 2
(dependent on a mixture of LogP, pKa, fup) was predominant and decreased as pKa
increased. For strong basic compounds, negative change in the Vss was observed from
pKa 7 to 7.5, a positive change was observed from pKa 7.5 to 10, and no change from
pKa 10 to 11 (fully ionized from pKa > 9.5); the normalized sensitivity coefficient at pKa
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7.5 was -1.5 for free hydrophilic strongly basic compounds and only -0.3 for bound
lipophilic strongly basic compound. In this latter case, the affinity constant Kaap varied

greatly as Kpursc was very high (Eg. 2.1) causing a higher change in Vss.

Figure 2.3. Normalised local SA values (Sij) of Vss with respect to ‘a’ the least influential drug
parameter (fup or pKa) or ‘b’ the most influential drug parameter (LogP or BP).
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fup: fraction of unbound drug; BP: blood-to-plasma ratio

Red line: Compound with high lipophilicity/low binding; Blue line: Compound with low
lipophilicity/high binding. fup was varied in increments of 0.001 from 0.001 to 1; pKa values
were varied in increments of 0.01; LogP was varied in increments of 0.1; BP was varied in
increments of 0.01 from 0.6 to 2.5 for an acid (pKa = 3), a weak base (pKa = 6) and a strong base

(pKa =38)

Compared to Figure 2.3A, the normalized local sensitivity values of Vss to the
most influential drug parameters axis in Figure 2.3B were indeed larger corroborating
that the parameters LogP and BP were considerably more influential. For a strongly basic
compound with pKa=8, LogP=-0.3 and fu,=0.9 (high fup), Kaap was set to zero as
negative values were obtained when BP<fup; consequently term 2 became null in Eq. 2.1,
and term 3 (function of LogP and pKa which were fixed) was dominant in Kpu predictions

resulting in no change in Vss and then a sharp profile when BP>fuy.
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2.4.3. Incorporation of uncertainties in tissue composition
parameters

The impact of uncertainties in tissue composition input data on Vss predictions is
illustrated in Figure 2.4 and the individual results of all tissue Kpu outputs can be found
in Figure A1.8. For all compound classes, the effect of tissue composition data on model
output (Kpu and Vss) was influential as the CV varied up to 43% in Kpu outputs and up
to 32% in Vss outputs when considering a CV of 30% in tissue composition. In order to
identify which parameter was primarily responsible for the observed changes and
sensitivities, three scenarios were investigated.

Firstly, uncertainties of 30% in all tissue composition parameters resulted in the
highest output variability for highly bound strong bases (fup<0.01) with output CVs
between 25 and 45% and between 25 and 32%, respectively, for Kpu and Vss (solid lines,
Figure 2.4C). The CV values in output parameters greater than 30% resulted from the
variability of AP being included at the level of the tissue [AP]r and of the red blood cell
values [AP]rec in Eq. 2.1 and Eq. 2.3 leading to a ratio of [AP]1/[AP]rec with CV%>30
for Kpu outputs (e.g., 41%CV for Kpu lung, 48%CV for Kpu skin). For unbound strong
bases in plasma (fup>0.9, Figure 2.4D) and other compound classes, the influence of
uncertainties in tissue compositions on Kpu and Vss outputs was smaller but still
influential with CVs between 10 and 30%, and 9 and 21% for Kpu and Vss, respectively
(solid lines, Figure 2.4D).

Secondly, uncertainties of 30% in fractional tissue volumes only resulted in
limited output variability with CV of 0 to 30 % for both Kpu and Vss parameters (dashed
lines, Figure 2.4). For the tissue volumes to be influential, the specific and nonspecific
binding of drug needed to be negligible (i.e., high fu, and low LogP). As specific and
nonspecific binding increased, the relevance of the fractional volume terms diminished
(Eg. 2.1 and Eq. 2.2) since they represented only a small proportion of the total tissue
volumes. It should be noted that the adipose Kpu stood out in its behaviour compared to
the other tissues, probably because of the high fractional volume of neutral lipids
compared to other tissues (Figure A1.8A and B).When varying LogP for strong bases at
an fup of 0.9, adding uncertainties in fractional tissue volumes had an impact on tissue
Kpus with CVs between 5 and 28% (dashed lines, Figure 2.4) but resulting in a CV of
16% in Vss predictions possibly due to the errors cancelling each other out (Figure 2.4D).

Finally, uncertainties of 30% in only [AP]r, [AP]rec and extracellular [PR]7/[PR]p

resulted in similar output variability of 30% in all tissue composition parameters,
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especially when fup was low (fup<0.1) (solid and dotted lines were blended, Figure 2.4B),
suggesting that uncertainties in tissue AP and extracellular PR levels data dominated the
changes in Kpu and Vss outputs in this fu, parameter space (an average 43%CV in tissue
Kpu and a CV close to 30% in Vss output). Indeed, the term related to AP and Kaap in
Eqg. 2.1 was set to zero and plasma binding was exclusively driven by nonspecific binding
which explained the observed sharp profiles in Figure A1.8B.

Figure 2.4: Effect of inputting CV30% simultaneously or individually on fractional tissue
volumes and/or all tissue acidic phospholipids (cAP)/ extracellular protein ratios (PR) when
varying fup or LogP on Vss for a hypothetical neutral (red), acidic (green), weakly basic (blue)
and strongly basic (purple) basic compound
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2.5. Discussion

In this paper, global and local SA were conducted to identify the key drug and
physiological parameters of tissue distribution based on the mechanistic Kpu equations
of R&R [5, 8]. These equations were selected as they represent an accurate prediction
tool for Kpu values [10] and mechanistically integrate many of the underlying distribution
mechanisms along with physiological information. However, a similar analysis is of
course applicable to other Kpu mechanistic equations for Kpu predictions as well [4, 7,
51-54]. The decomposition of equations Eq. 2.1 and Eq. 2.2 into three terms in the
Methods section allowed a better understanding of the equations and how uncertainty
propagates into Kpu and Vss when varying drug and tissue composition parameters.
However, several key distribution processes are not considered in the R&R model such
as tissues being divided into interstitial and intracellular spaces with differing pH values
[7], lysosomal trapping [55], microsomal partitioning [56] and active transport across
membranes (e.g., for poorly permeable molecules) and could contribute to the Vss
misprediction.

The GSA combining LHS and PRCC was performed on input parameter ranges
covering a wide parameter space (Table 2.1) [28] and with several degrees of dependency
between LogP and fup. Contradicting reports exist in the literature regarding the
relationship [35, 57-61] or lack of relationship [62-64] between fu, and LogP (or LogD).
Degrees of correlation were selected based on a few nonlinear negative relationships
reported in the literature with correlation values ranging from -0.91 to -0.36 depending
on the investigated dataset of compounds and classes and also the measured or calculated
LogP/LogD term considered [35, 57, 65, 66]. Ultimately, the correlation can slightly
change the sensitivity ranking of the input parameters especially for acids and strong
bases and additional information on correlations between LogP and fu, within the specific
chemotype could be useful as input for the parameter estimation process for these classes.

In the current analysis, different correlations between fup and LogP were
investigated and overall, two patterns could be distinguished: (1) a case with no-to-
moderate extent of correlation and (2) a case with high correlation (Table 2.3). When all
input parameters were assumed to be independent, LogP was generally the most
influential parameter for neutral drugs and weak bases which were predominantly
unionised at physiological pH; while fup, was the most influential input parameter for most
Kpus for strong bases. Given its considerable importance, any errors in computational or

experimental LogP determination can significantly influence Kpu predictions (Figure 2.1).
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A recent study showed that among different LogP methods investigated, the LogP
prediction of the best model against a compound dataset representing pharmaceutical
space was within one log unit approximately 70% of the time [67]. Introducing a
correlation between LogP and fup constrained the sampling space and made it less likely
that term 2 of Eq. 2.1 and Eq. 2.2 became zero; therefore, term 3 became the only relevant
mechanism of tissue partitioning. This attenuated the importance of LogP especially for
acids and strong bases. A correlated sample may be a more plausible combination of drug
input parameters and possibly a better representation of the behaviour of drug compounds
when correlations are known [68, 69]. However, when LogP was uniformly sampled and
fup was calculated using Yamazaki et al.’s relationship [35], the main limitation was that
many of the simulated compounds had a very small fup value (<0.05). This may be an
artefact caused by the large experimental errors of the drugs as the data were compiled
from many different sources [70]. Free fraction can be accurately measured up to 0.1%
(0.001) for highly bound compounds and becomes more uncertain below this value [71].
As fup was identified as a highly influential parameter, uncertainty in its determination is

likely going to contribute significantly to the variability of Kpu and Vss outputs.

Table 2.3: Summary of drug parameter sensitivity and ranking based on the performed GSA

Independently (or low correlation) Correlation of -0.9 or nonlinear
sampled LogP and fu, relationship between LogP and fup
High sensitivity Low High sensitivity Low
parameter sensitivity parameter (overall sensitivity
(overall parameter PRCC >0.5) parameter
PRCC >0.5) (overall (overall
PRCC <0.5) PRCC <0.5)
Neutrals LogP>fu, LogP>fup
Acids LogP>fu,>pKa pKa~fu, >LogP
Weak bases LogP>fu, pKa LogP pKa~fup
Strong bases fu,> BP~LogP pKa BP>fu, LogP>pKa

>: greater sensitivity ranking; ~: similar sensitivity ranking

PRCC analyses only gave ranking of parameter relevance for Kpu values but did
not evaluate the contribution of each input to the output uncertainty. Other GSA methods
including screening methods, variances could be applied although they are more
computationally intensive and the interpretation is difficult in the presence of statistical
dependence between inputs [72, 73]. In contrast to GSA, the local SA assesses the impact
of single parametric perturbations on the model output (Kpus, Vss). Although the GSA
ranking differed from the local SA ranking in certain parameter spaces, this should not be

considered inconsistent as they arise from different design and purposes. The local SA on
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Vss predictions showed that even the least influential drug parameters (based on PRCC)
on Kpu were found to have a relevant influence on the Vss predictions. Particularly when
pKa was around physiological pH where acid, weak and strong bases are unionised and
when plasma protein binding was high (fup <0.1) [9]. On the other hand, the high
sensitivity of Kpu and subsequently Vss to BP illustrates how important it is to measure
this value for strong basic compounds as BP serves as surrogate for drug interaction with
AP in the body (Eqg. 2.3). Therefore, when BP is frequently assumed to be one for strong
bases due to unavailable measurements, it can actually lead to errors in AP drug affinity
calculations and subsequent Kpu and Vss predictions.

Due to the lack of tissue composition data in human especially regarding
concentrations of AP, albumin and lipoprotein ratios, rat data are used instead [9, 42].
However, prediction success of human Vss might be affected by the assumption that rat
and human tissue compositions are the same. Our uncertainty analysis illustrated the
influence of uncertainties in tissue composition data (i.e., tissue fractions, phospholipids
and protein ratios) on Kpu and Vss predictions when a CV of 30% was considered for the
tissue composition values. The choice of CV 30% was a realistic average value as a 5 or
15 CV % had been reported for several fractional tissue volumes and up to 60% for other
fractional volumes in rat and human [43-46, 74]. However, this may inadequately
represent the variability in tissue composition in the general population as a large
interspecies variation can exist in these measured parameters. For example, a fractional
AP content of 0.0004 was found in rat brain, whereas a content of 0.02 was found in
human brain [75]. Moreover, lipid composition of neutral lipids and acidic phospholipids
was shown to differ between species, especially compositions of fatty acids [74, 76],
which may lead to variable interactions with drugs from one species to another.
Alternatively, modelling and simulations in conjunction with imaging techniques (e.g.,
MRI, PET, PET-CT scan) can be used to help characterise tissue distribution in the body
and different tissues [77-79].

Uncertainties in tissue composition are likely going to have a considerable impact
on the success of Vss predictions for all classes and especially for strong bases with low
fup mostly due to the uncertainty in data on tissue specific acidic phospholipid and protein
levels. Further examination by separation of fractional tissue volumes from [AP7] or
extracellular PR revealed that fractional tissue volumes had less impact than AP and
extracellular PR exception for a compound with high LogP and fu, (Figure 2.4). Overall,

this uncertainty analysis indicates that additional research and a better characterisation of
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AP and extracellular PR (albumin and lipoprotein) levels in tissues and plasma would
improve the confidence in Kpu and Vss prediction accuracies across species. However, it
should be noted that this assessment is based on the R&R model, which assumes that
ionised bases interact predominately with AP and uncharged with neutral phospholipids
and neutral lipids. This assumption has been questioned recently [80, 81]. In addition to
model refinements, additional data particularly AP and extracellular PR in the different
tissues will help to reduce uncertainty and obtain more reliable Kpu predictions in the
future.

Finally, for the parameter estimation process, less influential parameters for Kpu
predictions in each drug class might be assigned fixed values depending on the sensitivity
of the parameter space, while influential parameters could be fitted using priors and
uncertainty associated with experimental methods and data. In this work, we found that
the sensitivity ranking depends on the degree of dependence between LogP and fup for
acids and strong bases, therefore this needs to be taken into account when fixing certain

parameters.

2.6. Conclusions

Based on the GSA using a wide range of drug input parameters, the most influential
parameters on Kpu predictions in the R&R model were generally LogP and fup for the
drug-specific parameters.
Uncertainties in tissue composition have a considerable influence on Kpu and Vss
predictions for all classes and especially for strong bases with low fup, mostly due to the
uncertainty in data on tissue specific acidic phospholipid and protein levels.
In the context of parameter estimation for PBPK models and dimensionality reduction,
less influential parameters for Kpu predictions in each drug class might be assigned fixed
values depending on the sensitivity of the parameter space, while influential parameters
could be fitted, for instance using a Bayesian approach, where priors and uncertainty

associated with experimental methods and data are accounted for.
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Chapter 3: Investigation of simplified physiologically
based pharmacokinetic (PBPK) models in rat and

human
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3.1. Abstract

3.1.1. Background

Whole-body physiologically based pharmacokinetic (PBPK) models have many
applications in academic and pharmaceutical research and drug development. It is often
necessary to adjust these models with emerging animal or clinical data, improving model
parameters and making the model more predictive for future applications. This provides
an opportunity as well as a challenge given the large number of parameters in such models.
The aim of this work was to propose new mechanistic models of drug distribution that
reduce the complexity of the PBPK model structure and/or the number of parameters for
optimization. These models are then evaluated for the ability to estimate physiologically
relevant values for unbound tissue to plasma partition coefficients (Kpu) and to simulate

observed pharmacokinetic (PK) data.

3.1.2. Methods
Two approaches are being proposed for this purpose. Firstly, using established
kinetic lumping methods based on tissue time constants and secondly, using clustering
analysis on Kpus to identify tissues sharing common Kpu values or Kpu scalars (i.e.,
scaling factors) based on similarities of tissue composition parameters while maintaining
the PBPK model structure. PBPK models derived from these approaches were assessed
using rat and human PK data of diazepam. Model performance was compared based on

physiological plausibility, visual and numerical predictive checks.

3.1.3. Results

Several models using either of the two approaches were found to have highly
similar abilities to describe IV data compared to empirical models (reasonable fits, good
precision). These included a model with 3 kinetically lumped compartments and several
PBPK models with 3 or 4 common Kpus or scalars (different tissue groupings possible).
Although the clustering analyses produced minor differences in grouping of tissues
depending on the clustering method, kidney and liver were generally grouped together
whereas bone, brain, muscle, pancreas were found more similar. Clustering into 4 tissue
groups appeared more physiologically relevant in terms of tissue composition, with
adipose as a separate group due to its particular composition. For diazepam, these models
described the rat concentration-time profiles well and allowed estimation of
physiologically relevant partitioning coefficients. Additionally, these mechanistic models

produced Kpu estimates that were comparable to experimental Kpu values for diazepam.
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While the kinetically lumped model is useful for compounds with low tissue to plasma
partitioning and when data are available in the species of interest, the PBPK models with
common scalars show more promise for data-driven PK studies for a wider set of drugs

and for interspecies translation.

3.1.4. Conclusions
A new method of combining tissues (a priori lumping), based on their constituents
has been proposed and assessed. For diazepam, the best model (generally, the model with
scalars using k-means clustering) captured the plasma PK profile well and the predictions
of tissue concentrations were consistent with available measurements in rat, suggesting
the potential use of these models for inferring tissue distribution based on plasma
concentration-time data alone. These methods enable PBPK translation from preclinical

species to human (see Chapter 4).
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3.2. Introduction

Pharmacokinetic (PK) models describe the drug concentration within the body as
a function of time. They cover models with various degree of complexity, from simple
empirical models such as non-compartmental and parsimonious compartmental models,
to semi-mechanistic and more complex whole-body physiologically based
pharmacokinetic (PBPK) models [1]. Empirical models are frequently built based only
on the observed PK data without the need for prior knowledge of the system. These
models can describe available data well but may have limited utility due to a lack of
physiological mechanisms and consequently lack extrapolative power. On the other hand,
whole-body PBPK models are particularly suited to integrate knowledge of different
origins (e.g., in silico, in vitro, and in vivo) in an anatomically and physiologically
relevant framework. PBPK modelling provides a powerful tool for integrating preclinical
data into human PK predictions [2, 3]. Although PBPK models become more and more
informed as knowledge about the drug and the system increases, numerous and often
untested assumptions are inherent to these models. When observed PK data become
available certain PBPK model parameters can be optimized by combining the bottom-up
and top-down approaches [4]. Yet, the high dimensionality and the complexity of PBPK
models, as well as the limited amount of data available (e.g., plasma or blood observations
only and relatively sparse sampling) may limit the simultaneous estimation of the large
number of parameters due to computational and numerical issues, as well as kinetic
processes being missed as they unfold too rapidly. In order to stabilise PBPK parameter
estimation, many parameters are fixed to typical values and then only a few selected
parameters are estimated through mathematical computations, which could result in
biased estimates. In addition, the decision on which parameters to fix and which to
estimate is often subjective and therefore the final model and model parameters may vary
significantly between different modellers [4, 5]. Indeed, each modeller visualises a model
from a different perspective, each one of these models may be valid to describe the data,
and equally none of them may be correct. Consequently, PBPK models are not often used
for data-driven PK analysis compared to empirical compartmental models.

Several lumping approaches have been proposed to reduce the dimensionality and
complexity of whole body PBPK models by aggregating model states (here, tissue
compartments) or parameters. Formal or proper lumping is a method of model reduction,
where each state of the original model contributes to only one state of the reduced system.

Nestorov et al. were the first to incorporate lumping principles in PBPK modelling,
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consisting on lumping tissues with identical structural positions (serial or parallel
connection) and similar Kinetic properties (time-constants), and applied them for
barbiturates in rats [6]. The reduced model with lumped compartments retains the kinetic
behaviour of the original model, and the associated parameters maintain their meaning.
An algorithm for proper lumping was proposed by Dokoumetzidis and Aarons, which is
automatic and can be applied to PBPK models [7, 8]. Similarly, Pilari and Huisinga
proposed an algorithm for lumping tissues with similar Kinetics (normalized
concentration-time profiles) to obtain simplified perfusion and permeability rate limited
PBPK models, which was applied to 25 small molecules [9]. Other examples of lumping
compartments to simplify PBPK models exist in the literature [10-12]. Additional model
reduction approaches, such as global sensitivity analysis and balanced truncation, have
been suggested for reducing PBPK models [13, 14]. However, kinetic lumping
approaches have to typically be tailor-made for each new compound as they are generally
only valid locally for a specific set of parameter values [15].

The limitation of drug-dependence in model reduction might be overcome by
using a general simplified PBPK model. A few generalized minimal PBPK models have
been proposed as simplification of whole-body PBPK for estimation of physiologically
relevant PK parameters without tissue concentration data available and for interspecies
extrapolation but showed some limitations and did not include mixed effects [16-18].
Using lumping principles, Arundel proposed a multi-compartmental approach with 2-
blood compartments and 6-tissue groups which are each characterised by its time constant
defined as the disappearance rate from a tissue [17]. It was found that for each lumped
tissue group, the product of tissue time constant and volume of distribution at steady state
(Vss) was relatively constant except for adipose tissue for a range of 10 structurally
diverse compounds. Therefore, based on the Vss obtained from plasma concentrations,
tissue time constants and consequently tissue partition coefficients (Kp) can be estimated.
This approach, however, cannot be applied for the adipose Kp. Cao and Jusko proposed
minimal-PBPK models with two- or three tissue compartments and applied them for
capturing the blood (or plasma) profiles of 27 drugs from four different therapeutic classes
[16]. In these hybrid models with properties in between whole-body PBPK and
compartmental PK models, venous and arterial blood compartments are separated, and
tissues are lumped separately. Physiological restrictions are integrated on blood and tissue

volumes and on fractions of cardiac output. However, the lumped tissues remain
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empirical tissue compartments and independent Kps cannot always be identified for each
tissue.

The purpose of this work was to investigate generalised approaches for the
simplification of PBPK models that can be easily used for PK studies, translation of PK
properties from animals to humans and even population PK analysis. The proposed
models should be mechanistic allowing separation of system- and drug-specific
parameters and the model parameters can be estimated without tissue concentration data.
This approach could thus allow the optimisation of a PBPK model when Vss is not well
predicted from a bottom-up approach with Rodgers and Rowland (R&R) model. An
evaluation of these simplified PBPK models will be shown for diazepam. These models
could be applied for the prediction of human PK from preclinical data. The approach with
these models retains physiological interpretability and can be performed a priori, e.g., in

the absence of data in human.

3.3. Methods

In this section, PBPK models are classified into 3 categories, as shown in Figure
3.1: (1) Whole-body PBPK model, (2) kinetically lumped model with 3 compartments,
(3) kinetically lumped model with 14 compartment and common physiology. (2) and (3)
are simplified PBPK models proposed in order to limit the number of parameters for
estimation and yet maintaining physiological aspects of the whole-body PBPK model.
They are two clearly distinct approaches: kinetically lumping reduces the complexity of
the model from a mathematical point of view; whereas in contrast, steady-state
commonality in drug partitioning, reduces the number of parameters needed in the

complex model.
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Figure 3.1: Approaches investigated for simplifying a whole-PBPK model

Whole-body
PBPK model
Commonality assessed on:
Kinetically Steady-state commonality — a. similarity in tissue composition
lumping in drug partitioning b. similarity in normalised Kp data**
Lumped 3 14 compartment i s
compartment PBPK model (2) With common Kpus** (2.1)

(assumes same Kpus per species)

\ With common scalars (2.2)

(assumes similar bias from RR
predicted Kpus values across
species)

model* (1)

*different lumped model per species unless assuming they have the same model structure
**applicable to rat and to human only under the assumption that Kpus are the same between species

3.3.1. Whole-body PBPK model

A typical whole-body PBPK model for small molecules used for animals to
human PK predictions is shown in Figure 3.1 [6, 19, 20]. In this model, compartments
represent individual organs or tissues of the body, connected via the systemic blood
circulation. Commonly, there are two blood compartments (arterial and venous) and 14
tissue compartments (lungs, heart, kidneys, bone, muscle, brain, adipose, skin, spleen,
pancreas, liver, stomach, gut, bones and rest of body), which makes 16 states in total.

Assuming tissues are perfusion-limited (well-stirred) compartments, each non-

eliminating tissue can be described by the following equations (Eq. 3.1-Eq. 3.2):

dCryng _ Clung
Lung Vlung : T = Qlung "| Cvenous — Kblung Eg. 3.1
dc; C;
Other A --(c _ __l>
tissues Lt Q; arterial Kb; Eg. 3.2

where Ciung, Ci , Cvenous and Carterial are the total drug blood concentrations (mg/L) in the
lung, the i-tissue, the influent venous blood and arterial blood, respectively. Viung, Qiung,
Vi and Qi are the volumes (L) and blood flows (L/min) for the lung and each i-tissue,
respectively. Kbiung and Kb are the tissue-to-blood partition coefficient in the lung and in
the i'" tissue, and represent the tissue to venous blood concentration ratio at steady state.
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When renal elimination (CLR) is part of the venous compartment, the rate equations for
the arterial blood and venous blood compartments are defined as follows (Eq. 3.3-Eq.
3.4):

v dCarterlal Clung —C
arterial dt lung Kblung arterial Eg. 3.3
Eqg. 34
Vvenous ) venous Z QI. Qlung Cvenous — CLR " Cyenous

where Y Q; - K—;_ includes all the i™ tissues except the stomach, gut, pancreas and spleen;

Varterial @Nd Vvenous are the volume of arterial and venous blood, respectively; CLr is
calculated as the fraction excreted (fe) of the total blood clearance (L/min) and values of
fe are reported in Table 3.2. Plasma concentrations can be derived by dividing Cvenous by
the blood-to-plasma ratio, BP.

For the liver, the rate equation is defined as (Eqg. 3.5):

dClwer _ Csplanl Clwer
Viier *——7— = Qna " Carterial + Qsplanl ’ m — Quiver - Kblwer
Eqg. 35
CLint fup - Cuiver
- li b
wer Kbliver

where the Qspian,i, Csplan,i and Kbspian,i are the concentration, the blood flow, the volume
and the blood partition coefficient of the i splanchnic organs (stomach, gut, pancreas
and spleen); Qna is the blood flow from the hepatic artery; Ciiver, Qiiver, Viiver, KDiiver are
the concentration, the blood flow, the volume and the blood partition coefficient of the
liver; CLint is the hepatic intrinsic clearance (L/min) and fus is the fraction unbound in
blood. In addition, assuming the liver is represented by a well-stirred model, the blood
hepatic clearance (CLn) can be related to its intrinsic clearance and extraction ratio (ERH)
[21]:

Quiver fub - CLintjyer
" Qliver + fub ) CLintliver liver H Eq 36

Kb values are a function of drug and species-specific parameters. Kb is determined from
Kpu, the tissue-to-unbound plasma partition coefficient (Eq. 3.7). Kpu values are key
components for the characterization of the rate and extent of drug distribution into
different tissues in the body and reflect the degree of tissue distribution attributed to

processes such as protein binding, lipid interaction, lysosomal trapping, etc. [22-27].
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fup
Kb = Kpu - —
pu BP Eq. 3.7

where fup, and BP are the fraction unbound in plasma and the blood-to-plasma ratio,
respectively.

The Rodgers and Rowland (R&R) model was selected as it was demonstrated to
be the most accurate in a study comparing multiple tissue:plasma partition coefficient
prediction methods [28]. Rodgers et al. proposed two mechanistic equations for
predicting Kpus: one for moderate-to-strong bases and group 1 zwitterions (at least one
basic pKa>7) [23], and another for acids, very weak bases, neutrals and group 2
zwitterions (no basic pKa >7) [24].

Tissue blood flows and volumes are species-specific parameters. Blood flows and
tissue volumes were calculated for a standard 70-kg man and for a standard 250-g-rat
(Table A2.1). The volume of distribution at steady state based on whole blood (L) can be
calculated as (Eq. 3.8):

Vss, b = Voenous + Varteriat + Z Kb;-V;- (1 - ERy) Eq. 3.8

where Vi is the volume of the i"-tissue, and Kbi and ER; are respectively its tissue-to-

blood partitioning coefficient and extraction ratio.

3.3.2. Lumped PBPK model with 3 compartments
For an extensive description of lumping principles adopted in this section, the
reader is referred to a previous publication [6]. The main rule is that only tissues with
identical model specifications (i.e., connected in parallel or in series) and with similar
time constants, can be grouped together. Time constants (T) are defined as follows [6]
(Eqg. 3.9-Eq. 3.11):

Eliminating tissue (i.e., T, = Vi - Kb; Eq. 3.9
liver) Qi + fup " Cling, g
Vi " Kbl
Non-eliminating tissue T; = 0 Eq. 3.10
L
. V.
Arterial and venous T = L
blood T Eq. 311

To lump serial tissues (splanchnic and liver), they should have low time constants,
i.e., equilibrate very rapidly with each other (rapid equilibration condition). For example,

the lungs, venous and arterial compartments could be lumped as one ‘central’
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compartment since they are connected serially and have similar low time constants (Table
3.1). This assumption holds in many cases except if lungs depict a deep compartment for
a particular compound (i.e., high Kbiung value) or if sampling in very early time events
are of interest [6]. Therefore, this transformation illustrated in Eq. 3.12 was applied for

all the models proposed in this work.

Table 3.1: Tissue time constants for a reference man (70kg) and rat (2509)[29-33]

Tissues Human Rat
Time constant * Rank Compar- Time constant * Rank Compar-
(min) ** tment (min) el tment
Adipose 53-5*Kbadipose 16 3 3-4O*Kbadipose 2
Bone 17.8*Kbpone 14 2 0.53*Kbpone 7 1
Brain 1-92*Kbbrain 10 2 0-83*Kbbrain 11 2
Gut 1.92*Khgu 9 2 0.59*Kbygu 9 1
Heart 1.35*Kbheart 7 2 O.ZO*Kbhean 5 2
Kidney 0.296*Kbkidney/(1.11+fub*CIintki 3 2 1.76*Kbkidney/(11.72+fub*CIintki 3 2
dney) dney)
Liver 1.67*Kbyjiver (1.49+fub*Clintiver) 6 2 8.47*KDbyjiver/(12.55+fub*Clintjiver 10 2
)
Lung 0.088*KDbjyng 1 1 0.014*Kbjyng 1 1
Muscle 27-:l-*Kbmuscle 15 2 4'-Z:I-*Kbmuscle 14 2
Pancrea 1-61*Kbpancreas 8 2 0-51*Kbpancreas 6 2
S

Skin 8.55*Kbsyin 13 2 9.49*Kbsin 16 3
Spleen 1.00*KDbspieen 5 2 0.58*KDbigpicen 8 2
Stomach 2.42 *KDsomach 11 2 1.02*KDstomacn 12 2
RoB 3.99*Kbros 12 2 3.87*Kbgros 13 2
Avrterial 0.228 2 1 0.079 2 1
Venous 0.683 4 1 0.157 4 1

* The term time constant is defined in Eq. 3.9-Eq. 3.11
** Ranking of time constant from lowest to highest value and assuming Kb=1 and Clint=0

To lump parallel tissues, they should have similar time constants (similarity
conditions). As a rule of thumb, larger tissues with time constants not differing by more
than 50-60% from each other may be considered as kinetically equivalent and can be
lumped together, while lumping of smaller tissues can be extended to an order of
magnitude [6]. A three-compartment model was chosen for the structure of the lumped
model in order to be simply adapted and reduce computation times in PK modelling
software. This model specification implies a rapidly equilibrating (central), a moderately
equilibrating (peripheral 1), and a slowly equilibrating (peripheral 2) compartment.
Tissues were attributed to one of the latter two compartments (rapidly-to-moderately or
slowly equilibrating) depending on the percentage difference and magnitude of the tissue
time constants (Table 3.1). A closed form solution can be derived (see Appendix A2.2)
facilitating and expanding the use of this model with computationally intensive method
such as Bayesian estimation methods. This model was implemented with the ADVAN11
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subroutine and TRANS1 parameterization in NONMEM 7.3 (ICON Development
Solutions, Hanover, MD, USA) [34].

In the situation where elimination is considered part of the central compartment
(arterial, venous blood and lungs), the rate equation is defined as (Eq. 3.12):

d Ccentral
Vcentral dt

_ Qpl ) Cpl sz ’ CpZ _0Q ] Ceentrai —CL
Kbpl Kbpz central Kbcentral blood Eq_ 3.12
. Ccentral
Kbcentral

Where Ccentral, Cp1, Cp2 are the venous blood total drug concentration in the central, the
peripheral 1 and peripheral 2 compartments, respectively. The blood flow Qcentrar and the
volume Veentrai OF the central compartment are defined as Qcentrar=cardiac output and
Veentral= VarterialtVvenoust Viung ; Kbeentrar 1S defined as the blood tissue-to-plasma
partitioning coefficient of the central compartment and corresponding to
(Varteria+Vvenous*Viung KBiung)/ (Miung+Varteria+Vvenous); Qp1 and Kby are the blood flow and
blood tissue-to-plasma partitioning coefficient of all tissues in the lumped peripheral 1
compartment; Kby is weighted by the following volume (ZVi-Viiver-Viidney) + Viiver (1-
CLH/Qiiver) + Vkidney (1-CLRr/Qrenar))/ZVi Where i includes tissue lumped in the peripheral
1 compartment; Qp2 and Kby, are the blood flow and blood tissue-to-plasma partitioning
coefficient of all the tissues in the lumped peripheral 2 compartment; CLpiood is the total
blood clearance and corresponds here to the sum of the hepatic and renal clearance (CLn
and CLg, respectively). It should be noted that the clearance is from the central
compartment although it does not contain an eliminating organ, however this renders the
lumped model similar to a model with 3 compartments where elimination is central.
Additionally, individual concentrations profiles (venous, arterial and lung) can be derived
as follows (Eq. 3.13-Eq. 3.14):

% . dCarterial -V . deenous
arterial — 3,  — Yvenous ~— 3,
dt dt
_ dCcentral ) 1 Eq.3.13
dt Varterial + Vvenous + (Vlung ' Kbcentral)
vV . dclung — dCcentral . 1
fung dt dt (Varteriar + Voenous) +V Eg. 3.14
K bcentral tung
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And for each of the lumped peripheral compartments 1 and 2, the rate equation is defined
as (Eq. 3.15-Eq. 3.16):

vV _del — Q . Ccentral _ Cpl

Pt dt Pt Kbcentral Kbpl Eq. 315
vV _deZ — Q . Ccentral _ sz

Pz dt Pz Kbcentral Kbpz Eq. 3.16

Where Qpi= Qi and Vpi= XVi. Qi and Vi are the blood flow and volume of the i"-tissue
lumped in the peripheral 1 compartment; Qp= 2Qj and V2= XVj. Qj and V; are the blood
flow and volume of the j"-tissue lumped in the peripheral 2 compartment.
The volume of distribution at steady state based on whole blood (Vss,b) can be calculated
as (Eq. 3.17):

Vss,b = Veentrar + Vp1 + Vpz Eq. 3.17

3.3.3. PBPK model with common Kpus or common scalars

Compared to the previous lumped-PBPK model, the 14 compartmental PBPK
model with common Kpus or scalars only makes the kinetic assumption that the lung,
venous and arterial blood equilibrate quasi instantly which is valid in many cases unless
the Kbiung value of the particular drug is high or its very early time events are used [6].
The term ‘PBPK model” will be used from now on to refer to the 14-compartmental PBPK
model (model 2 in Figure 3.1). Derivation of this model into differential equations is
provided in Appendix A2.2. This PBPK model is primarily based on steady state
similarity in drug partitioning into tissues while individual tissue blood-flows and
volumes are preserved. In the PBPK model with common Kpus (model 2.1 in Figure 3.1),
similar tissues are assumed to share a similar value of Kpu. While in the PBPK model
with common scalars (model 2.2 in Figure 3.1), tissues are assumed to have their Kpu
values (e.g., predicted from R&R model) and share a similar tissue-scaling factor
(referred to scalar) which is a drug-specific scaling factor (Eq. 3.18):

Kpu; = Kpuprearr,i - SF Eq. 3.18

Where Kpui is the true value of Kpu for tissue i whereas Kpupredrri is the Kpu predicted
using the R&R model and SF is the scaling factor for the tissue i.

A global sensitivity analysis showed that tissues could behave similarly in terms

of Kpu across different compounds with different properties, suggesting grouping of
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correlated tissues [35]. For identifying groups of tissues that share commonality in steady-
state drug partitioning, clustering analyses were performed. A clustering analysis aims to
group observations of a given dataset into mutually exclusive groups (clusters). Therefore,
observations within the same group are as similar as possible while observations from
different clusters are as dissimilar as possible. Many clustering algorithms have been
proposed and fully described in the literature [36, 37]. Among them, the k-means
clustering and hierarchical clustering are the most widely used. Given the utility and
limitations of each method (detailed in Appendix A2.3), both clustering methods were
ultimately explored in the current analysis. Briefly, both methods cluster elements by
minimizing the distance between elements and a centroid measure for the former [37-39],
and by analysing the dissimilarity (or similarity) between each observation for the latter
[40]. The tissue similarities were assessed using two different datasets (Figure 3.1): (a)
tissue composition data (rat and human) or (b) normalised in vivo Kp values (rat data
only). More details about the clustering analysis can be found in Appendix A2.3.

Clustering based on tissue composition data

Species tissue composition data were first standardized (z-score standardization)
to identify clusters of observations with the same overall profiles regardless of their
magnitude. Based on previous work [35], acid phospholipids and extracellular protein
levels were found to be more influential on Kpu outputs predicted using the R&R model
and consequently should be assigned a higher weight, so that it would influence the cluster
formation more than other tissue component variables. To include this effect, each
standardized variable was multiplied by a higher weight for acid phospholipids and tissue
proteins (i.e., albumin and lipoproteins) than for other variables (a weighting factor of 2
and 1 was respectively considered after investigating several scenarios of weighting in
tissue composition). The k-means and hierarchical clustering methods were applied to
classify the tissues clusters using the R package ‘stats’ [41]. For the k-means clustering,
the tissue Kpu were preferentially grouped into 3 or 4 clusters and the algorithm was
executed 50 times with different initial centres for better stability and to avoid local
solutions, and 10 iterations were typically sufficient for convergence. The hierarchical
clustering was applied with Euclidean distance as the distance metric and Ward’s method

as the linkage method, and 3 or 4 clusters were determined subsequently.
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Clustering based on normalised rat steady-state Kp data

Similarly, a hierarchical clustering analysis was performed using available
experimental Kp data for identifying groups of tissues that share similar Kp outcomes
because of physiological similarities in tissues or as a consequence of multiple processes
leading to similar results. However, this approach using experimental Kp data is not using
the R&R model by including all mechanisms of tissue partitioning and binding (known
and unknown) and not only the known mechanisms included in the R&R model. In vivo
Kp values have been previously determined experimentally in rat and collected for
various compounds [23, 24, 42, 43]. The dataset of rat Kps collected from the literature
was composed of 107 compounds (71 strong bases, 9 weak bases, 21 acids and 6 neutrals),
48% of the Kp values are missing (Table A2.6). The missing Kp data in the different
tissues ranged from 17% (muscle) to 85% (pancreas). Much research has been performed
on the issue of missing data, but it is not in the scope of this work. To address the problem
of clustering data with missing values, the method of multiple imputation combined with
clustering was used [44, 45]. 100 imputed datasets were created, and each data set was
then analysed by hierarchical clustering as described in the previous section (with 3 or 4
clusters). After adjusting for the labelling of cluster assignments, the tissues were
assigned to clusters based on the most frequent cluster assignment per tissue among the
100 datasets. Multiple imputation was performed using the R package ‘mice’ [46].
Predictive mean matching is the default modelling method in the mice package and was
used for imputation [47]. The choice of m=100 iterations was adopted [45]. Imputed Kp
values were normalised by Vss to avoid compound bias in the analysis which was tested,
and no clear trend existed between normalised Kps and compound specific properties
(pKa, BP, fup, LogP). Alternatively, hierarchical clustering could have been used directly
as it has the ability to cluster even when missing values are present by still obtaining a
full distance matrix. However, this can lead to some information bias as one distance
between two observations is calculated based on many variables while another distance
between two other observations may be based on only a few variables. Additionally, it
was found that the classification by hierarchical clustering with missing values was not
accurate with 48% of values missing for this type of multivariate data even when full

information is given [44] and consequently, this method was not used.
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3.3.4. Diazepam data

The models were fitted to diazepam PK data in rat and human. Individual and
average PK profiles following intravenous administration were available in humans
(N=35 profiles) and in rat (N=6 profiles). Concentration-time data in plasma, blood or
serum were digitized using WebPlotDigitizer (version 4.2,
https://automeris.io/WebPlotDigitizer). The majority of the PK profiles represent mean
profiles except for a few studies which reported individual profiles (details can be found
in Table A2.4 and Table A2.5). Physicochemical and in vitro PK data for diazepam are
summarized in Table 3.2.

Table 3.2: Physicochemical properties and in vitro PK data of diazepam

Human Rat
LogP pKa fup BP fe fup BP fe
e e e e
280¢ 340 0009 0.559° g ooose 91 0.836° " 0 00g°

(0.014-0.032)¢ (0.65)¢ (0.03-0.15)* (1-1.19)°
pKa: acid dissociation constant; LogP: n-octanol/water partition coefficient; fup: fraction
unbound in plasma; BP: blood-plasma ratio; fe: urinary excretion

aFrom [30]; ® From [31]; ¢From [32]; ¢ From literature [48-53]

¢ fup and BP were measured internally (details can be found in Appendix A2.4).

3.3.5. Data analysis

The suitability of the proposed models was explored: (1) to be able to fit data, (2)
to produce meaningful Kpu values (which can be compared in rat as experimental data
are available) and (3) to provide a suitable model structure for translation as a potential
application.

The investigated models were fitted to the human and rat PK data and their model
parameter values were estimated using the first order conditional estimation with
interaction (FOCE-1) method as implemented in NONMEM v7.3. The FOCE-I method
allows for interaction between inter-individual variability (I1\VV) and residual variability,
and it is fast to converge for simple structured models [54, 55]. The following general
model was fitted to the data (Eq. 3.19):

Yy =f(6uty) (1+ &) Eq. 3.19
where Yi;j is the observed data for study i at time tj, f is the structural model, which is
identical for all the individual studies, 0; is the vector of p individual PK parameters for
the individual i, and &;j is the residual error. An exponential model was used to account
for I1V. Inter-study variability (ISV) is confounded with 11V due to the pooling of studies
and may over-estimate 1V if ISV is high [56]. For the k™" parameter : 8;, = u - exp (ix)
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where p is a vector of fixed effects parameters representing the typical population
parameter values and n; is a vector of random effects for individual study i. The random
effects are assumed to follow a multinormal distribution with mean 0 and variance Q ,
N(0, ©2). Q is the p x p variance-covariance matrix of the inter- individual variability. The
residual variability was modelled using a proportional error model and &jj iS assumed to
follow a normal distribution with mean 0 and variance 2, N(0, 6°).

Models were evaluated using standard goodness-of-fit (GOF) diagnostics, numerical
evaluation and decrease in objective function value (OFV, approximated by —2*Log
Likelihood) [57]. Model comparison was made using the Bayesian information criterion
(BIC) due to changes in the structural model. Biological plausibility of parameter
estimates was also evaluated and checked with consistency to existing data, in particular
rat Kpu values of diazepam available from the literature (Table 3.3). Following an
analysis based on the large dataset of rat Kp where distributions of Kpu prediction success
using R&R model were characterized (not shown), it was found that 95% R&R Kpu
predictions would be within approximately 21-fold error. As a result, a 25-fold under/over

predictions can be considered unlikely given the available data.

Table 3.3: Rat Kpu values of diazepam

Tissue In vivo Kpu* Kpu predicted by RR

Lung 29.93 28.17
Splanchnic 22.67 53.77
Stomach 31.93 53.77
Pancreas NA 35.88
Liver 57.27 38.32
Bone NA 60.69
Brain 13.53 51.06
Heart 35.87 29.17
Kidney 31.07 32.14
Skin 19.67 52.5
Muscle 24.47 23.81
Adipose 140 55.99
RoB 24.47 23.81

*Kpu values were calculated after adjusting the Kps by the fup and BP reported in the study [58]
Rob: rest of body

A common study design was simulated using the R package ‘RxODE’ [59]
allowing the comparison of the performance of the different models since reported studies
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have different designs. Observations in human and in rat were simulated from a reference
model (structure, parameter estimates, and associated uncertainty) which was the
compartmental model (two compartments in human and three compartments in rat) fitted
to describe the diazepam data. For each species, 1,000 drug concentration-time courses
were simulated for a single 1V dose of diazepam and infusion rate to achieve a steady
state plasma concentration determined by the drug elimination rate. A 16.1h infusion of
10 mg in man and a 4.3h infusion of 1mg in rat were chosen to best illustrate the different
kinetic phases. The predictions using the different investigated models (structure,
parameter estimates, and associated uncertainty but the clearance value was fixed to the
one from the fitted empirical model) were superimposed onto the simulated observations
to obtain a visual display of the investigated models’ ability to describe the data. The
median Vss,b predicted from the investigated models (Eg. 3.8 and Eq. 3.17) were
compared against the median Vss,b simulated ‘observed’ from the fitted empirical model,
and median concentration profiles were compared by calculating the root-mean-square
error (RMSE, Eq. 3.20) to assess the precision of the predictions, with lower RMSE value

representing greater precision of the model:

PRED, — OBS,)?
RMSE = jZ( : ) Eq. 3.20

n

Where OBS: is the median ‘observed’ concentration value at time t and PRED:; is the

median simulated concentration at time t, and n is the sample size.

3.4. Results

3.4.1. Lumped PBPK model with 3 compartments

The first approach for simplifying PBPK models was mainly to lump tissue
compartments with similar kinetics. The time constants of the tissue compartments and
their ranking (with Kb=1 and CLint=0) are shown in Table 3.1. In rat, rest of body, muscle
and adipose were considered large tissues (>10% body volume) whereas only muscle and
adipose were in human. In general, the tissue time constant is low when the volume is
large or when the blood flow is small. The tissues were classified into three classes,
according to the values of their time constants:
0] the quasi-instantaneously or very rapidly equilibrating tissues with a time constant

virtually equal to zero — lung in human and rat and arterial and venous blood (arterial

blood and lung will behave similarly for IV injections);
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(i) the rapidly-moderately equilibrating tissues with very small to medium time constants —
kidney, splanchnic organs, liver, brain, rest of body, skin, bone and muscle in man, or
kidney, heart, splanchnic organs, bone, liver, brain, adipose, rest of body and muscle in
rat;

(iii)  the slowly equilibrating tissues with large time constants —adipose in human or skin in
rat. This could be due to the physiological difference in the volume of adipose in rat which
is considerably smaller than in human.

The lumped PBPK models in human and rat with one central and two peripheral

compartments are illustrated in Figure 3.2.

Figure 3.2 : Schematic representation of the lumped 3compartment-model in human (A) and in

rat (B)
Peripheral 1: Peripheral 1:
< muscle, bone, skin, brain, RoB, |« <— adipose, muscle, RoB, kidneys, |l¢—
kidneys, heart, spleen, liver, heart, spleen, liver, pancreas,
pancreas, gut, stomach gut, stomach, brain, bone
—> Central: —> —>| Central: —>
blood (venous+arterial), lungs blood (venous+arterial), lungs
\LCL lCL
Perlg-heral 2: Perlpht_eral 2:
adipose skin

3.4.2. PBPK model with common Kpu values or common scalars
The second approach for simplifying PBPK models was to have a 14-
compartmental model with tissue compartments sharing common Kpu values or common
Kpu scalars (Figure 3.1). In order to identify tissue with common Kpu values or scalars,
a clustering analysis was performed using different clustering methods on (a) tissue
composition data in human and rat and (b) imputed in vivo rat Kp data. Results of this

clustering analysis in man and in rat are summarised in Figure 3.3-Figure 3.5.
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Figure 3.3: Principal component plots for k-means clustering with 3 and 4 groups in man and rat
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Figure 3.4: Dendrograms obtained from hierarchically clustering of the human and rat tissue

composition data with Euclidian distance and Ward’s method, cut into three or four distinct

clusters
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Figure 3.5: Frequencies of cluster assignment and missing values per tissue for 3 and 4 clusters
after multiple imputation (n=100) and normalisation of rat steady state Kpus combined with
hierarchical clustering

Cluster Cluster
1 2 3 1 2 3 4
adipose . : : adipose . :
bone . : : bone . @
brain brain
gut . gut . ®
heart heart
O kidney L kidney
? : 9 .
= liver = liver
lung lung
muscle muscle

pancreas . . : pancreas . ®
«n @ - skin @ ®
spleen . . : spleen . ®
The proportion of missing value per tissue is represented by the intensity of the colour (darker

colour relating to more missing data), whereas the radius of the circles represents the frequency
of cluster assignment (bigger size relating to more frequent cluster assignment).

Using hierarchical clustering, the same 3 or 4 tissue groups were found for man
and rat, whereas slightly different tissue groups were found for rat using k-means
clustering (Figure 3.3 and Figure 3.4). For human, skin tissue composition (very high
fraction of extracellular water, high albumin and low lipoprotein concentrations) is
different from other tissue groups (Table A2.2). The group 2 (kidney, gut, lung, heart,
liver, spleen) includes tissues with high acid phospholipid and lipoprotein contents,
whereas group 1 (adipose, bone, brain, pancreas, muscle) contains tissues with low tissue
water, low acid phospholipid and lipoprotein contents but very high neutral lipid and
phospholipids. Adipose has a very particular composition (low water, very high neutral
lipids) compared to the other tissues of group 1, and thus having 4 groups may be more
appropriate (Table A2.2). Likewise in the rat, the adipose tissue composition stands out
compared to other tissues of group 1 and thus it is more relevant to again consider 4
groups with adipose as a separate tissue group (Table A2.3). On the other hand, when
using k-means clustering, skin in rat was not considered to be different to the tissues of
group 3 (gut, heart, lung, stomach) which are also tissues with higher fractional
extracellular water, higher aloumin than other tissues (Table A2.3).
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Alternatively, for clustering based on rat Kp values, tissue grouping was based on
frequencies of tissue assignments to a cluster as some tissues have the probability of
arising from different clusters (Figure 3.5). The tissue groups obtained based on the
dataset of Kps were surprisingly different from the previous clustering analysis based on
tissue composition data. Here, all the tissues were grouped together except the lung,
which was separate from the other tissues, as well as the two eliminating tissues (kidney
and liver), which could be further differentiated into two different tissue groups on their
own. This tissue grouping seemed to be similar to the range of tissue blood flows.

In general, the results showed that clustering into 4 tissue groups should be
favoured as it appeared more physiologically relevant in terms of tissue composition, in

particular adipose having a different tissue composition.

3.4.3. Estimation of Kpu values for diazepam using the simplified
PBPK models

After defining and identifying all the models and their structures, these models
were investigated further for parameter estimation using diazepam data in human and rat.
A summary of the various models is presented in Table 3.4.

Initial exploration of structural models revealed that a linear two-compartment
model best described the concentration-time profiles of diazepam in human while a linear
three-compartment model best described the rat data of diazepam. A clearance value of
3.71 L/h and a total volume of distribution of 145 L (Ca. 2 L/kg) were estimated in man.
In rat, the clearance and total volumes were estimated to be 0.920 L/h and 0.914 L (Ca. 4
L/kg). These values were considered as the reference values in the current study and were
overall in good agreement with values reported in published studies (Table A2.4 and
Table A2.5).
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Table 3.4: Summary of models and tissue grouping

Model Model description Tissue grouping (by lumping or clustering)
Kpul: blood, lungs, kidneys, heart, spleen, liver, pancreas,
gut, stomach, bone, brain

1 Lumped 3 compartment model Kpu2: adipose, muscle, rest of body
Kpu3: skin
Kpul: adipose, bone, brain, muscle, pancreas, muscle, rest
oA 14-compartment PBPK model  of body
with 3 common Kpus (H) Kpu2: lung, gut, stomach, kidney, heart, spleen, liver
Kpu3: skin
Kpul:bone, brain, muscle, pancreas, muscle, rest of body
2B 14-compartment PBPK model ~ Kpu2: lung, gut, stomach, kidney, heart, spleen, liver
with 4 common Kpus (H) Kpu3: skin
Kpu4: adipose
14-compartment PBPK model Kpulf a.dipose, bone, b_rain, muscle, pancreas, rest of body
2C with 3 common Kpus (Km) Kpu2: kidney, spleen, liver
Kpu3: skin, lung, gut, stomach, heart
Kpul: bone, brain, muscle, pancreas, rest of body
2D 14-compartment PBPK model  Kpu2: kidney, spleen, liver
with 4 common Kpus (Km) Kpu3: skin, lung, gut, stomach, heart
Kpu4: adipose
Kpul: adipose, bone, brain, muscle, pancreas, muscle, rest
2E 14-compartment PBPK model  of body, skin, gut, stomach, heart, spleen
with 3 common Kpus (ss) Kpu2: kidney, liver
Kpu3: lung
Kpul: adipose, bone, brain, muscle, pancreas, muscle, rest
14-compartment PBPK model of boc_iy,_skin, gut, stomach, heart, spleen
2F . Kpu2: kidney
with 4 common Kpus (ss) T
Kpu3: liver
Kpu4: lung
SF1: adipose, bone, brain, muscle, pancreas, muscle, rest
3A 14-compartment PBPK model  of body
with 3 scalars (H) SF2: lung, gut, stomach, kidney, heart, spleen, liver
SF3: skin
SF1: bone, brain, muscle, pancreas, muscle, rest of body
3B 14-compartment PBPK model  SF2: lung, gut, stomach, kidney, heart, spleen, liver
with 4 scalars (H) SF3: skin
SF4: adipose
14-compartment PBPK model SFlE agipose, bone, b_rain, muscle, pancreas, rest of body
3C with 3 scalars (Km) SF2: ku_jney, spleen, liver
SF3: skin, lung, gut, stomach, heart
SF1: bone, brain, muscle, pancreas, rest of body
3D 14-compartment PBPK model  SF2: kidney, spleen, liver
with 4 scalars (Km) SF3: skin, lung, gut, stomach, heart
SF4: adipose
SF1: adipose, bone, brain, muscle, pancreas, muscle, rest
3E 14-compartment PBPK model  of body, skin, gut, stomach, heart, spleen
with 3 scalars (ss) SF2: kidney, liver
SF3: lung
SF1: adipose, bone, brain, muscle, pancreas, muscle, rest
14-compartment PBPK model of b9d)_/, skin, gut, stomach, heart, spleen
3F with 4 scalars (ss) SF2: kidney
SF3: liver
SF4: lung

H: hierarchical clustering on rat tissue composition data; Km: k-means clustering on rat tissue
composition data; ss: clustering on in vivo rat Kps data; SF: scaling factor
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Estimation in human
In total five different PBPK model variants (models 1, 2A, 2B, 3A and 3B) were
fitted to the concentration-time data of diazepam in humans. Table 3.5 shows the final
estimates of the parameters and the corresponding precision together with the BIC values
and lists the number of parameters in the models differentiating between fixed and

random (11 and residual) effects:

Table 3.5: Parameter estimates of the different investigated mechanistic models for diazepam in
man and comparison of median Vss,b and RMSE of simulated concentration profiles

WBPBPK models
Model 1 2A 2B 3A 3B
Number of parameters
(structural/lV//residual) 4/1/1 4/1/1 5/1/1 4/1/1 5/1/1
Median plasma concentration
RMSE 2.56 211 1.92 6.60 2.02
BIC -2632.71 -2662.18 -2597.66 -2344.21 -2596.42
CLb (L/h) 3.63 (4%) | 3.67 (4%) 3.67 (4%) | 3.71 (4%) 3.56 (5%)
v, 33.1% 34.3% 32.1% 26% 35.2%
e (17%) (18%) (19%) (16%) (20%)
1153 o o o 0.206
Kpul or SF1 (5%) 29.1 (5%) 32.4(6%) | 3.35(7%) (429%)
24.3 72.2 89.1 1.66 5.70
Kpuz or SF2 10%) | (11%)  (10%) | (41%)  (11%)
3429 323.8 0.26 6.42
[v)
Kpu3 or SF3 483 (2%) (2%) (5%) (10%) (14%)
Kpu4 or SF4 483 (8%) 8.67 (6%0)
Residual error 39.3% 38.7% 38.6% 53.9% 38.6%
(8%) (8%) (8%) (15%) (8%)
Vss,b median (L) 154.02 158.45 159.45 114.58 159.46

WBPBPK: whole-body physiologically-based pharmacokinetic; 11V: intra-individual variability;
CLb: blood clearance; SF, scaling factor; Vss,b: volume of distribution in blood at steady-state
Parameter estimates are listed together with the coefficient of variation [CV (%)] in parentheses.
Abbreviations for model are defined in Table 3.4.

The RMSE is calculated relative to the median concentration simulated from the reference model
(2 compartment) during the simulation time interval (0-240 h).

As data came from different individuals (and studies), 1IV in clearance was
estimated. The values estimated for clearance were similar to the one from the empirical
model (3.71L/h) and to that reported previously in literature (Table A2.4). Additionnaly,
the value estimated for 11V on clearance was similar between the models (Table 3.5). 11V
on Kpu parameters were not estimated for better comparison between the different models.

All kinetically lumped and simplified PBPK models could be fitted to diazepam
data in man. They could also all recapture an estimated Vss,b close to the Vss,b observed
(146.4 L) in man within 20-25% error. Estimated Kpu values from the investigated

models were generally in the same range except for the model 1 for which very high
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values were obtained for Kpul (1153) and may not be physiologically plausible to
represent the lung Kpu (Table 3.5). Similarly, Kpu3 in the model 2A has a very high value
(3429) and may not be physiologically plausible to represent the skin Kpu (Table 3.5).
The value estimated for adipose Kpu is very close for the models 1, 2B and 3B
(respectively 483, 483, 485 after multiplying adipose Kpu predicted by the estimated
scalar). Additionally, the concentration-time profiles and the Vss,b of all investigated
models, except model 3A, were similar to the ones of the empirical two-compartment
model (low RMSE, Table 3.5). Figure 3.6 shows the model-predicted population profiles
following a single IV infusion of diazepam for each of the simplified PBPK models
investigated. All models except model 3A could adequately describe the median of the
observed data (simulations using the empirical model), whereas the 10" and the 90"
percentiles were not always well captured (Figure 3.6). The shaded area incorporates
inter-individual variability on clearance and other unexplained variability (proportional
residual error).

The model 2A had the lowest BIC, followed by the models 1 and 2B. The lowest
residual error was obtained with the models 2A, 2B and 3B (Table 3.5). Based on the BIC,
plausibility of estimated values and the model performance, the models 2B and 3B
seemed to be the best models to describe diazepam data in human (Table 3.6). The model
1 performed better in terms of numerical predictive checks and could also be considered
although the value of Kpul may be high. On the contrary, due to poor physiological
plausibility of skin Kpu and poor model performance (BIC), the models 2A and 3A would

not be selected here.

Table 3.6: Comparison of model performance for estimating diazepam data in human according
to evaluation criteria

Models Criteria
BIC | Goodness of fits | Precision of | Plausibility Vss within
ranking and estimates of Kpus 20% (YYY),
convergence (CV<0.4) 25% (YY),
plots 30% (Y)
1 2 OK Yes ? YYY
2A 1 OK Yes ? YYY
2B 3 OK Yes Yes YYY
3A 5 OK Yes Yes YY

3B 4 OK Yes Yes YYY

Abbreviations for model are defined in Table 3.4.
BIC: Bayesian information criterion ranking from lowest to highest value
Plausibility of Kpus: (?) one Kpu may not be plausible
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Figure 3.6: Simulated time profiles of diazepam following an infusion dose (10 mg during 16.1h)
in human for the different investigated mechanistic models vs the reference model
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The solid red line represents the median concentrations and the semi-transparent red field
represents a simulation based 90% confidence interval for the median using the reference model
(empirical two-compartmental model). The other solid line represents the median concentrations
and the other semi-transparent field represents a simulation based 90% confidence interval for

the median using the model 1 (A), the models 2A and 2B (B, C) and the models 3A and 3B (D,E).
Abbreviations for model are defined in Table 3.4.
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Estimation in rat

Compared to the human, the rat PK (plasma concentration) data for diazepam
were more limited which rendered the analysis less stable and precise. However, rat Kpu
data were available from the literature (Table 3.3) allowing a direct comparison of the
models’ estimates to the in vivo data. Table 3.7 shows the final estimates of the parameters
and the corresponding precision together with the BIC values, and lists the number of
parameters in the models differentiating between fixed and random (11 and residual)
effects.

Similar to the analysis of human data, rat data (average) originated from different
studies and an 11V (confounded with ISV) in clearance was estimated. The clearance
estimates are similar between the mechanistic models (Table 3.7) and within the range
reported previously (Table A2.5) but slightly different to the one from the empirical
model (0.92L/h). Because of sparse data, 11V on Kpu parameters were not estimated in
order to compare the different models. Additionally, a high correlation (>0.95) between
estimates of distribution parameters (Kpu2 and Kpu4 in model 2D; Kpu2 and Kpu3 in
model 3D; Kpul and Kpu2 in models 2E and 2F) was sometimes observed but this may

be an artefact due to the small size of the dataset.
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The kinetically lumped model (model 1) performed well (the second lowest BIC
and the estimated Vss,b within 25% error of the Vss,b observed) whereas the performance
of simplified PBPK models is more heterogeneous (Table 3.8). The Vss,b in rat estimated
from model 3C and 3E were within 25% error of the Vss,b observed in rat (0.91 L) while
none of the Vss,b estimated by models 2A-2F showed a similar performance. Moreover,
the models 2E and 2F had the highest residual error compared to the other models (Table
3.7). Contrary to the models 3B, 3D, 3F, the models 3C and 3E showed better
performance with Vss,b estimated within 25% error of the Vss,b observed in rat. (Table
3.7 and Table 3.8). Additionally, compared to experimental rat Kpu values reported in
the literature (Table 3.3), the Kpu values estimated with the mechanistic models were
generally in the same range or order of magnitude. Interestingly, very high values of Kpu3
were estimated in the models 2F and 3F whereas a very small value of Kpu3 or Kpu4
were estimated respectively in the models 3E and 3F (Table 3.7). In the former case, it
would be unexpected to have such high values of kidney and liver Kpus (6374 or more
than 700000 after multiplying by the estimated scalar) whereas in the latter case, lung
Kpu is unlikely to be so low (0.50 or 0.33 after multiplying the predicted Kpu by the
estimated scalar, respectively). It was found that 95% of Kpus predictions using R&R
model would be successfully predicted within around 21-fold error according to the
analysis of a dataset of compiled rat experimental tissue partitioning coefficients from the
literature (not shown). The concentration-time profiles and the volumes of distribution of
models 1, 2D, 3C, 3D and 3E were the closest to the ones of the empirical two-
compartment model (Table 3.7).

Figure 3.7 shows the model-predicted population profiles following a single IV
infusion of diazepam in rat for each of the mechanistic models investigated. All models
except the models 3A, 2E and 2F could adequately describe the median of the observed
data (simulations using the empirical model as surrogate for observed data), whereas the
10" and the 90™ percentiles were not always well captured (Figure 3.7). The shaded area
incorporates inter-study variability on clearance and other unexplained variability
(proportional residual error).

Due to poor physiological plausibility of several Kpus and poor model
performance, the models 3A, 2E, 2F, 3E and 3F would not be selected here. Other models
such as models 2A, 2B, 2C,2D, 3C and 3D performed well and can be selected for further
use. Based on the BIC, plausibility of estimated values, the model performance, three

reduced models were selected as primary candidates (Table 3.8): the models 3C and 2D.
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Table 3.8: Comparison of model performance for estimating diazepam data in rat according to
evaluation criteria

Models Criteria
BIC Goodness of Precision Plausibility | Vss within
ranking fits and of of Kpus 20%
convergence estimates (YYY),
plots (CVv=<0.4) 25% (YY),
30% ()
1 2 Yes No Yes YY
2A 4 Yes Yes Yes No
2B 11 Yes Yes Yes No
2C 1 Yes Yes Yes No
2D 9 Yes Yes Yes Y
2E 7 Yes Yes Yes No
2F 13 Yes Yes ? No
3A 6 Yes Yes ? No
3B 10 Yes Yes Yes No
3C 3 Yes Yes Yes YY
3D 8 Yes Yes Yes No
3E 5 Yes No ? YY
3F 12 Yes Yes ? No

Abbreviations for model are defined in Table 3.4.

BIC: Bayesian information criterion ranking from lowest to highest value

Plausibility of Kpus: (?) one Kpu may not be plausible
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Figure 3.7: Simulated time profiles of diazepam following an infusion dose (1 mg during 4.33h)
in rat for the different investigated mechanistic models vs the reference model
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Figure 3.7: Simulated time profiles of diazepam following an infusion dose (1 mg during 4.33h)
in rat for the different investigated mechanistic models vs the reference model (continued)
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The solid red line represents the median concentrations and the semi-transparent red field
represents a simulation based 90% confidence interval for the median using the reference model
(empirical 3-compartmental model). The other solid line represents the median concentrations
and the other semi-transparent field represents a simulation based 90% confidence interval for
the median using the models 1 (A), 2A, 2B, 3A, 3B (B, C, H, | respectively), 2C, 2D, 3C, 3D (D,
E, J, K respectively), and the models 2E, 2F, 3E and 3F (F, G, L, M respectively).

(NB: as the hepatic clearance (CLH) in rat was greater that the hepatic blood flow (Q_HV), it
was assumed that CLH=0.99*Q_HV for simulations)

Abbreviations for model are defined in Table 3.4.
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3.5.

Discussion

In this work, two mechanistic approaches for simplifying whole-body PBPK

models were presented and are summarised in Table 3.9. Both approaches were

sufficiently flexible as the investigated models generally showed a good ability to fit data

and to estimate model parameters.

Table 3.9: Summary and characteristics of the approaches investigated for simplifying PBPK
models

Models and assumptions

Advantages

Disadvantages

Lumped 3 compartment model:
QSS approximation for blood and

lung

Lumping of compartments based on

similar tissue kinetics

Drug distributes homogenously
among the lumped tissue at the same

distribution rate

e Easy to implement as
closed form solution

e Possible to use
computer-intensive
methods for estimation

e Possible to derive
individual lung profiles

e May be
difficult to
extrapolate due
to different
lumped models
between
species

e Assumptions
on tissue
Kinetics
(blood-flows
and volumes)

e Limited to
compounds
with relatively
low tissue-to-
plasma
partitioning

e  Assumption of
low clearance

compounds
14 compartment With common e  No assumption on e Long running
PBPK model: Kpus: tissue Kinetics (except time due to
e QSS Assumption of for lung) model high
approximation same Kpus e Better extrapolation dimensionality
for blood and between potentially due to
lung species stronger similarity of
e Grouping of With common tissue composition

tissue based on
steady states
similarities in
drug
partitioning or
physiological
similarities

scalars:
Assumption of
similar bias
from predicted
Kpus (by R&R
model) across
species

compared to tissue
Kinetics between
species

e Possible to derive
individual tissue
profiles

¢ Not limited by any
drug properties

QSS: quasi-steady state
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The first proposed method followed Nestorov’s lumping principles for PBPK
models [6] where lumping of tissues is mainly based on similar or low time constants.
This is consistent with other minimal PBPK models, which reduce the number of
compartments to just one or a few compartments with comparable blood flow rates [60,
61]. A lumped reduced PBPK models can be easily used during development as it is
simple to implement and numerically stable while investigating the kinetics of a few
tissue and plasma compartments. The number of compartments considered was in good
agreement with previous work by Pilari and Huisinga where they presented lumped
models that comprised generally of three to four compartments for bases and acids which
are moderately to highly unbound, while a single compartment model was sufficient for
acids with high plasma protein binding [9]. However, lung was often lumped with other
tissues, which may be inconsistent as the lung blood flow is in the opposite direction
compared to other tissue compartments. Arundel suggested a model with more
compartments (six tissue compartments) but estimating six Kpu parameters may be
challenging [17]. In the current approach based on ranking of tissue distribution rate, the
drug’s tissue time constant was considered to only depend on volume and blood flow and
the effect of drug-specific partition coefficient was considered minimal (Kb close to 1
and Clint close to 0). However, this assumption seems invalid in many cases e.g.,
diazepam. In the manner of previous studies [6, 62], a general “quasi-steady state” (QSS)
approximation was postulated for blood and lung lumping due to the time scale
differences between lung distribution relative to any observations. This assumption holds
true in the artery, vein and lungs in general except for highly lipophilic compounds. Being
in the central compartment, the lung Kpu might represent additional processes more rapid
than considered blood flows (e.g., extravasation from the site of injection or during the
transit from the site of injection to the site of observation). However, scaling of this first
approach across species may not work well as some tissues (e.g. muscle, skin, adipose)
have different flows and volumes (Table 3.1), and consequently different tissue kinetics
between human and animals resulting in slightly different lumped tissue compartments
(Figure 3.2). Moreover, rat has low information for adipose tissue as it is a much leaner
species than human and human has a smaller proportion of skin compared to other tissues
than rat. It could be possible to extrapolate to human with this first approach by assuming
a same model structure in rats and humans, and thus use the lumped human model to fit
parameters in rat before extrapolating to human. Additionally, the kinetically lumped

model can be expressed in analytical form that could be of great utility when using time-
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intensive estimation methods, although it would be reserved for compounds with
relatively low Kp values (satisfying the kinetic assumptions).

The second approach followed the assumption that a drug has similar steady state
binding/partitioning behaviour in tissues with similar compositions, but different kinetic
behaviours given their different volumes and flow rates of tissues. This assumption is
consistent with the results of a previous work where it was observed several tissues had
similar Kp behaviour while adipose standing out possibly due to different tissue
composition [35]. Additionally, a previous study observed correlation between muscle
Kpu and other tissues Kpu and proposed to have muscle Kpu representing lean tissues
[63]. To formalize this idea, a clustering analysis was performed to identify tissues with
common Kpus or scalars thus reducing the number of unknown parameters while keeping
the complexity of PBPK model structure and making minimal assumption about tissue
kinetics. Like in the first approach, it was assumed that the kinetics of venous, arterial
blood and lungs are quasi-instantaneous (QSS approximation) and these tissues can be
lumped into one central compartment [6]. Two clustering methods were applied to
formally group tissues using two different types of information: human or rat tissue
composition data or rat normalised Kps data, which both contain uncertainty and
variability. The tissue composition data are a hybrid combination of measured, calculated,
approximated individual or mean values [23-25, 64]. Moreover, rat data could originate
from different strains such as Sprague-Dawley or Wistar. For human, actual data from
humans are very limited and often surrogate information is taken from another species
(generally rat or monkey). On the other hand, rat Kps data are generally derived from in
vivo studies following a constant rate infusion of drug until steady state is supposedly
reached. Alternatively, Kps data can be calculated based on plasma and tissue areas under
concentration time (AUC) profiles following an iv bolus. Additionally, these in vivo Kp
methods require at least one animal per time point. Therefore, the different tissue
grouping from the clustering using rat experimental Kps compared to the clustering
analysis based on tissue composition data could be because of the size of the data set, the
availability of data (high percentage of missing data), the quality of reported experimental
Kps, as well as the varying source of studies and methods used for measuring Kps. And
when using the tissue grouping from the clustering of rat Kps for a PBPK model in human,
the assumption is that Kpus are the same between species which may not be always true.
Indeed, Kpu values may be different across species especially for relatively lipophilic

compounds and for ionised bases if lipid levels highly differ between species [65].
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In this work, the mechanistic models using either a kinetic lumping approach or
an approach with common Kpus or scalars were found equivalent at describing IV data
compared to empirical models. Data in human showed better bioanalytical resolution and
slower kinetics, which may reveal kinetic phases that are hidden in rat. It should be noted
the quality of the plasma PK data used for fitting was not ideal as the data were mostly
arithmetic mean data which may misrepresent the terminal phase in addition to coming
from multiple studies following different protocols in different populations. Thus, the
recommendation would be to perform this analysis on individual data or on geometric
mean data if data are aggregated.

For the example of diazepam, the proposed mechanistic models produced
estimates of Kpu that were comparable to those obtained in distribution studies from the
IV data alone. Compared to previous works where diazepam data was fitted in man [48,
49, 58], the models investigated here have the advantage of not requiring a highly-
dimensional PBPK model structure and the use of prior information or full Bayesian
estimation methods for estimating the multiple parameters. The current work is an
example of middle-out approach linking PBPK modelling (bottom-up) and population
PK modelling (top-down) and where PBPK models can be fitted to observed preclinical
or clinical data. Contrary to empirical compartment models that are frequently used in all
stages of drug development, the investigated PBPK models retain important physiological
features giving estimates with physiological meaning and thus supporting extrapolation
purposes while requiring a similar number of free parameters.

The value of PBPK modelling is indeed its ability to be used for extrapolation to
another population or species and experimental conditions. The aspect of the interspecies
extrapolation from preclinical species (rat and monkey) to human will be investigated in
a future study (Chapter 4) for diazepam and additional compounds. Among the various
investigated PBPK models, the PBPK models with scalars show more promise for a wider
set of drugs and for inter-species translation. Although the PBPK models with 3 scalars
are more parsimonious and should be considered first when data are limited, the PBPK
models with 4 scalars are more physiologically relevant with regards to the tissue
composition and conclusions of the clustering analysis and the plausibility of Kpu values
estimated. However, the PBPK model with 4 scalars using hierarchical clustering and the
PBPK models with 3 or 4 scalars using rat Kps did not find plausible estimates for all rat
Kpus for diazepam and therefore these models may not be appropriate. Additionally, the

PBPK model with commonalities based on the clustering using normalized rat Kps need
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to assume that Kpus are the same between species for it to be extrapolated to human,
which may not be true as mentioned above. For a comprehensive comparison of the

investigated mechanistic models, evaluation of different compounds would be needed.

3.6. Conclusion

The main goal of the current study was to determine simplified PBPK models that
can be easily used for fitting purposes. The two approaches for simplifying PBPK models
presented in this work allow more mechanistic models to be explored instead of only
empirical models for fitting PK data. These models using either a kinetic lumping
approach, a widely established method, or a novel approach defining common Kpus or
scalars. Both types of models were overall found equivalent at describing IV data
compared to empirical models but are likely to have different behaviour for PK translation
(see Chapter 4). These mechanistic models generally produced Kpu estimates that were
physiologically plausible. Although the current study is based on diazepam, the findings
provide insights that the kinetically lumped model has great utility for compounds with
relatively low tissue-to-plasma partitioning (satisfying the kinetic assumptions), and the
PBPK models with scalars show more promise for a wider set of drugs and for the purpose
of extrapolation. The PBPK models with 4 scalars where adipose is separated could be
the most relevant for a simplified PBPK model as adipose has quite a different tissue
composition compared to other tissues. Further research with additional compounds
should be conducted to assess the different models.
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Chapter 4. Prediction of human drug disposition
from preclinical data using a ‘middle-out approach’ to
physiologically based pharmacokinetic (PBPK)
modelling
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4.1. Abstract

4.1.1. Background

In Chapter 3, several simplified physiologically based pharmacokinetic (PBPK)
models, using estimated tissue-to-unbound plasma partition coefficients (Kpu), were
investigated by fitting to in vivo pharmacokinetic (PK) data: a kinetically lumped 3
compartment model, 14 compartment models with 3 or 4 common Kpus and 14
compartment models with 3 or 4 common scalars. In the 14 compartment models,
commonality of the 3 or 4 tissue groups was based on the similarity in tissue composition
following a clustering analysis using K-means or hierarchical methods. The current work
evaluated the performance of several PBPK models for the prediction of human
concentration-time profiles and volumes of distribution at steady state (Vss) after fitting
the models to preclinical PK data. After optimisation with preclinical data, the
performance of these models for translation of distribution kinetics from rat and monkey
to human was compared with the traditional whole-body PBPK (WBPBPK) modelling
strategy (‘bottom-up’), in order to determine the best approaches for the prediction of

human drug disposition.

4.1.2. Methods
The analysis was performed for 3 lipophilic bases (diazepam, midazolam and
basmisanil) for which intravenous PK data were available in rat, monkey and human. In
vivo and in vitro preclinical data were used in fitting the simplified PBPK models in
preclinical species by analysing the blood or plasma PK profile while fixing clearance.
The best models and the three or four estimated parameters were then used to predict the

human PK profile and Vss.

4.1.3. Results

The models with scalars using K-means were generally the best for fitting the data
in the preclinical species and the estimated parameters gave plausible Kpu values.
Predictions of plasma concentrations for diazepam and midazolam using the best models
and parameters obtained from fitting rat or monkey data were consistent with observed
clinical data. The best model for fitting and for translation were generally the models with
3 or 4 common Kpu scalars. For diazepam, the Vss,b in human could be predicted within
1.1 and 1.5-fold error after optimisation in rats and within 3.1- and 2.5-fold error after
optimisation in monkeys. These predictions are better compared to the Vss,b estimated
from the traditional WBPBPK modelling approach (Vss,b=41L, 3.7-fold error). For
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midazolam, the Vss,b in human could be predicted within 1.1- and 2.2- -fold error after
optimisation in rats and within 3.1-fold and 2.5-fold error after optimisation in monkeys.
The predictions are better or similar compared to the Vss,b estimated from the traditional
WBPBPK modelling approach (Vss,b=41L, 3.7-fold error). For basmisanil, the poor
quality of preclinical data available could have affected the model performance for fitting

in the preclinical species and subsequently extrapolation to human.

4.1.4. Conclusions
Overall, this work provides a rational strategy to predict human drug distribution

using preclinical PK data within the PBPK modelling strategy.
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4.2. Introduction

During drug discovery and development, characterizing the pharmacokinetic (PK)
properties (absorption, distribution, metabolism, and excretion) of a drug in the early
stage is crucial to avoid failures due to poor PK properties. Prediction of human PK helps
to design the optimal phase 1 studies and allows the selection of the starting dose in
humans that is safe and effective in order to maintain a rapid dose escalation, saving time
and cost [1]. Different strategies for predicting human PK profiles based on preclinical
data have been proposed, such as Dedrick plots, the steady-state plasma drug
concentration (Css)-mean residence time (MRT) method and physiologically-based
pharmacokinetic (PBPK) modelling [2-5]. Among them, the whole-body physiologically-
based pharmacokinetic (WBPBPK) modelling has the advantage to provide a biological
and mechanistic understanding for inter-species scaling and intra-species scaling as well
as a better understanding of the drug behaviour [6-8]. Several studies showed better
accuracy of the PBPK modelling approach for predicting PK compared to empirical and

allometric approaches [9-12].

PBPK model development is an iterative ‘predict, learn, confirm’ process [13-15]. As
a bottom-up approach, WBPBPK modelling and simulation are based on physiological
input data (tissue volumes, blood flows, composition, etc.) and in vitro input data (plasma
protein binding, microsomal or hepatocyte intrinsic clearance, cell membrane
permeability, etc.). The predictions from WBPBPK models are then compared with
observed PK data. However, mismatches often occur between model predictions and
observations; and thus, model parameters need to be adjusted. In this case, the PBPK
model is built to fit the observed data following a ‘middle-out’ approach which allows
available in vivo data to estimate unknown or uncertain model parameters [16-18].
However, parameter estimation with WBPBPK models is challenging due to the large
number of parameters and the paucity of observed data usually available (especially
preclinical in vivo data). When data are associated with high uncertainty and/or variability,
this would be mirrored in the estimated parameters. It is thus a common practice to fix
some parameters and estimate others. The decision on which parameters to fix and which
to estimate is subjective and therefore the final model and parameters may vary
significantly between different modellers [16, 19]. Consequently, this approach does not
usually follow a systematic and formal approach. The previous work (Chapter 3) showed
the possibility of using simplified PBPK models for fitting PK data. In these models,
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tissue distribution was described by mechanistic equations that calculate tissue-to-
unbound plasma partition coefficients (Kpus) [20, 21]. Kinetically lumped models based
on tissue time constants [22] were investigated as well as PBPK models with common
tissue Kpus or common tissue scaling factors. The commonality in tissue partitioning was
considered when observing similar behaviour of tissue Kpus across compounds with
different properties [23]. More details of the model structures and lumping approaches
can be found in this chapter Methods section. While the kinetically lumped model may
not extrapolate well across species due to interspecies differences in tissue blood flows
and volumes, the PBPK models with a full structure may perform better due to stronger
similarity of tissue composition compared to tissue kinetics between species. By
assuming identical model structure across species and species independence of Kpus or
scaling factors, the refined model and estimated parameters using preclinical data can be
applied to predict human PK. For prediction of clinical PK from pre-clinical data, the use
of empirical scaling factors derived by model fitting to animal PK has to assume that

these scaling factors are species independent.

The aim of this work was to develop and evaluate a strategy for the extrapolation of
non-clinical PK to humans using the aforementioned simplified PBPK models and
subsequently improving the quality of predictions used to support candidate drug
selection and internal decision making during preclinical development. Herein the current
paper presents a proof-of-concept work using diazepam, midazolam and basmisanil as
model drugs for which IV PK data in rats, monkeys and humans were available for the

fitting and evaluation of the translation to man.
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4.3. Methods
The proposed models were applied to three compounds: diazepam, basmisanil,
midazolam. Criteria for compound selection were the availability of intravenous plasma
concentrations profiles after intravenous administration in rats, monkeys and humans and
the availability of relevant in vitro information for Kpu-predictions (sensitivity to LogP,
fup and B:P).

4.3.1. Experimental data
Physicochemical and in vitro data
Physicochemical properties and in vitro data for the 3 weak basic compounds are
listed in Table 4.1. Molecular weight, pKa, and LogP data were extracted from the
literature. fup and BP were measured in-house (details of experiments can be found in
Appendix A3.1-A3.2).

Table 4.1. Physicochemical properties, in vitro PK data for the 3 compounds

Molecular weight [g/mol] Rat Monkey Human
Drug pKa LogP
fup BP fup BP fup BP
Diazepam 284.72 34@ 2822 01 0836 0084 0606 0.0087 0.559
Midazolam 325.82 588 3.132 0.054 0.742 0.0603 0.594 0.055 0.57
Basmisanil 445.52 2.07° 1.86> 0.181 0.99 0.065 0.59 0.055 0.59

pKa: acid dissociation constant; LogP: n-octanol/water partition coefficient; fup: fraction
unbound in plasma; BP: blood-plasma ratio
aFrom [24]; ® From [25]; fup and BP are from internal data
In vivo pharmacokinetic data

For diazepam and midazolam, the literature was searched for PK studies where
plasma (or blood or serum) concentrations were reported following an intravenous
administration in rats (Wistar, Sprague Dawley and Holtzman strains), Cynomolgus
monkeys, and humans (Table 4.2). These studies provided a mixture of average profiles
and individual concentration time profiles which were digitized using WebPlotDigitizer
(version 4.2, https://automeris.io/WebPlotDigitizer). For basmisanil, data were collected
from Roche-internal PK studies (Appendix A3.2) and these were historical data subject
to retrospective analysis. Summaries of the pharmacokinetic data available for each

compound are shown in Table 4.2.
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Table 4.2. Summary of the animal and clinical 1V studies available

» Reported total
el & |2 Number of PK IV dose clearance (s.d.) Volume of fe
5 g 53) profiles (_Iengt'h of (plasma or distribution fup and BP (s.d) (%) Reference
n infusion) blood) (s.d)
fup: 0.036
1 1 average'of 10 male 4mg/kg 1.1(0.2) L/h 13(02)L (0.009); BP:1.06 [26]
Wistar (bolus); (plasma) (0.04)
1 average of 4 male 1.2mg/kg 1.2 (0.03) L/h Fup:0.14 (0.003);
2 Wistar (bolus) (plasma) 140nL BP:1.037 (0.007) [27]
N/A
- 1 average of 24 male 1mg (5min (intrinsic . .
& 3 Sprague Dawley infusion) clearance: 400 NIA Fup:0.15; BP:1 (28]
ml/min)
2 average of 5 1.1 L/h for .
: . 1.2 L for middle-
middle-aged male 5mg/kg middle-aged rat,
4 | Wistar and of 5 old (bolus) 33 Lhforold | 29edrat 13 L for NIA [29]
) old rats
male Wistar rats (plasma)
1 average of 3 male 5mg/kg 3.9(0.5) L/h fup:0.137 (0.011);
5 Wistar (bolus) (blood) 11(0.2) L for BP:0.38 (0.07) [30]
Fup:0.0843
) 2 average of 6 young géirgg.?%ol_nlge;osr' 4.1 (L.7) L/ for yo(uor;go;lnagg;/s
< | 1 | cynomolgusand6 0.04malkg | 4 7 0.8) Linfor | YOUN9MOnkeys: | G 780 (0.0103) | 0.05 [31]
S (bolus) 5.8 (2.1) for aged
I S aged cynomolgus aged monkeys for aged
] monkey L .
S (plasma) monkeys;
% BP: 0.662
[a} 1 average of 6 male 0.15mg/kg 2.1(0.3) L/h
! and 5 female (1min) (plasma) sT@L NIA [32]
4 average : 1 young
male, 1 elderly male, 0.15mg/kg 1.3t0 1.7 L/h fup: 0.009 to
2 1 young female, 1 (0.375min) (plasma) 80to161L 0.027 (33]
elderly female
) 1.2 (0.4) L/h
3 1 average of 6 males 10mg (2min) (plasma) 63 (19) L N/A [34]
1 individual (healthy 0.1mg/kg 1.6 (0.5) L/h fup: 0.026 (0.01);
§ 4 male) (2min) (plasma) 66 (13) L BP: 0.58 (0.15) [30]
S fup: 0.032
I 5 1 average of 10 0.1mg/kg 1.6 (0.2) L/h 79 (20) L (0.008); BP:0.58 [35]
young males (2min) (plasma) 0.11)
4 individuals 3.3t04.0L/h
6 (healthy males) 10mg (bolus) (blood) 105to 174 L N/A [36]
23 individuals
0.15mg/kg fup: 0.015 ; [33, 37,
7 (healthy (0.375min) 1.8 L/h (plasma) N/A BP:0.65 38]
males/females)
1 average of 10 male 5mg/kg 1.5(0.04) L/h
! Wistar (bolus) (plasma) 1002L [39]
2 average of 3 male 2 5ma/k
2 Sprague Dawley and .(b0|?JS)g N/A N/A [40]
of 3 Sprague Dawley
- 1 average of 6 male 0.55mg/kg 0.78 (0.19) L/h
g 8 Holtzman (bolus) (plasma) 0.95(0.36) L (41]
1 average of 8 male 10mg/kg 0.9 (0.03) L/h
4 Wistar (5min) (plasma) 0385 (0.025) L [+2]
1 average of 10 male 0.1mg/kg 0.63 (0.10) L/h
% 5 Wistar (bolus) (plasma) 0.33(016) L [43]
ks 1 average of 7male 10mg/kg 1.16 (0.04) L/h .
-‘E 6 Wistar (15min) (plasma) 0.49 (0.018) L fup:0.031 (0.001) [44]
s 1 1 average of 4 male 0.3mg/kg 2.5(0.32) L/h 32(0.16)L [45]
cynomolgus (bolus) (plasma)
2 1 average ofI 3 male ltr)ngla/kg 4.6 (?.63) L/h 8.2 (L9) L [46]
3'? cynomolgus (bolus) (plasma)
c
§ 1mg/kg
o | M | gsme | SO e 2
infusion)
0.075mg/kg 17 (2.6) L/h
T 1 1 average of 6 male (bolus) (plasma) 48 (11) L [47]
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Table 4.2. Summary of the animal and clinical 1V studies available (continued)

o @ > Reported total Volume of fup
2 & B Num?gfrilzz PK v d?s:u(sls)r:]g;th of clearance (s.d.) distribution and BP (:/e) Reference
ol &g o P (plasma or blood) (s.d) (s.d) 0
5mg (bolus) + 4mg
(120min infusion)]
+ [3mg (bolus) +
. 5.4mg (120min 17 (2.6) L/h
2 1 individual (male) infusion)] (plasma) 48 (11) L [47]
+ [2.2mg (bolus)
+6.8mg (120min
infusion)
21(5.2) L/h
3 1 average of 8 male | 0.15mg/kg (bolus) (plasma) 50 L [48]
6 individuals
4 (healthy males) 0.15mg/kg (bolus) 13-28 L/h (plasma) 39-68 L [48]
1 average of 8 0.1mg/kg (15min 31(0.18) L/h
5 males/females infusion) (plasma) 60N L [42]
6 Laverage of 7 7.5mg (bolus) 27 (L.9) (plasma) 12(7)L [49]
1 average of 6 33 (6.8) L/h
! males/females 1mg (bolus) (plasma) B3¢ L [50]
2 individuals ) .
8 (females) 5mg (bolus) 26; 17 L/h (serum) 78;45L [51]
1 average of 9 33 (12) L/h
9 males/females 2mg (bolus) (plasma) 136 (57) L (52]
2 average of 7 .
10 | femalesandof7 | O1SMIKI@MIN | os 55 (plasma) 70218 L [53]
infusion)
males
1 average of 7 31(4.5)L/h
11 females 0.15mg/kg (bolus) (plasma) 79 (18) L [54]
12 1 average of 11 O.lr_ng/kg_ (Imin 46 (5.0)L/h 162 (12) L [32]
males/females infusion) (plasma)
] 2 individuals (male Internal
Iel
g 1 Wistar) 4.3 mg/kg (bolus) 0.77 L/h 0.69 L 0.2 source
R, o
g | £ | g | dindvidalsmale |y 5o bolus) 2.0(0.47) L/h 10(6.8) L Internal
c § cynomolgus) source
g
s 6 individual 0.001 mg/ki 1 |
£ individuals .001 mg/kg nterna
E ! (healthy males) (15min) 44(@12) LM 9GHL 04 source

4.3.2. Fitting and extrapolation approach of the simplified PBPK
models

Model structures
The approaches for simplifying PBPK models and the investigated model
structures have been described in detail in the previous chapter (Chapter 3). These models
showed a good ability to fit data in rats and in humans for diazepam. Figure 4.1 shows
the lumped 3-compartment model with one central and two peripheral compartments and
the 14-compartment model with common Kpus or common scalars. In the first model,
tissue compartments are lumped together based on similar tissue time constants [22] In
the latter model, it is assumed that certain tissues either share the same Kpu or share a

common scalar (bias from the Kpu predicted from the R&R model). The tissue
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commonality was determined based on clustering analysis (using hierarchical or k-means
method) of either rat tissue composition data or of a dataset of imputed normalized in vivo
rat Kps. In the kinetically lumped approach, clearance was assumed to be from the
plasma/blood compartment whereas in the 14-compartment model clearance can be
considered to be from eliminating organs such as the liver and kidney. In the current work,
these models are applied for translation between species. Grouping of tissues that are

common in the 14-compartment models is detailed in Table 4.3.

Figure 4.1: Structure of the investigated models: lumped 3-compartment model (left) and 14
compartment model with common Kpus or common scalars (right)
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Table 4.3: Models and details of tissue grouping

Model Model description Tissue grouping (by lumping or clustering)
Kpul: blood, lungs, kidneys, heart, spleen, liver, pancreas,
gut, stomach, bone, brain

1 Lumped 3 compartment model Kpu2: adipose, muscle, rest of body
Kpu3: skin
Kpul: adipose, bone, brain, muscle, pancreas, muscle, rest
oA 14-compartment PBPK model  of body
with 3 common Kpus (H) Kpu2: lung, gut, stomach, kidney, heart, spleen, liver
Kpu3: skin
Kpul:bone, brain, muscle, pancreas, muscle, rest of body
2B 14-compartment PBPK model ~ Kpu2: lung, gut, stomach, kidney, heart, spleen, liver
with 4 common Kpus (H) Kpu3: skin
Kpu4: adipose
14-compartment PBPK model Kpulf agipose, bone, b_rain, muscle, pancreas, rest of body
2C with 3 common Kpus (Km) Kpu2: kidney, spleen, liver
Kpu3: skin, lung, gut, stomach, heart
Kpul: bone, brain, muscle, pancreas, rest of body
2D 14-compartment PBPK model  Kpu2: kidney, spleen, liver
with 4 common Kpus (Km) Kpu3: skin, lung, gut, stomach, heart
Kpu4: adipose
Kpul: adipose, bone, brain, muscle, pancreas, muscle, rest
2E 14-compartment PBPK model  of body, skin, gut, stomach, heart, spleen
with 3 common Kpus (ss) Kpu2: kidney, liver
Kpu3: lung
Kpul: adipose, bone, brain, muscle, pancreas, muscle, rest
14-compartment PBPK model of boc_iy,_skin, gut, stomach, heart, spleen
2F . Kpu2: kidney
with 4 common Kpus (ss) T
Kpu3: liver
Kpu4: lung
SF1: adipose, bone, brain, muscle, pancreas, muscle, rest
3A 14-compartment PBPK model  of body
with 3 scalars (H) SF2: lung, gut, stomach, kidney, heart, spleen, liver
SF3: skin
SF1: bone, brain, muscle, pancreas, muscle, rest of body
3B 14-compartment PBPK model  SF2: lung, gut, stomach, kidney, heart, spleen, liver
with 4 scalars (H) SF3: skin
SF4: adipose
14-compartment PBPK model SFlE agipose, bone, b_rain, muscle, pancreas, rest of body
3C with 3 scalars (Km) SF2: ku_jney, spleen, liver
SF3: skin, lung, gut, stomach, heart
SF1: bone, brain, muscle, pancreas, rest of body
3D 14-compartment PBPK model  SF2: kidney, spleen, liver
with 4 scalars (Km) SF3: skin, lung, gut, stomach, heart
SF4: adipose
SF1: adipose, bone, brain, muscle, pancreas, muscle, rest
3E 14-compartment PBPK model  of body, skin, gut, stomach, heart, spleen
with 3 scalars (ss) SF2: kidney, liver
SF3: lung
SF1: adipose, bone, brain, muscle, pancreas, muscle, rest
14-compartment PBPK model of b9d)_/, skin, gut, stomach, heart, spleen
3F with 4 scalars (ss) SF2: kidney
SF3: liver
SF4: lung

H: hierarchical clustering on rat tissue composition data; Km: k-means clustering on rat tissue
composition data; ss: clustering on in vivo rat Kps data; SF: scaling factor
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Optimization of the distribution with preclinical data and model evaluation
The performance of the developed models in preclinical species was assessed by
comparing the simulated concentration-time profiles with experimental data of
intravenous studies from the literature (diazepam, midazolam) and from internal studies
(basmisanil) (Table 4.2).

For diazepam and midazolam, as the data were coming from various studies with
different designs (Table 4.2), a model-based analysis was first performed: rat and monkey
data were fitted using compartmental analysis in order to estimate the Vss and CL of the
observed data using the first order estimation with interaction (FO-I) and the first order
conditional estimation with interaction (FOCE-I) methods in NONMEM 7.3 (ICON
Development Solutions, Hanover, MD, USA) [55]. For basmisanil, the Vss and CL of the
observed data were obtained by noncompartmental analysis of the PK studies. These
‘observed’ Vss and ‘observed’ CL were considered as the reference values in this study.
The error model was defined as a proportional error. For all compounds, the different
simplified PBPK models were then fitted to the rat and monkey PK data while fixing the
clearance to the value estimated from the compartmental analysis (diazepam and
midazolam) or the value obtained by noncompartmental analysis reported in the study
(basmisanil) in order for the model performance to be comparable between the different
investigated models. Estimating clearance would otherwise influence the estimation of
Kpu parameters. FO-1, FOCE-I and stochastic approximation expectation maximization
(SAEM) methods were used for the fitting, SAEM was used when either FO-1 or FOCE-
| failed to converge due to model complexity and data sparsity. A study comparing
performance of FOCE and EM methods reported that EM methods such as SAEM were
more robust for more complex models and sparse data [56]. Estimated parameters were
mu-referenced (log-transform of a Gaussian random vector to meet with constraints of
positivity) to improve the computational efficiency [57]. The AUTO option was first
switched on (AUTO=1) allowing NONMEM to determine the best options for Monte
Carlo using the SAEM method, and optimized options were tested and used if significant
improvement was observed (decrease of BIC, convergence, better precision of estimates,
etc.). Initial values for lumped Kpu and common Kpu parameters were calculated as a
weighted sum of all the tissue Kpus (predicted by the Rodgers and Rowland model) that
are lumped or clustered together. Similarly, by expecting Kpu values predicted using the

R&R model to be true, initial values of the common scalars were chosen to be 1. After
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fitting the simplified models to the preclinical data, several criteria were used to evaluate
the model performance and determine its suitability for extrapolation to human. These
criteria included: Bayesian information criterion (BIC), convergence, goodness-of-fit
plots, precision of estimates, physiological plausibility of Kpu estimates, and closeness
of estimated Vss value to the ‘observed’ Vss. For each compound, models which match
all the above criteria are considered the ‘best’ models. Biological plausibility could be
assessed based on the analysis of a dataset of compiled rat experimental tissue partitioning
coefficients from the literature where it was found that 95% of these Kpu predictions
would be within around 21-fold error. There is a higher probability of Kpu predictions
being much closer than 21-fold error and obtaining predicted values beyond are less likely

to occur (further details can be found in Appendix A3.3).

The reader is referred to Chapter 3 for extensive details about the models. For each
model, blood Vss (Vss,b) in the preclinical species was calculated as follows:

For the lumped model:

Vss,b = Veentrar + Vp1 + Vp2 Eq. 4.1
where Veentral= VarterialtVvenoust KDcentra*Viung With Kbeentrai being the blood tissue-to-
plasma partitioning coefficient of the central compartment. Vo= (£Vi-Viiver-Vkidney) +
Viiver (1-CLH/Qiiver) + Viidney (1-CLRr/Qrenal). Qi and Vi are the blood flow and volume of
the i™-tissue lumped in the peripheral 1 compartment. V= XVi. Qi and V; are the blood

flow and volume of the i""-tissue lumped in the peripheral 2 compartment model.

For the 14-compartment PBPK model with common Kpus or Kpu scalars:

Vss, b = Vyenous + Varteriar + Z Kb;V;- 1- ERi) Eg. 4.2
where Vi is the volume of the i"-tissue, and Kb and ER; are respectively its tissue-to-

blood partitioning coefficient and extraction ratio. Kb can be determined from Kpu:

B fup
Kb = Kpu BP Eq. 4.3

Where fup and BP are the fraction unbound in plasma and the blood-to-plasma ratio.

Intravenous prediction in human of simplified model
The best model for fitting was then used for extrapolation to human. For diazepam

and midazolam, as the clinical observations were from various PK studies with different
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doses and lengths of infusion, it was not feasible to use a single visual predictive check
(VPC) plot to compare predicted vs observed data. Therefore, in order to compare
performance of the different models and to remove differences in study design, acommon
study design was simulated using the R package ‘RxODE’ [58]. Observations in human
were simulated from a reference model (structure, parameter estimates, and associated
uncertainty) which was the compartmental model (two or three compartments) fitted to
the diazepam or midazolam data. 1,000 drug concentration-time courses were simulated
for a single 1V dose and infusion rate to achieve a steady state plasma concentration
determined by the drug elimination rate: a 16.1h infusion of 10 mg for diazepam and a
0.01h infusion of 5 mg for midazolam were chosen to illustrate the different kinetic phases.
For basmisanil, CL was fixed to the value calculated from non-compartmental analysis in
the clinical study (7.26 L/h) and the simulations were performed similarly to the design
in the reported clinical study (Table 4.2) and predicted concentrations were compared to
observed data. The extrapolation for each approach and model was then performed as

follows:

In the kinetically lumped model and the 14-compartment PBPK model with
common Kpus: the assumption is that tissue compositions are similar and Kpus are the
same across species. While adjusting for the differences in species physiology and species
fup and BP, Kp human were estimated by assuming Kpunuman iS equal to Kpuspecies Where

species correspond to rat or monkey:

KPruman = KPUspecies = fUPruman Eq. 4.4
In the 14-compartment PBPK model with common scalars: the assumption is that
the same bias from R&R predicted Kpu (KpuRR) exist across species and no assumptions
on interspecies similarity of tissue composition or Kpus are made. While adjusting for the
differences in species physiology and species fup and BP, Kpnuman Were estimated by
assuming Kpunuman is equal to KpuRRhuman* SFspeceis Where SFspecies COrrespond to the
scalar estimated in rat or monkey and KpuRR is the tissue to plasma unbound partition

coefficient calculated using the equations developed by Rodgers and Rowland [20, 21]:

Kphuman = (KPURRpyuman * SFspecies) * fUPhuman Eq. 4.5
Interspecies extrapolation was conducted using the species-specific tissue blood flow
rates and tissue volumes and tissue composition when using the models with common
scalars (Table A3.1-Table A3.6).
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Assessment of human prediction accuracy /performance assessment of
extrapolation
For the studied compounds, simulation of intravenous concentration-time profiles
in human using the best models were compared against the simulation using the
traditional WBPBPK modelling approach with 16 compartments and tissue Kpus

calculated from the Rodgers and Rowland equations [20, 21].

For each best model, the Vss in human was calculated using equations Eqg. 4.1 and
Eq. 4.2 with human physiological parameters. For the traditional WBPBPK modelling
approach, the Vss,b in human was calculated using equation Eg. 4.2. These Vss,b values
were assessed against the ‘observed’ Vss (simulated from the fitted empirical model) for
diazepam and midazolam or the Vss,b reported in clinical trials (noncompartmental
analysis) for basmisanil. When Vss in plasma (Vss,p) was reported in the literature study,

plasma Vss was converted to blood Vss (Vss,b = Vss, p - BP).

Additionally, simulated concentration profiles from each best model (‘middle-out’
approach) and from the traditional WBPBPK model with Kpus predicted from the R&R
model (‘bottom-up’ approach) were compared against the median ‘observed’
concentration profile by calculating the root-mean-square error (RMSE, Eqg. 4.6) to assess
the accuracy of the predictions, with lower RMSE value representing greater precision of

the model:

Eq. 4.6

PRED; — OBS;)?
RMSE:JZ( =085

Where OBS; is the median ‘observed’ concentration value at time t and PREDy is the

median simulated concentration at time t, and n is the number of time points evaluated.
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4.5. Results
The three studied compounds were weak bases and among them, diazepam (DZP)
was selected as the first compound for optimization due to the number of PK studies in
humans (n=36), monkeys (n=2) and rats (n=5). Based on the preliminary results of the
fitting of the models to rat data of DZP, it was decided to reduce the number of models
to be further tested for the fitting of DZP model to monkey data. The number of models
tested was also reduced for the fitting of midazolam and basmisanil. The best simplified

models fitted in rat and monkey for all 3 compounds are summarised in Table 4.4.

Table 4.4: Summary of the best simplified models fitted in preclinical species for each of the 3
compounds

Diazepam Midazolam Basmisanil
Rat 3C, 3D 3D None

Monkey  3C, 3D 3C, 3D None
Abbreviations for model are defined in Table 4.3.

Results shown in this work are based on using FO-1 or FOCE-I. It should be noted
that the algorithm sometimes failed to converge possibly due to the sparse data or the
complexity of the models in our analysis. Thus, estimation of distribution parameters
(scalars or clustered Kpu) using SAEM method in NONMEM was also considered when
FOCE-I failed. The FO-1 or FOCE-I algorithm generally performed well in this work
except in some cases where convergence failed or estimation was biased. SAEM-I/IMP
could improve the estimation accuracy or convergence success at the expense of a longer

running time and more parameter tuning (results not shown).

4.5.1. Compound 1: Diazepam
Rat
The PK data for diazepam in rat were extracted from literature studies (Table 4.2).
Using a fixed blood clearance of 0.915L/h in rat (obtained from fitting a 3-compartment
model), the concentration-time profiles were analysed with all the investigated simplified
models. The estimated parameters are listed in Table A3.9 and the fitted profiles of the
best models are shown in Figure A3.5-Figure A3.6. All model parameters were
estimated with high precision (RSE% < 50%) except for the Kpu of the central

compartment in the lumped model where it was found to be 2730%. This lack of precision
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Is surprising but may be due to the insufficient flexibility of the model structure with the
lung Kpu being highly influenced by the assumptions made around the other tissue
kinetics and the non-applicability to diazepam i.e., not a compound with low Kpus. The
SAEM algorithm led to more precise estimates (results not shown). Among the
compartment models, several models could recapture an estimated Vss,b close to the
Vss,b observed (0.91 L) in rat within- 20% error (models 3C and 3E), within 25% error
(3D) and within 30% error (models 2C and 2D) (see Table A3.9 for details). Based on
the analysis of 124 compounds where it was found that 95% of Kpu predictions would
agree with experimental values within a factor of 21 (see Appendix A3.4), models 3C and
3D have plausible estimated values for Kpus. Additionally, estimated rat Kpu and derived
tissue concentrations were biologically plausible as the values obtained were close to
tissue Kpu measurements in rat available from the literature (Table A3.7). Although
differences exist between the estimated and observed Kpu values, tissue concentrations
were still well predicted. Thus, the two models 3C and 3D were the best for fitting the
diazepam data in rats (Table 4.4) and were subsequently selected for extrapolation to
human (Figure 4.2). The simulated human PK profiles from models 3C and 3D showed a
major improvement compared to the simulation using the traditional WBPBPK modelling
approach (RMSE 4.9 and 10.2 vs 28). Similarly, the Vss,b in human estimated from the
model 3C (132 L) and 3D (97 L) were within 1.1 and 1.5-fold error of the Vss,b observed
(152 L) which is considerably better than the Vss,b estimated from the traditional
WBPBPK modelling approach (41 L, 3.7-fold error). Thus, the approach using the 14
compartments with common scalars (especially models 3C and 3D) seemed more
promising for translation and all the derived models from this approach were selected for

application to the rest of the analysis.

Table 4.5: Best models after fitting all models to diazepam data in rat and the associated tissue
Kpu estimates

Model Kpu
Adipose Bone Brain Gut Heart  Lung Kidney  Liver  Muscle Skin Stomach  Spleen Pancreas RoB
3C 183 43.2 90.8 3.11 1.38 2.02 281 292 30.8 4.61 3.11 162 98.7 30.8
3D 14.6 41.6 87.2 58.8 26.1 38.3 341 353 29.6 87.5 58.8 196 94.8 29.6
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Monkey

The PK data for diazepam in monkey were extracted from literature studies (Table
4.2). Using a fixed blood clearance of 9.97L/h in monkey (obtained from fitting a 2-
compartment model), the concentration-time profiles were analysed with the approach of
simplified models with scalars (models 3A-F). The estimated parameters are listed in
Table A3.10 and the fitted profiles of the best models are shown in Figure A3.7-Figure
A3.8. No interindividual variability was estimated as there were only 2 subjects in the PK
study. Models 3C and 3D presented parameter estimates with reasonable relative standard
errors (RSE% < 50%). Models 3C and 3D recaptured an estimated Vss,b close to the
Vss,b observed (11.1 L) within 20% error (see Table A3.10 for details). Moreover, the
obtained Kpu parameters of the two models were physiologically plausible, these models
were the best for fitting the diazepam data in monkeys (Table 4.4) and were subsequently
selected for extrapolation to human (Figure 4.2). The simulated human PK profiles from
these selected models showed improvement compared to the simulation using the
traditional WBPBPK modelling approach (RMSE 26 and 20 vs 28). The Vss,b in human
estimated from models 3C (Vss,b=47 L) and 3D (Vss,b =57 L) were within 3.1-fold and
2.5-fold error of the Vss,b observed (Vss,b=152L), which were better than the Vss,b
estimated from the traditional WBPBPK modelling approach (Vss,b=41L, 3.7-fold error).
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Figure 4.2: Simulated human PK profiles of diazepam from the most suitable simplified PBPK

models optimized in rat (left) and in monkey (monkey) versus traditional WBPBPK modelling
approach

Prediction in human after optimisation in rat Prediction in human after optimisation in monkey

Vdbss_PKcomp median (L)=145.22

Vdbss_PKcomp median (L)=145.22
Vdbss_PBPK (L)=40.9

Vdbss_PBPK (L)=40.9

Vdbss_monkey 3C (L)=47.26
Vdbss_monkey 3D (L)=57.98

200+ 2001

Vdbss_rat 3C (L)=132.41

Vdbss_rat 3D (L)=97.47

1501 1501

100+ 1004

501 504

Plasma Concentration [ug/mL]

Plasma Concentration [ug/mL]

-

0 50 100 150 200 250 a 50 100 150 200
Time [h] Time [h]

Vdbss_PKcomp median (L)=145.22
Vdbss_PBPK (L)=40.9

Vdbss_rat 3C (L)=132.41
=_.Vdbss_rat 3D (L)=97.47
el

-

Vdbss_PKcomp median (L)=145.22
Vdbss_PBPK (L)=40.9

. Vdbss_monkey 3C (L)=47.26
= = —Vdbsg_monkey 3D (1)=57 98

~ -~
-

1e+01 1e+014

1e-01

1e-014

1e-03 1e-03

Plasma Concentration [ug/mL]

Plasma Concentration [ug/mL]

0 50 100 150 200 250 0 50 100 150 200 250
Time [h] Time [h]

The dashed red line represents the median concentrations and the semi-transparent red field
represents a simulation based 90% confidence interval for the median using the reference model
(empirical 3-compartmental model). The solid lines represent the median concentrations using

the traditional WBPBPK model approach (black), the model 3C (green) and the model 3D (light
blue).

4.5.2. Compound 2: Midazolam
Rat
The PK data for midazolam in rat were extracted from literature studies (Table
4.2). Using a fixed blood clearance of 1.30 L/h (obtained from fitting a 2-compartment
model), the concentration-time profiles were analysed with the models with scalars
(models 3A-F). The estimated parameters are listed in Table A3.11 and the fitted profiles
of the best models are shown in Figure A3.9. In general, the RSE were low (<50%) with
certain exceptions (see Table A3.11 for details). Models 3C and 3D could capture an
estimated Vss,b close to the Vss,b observed (0.64 L) within 20% error. Considering the
different criteria (precision of estimates, physiological plausibility of Kpu estimates, and
estimated Vss value), model 3D was the best for fitting the midazolam data in rats.
Moreover, the estimated rat Kpu were biologically plausible as the values obtained were

mostly within 2-fold of Kpu measurements in rat available from literature (Table A3.8).
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Model 3D was subsequently selected for extrapolation to human (Figure 4.3). The
simulated human PK profiles from model 3D was slightly better than the simulation using
the traditional WBPBPK modelling approach (RMSE 0.021 vs 0.018). The Vss,b in
human estimated from model 3D in rat (183 L, which is within a 1.3-fold error) was also
closer to the Vss,b observed (141 L) compared to the Vss,b estimated from the traditional
WBPBPK modelling approach (202 L, which is within a 1.5-fold error).

Monkey

The PK data for midazolam in monkey were extracted from literature studies
(Table 4.2). Using a fixed blood clearance of 6.4 L/h (obtained from a 2-compartmental
model), the concentration-time profiles were analysed with the models with scalars
(models 3A-F). The estimated parameters are listed in Table A3.12 and the fitted profiles
of the best models are shown in Figure A3.10. In general, the RSE were low (<50%) with
certain exceptions (see Table A3.12 for details). Several models could capture an
estimated Vss,b close to the Vss,b observed (8.8 L) within 20% error: (model 3D) and
within 30% error (model 3C). The physiological plausibility of Kpu estimates of these 2
models was reasonable. Considering the different criteria (precision of estimates,
physiological plausibility of Kpu estimates, and estimated Vss value), models 3C and 3D
were the best for fitting the midazolam data in monkeys and were selected for
extrapolation to human (Figure 4.3). It should be noted that the traditional WBPBPK
modelling approach for midazolam gave good prediction in human (which was not the
case for diazepam). The simulated human PK profiles from models 3C and 3D were
comparable to the simulation using the traditional WBPBPK modelling approach (RMSE
0.018 and 0.019 vs 0.018). The Vss,b in human estimated from model 3C in monkey (131
L, which is within a 1.1-fold error) was similar to the Vss,b observed (141 L) and better
than the Vss,b estimated from the traditional WBPBPK modelling approach (202 L,
which is within a 1.5-fold error). The Vss,b in human estimated from model 3D in

monkey was not better but still reasonable within 2.2-fold-error (302 L).
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Figure 4.3: Simulated human PK profiles of midazolam from the most suitable simplified PBPK
models optimized in rat (left) and in monkey (monkey) versus traditional WBPBPK modelling
approach
Prediction in human after optimisation in rat Prediction in human after optimisation in monkey
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The dashed red line represents the median concentrations and the semi-transparent red field
represents a simulation based 90% confidence interval for the median using the reference model
(empirical 3-compartmental model). The solid lines represent the median concentrations using
the traditional WBPBPK model approach (black), the model 3C (green) and the model 3D (light
blue).

4.5.3. Compound 3: Basmisanil
Rat
The PK data of basmisanil in rat were obtained from an internal PK study (Table
4.2). Using a fixed blood clearance of 0.824 L/h (obtained from a 2-compartment model),
the concentration-time profiles were analysed with the approach of simplified models
with scalars. The estimated parameters are listed in Table A3.13. No interindividual
variability was estimated as there were only 2 subjects in the PK study. Model 3F did not
converge. Although some models were able to produce parameter estimates with
reasonable relative standard errors (RSE<50%), none of them provided an estimated
Vss,b close to the Vss,b observed (0.91 L) within 20% error. The models’ performance
could be limited by the lack of measurements in the terminal phase of the PK data. In the
absence of any additional data to improve the optimization in rat, the decision was to
perform the prediction in human using the traditional PBPK model approach (Figure 4.4).
Extrapolation should not be attempted even with the “best” worst model (model 3E) since

this would cause incorrect predictions as illustrated in Figure 4.4. The simulated human
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PK profiles from the traditional WBPBPK modelling approach was within a 3-fold error
of the Vss,b in human (38 L vs 84 L). Therefore, the traditional WBPBPK modelling

approach gave a good prediction in human for basmisanil.

Monkey
The PK data for basmisanil in monkey were obtained from a PK study of 3
subjects (Table 4.2) and using a fixed blood clearance of 3.82 L/h (obtained from a 2-
compartment model), the concentration-time profiles were analysed with the approach of
simplified models with scalars. When using FOCE-I, convergence failure was
encountered with most of the models. The parameters estimated using SAEM are listed
in Table A3.14. None of the models were able to produce parameter estimates with
reasonable relative standard errors (RSE<50%), also, none of them provided an estimated
Vss,b close to the Vss,b observed (24 L) within 20 or 30% error. This could be due to the
heterogeneity of PK profiles in the 3 monkeys as the proportional error were very large
(>68%). Similar to the case of basmisanil with rat data, the decision was to perform the
prediction in human using the traditional PBPK model approach in the absence of any
additional data to improve the optimization in monkey (Figure 4.4). Although the
extrapolation using the “best” worst model (model 3C) could give good prediction in
human as illustrated in Figure 4.4, there is no clear rationale and high uncertainty for this
practice. Nonetheless, the traditional WBPBPK modelling approach gave a good
prediction of PK profile in human for basmisanil within a 3-fold error of the Vss,b in

human (38 L vs 84 L).
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Figure 4.4: Simulated human PK profiles of basmisanil (IV infusion of 0.1mg for 15 min)
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The red dots represent observed data. The solid lines represent the median concentrations using
the traditional WBPBPK model approach (black), the model 3C (green). and the model 3E
(brown).

4.6. Discussion
In this work, several approaches and PBPK models were presented for cross-species
extrapolation (Table 4.6). The Kp prediction method used here was the Rodgers and
Rowland method [20, 21], but other Kp methods could also be used [4, 59-61]. In general,
they strongly rely on drug properties such LogP, pKa, fup and BP, which are expected to
be well- characterized. A low confidence in the measurement of these values may
subsequently prevent parameter estimation from in vivo data and increase uncertainty

around the predictions in human [23].
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Table 4.6: Assumptions, advantages, and disadvantages of the different simplified PBPK models
for interspecies extrapolation

Models Assumptions Advantages Disadvantages
Lumping based on
similar tissue kinetics Easy to implement as
(blood-flows and closed form solution
volumes) and low Possible to use
tissue Kpus computer-intensive May be difficult to
Similar lumped methods for estimation extrapolate due to
model structure Possible to derive plasma species differences
Lumped 3 . . o L
between species and lung profiles in tissue kinetics
compartment Lo . R
model Drug distributes Meaningful use of Limited in use to

homogenously
among the lumped
tissue at the same
distribution rate
Clearance
implemented from
plasma/blood

plasma volume and
prediction of drug
distribution in groups of
lumped tissues while
only analysing plasma
time-course data

compounds with
relatively low Kpu
values

14 compartment
PBPK model
with common
Kpus

Grouping of tissue
based on steady state
similarities in drug
partitioning
Flow-limited
distribution
Identical model
structure across
species

Species
independence of
Kpus

No assumption on tissue
kinetics (except for lung)
Better extrapolation
potentially due to
stronger similarity of
tissue composition
compared to tissue
Kinetics between species
Possible to derive
individual tissue profiles
Applicable for a wider
set of compounds

Longer running time
due to model high
dimensionality

May be more
difficult to estimate
parameters with
limited data

14 compartment
PBPK model
with common
scalars

Grouping of tissues
based on steady
states similarities in
drug partitioning
Flow-limited
distribution
Identical model
structure across
species

Species
independence of
scaling factors

No assumption on tissue
kinetics (except for lung)
Better extrapolation
potentially due to
stronger similarity of
tissue composition
compared to tissue
kinetics between species
Possible to derive
individual tissue profiles
Applicable for a wider
set of compounds

More flexibility by
assuming similar bias
from predicted Kpus (by
R&R equations) across
species

Long running time
due to model high
dimensionality
May be more
difficult to estimate
parameters with
limited data
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In the kinetic lumping approach, one model structure (lumped model in man) was
assumed to be common across species (Table 4.6). The lumped model was based on
human as it is the target species for extrapolation in this work. This approach assigned
similar tissue kinetics between species which potentially alter the mechanistic realism of
the model in preclinical species. For most tissues, the ratio of blood flows to tissue
volumes were similar between species except for adipose and skin (Table A3.4-Table
A3.6). In human, skin and adipose volumes account for 3.9 % and 24 % of total tissue
volume respectively, whereas they account for 19 % and 8.4 % respectively in rats, and
for 11 %and 3 % in monkeys. Adipose tissue can be key for drug distribution in human
due to its size and characteristics (lowest tissue water, high neutral lipids and low
phospholipids) and thus having adipose as a separate compartment can help to better
describe the PK in human. However, rats and monkeys are lean animals and adipose tissue
do not represent such an important organ for drug distribution compared to other tissues.
Optimization of the ‘human’ lumped model may limit its use and interpretation in
preclinical species. Therefore, the cross-species extrapolation using this approach may
not work well and be challenging especially for drugs that distribute largely in the adipose

tissue, such as highly lipophilic compounds.

In the 14-compartment PBPK models approach with tissue commonalities,
parameters could be separated into system- and drug-specific components which allowed
the extrapolation of mechanistic knowledge from a reference species (here rat or monkey)
to a target species (human) as in a traditional WBPBPK model. Species differences in
organ size and blood flow rates were accounted for by extrapolation in all the models of
this approach. In the models with common scalars, species differences in tissue
composition are considered and different Kpu values are allowed for tissues whereas it is
less flexible in the models with common Kpus (Table 4.6). Additionally, in the latter
models, Kpus are assumed to be the same across species whereas in the former models it
is assumed that the same bias from R&R Kpus exist across species. In the models with
common scalars, the best models are able to provide physiologically relevant predictions
of tissue distribution while analysing plasma profiles only. This was affirmed in the case
of diazepam where actual tissue concentrations from rat studies were available in the

literature (comparison can be found in Appendix A3.5).

Kp parameter values may be estimated from rat data and then used to predict

human Kp values and drug disposition assuming Kpu are the same between species and
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taking into account species differences [10]. Moreover, while some studies require
plasma and various tissue concentrations in rats to estimate Kps and predict human PK
[27, 28, 38, 62], the method proposed here only use plasma concentrations which are

more readily available from animal studies.

The aim of this work was to propose a PBPK strategy for extrapolating drug
distribution from preclinical species to human. Based on the findings obtained for these
three compounds (lipophilic weak bases), a strategy is proposed in Figure 4.5.

Figure 4.5: Optimized PBPK modelling strategy for distribution
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prediction in human

If additional data are not available, prediction with low
confidence in human using the traditional PBPK with RR
model

These three compounds were provided as examples on how human PK profiles could be
predicted by optimizing simplified models in rats and monkeys. The predictive
performance for extrapolation was compared retrospectively with the classical WBPBPK
approach (with R&R Kpus) for diazepam and midazolam (weak bases). Sparse data and
incomplete profiles resulted in parameter estimation issues for basmisanil and
subsequently, it i1s not recommended to further extrapolate the “best” worst model as it
could be inconsistent and impair predictions in human and the better choice is to use the
traditional PBPK modelling approach with the R&R model (Figure 4.5). Generating
good quality data should be a prerequisite for the extrapolation. When limited data are
available at early sampling times, this could also affect the model optimization in
preclinical species causing deviations in initial phase predictions in human. Nevertheless,
the 14-compartment model assumes the lumped central compartment (blood and lungs)

as the initial dilution space which increases accuracy and stability for fitting the initial
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PK decline phases. This simplified PBPK approach reduced the number of parameters to
be estimated from 16 (all tissues) to only three or four, resolving therefore parameter
identifiability issues when trying to fit WBPBPK models to data (see Chapter 3). The
insensitivity of one parameter for the overall PK profiles may explain the low precision
in some of the models. Nevertheless, the high precision (low CV% values) for the
parameter estimates in the best models in animals indicated good model performance,
although fittings for some of the digitized data are only approximate. The presented
approach can be combined with PBPK software such as Simcyp®, PK-Sim® or
Gastroplus® by using the optimized parameters to derive the tissue Kpu values needed
as inputs. For diazepam and midazolam, it was shown that as long as the volume of
distribution (calculated using Eq. 4.2) and the clearance (here, it was fixed to the observed
clearance value) were well characterized, the model described the overall profile in
animals and would reasonably predict the concentration time profiles in human (better
than the traditional WBPBPK modelling approach). Additionally, the models with scalars
using k-means clustering generally performed well for fitting and extrapolation and can
be tried first. In the case where these models do not describe the data well, other simplified
PBPK models could be explored. If none of the models performed well in animals, as for
basmisanil, the extrapolation could still be done using the traditional WBPBPK modelling
approach although confidence in prediction accuracy will be low. It is however not
recommended to use the poor fitting of simplified models to preclinical data, as the
predictions in human are uncertain and could be poor. Variability and uncertainty in
population physiology and drug parameters could potentially be integrated if they are

known instead of only predicting an average human profile [63, 64].

This work has some limitations due to the assumptions and data sources. Relevant
physiological data and evidence may be lacking to address the potential limitations of
cross-species translation. Although monkey is generally considered to be the most
suitable preclinical species, the case study using diazepam did not find greater similarity
of monkey than rat for drug-distribution. This could be due to the lack of information
regarding monkey tissue composition as the tissue composition data used for the monkey
was a hybrid of rat, human and monkey data (Table A3.3). Therefore, better knowledge
on species specific physiological parameters could improve the fitting and the prediction
accuracy across species. Another explanation could be the interspecies difference in
volume of distribution for diazepam. Rat Vuss,p (L/kg) was 4.6 times higher than human
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Vuss,p (L/kg) whereas monkey Vuss,p (L/kg) was surprisingly 7.8 times higher. Besides
insufficient data, this analysis also highlighted the need for good quality of PK data in
animal studies to avoid parameter fitting issues and consequently the suitability of models
for prediction in human. Low numbers of animals and variable methods for bioanalysis

in the different preclinical studies might also have influence on the fitting of the models.

PBPK modelling is increasingly applied in drug development and regulatory
review [65-69]. Recent regulatory guidance regarding PBPK modelling [70, 71]
highlighted the need for a more systematic approach to establish confidence in PBPK
models especially when estimating model parameters (middle-out approach). Overall,
this work provided a rational and systematic strategy to predict human PK using
preclinical data within a PBPK modelling strategy. The extrapolation is focused on
selected best fitted models and plausible parameters which are not arbitrarily chosen thus
bringing a more rational way to translate PBPK models for drug distribution between
species. The strategy was applied to a dataset of 3 weak bases mostly due to the limited
availability of PK data simultaneously in several species. The validation of this
framework would require further assessment with a large dataset of compounds with
diverse physicochemical properties. It should be noted that the predictive performance of
the models in preclinical species were not validated with independent preclinical data as
new data are generally not generated due to 3R principles. Following the development
and verification of models in rats, it can be suggested to have an additional step for
validating the predictive performance of these models using monkey data when they
become available to increase confidence before predictions in human. Additionally, this
strategy mainly focused on drug distribution which is only one key component of drug
PK. Indeed, it did not consider challenges related to absorption and clearance [72, 73] by
considering only intravenous administration and assuming a fitted clearance, which
would have further increased the degree of complexity and potential uncertainty. For
example, there were interspecies differences in plasma clearance which was very rapid
and large in rat compared to man and monkey for diazepam whereas rat blood clearance
was higher than hepatic blood flow rate for midazolam.

In this work, the PBPK modelling strategy was mainly focused on an application for
interspecies extrapolation from animals to human. However, it could also be used for

intra-species extrapolation from a base population to paediatrics or a special population
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[74-77]. If some mechanisms are modified in the target population, this knowledge should
be updated and incorporated in the model.

4.7. Conclusion

This work proposed a strategy to integrate preclinical data and optimize simplified
PBPK models in order to successfully predict the distribution of small molecules in
human. While fixing the clearance and using the approach of simplified PBPK models
with common scalars, PK profiles could be well described in preclinical species and using
the best models, plasma profiles were successfully predicted in human for two of the three
tested compounds. Discrepancy for the third compound could be due to lack of data in
preclinical species and may be addressed by generating appropriate PK data. In
comparison with the traditional PBPK approach, the strategy proposed here provided an
easy and systematic alternative for optimizing drug distribution in PBPK models and
indicated better or similar accuracy of human drug distribution for diazepam and
midazolam. This proof of concept was shown for diazepam and midazolam but the
strategy can be generalised. The potential of this strategy for PBPK models of drug
distribution could be applied to translation within species e.g., from adult to paediatric

population.
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Chapter 5: Concluding  remarks and  future

directions
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This project focused on the development of a systematic framework to integrate
preclinical data within PBPK models, especially in order to improve the prediction of
human drug disposition during drug discovery and development programme. The PBPK
modelling approach for prediction of human PK of small molecules has become more
common with various studies validating this approach using large drug datasets and
examples of successful predictions [1-6]. However, in drug discovery and development,
there is often a need to optimise model parameters when bias exists between PBPK model
predictions and observed data. Herein, a systematic approach has been proposed and
evaluated for such purpose within a PBPK modelling framework (Figure 6). As stated in
the regulatory guidelines for PBPK modelling, it is recommended to perform sensitivity
analyses when developing and refining PBPK models, the framework started with a
global sensitivity analysis to identify sensitive parameters involved in the drug
distribution model [7, 8]. Due to the multidimensional nature of the PBPK models which
limits estimation of the model parameters simultaneously, several simplified
physiological models for distribution in PBPK models were investigated. These models
were used for parameter estimation using data from preclinical species. Subsequently, the
potential to extrapolate and improve human predictions incorporating pre-clinical data
was evaluated. The framework proposed here has advantages and limitations which are

going to be discussed in this chapter.
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Figure 6: Proposed systematic framework for integrating preclinical data in PBPK
modelling for distribution

GSA of RR
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5.1. Thesis findings

A Global Sensitivity Analysis (GSA) was performed in Chapter 2, on the Rodgers
and Rowland (R&R) model which predicts tissue Kpus, the essential inputs for
distribution in PBPK. Various GSA methods have been proposed and applied during
PBPK modelling and simulation in recent years [9-13]. Some of the proposed GSA
methods can be very sophisticated, allowing sampling of independent or correlated input
parameters, and also possibly assesses qualitatively or quantitatively the variation of
parameters on the model outputs [14]. In Chapter 2, the partial rank correlation
coefficients method (PRCC) was chosen as it can deal with nonlinear relationships and
monotonicity could be assumed between parameters and outputs [15]. The PRCC has
been shown to be an efficient and robust methods without needing a very large sample
size [15, 16]. It may be possible to use one of the more recently developed GSA methods
which are able to better account for correlation between parameters, but these methods
require data gathering to properly identify parameter correlations and are generally
computationally expensive. In addition, the work in Chapter 2 was based on the R&R
model which is the model most used for distribution. Several studies found that the R&R
model was overall the most accurate model for predicting Kpu using datasets of drugs
[17-19]. The R&R model have however some limitations as it does not take into account
all the mechanisms that could exist (e.g., transporter activity, inaccurate prediction for

highly lipophilic compounds, and relevance of lysosomal trapping for strong bases) [20,
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21]. One evident finding from this GSA was that the predictions of the volume of
distribution and tissue Kp values are very sensitive to drug parameters LogP and fup.
Drug parameters are indeed important since differences in the distribution of drugs
depends on their drug classes, binding, and lipophilicity (ability to interact with lipid
constituents of tissues). Consistent experimental measurements of these values are
essential as uncertainty in these drug parameters would largely impact the predicted Kpu
values and thus the predicted drug PK profile. The most interesting finding was that tissue
composition data in particular acidic phospholipids and extracellular proteins are fairly
influential parameters although often overlooked compared to drug parameters. These
results are consistent with a recent study where a standardized tissue composition data in
human were used to predict tissue:plasma partition coefficients [22]. However, values
from nonclinical species remain part of this standardized tissue composition database due
to the limited availability of these values in human. Further research should be undertaken
to investigate and characterize tissue composition data across species. Most of available
tissue composition information are determined in rats although from different studies and
strains of rat [23-25]. It should be noted that some efforts have been made to collect tissue
composition data for several tissues from the literature in various species (mouse, rat,
guinea pig, rabbit, beagle dog, pig, monkey, and human) [26, 27]. Due to the scarcity of
data and limited knowledge of tissue composition data from the same source and species,
a full species-specific tissue composition dataset is often composed of values averaged
from a number of different studies and sourced from different species (and strains). This
is especially true for the monkey tissue composition data used in Chapter 4, which was a
hybrid of rat and human tissue composition data. Among the different tissue composition
components, the GSA assessment (Chapter 2) suggests the highest chance to improve Kp
predictions by focusing primarily on quantifying acidic phospholipids and extracellular

proteins.

Prediction of profiles in human from preclinical and physicochemical data for a
new chemical entity is an important part of drug discovery and development. Among the
various approaches that are conventionally used, PBPK modelling is the most mechanistic
approach by integrating species-specific and compound-specific parameters. Several
studies demonstrated that animal PBPK models which could accurately predict animal
steady state volume of distribution (Vss), resulted in accurate prediction of drug PK in

human PBPK models [1, 2, 19, 28]. However, predictions from animal PBPK models
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have also often showed mismatches between simulated and observed concentration
profiles for some animals and compounds [2]. It is then necessary to optimize the PBPK
models to improve the prediction accuracy in animals before performing simulations in
humans. One of the issues that emerges is the complexity of whole-body PBPK model
structure and the large number of parameters involved, which renders the optimization
process challenging. In Chapter 3, several approaches were thus investigated to simplify
the PBPK model structure and/or reduce the number of parameters in order to facilitate
parameter estimation for PBPK modelling. A common approach to fit PK data is a
classical compartmental analysis which usually results in empirical models of 1, 2 or 3
compartments. However, since these models are not physiological, their use for
extrapolation from preclinical to clinical development is limited. Following this
observation of model reduction to a few compartments, the first approach considered for
simplifying PBPK models was to apply an approach similar to kinetic lumping. Lumping
technique is a well-established method for simplifying PBPK models [29-32]. For
example, it was reported that the WB-PBPK of 25 various compounds (moderate-to-
strong bases, weak bases and acids) could be lumped into 1 to 5 compartments [32]. The
model structure will generally change for each new compound as they are dependent on
drug specific properties. A general lumped model was proposed to overcome the drug-
specificity inherent to kinetic lumping. The proposed lumped model may however have
limited application since the a priori lumping based on tissue volumes and blood flow
rates required the assumptions of compounds with relatively low Kb values (Kb=1). On
the other hand, these assumptions were not made in the approach where the structure of
WB-PBPK models was conserved to 14 compartments. Two different cases were then
considered: either tissues with similar compositions share common Kpu values or tissues
share common empirical scalars reflecting the bias in the prediction of the Kpu by the
R&R model. The first case is supported by evidence in the literature that correlates the
Kp of different tissues, especially muscle, adipose, and skin, which were suggested to be
representative of other tissue Kps [33, 34]. Here, the common Kp, or Kpu values could
be considered as an average of several tissues, and thus not necessarily be comparable to
particular experimental tissue Kps, or Kpus. In the second case, the assumption was to
consider that some tissues have a common bias, reflected in a scalar that would adjust the
Kp predictions from the R&R model. Empirical scaling factors are commonly used in
practice during optimization of PBPK models, however the choice of universal or specific

scalars for some tissues is not always consistent [35-37]. The second case provides a more
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systematic and rational way to alleviate this concern and address the recommendations
from regulatory guidelines [7, 8]. With diazepam as a model compound, the different
approaches and models were used to fit PK data using a nonlinear mixed effect (NLME)
approach. When fitting the data, all model parameters could be estimated including
clearance, inter-individual variability on clearance, as well as Kpus or Kpu scalars. The
results showed that these proposed models were flexible enough to fit data while keeping
the physiological nature of the model. From a parameter optimization point of view, these
mechanistic models are more informative than classical compartmental PK models. It is
important to bear in mind that the selection of the model (mechanistic or empirical) would
depend on its purpose and use to answer specific questions. In the second approach, the
tissue grouping was mostly based on rat tissue composition. As mentioned in Chapter 2,
reported tissue composition data include some level of variability and uncertainty due to
their origin and this may affect the tissue grouping. Nevertheless, the concept of tissue
grouping using clustering methods on tissue composition remains relevant. If new tissue
composition becomes available, the same methodology can be applied, and tissue

grouping may then be updated as well as associated models.

Chapter 4 can be seen as an application of the models/concepts developed in
Chapter 3. The aim here was to evaluate the performance of the models previously
investigated for translation of drug distribution from preclinical species (rat and monkey)
to humans. The evaluation of the different PBPK models was performed for 3 test
compounds. These were basic compounds with high lipophilicity, indicating a high
membrane permeability, which is in accordance with the assumption that the passive
diffusion is predominant for tissue distribution in these models. For translational purposes,
the same model structure was assumed across species. The a priori lumped model was
based on human physiology as human is the target species for extrapolation. This Kinetic
lumping approach assigned similar tissue kinetics between species which potentially
alters the mechanistic realism of the model in preclinical species. Contrary to the kinetic
lumping, the second approach based on steady state commonality in drug partitioning
(common Kpus or common Kpu scalars) has the advantage to retain most of the organ
structure of the WBPBPK model and is thus preferable. The main assumption of the
models with common Kpus is that tissue composition is very similar across species and
consequently Kpus are the same between species. It is consistent with a recent study

which found no significant species differences of fraction unbound for tissue binding and
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rat tissue fraction unbound can be a good predictor of other tissue binding and other
species [38]. Whereas the main assumption of the models with common Kpu scalars is
that empirical scaling factors can be derived from fitting animal PK data and these scaling
factors are species independent. These latter models have more flexibility as tissues can
have different Kpu values although having the same scalar. The results from the fitting to
diazepam and midazolam preclinical data support the use of these more flexible models
(especially with scalars obtained from the k-means clustering method) as they were
generally more able to fit the available preclinical PK data and subsequently to predict
drug concentrations in human. For basmisanil, the fitting of models to preclinical data
was not successful possibly due to the quality of data, highlighting the need for good
quality data for these purposes (i.e., well defined distribution and elimination phases).
Although monkey could be expected to perform better as they are considered more similar
to humans, it was not found that predictions from monkey would always be better than
from rat. One explanation could be the limited in vivo data available in monkey in the
study. Based on the findings obtained for these three compounds, a general strategy was
proposed in the form of a decision-tree (Figure 6). One of the key points from this
decision-tree relates specifically to the quality of preclinical PK data used: good quality
data should be available or generated before considering any optimisation and
extrapolation. Data quality could be improved by better sampling, optimal design,
infusions instead of IV bolus, etc. Additionally, the use of several criteria allows to
evaluate the performance of the simplified models for fitting the preclinical data and
subsequently determine its suitability for extrapolation to human. Given the nature of
these simplified models which are based on physiology, their use should be applicable to
a large set of compounds. Further work should be undertaken with more compounds and
different drug classes (acids, strong bases, neutral) in order to validate the proposed

framework.

5.2. Future perspectives
A systematic framework was proposed for the optimisation and interspecies
translation of PBPK models. It focused on the estimation of Kpu parameters, but
estimation of other model parameters could also be investigated with the availability of
different data. Further research might explore the combination of Bayesian estimation

methods with this proposed PBPK modelling framework. And a similar approach could
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be useful beyond the topic of interspecies translation of drug distribution such as
translation of other PK processes or intraspecies extrapolation, for example.

5.2.1. Optimisation of drug and physiological parameters

This thesis focused on the estimation of PBPK parameters (especially Kpus) using
preclinical IV data. The estimation of other PBPK model parameters could also be
considered with the availability of different data. In the R&R model, Kpu depends on
tissue composition and most of the parameters are based on the physicochemical
properties of the compound except Ka, the association constant to acidic phospholipid
content [24, 39]. Ka is calculated from the BP ratio, considering the known concentration
of acidic phospholipid in blood cells and plasma protein binding. The affinity of a
compound to acidic phospholipid is then assumed to be the same for all tissues of the
body. Rodgers et al. predicted Kpus using tissue composition data and verified the Kpu
predictions against experimental Kpu values which were steady state data following a
constant rate infusion content [24, 39]. Given the availability of these data, the model can
be fitted to all the tissue Kpu data to estimate a global value of Ka instead of using the
derived value from the BP ratio (which can be used as an initial estimate). The parameter
Ka could also be estimated using IV plasma data after taking into account renal clearance
and intrinsic hepatic clearance. After substitution of Kpu in the PBPK model by the tissue
composition model for each tissue, Ka would be the only parameter to estimate thereby
vastly reducing the dimensionality of the WBPBPK model and associated estimation
problem. The performance of these Kpu values calculated with the optimised Ka can then
be compared to those that were estimated by the R&R model.

Another aspect to explore could be the optimisation of physiological parameters
as many of these parameters are generally fixed. A further work might explore the fitting
of a WBPBPK model to PK data to estimate the blood flow rates to each tissue (assuming
perfusion rate limited distribution) rather than to assume literature values [40, 41]. The
data from a study investigating PBPK modelling of beta-blockers (strong bases) in the rat
following an IV bolus dose [42] could be used for this purpose. Additionally, seven
racemic beta blockers were administered as cocktails of 3-4 compounds and individual
enantiomers were measured in this study. The estimation of blood flow rates may also
help to address the potential issue of a cardiovascular effect that could happen at the doses

employed in the drug cocktail.
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Additionally, the GSA from Chapter 2 showed that acidic phospholipid and
extracellular protein are very sensitive parameters and should be well characterised. An
alternative to experimental studies could be to optimize the values of these tissue
composition data using the dataset of rat experimental Kps that have been collected from
literature and used in Chapter 3 for deriving tissue groups. Tissue Kpu measured for
strong basic compounds could inform the estimation of acidic phospholipids. Weak basic
and neutral compounds would help the estimation of the tissue lipoprotein ratio while
acidic compounds could help the estimation of the tissue to albumin ratio.

The findings from the optimization of drug and physiological parameters in a PBPK
model would help to translate the prior knowledge and uncertainty associated with
experimental methods and data into statistical prior distributions. The definition of
appropriate prior distributions for the model parameters would aid to establish a Bayesian

framework for PBPK modelling.

5.2.2. Bayesian hierarchical modelling

Overall, the present work is one of the first attempts to investigate a systematic
framework for integrating drug preclinical data into PBPK modelling. A recent study
proposed to optimize PBPK model parameters using available species-specific
toxicokinetic data for an organic pollutant [43]. Such an approach which uses whole PK
profiles (and not only PK parameters e.g., Vss or AUC) is especially of interest as it
extracts most information out of the animal experiments and thus contributes to the 3R’s
principles. The fitting of PBPK models to preclinical data and subsequent extrapolation
to humans allows the description of an average animal and the prediction of an average
human profile. A natural progression of this work would be to integrate variability and
uncertainty in population physiology and drug parameters. All system-related and drug-
specific parameters are mechanistic in nature and prior information about their range can
be extracted from anatomical and physiological literature, in vitro experiments, and
previous published models. The use of Bayesian estimation methods could be optimal as
it allows the integration of prior information [44-46]. Bayesian population PBPK has been
applied successfully in physiological pharmacokinetic and toxicokinetic models [31, 43,
47-60]. The principle of the Bayesian approach is to define unknown parameters as
random variables with probability distributions rather than unknown fixed variables [61].
The prior distribution of a parameter is a key part of Bayesian inference as it represents
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the information about uncertain parameters that will be combined with the probability
distribution of new data to yield the posterior distribution and the updated parameter
estimates. A prior distribution for PBPK model parameters can be informed from the in
vitro experiments, literature databases, and predictions derived from in silico models;
here we focus on parameters that can be informed for predicting drug distribution. For
example, the distribution of the accuracy of rat Kpu predictions from the R&R model
(Figure 7) could be used to assign priors to the scalars in the models with common Kpu
scalars. It was for example found that the ratio of log predicted to observed Kpu could

follow a normal distribution for the different tissues.

Figure 7: Distribution of the log-transformed random error of observed Kpu/predicted Kpu
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Details of this analysis can be found in Appendix A3.3

Due to the limited data and the model sensitivity to noisy data or outliers,
information from experimental data is often not sufficient to obtain estimates of
parameters in a PBPK model. The Bayesian approach combined with population
hierarchical modelling (if population data are available) can be considered as an

alternative to the maximum likelihood approach [62]. The initial issue of a very high
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dimensional parameter space in the Bayesian population PBPK approach could be
addressed by the use of a simplified PBPK model similar to the maximum likelihood or
‘classical’ approach. The Bayesian population approach also provides posterior
distributions for the individual and population parameters rather than single point
estimates [63, 64]. Similar to the approach taken in Chapter 2, a GSA could help to
identify sensitive parameters before Bayesian-PBPK model estimation as shown in a
previous study [65]. Deriving credible prior distributions of relevant PBPK model
parameters would be an important aspect. For PBPK models, it is sometimes difficult to
translate the prior knowledge into statistical prior distribution. Indeed, most of the prior
information regarding drug-related parameters is derived from in vitro experiments,
literature databases, and in silico methods generating point estimates (e.g., mechanistic
predictions of partition coefficients) or estimates with combined uncertainty and
variability (e.g., predictions of intrinsic clearance from pooled human liver microsomes).
Consequently, many experimental studies (in vitro and animal in vivo) focused on
metabolism and excretion. PBPK models mechanistically integrate all available measures
of metabolism and excretion in order to provide realistic estimates of human exposure in
target organs. Various in vitro, in vivo, and in silico models are often employed
throughout drug discovery and development to predict the metabolic disposition of new
and existing drug molecules [66-70]. We could use the available data to derive priors of
the in vitro— in vivo extrapolation (IVIVE) of metabolic clearance and also understand
the potential reasons for mispredictions. Prior information for anatomical and
physiological can be found in literature [71-76]. The estimated posterior probability
distribution derived from Markov chain Monte Carlo (MCMC) analysis can then be used

to perform PK simulations at population- or individual level [53, 55, 57].

5.2.3. Additional applications
In this thesis, a systematic framework for the translation of a PBPK model was
primarily investigated for drug distribution. However, distribution is only one of the
ADME processes that influence the PK of a drug. Elimination is a process that does not
translate well from preclinical species due to species differences in enzyme and
transporter expressions and activities. A framework similar to the one investigated herein
could provide insights for the absorption process. The absorption is a complex process

depending on the interplay between the drug/formulation properties and the
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gastrointestinal tract (transit times, first pass effect). Both drug parameters and
physiological parameters could influence the fraction absorbed (solubility, dissolution,
permeability) and oral bioavailability [77]. Due to its multifactorial nature and oral
bioavailability process, translation of drug absorption between species is often not well
predicted [78, 79]. Fitting some of the absorption parameters in preclinical species may
be informative and provide insights for human absorption. Future research could explore
whether parameters such as solubility, dissolution, permeability, and clearance could be
estimated systematically using preclinical PK data for several compounds. These
parameters could then be assumed to be similar in human and permit the extrapolation of
absorption to human. Additionally, the Bayesian approach could be considered in this
systematic framework for absorption. This study may encounter limitations due to the
availability of PK data following both an iv and oral dose in several species.

The present research focused on the use of simplified PBPK models for
extrapolation from preclinical species to human. More broadly, these simplified models
can have application beyond interspecies translation. When the simplified PBPK model
is developed and selected, it could follow the compound even after clinical development.
The insight gained from interspecies extrapolation will prove useful in expanding the
application of these simplified models for intra-species translation such as extrapolation

from adult to children or from healthy to disease populations.

181



5.3. Reference

[1]  Jones HM, Gardner IB, Collard WT, Stanley PJ, Oxley P, Hosea NA, et al.
Simulation of human intravenous and oral pharmacokinetics of 21 diverse compounds
using physiologically based pharmacokinetic modelling. Clin Pharmacokinet.
2011;50(5):331-47.

[2]  Jones HM, Parrott N, Jorga K, Lave T. A novel strategy for physiologically based
predictions of human pharmacokinetics. Clin Pharmacokinet. 2006;45(5):511-42.

[3] Chen Y, Jin JY, Mukadam S, Malhi V, Kenny JR. Application of IVIVE and
PBPK modeling in prospective prediction of clinical pharmacokinetics: strategy and
approach during the drug discovery phase with four case studies. Biopharm Drug Dispos.
2012;33(2):85-98.

[4] De Buck SS, Sinha VK, Fenu LA, Nijsen MJ, Mackie CE, Gilissen RA. Prediction
of human pharmacokinetics using physiologically based modeling: a retrospective
analysis of 26 clinically tested drugs. Drug Metab Dispos. 2007;35(10):1766-80.

[5] Poulin P, Jones RD, Jones HM, Gibson CR, Rowland M, Chien JY, et al. PHRMA
CPCDC initiative on predictive models of human pharmacokinetics, part 5: prediction of
plasma concentration-time profiles in human by using the physiologically-based
pharmacokinetic modeling approach. J Pharm Sci. 2011;100(10):4127-57.

[6] Miller NA, Reddy MB, Heikkinen AT, Lukacova V, Parrott N. Physiologically
Based Pharmacokinetic Modelling for First-In-Human Predictions: An Updated Model
Building Strategy Illustrated with Challenging Industry Case Studies. Clin Pharmacokinet.
2019.

[7] European Medicines Agency, Guideline on the qualification and reporting of
physiologically based pharmacokinetic (PBPK) modelling and simulation 2018
[Available from: https://www.ema.europa.eu/en/documents/scientific-
quideline/guideline-reporting-physiologically-based-pharmacokinetic-pbpk-modelling-
simulation_en.pdf; accessed May 2019]

[8] U.S. Food and Drug Administration, Physiologically Based Pharmacokinetic
Analyses — Format and Content : Guidance for Industry 2018 [Available from:
https://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatoryInformation/Gu
idances/lUCM531207.pdf; accessed May 2019]

[9] Melillo N, Aarons L, Magni P, Darwich AS. Variance based global sensitivity
analysis of physiologically based pharmacokinetic absorption models for BCS I-1V drugs.
J Pharmacokinet Pharmacodyn. 2019;46(1):27-42.

[10] Melillo N, Darwich AS, Magni P, Rostami-Hodjegan A. Accounting for inter-
correlation between enzyme abundance: a simulation study to assess implications on
global sensitivity analysis within physiologically-based pharmacokinetics. J
Pharmacokinet Pharmacodyn. 2019.

[11] LiuD, LiL, Rostami-Hodjegan A, Bois FY, Jamei M. Considerations and Caveats
when Applying Global Sensitivity Analysis Methods to Physiologically Based
Pharmacokinetic Models. AAPS J. 2020;22(5):93.

[12] Daga PR, Bolger MB, Haworth IS, Clark RD, Martin EJ. Physiologically Based
Pharmacokinetic Modeling in Lead Optimization. 1. Evaluation and Adaptation of
GastroPlus To Predict Bioavailability of Medchem Series. Mol Pharm. 2018;15(3):821-
30.

182


https://www.ema.europa.eu/en/documents/scientific-guideline/guideline-reporting-physiologically-based-pharmacokinetic-pbpk-modelling-simulation_en.pdf
https://www.ema.europa.eu/en/documents/scientific-guideline/guideline-reporting-physiologically-based-pharmacokinetic-pbpk-modelling-simulation_en.pdf
https://www.ema.europa.eu/en/documents/scientific-guideline/guideline-reporting-physiologically-based-pharmacokinetic-pbpk-modelling-simulation_en.pdf
https://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatoryInformation/Guidances/UCM531207.pdf
https://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatoryInformation/Guidances/UCM531207.pdf

[13] Melillo N, Grandoni S, Cesari N, Brogin G, Puccini P, Magni P. Inter-compound
and Intra-compound Global Sensitivity Analysis of a Physiological Model for Pulmonary
Absorption of Inhaled Compounds. AAPS J. 2020;22(5):116.

[14] Saltelli A. Global sensitivity analysis : the primer. Chichester, England ; Hoboken,
NJ: John Wiley; 2008. x, 292 p. p.

[15] Marino S, Hogue 1B, Ray CJ, Kirschner DE. A methodology for performing
global uncertainty and sensitivity analysis in systems biology. J Theor Biol.
2008;254(1):178-96.

[16] Saltelli A, Marivoet J. Non-parametric statistics in sensitivity analysis for model
output: A comparison of selected techniques. Reliab Eng Syst Safe. 1990;28(2):229-53.

[17] JonesRD, Jones HM, Rowland M, Gibson CR, Yates JW, Chien JY, etal. PhARMA
CPCDC initiative on predictive models of human pharmacokinetics, part 2: comparative
assessment of prediction methods of human volume of distribution. J Pharm Sci.
2011;100(10):4074-89.

[18] Chan R, De Bruyn T, Wright M, Broccatelli F. Comparing Mechanistic and
Preclinical Predictions of Volume of Distribution on a Large Set of Drugs.
Pharmaceutical Research. 2018;35(4):87.

[19] Graham H, Walker M, Jones O, Yates J, Galetin A, Aarons L. Comparison of in-
vivo and in-silico methods used for prediction of tissue: plasma partition coefficients in
rat. J Pharm Pharmacol. 2012;64(3):383-96.

[20] Poulin P, Haddad S. Advancing prediction of tissue distribution and volume of
distribution of highly lipophilic compounds from a simplified tissue-composition-based
model as a mechanistic animal alternative method. J Pharm Sci. 2012;101(6):2250-61.

[21] Assmus F, Houston JB, Galetin A. Incorporation of lysosomal sequestration in the
mechanistic model for prediction of tissue distribution of basic drugs. Eur J Pharm Sci.
2017;109:419-30.

[22] Utsey K, Gastonguay MS, Russell S, Freling R, Riggs MM, Elmokadem A.
Quantification of the Impact of Partition Coefficient Prediction Methods on
Physiologically Based Pharmacokinetic Model Output Using a Standardized Tissue
Composition. Drug Metab Dispos. 2020;48(10):903-16.

[23] Musther H, Harwood MD, Yang J, Turner DB, Rostami-Hodjegan A, Jamei M.
The Constraints, Construction, and Verification of a Strain-Specific Physiologically
Based Pharmacokinetic Rat Model. J Pharm Sci. 2017;106(9):2826-38.

[24] Rodgers T, Leahy D, Rowland M. Physiologically based pharmacokinetic
modeling 1: predicting the tissue distribution of moderate-to-strong bases. J Pharm Sci.
2005;94(6):1259-76.

[25] Rodgers T, Rowland M. Mechanistic approaches to volume of distribution
predictions: understanding the processes. Pharm Res. 2007;24(5):918-33.

[26] Ruark CD, Hack CE, Robinson PJ, Mahle DA, Gearhart JM. Predicting passive
and active tissue:plasma partition coefficients: interindividual and interspecies variability.
J Pharm Sci. 2014;103(7):2189-98.

[27] Poulin P, Collet SH, Atrux-Tallau N, Linget JM, Hennequin L, Wilson CE.
Application of the Tissue Composition-Based Model to Minipig for Predicting the
Volume of Distribution at Steady State and Dermis-to-Plasma Partition Coefficients of

183



Drugs Used in the Physiologically Based Pharmacokinetics Model in Dermatology. J
Pharm Sci. 2019;108(1):603-19.

[28] Mayumi K, Ohnishi S, Hasegawa H. Successful Prediction of Human
Pharmacokinetics by Improving Calculation Processes of Physiologically Based
Pharmacokinetic Approach. J Pharm Sci. 2019;108(8):2718-27.

[29] Nestorov 1A, Aarons LJ, Arundel PA, Rowland M. Lumping of whole-body
physiologically based pharmacokinetic models. J Pharmacokinet Biopharm.
1998;26(1):21-46.

[30] Pan S, Duffull SB. Automated proper lumping for simplification of linear
physiologically based pharmacokinetic systems. J Pharmacokinet Pharmacodyn. 2019.

[31] Wendling T, Tsamandouras N, Dumitras S, Pigeolet E, Ogungbenro K, Aarons L.
Reduction of a Whole-Body Physiologically Based Pharmacokinetic Model to Stabilise
the Bayesian Analysis of Clinical Data. AAPS J. 2016;18(1):196-209.

[32] Pilari S, Huisinga W. Lumping of physiologically-based pharmacokinetic models
and a mechanistic derivation of classical compartmental models. J Pharmacokinet
Pharmacodyn. 2010;37(4):365-405.

[33] Richter WF, Starke V, Whitby B. The distribution pattern of radioactivity across
different tissues in quantitative whole-body autoradiography (QWBA) studies. Eur J
Pharm Sci. 2006;28(1-2):155-65.

[34] Bjorkman S. Prediction of the volume of distribution of a drug: which tissue-
plasma partition coefficients are needed? J Pharm Pharmacol. 2002;54(9):1237-45.

[35] Shebley M, Sandhu P, Emami Riedmaier A, Jamei M, Narayanan R, Patel A, et
al. Physiologically Based Pharmacokinetic Model Qualification and Reporting
Procedures for Regulatory Submissions: A Consortium Perspective. Clin Pharmacol Ther.
2018;104(1):88-110.

[36] Nigade PB, Gundu J, Pai KS, Nemmani KVS, Talwar R. Prediction of volume of
distribution in preclinical species and humans: application of simplified physiologically
based algorithms. Xenobiotica. 2019;49(5):528-39.

[37] Mathew S, Tess D, Burchett W, Chang G, Woody N, Keefer C, et al. Evaluation
of Prediction Accuracy for Volume of Distribution in Rat and Human Using In Vitro, In
Vivo, PBPK and QSAR Methods. J Pharm Sci. 2021;110(4):1799-823.

[38] Ryu S, Tess D, Chang G, Keefer C, Burchett W, Steeno GS, et al. Evaluation of
Fraction Unbound Across 7 Tissues of 5 Species. J Pharm Sci. 2020;109(2):1178-90.

[39] Rodgers T, Rowland M. Physiologically based pharmacokinetic modelling 2:
predicting the tissue distribution of acids, very weak bases, neutrals and zwitterions. J
Pharm Sci. 2006;95(6):1238-57.

[40] Kuwahira I, Moue Y, Ohta Y, Mori H, Gonzalez NC. Distribution of pulmonary
blood flow in conscious resting rats. Respir Physiol. 1994;97(3):309-21.

[41] Igari Y, Sugiyama Y, Sawada Y, lga T, Hanano M. Prediction of diazepam
disposition in the rat and man by a physiologically based pharmacokinetic model. J
Pharmacokinet Biopharm. 1983;11(6):577-93.

[42] Cheung SYA, Rodgers T, Aarons L, Gueorguieva I, Dickinson GL, Murby S, et
al. Whole body physiologically based modelling of beta-blockers in the rat: events in
tissues and plasma following an i.v. bolus dose. Br J Pharmacol. 2018;175(1):67-83.

184



[43] ChouWC, Lin Z. Bayesian evaluation of a physiologically based pharmacokinetic
(PBPK) model for perfluorooctane sulfonate (PFOS) to characterize the interspecies
uncertainty between mice, rats, monkeys, and humans: Development and performance
verification. Environ Int. 2019;129:408-22.

[44] Gisleskog PO, Karlsson MO, Beal SL. Use of prior information to stabilize a
population data analysis. Journal of Pharmacokinetics and Pharmacodynamics.
2002;29(5-6):473-505.

[45] Walley R, Sherington J, Rastrick J, Detrait E, Hanon E, Watt G. Using Bayesian
analysis in repeated preclinical in vivo studies for a more effective use of animals. Pharm
Stat. 2016;15(3):277-85.

[46] Davis JL, Tornero-Velez R, Setzer RW. Computational Approaches for
Developing Informative Prior Distributions for Bayesian Calibration of PBPK Models.
Parameters for Pesticide QSAR and PBPK/PD Models for Human Risk Assessment. ACS
Symposium Series. 1099: American Chemical Society; 2012. p. 291-306.

[47] Bois FY, Gelman A, Jiang J, Maszle DR, Zeise L, Alexeef G. Population
toxicokinetics of tetrachloroethylene. Arch Toxicol. 1996;70(6):347-55.

[48] Bois FY, Jackson ET, Pekari K, Smith MT. Population toxicokinetics of benzene.
Environ Health Perspect. 1996;104 Suppl 6:1405-11.

[49] Bois FY. Statistical analysis of Fisher et al. PBPK model of trichloroethylene
kinetics. Environ Health Perspect. 2000;108 Suppl 2:275-82.

[50] Jonsson F, Bois FY, Johanson G. Assessing the reliability of PBPK models using
data from methyl chloride-exposed, non-conjugating human subjects. Arch Toxicol.
2001;75(4):189-99.

[51] Gueorguieva I, Aarons L, Rowland M. Diazepam pharamacokinetics from
preclinical to phase I using a Bayesian population physiologically based pharmacokinetic
model with informative prior distributions in WinBUGS. J Pharmacokinet Pharmacodyn.
2006;33(5):571-94.

[52] Langdon G, Gueorguieva I, Aarons L, Karlsson M. Linking preclinical and
clinical whole-body physiologically based pharmacokinetic models with prior
distributions in NONMEM. Eur J Clin Pharmacol. 2007;63(5):485-98.

[53] Yang Y, Xu X, Georgopoulos PG. A Bayesian population PBPK model for
multiroute chloroform exposure. J Expo Sci Environ Epidemiol. 2010;20(4):326-41.

[54] Krauss M, Burghaus R, Lippert J, Niemi M, Neuvonen P, Schuppert A, et al.
Using Bayesian-PBPK modeling for assessment of inter-individual variability and
subgroup stratification. In Silico Pharmacol. 2013;1:6.

[55] Krauss M, Tappe K, Schuppert A, Kuepfer L, Goerlitz L. Bayesian Population
Physiologically-Based Pharmacokinetic (PBPK) Approach for a Physiologically
Realistic Characterization of Interindividual Variability in Clinically Relevant
Populations. PL0oS One. 2015;10(10):e0139423.

[56] Tsamandouras N, Dickinson G, Guo Y, Hall S, Rostami-Hodjegan A, Galetin A,
et al. Development and Application of a Mechanistic Pharmacokinetic Model for
Simvastatin and its Active Metabolite Simvastatin Acid Using an Integrated Population
PBPK Approach. Pharm Res. 2015;32(6):1864-83.

185



[57] Wendling T, Dumitras S, Ogungbenro K, Aarons L. Application of a Bayesian
approach to physiological modelling of mavoglurant population pharmacokinetics. J
Pharmacokinet Pharmacodyn. 2015;42(6):639-57.

[58] Tsiros P, Bois FY, Dokoumetzidis A, Tsiliki G, Sarimveis H. Population
pharmacokinetic reanalysis of a Diazepam PBPK model: a comparison of Stan and GNU
MCSim. J Pharmacokinet Pharmacodyn. 2019.

[59] LangJ, Vincent L, Chenel M, Ogungbenro K, Galetin A. Simultaneous Ivabradine
Parent-Metabolite PBPK/PD Modelling Using a Bayesian Estimation Method. AAPS J.
2020;22(6):129.

[60] Yokley K, Tran HT, Pekari K, Rappaport S, Riihimaki V, Rothman N, et al.
Physiologically-based pharmacokinetic modeling of benzene in humans: a Bayesian
approach. Risk Anal. 2006;26(4):925-43.

[61] Gelman A. Bayesian data analysis. Third edition. ed. Boca Raton: CRC Press;
2014. xiv, 661 pages p.

[62] Gelman A, Bois F, Jiang J. Physiological Pharmacokinetic Analysis Using
Population Modeling and Informative Prior Distributions. Journal of the American
Statistical Association. 1996;91(436):1400-12.

[63] Wakefield JC, Smith AFM, Racine-Poon A, Gelfand AE. Bayesian Analysis of
Linear and Non-Linear Population Models by Using the Gibbs Sampler. Journal of the
Royal Statistical Society Series C (Applied Statistics). 1994;43(1):201-21.

[64] Wakefield J. The Bayesian Analysis of Population Pharmacokinetic Models.
Journal of the American Statistical Association. 1996;91(433):62-75.

[65] Hsieh NH, Reisfeld B, Bois FY, Chiu WA. Applying a Global Sensitivity Analysis
Workflow to Improve the Computational Efficiencies in Physiologically-Based
Pharmacokinetic Modeling. Front Pharmacol. 2018;9:588.

[66] Proctor NJ, Tucker GT, Rostami-Hodjegan A. Predicting drug clearance from
recombinantly expressed CYPs: intersystem extrapolation factors. Xenobiotica.
2004;34(2):151-78.

[67] Ito K, Houston JB. Prediction of human drug clearance from in vitro and
preclinical data using physiologically based and empirical approaches. Pharm Res.
2005;22(1):103-12.

[68] Obach RS, Baxter JG, Liston TE, Silber BM, Jones BC, Maclintyre F, et al. The
prediction of human pharmacokinetic parameters from preclinical and in vitro
metabolism data. J Pharmacol Exp Ther. 1997;283(1):46-58.

[69] Barter ZE, Bayliss MK, Beaune PH, Boobis AR, Carlile DJ, Edwards RJ, et al.
Scaling factors for the extrapolation of in vivo metabolic drug clearance from in vitro
data: reaching a consensus on values of human microsomal protein and hepatocellularity
per gram of liver. Curr Drug Metab. 2007;8(1):33-45.

[70] De Buck SS, Sinha VK, Fenu LA, Gilissen RA, Mackie CE, Nijsen MJ. The
prediction of drug metabolism, tissue distribution, and bioavailability of 50 structurally
diverse compounds in rat using mechanism-based absorption, distribution, and
metabolism prediction tools. Drug Metab Dispos. 2007;35(4):649-59.

[71] Leggett RW, Williams LR. Suggested reference values for regional blood volumes
in humans. Health Phys. 1991;60(2):139-54.

186



[72] Valentin J. Basic anatomical and physiological data for use in radiological
protection: reference values. ICRP Publication 89. Ann ICRP. 2002;32(3-4):1-277.

[73] Davies B, Morris T. Physiological parameters in laboratory animals and humans.
Pharm Res. 1993;10(7):1093-5.

[74] Kuwahira |, Gonzalez NC, Heisler N, Piiper J. Changes in regional blood flow
distribution and oxygen supply during hypoxia in conscious rats. J Appl Physiol (1985).
1993;74(1):211-4.

[75] Kuwahira I, Gonzalez NC, Heisler N, Piiper J. Regional blood flow in conscious
resting rats determined by microsphere distribution. J Appl Physiol (1985).
1993;74(1):203-10.
[76] Brown RP, Delp MD, Lindstedt SL, Rhomberg LR, Beliles RP. Physiological
parameter values for physiologically based pharmacokinetic models. Toxicol Ind Health.
1997;13(4):407-84.

[77] Martinez MN, Amidon GL. A mechanistic approach to understanding the factors
affecting drug absorption: a review of fundamentals. J Clin Pharmacol. 2002;42(6):620-
43.

[78] Cao X, Gibbs ST, Fang L, Miller HA, Landowski CP, Shin HC, et al. Why is it
challenging to predict intestinal drug absorption and oral bioavailability in human using
rat model. Pharm Res. 2006;23(8):1675-86.

[79] Jones CR, Hatley OJ, Ungell AL, Hilgendorf C, Peters SA, Rostami-Hodjegan A.
Gut Wall Metabolism. Application of Pre-Clinical Models for the Prediction of Human
Drug Absorption and First-Pass Elimination. AAPS J. 2016;18(3):589-604.

187



Appendix Al:Supplementary material for Chapter 2

188



Al.l. Details of the partial rank correlation coefficient (PRCC)
analysis

The global sensitivity analysis (GSA) was performed using R v. 3.4.2 [1] and
combined the partial rank correlation coefficient (PRCC) with the Latin hypercube
sampling (LHS) scheme [2, 3]. In the random sampling scheme, the whole range of each
parameter is divided into N equal probability segments, each of which is sampled once.
Monte—Carlo simulations (N = 10000) were performed to randomly generate independent
simulated values of drug variables from their respective uniform distribution (Table 2.1).
A matrix that consists of N rows for the number of simulations (sample size) and of k
columns corresponding to the number of varied parameters (see Figure below) was
generated. And using each combination of generated drug parameter values (each row of
the matrix) N model solutions were calculated. The model outputs of interest (here, tissues
Kpu outputs) were collected for each model simulation.

A correlation provides a measure of the strength of a linear association between
an input and an output. Using the residuals obtained from the regression procedure, partial
correlation characterises the linear relationship between the input parameters and the
outputs after discounting the linear effects of the inputs on the outcome measures [4]. A
Pearson’s correlation coefficient (rxy) between two variables x and y is given by:

_ i —0)(yi — ¥)
- VIi(x — 02 X Xi(y; — )2

where X; and y; are the set of paired sampled data, and X and y are the respective sample

Txy Eqg. Al1l

means. PRCC performs a partial correlation on rank-transformed data. The
transformation usually results in uniform residuals (xj-X;) and (y-¥;) for the transformed
variables, where x; is the rank transformed sampled j™" parameter, and y is the rank

transformed output variable. x; and §; are built for k samples following two linear

: PN k -~ k
regression models: X; = co + Xp=1Cpxp and Y = by + Yp=1bpxy, .
p#j p#j

A Pearson correlation coefficient for the residuals from those two regression
models gives the PRCC value for that specific parameter [4] (see Figure Al.1 below).
The measure of the PRCC indicates the importance of the uncertainty in estimating the
parameter value to the imprecision in the output variable prediction [5] which allows a
classification of parameters. The closer the PRCC value is to +1 or -1, the stronger the

input parameter influences the outcome measure. The sign of the PRCC indicates the
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qualitative relationship between the input parameter and the output variable. A positive
PRCC value indicates that an increase in the input parameter value leads to an increase
in the predicted output variable whereas a negative value indicates that it leads to a
decrease in the predicted output variable. The significance of a non-zero PRCC value was
tested using a two-sided Student’s t-test [4]. As the number of tests performed is large, a
multiple test correction was applied. The Bonferroni correction provides the most
conservative approach to control for false positives multiplying the p-value of each PRCC
by the number of tests performed [6]. If the corrected p-value is still below 0.001 for
significance, then the PRCC is significantly different from 0. Otherwise, the PRCC will
be considered not significant.

Figure Al.1. Scheme of sensitivity analysis performed with Monte Carlo simulation and
PRCC methods

MC SIMULATION MATRIX OUTPUT MATRIX
al bl C1 dl yl = f(allbllclﬁ dl) = 49
a, b, cy d, Y2 = f(az, by, c3,dy) = 12.4
X = a3 b3 C3 d3 Y = y3 = f(a3' b3' C3'd3) = 8'6
. e = flay ey iy ) = o0
Q1000 Diooo Croo0 1000 Y1000 = f (@1000, 1000/ €1000, d1000) = 0.1
Runkingl Ranking l
RANKED MC SIMULATION MATRIX RANKED OUTPUT MATRIX
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Al.2. Dependency between LogP and fup

Model input variables are typically assumed to be independent for practical reasons

as non-independent inputs samples are more complex to generate and can need a very

high sample size to compute sensitivity measures. However, the assumption of

independence among input variables may not be appropriate given the nature of the

relationship between lipophilicity and plasma protein binding. Consequently, several

degrees of dependency between LogP and fup were considered when sampling the LogP

and fup as drug inputs:

Independence of LogP and fup: LogP and fup, were each sampled independently

from its defined uniform distribution with the LHS method.

Linear relationship between LogP and fu, while investigating different correlation

coefficient p=-0.3, -0.5 and -0.9. The LHS method assumes that the sampling is
performed independently for each parameter and introducing correlations between
parameters other than in the special case of Gaussian distributions is not trivial.
Iman and Conover developed a procedure to impose correlations on sampled
values based on the ranks of the variables instead of using the values of the
variables [7]. LogP and fup, were generated using LHS from a bivariate normal
distribution with statistical dependence between these two variables (correlation
matrix of p) and each having a normal marginal distribution following Iman and
Conover’s method implemented in the R package “EnvStats” [8]. The variables
were then transformed by their cumulative distribution function to get uniform
distributions in the interval [0, 1]. The marginal distributions with the limits
defined in Table A1.2 were finally applied to the uniformly transformed variables
to get variables uniformly distributed and correlated with the desired p.

Nonlinear relationship between LogP/LogD and fup, (p =-0.8 for neutral basic

drugs, p =0.5 for acids) [9]. For example, LogP and pKa were each sampled
independently from its defined uniform distribution with the LHS method as the
relationships described by Yamazaki and Kanaoka were between LogD and
plasma protein binding for basic, neutral, and acidic compounds. LogD was then
calculated from LogP and pKa as follows (Eq. Al1.2):

LogD,y 74 = LogP — log10(1 4 10747PK®) Eq. Al.2

For neutral and basic drugs, fup is calculated using the Eq. A1.3 [9]:

191



0.5578 - exp(logDyy 7.4) + 0.0188 Eq. AL3
0.5578 - exp(logDyy 7.4) + 1.0188

And for acidic drugs, fup is calculated by the Eq. A1.4 [9]:

0.3127 - exp(logDyy 7.4) + 0.5121 Eq. Al4
0.3127 - exp(logDyy 7.4) + 1.5121

fup =(1

fupz(l

When dealing with correlated factors, Saltelli et al. advised that dependencies be
treated as explicit relationships with a noise term [10], and so fup is then a function
of LogP-pKa and a noise factor. This noise factor following a standard normal
distribution is added to the calculated fup which has been logit-transformed, the
sum is then passed through an inverse-logit function in order to ensure that fup has
logical constraints between 0 and 1 [11].

The sample size of the GSA for the different degrees of dependency evaluated is chosen

to be the same (N=10000).
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Al3. Details of Incorporation of variability/uncertainty in
physiological parameters

The sensitivity to physiological parameters was explored by incorporating 30%
variability/uncertainty alternately on different biological parameters:

- Variability/uncertainty on all fractional tissue lipid volumes, fractional tissue water
volumes, as well as acid phospholipid concentrations and tissue:plasma proteins ratios

- Variability/uncertainty only on fractional tissue lipid volumes and fractional tissue
water volumes

- Variability/uncertainty only on acid phospholipid concentrations and tissue:plasma
proteins ratios

Population distributions of fractional tissue volumes that have means matching the typical

average values used for tissue composition-based models [12] and a CV of 30 % (30 %

CV was selected here as a middle case) were generated.

Based on Table Al.2, the fractional parameter (fno, fne, few and fiw) were
assumed to follow logistic-normal distributions [13]. However, the sum of fractional
tissue volumes given in Table A1.2 did not equal to 1, and a normalisation was applied
to each fractional volume to keep the overall proportion. The j normalised fractional tissue
volumes per tissue were assumed to follow a (j+1)-dimensional logistic-normal
distribution which is derived after the transformation of a standard (j+1)-multivariate
normal distribution with mean vector M and variance-covariance matrix . Examples of
how to generate samples from a logistic-normal distribution were previously reported [11,
13]. It was assumed that F = [f1, f2, ..., fi]" ~ Nj(M, X ), where F is a j-dimensional vector
that follows a standard multivariate normal distribution with mean vector M defined as a
null-vector of length j, and variance-covariance matrix X defined as a j-scalar matrix of
0.0862 (=0.30%in order to have 30 % CV). The vector F is updated by adding an additional
zero element, so that fj+1 = 0. Then applying the logistic transformation (Eqg. A1.5) on the
updated vector F, we derived a (j+1)-dimensional vector ® = [01, 02,..., 0j+1]" following

the logistic-normal distribution.

ST o Eq. AL5

For plasma, the two normalised fractional parameters (fn. and fnp) were assumed
to follow a two-dimensional logistic normal distribution. For adipose, bone, brain, gut,

heart, kidney, liver, lung muscle, skin, and spleen, four normalised fractional parameters
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(fne, fne, few and fiw) were assumed to follow a four-dimensional logistic normal
distribution. And for blood cells, the three normalised fractional parameters (fn., fne and
fiw) were assumed to follow a three-dimensional logistic normal distribution. With this
approach, the normalised fractional parameters will always be constrained to be between
0 and 1 and their sum equal to 1. Here, M and X parameters were fixed to generate
population distributions of fractional tissue volumes that have means matching the
average values and a CV of 30% in the logistic domain.

Due to the high dimensionality coming from the 4" or 3™ order vector, evaluating
the integral for the calculation of mean and variance of the logistic normal is challenging.
A solution is to primarily simulate in R some initial data that agree with the constraints
that all the fractional parameters should always be between 0 and 1 and their sum equal
to 1. Assume ¢ being the vector of fractions and the sum of elements of ¢ equals to 1. A
multivariate logistic vector of j-1 dimensions was found so that its multivariate inverse
logit formulation (MVIL) has a mean (p) equal to 1 summarised as MVIL(p)=1. This was
obtained by minimizing the sum of squares of the absolute value of [MVIL(w)-¢ | (using
the function nlminb in R). A total of 1000 samples were generated with (j+1)-dimensional
logistic-normal distribution for the normalised fractional volumes per tissue and these
values were then multiplied by the sum of fractional volumes at individual tissue level so
that the sampled fractional tissue volumes were in the original scale.

Also, acid phospholipids concentration, albumin and lipoprotein ratio, albumin
ratio and lipoprotein ratio were sampled from a normal distribution N(u, 6) where p is the
average value given in Table II and o is the variance of the associated normal in order to
generate distributions of these physiological parameters with mean matching the average
values and a CV of 30%.

Finally, Kpu values were calculated based on Rodgers-Rowland equations [14, 15]
for a hypothetical compound for each class (neutral, acid, weak base, strong base) and
according to several scenarios of LogP and fu, (Table 2.3) using three different
assumptions: either both sampled fractional tissue volumes and sampled values of other
physiological parameters, or only sampled fractional tissue volumes and average values
of physiological parameters, or else average values of fractional tissue volumes and
sampled values of other physiological parameters. BP is commonly assumed to be one
for all compounds except ionised acids where a value of one minus haematocrit is
generally used as an approximation when the BP data is not measured in vitro/ ex vivo

(although BP is not involved in the Kpu equation for acids).
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Table Al1.1: Tissue blood flow rates (Q) and volumes (V) for a reference man of 70 kg

Blood flow rate (Fraction of Qc) Volume (Fraction of BW) Density

Adipose 0.05
Bone 0.05
Brain 0.12
Gut 0.09
Heart 0.04
Kidney 0.19
Liver (arterial) 0.065
Lung 1
Muscle 0.17
Pancreas 0.01
Skin 0.05
Spleen 0.03
Rest of body 0.325
Plasma

Blood 1

-Arterial blood 1
-Venous blood 1

0.214
0.143
0.020
0.017
0.005
0.004
0.026
0.008
0.4

0.001
0.037
0.003
0.043
0.046
0.079
0.020
0.059

0.96
1.92
1.04
1.04
1.04
1.04
1.08
1.04
1.04
1.04
1.04
1.04
1.04
1.04
1.04
1.04
1.04

Tissue blood flow data are from [16, 17]

Qc is used to describe total cardiac output. Qc (L/min) was calculated as function of BW [18]:

Qc (L/h) =0.06x187 x BW0.81
Fraction of body weight data is from [19].

The value of 1.040 was used for all tissue density except for adipose, bone [19] and liver [20].
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Table Al.2: Physiological input parameters used for tissue composition-based models in humans
[12]

Acidic
Neutral Neutral  Extra- Intra- ph_osfpho _ _
Water lipids phospho cellular  cellular lipids Albumi  Lipoprot
(fw) (faL) -lipids water water (mg/g) nratio einratio
(fph) (few) (fiw) (Concen
tration)
Plasma 0.95 0.0032 0.0021
Adipose 0.15 0.79 0.002 0.135 0.017 0.4 0.049 0.068
Bone 0.45 0.074 0.0011 0.1 0.346 0.67 0.1 0.05
Brain 0.78 0.051 0.0565 0.162 0.62 0.4 0.048 0.041
Gut 0.76 0.0487 0.0163 0.282 0.475 2.41 0.158 0.141
Heart 0.78 0.0115 0.0166 0.32 0.456 2.25 0.157 0.16
Kidney 0.76 0.0207 0.0162 0.273 0.483 5.03 0.13 0.137
Liver 0.73 0.0348 0.0252 0.161 0.573 4.56 0.086 0.161
Lung 0.78 0.003 0.009 0.336 0.446 3.91 0.212 0.168
Muscle 0.71 0.022 0.0072 0.079 0.63 2.42 0.064 0.059
Skin 0.67 0.0284 0.0111 0.382 0.291 1.32 0.277 0.096
Spleen 0.79 0.0201 0.0198 0.207 0.579 3.18 0.097 0.207
Thymus 0.78 0.0168 0.0092 0.15 0.626 2.3 0.075 0.075
Eileolfsd 0.63 0.0012 0.0033 0.603 0.57

Table A1.3: Physiological input parameters used for tissue composition-based models on rats [21]

Acidic
Neutral Neutral Extra- Intra-  phospho Lipopro
Water libi phospho cellular  cellular lipids Albumi !
ipids g . tein
(fw) (fiL) -lipids water water (mg/g) n ratio ratio
(fne) (few) (fiw) (Concen
tration)
Plasma 0.96 0.00147  0.00083 1
Adipose 0.12 0.853 0.002 0.175 0.017 0.4 0.049 0.068
Bone 0.446 0.0273 0.0027 0.42 0.346 0.67 0.1 0.05
Brain 0.788 0.0392 0.0533 0.162 0.62 0.4 0.048 0.041

Gut 0.749 0.0292 0.0138 0.39 0.475 241 0.158 0.141
Heart 0.779 0.014 0.0118 0.156 0.456 2.25 0.157 0.16

Kidney 0771 00123 00284 0346 0483 503 013 0137
Liver 0705 00138 00303 0159 0573 456 0086  0.161
Lung 079 00219 0014 0484 0446 391 0212  0.168

Muscle 0756 001 0009 0115 063 242 0064 0059
skin 0651 00239 0018 0462 0291 132 0277 0096

Spleen 0771 00077 00136  0.264 0579 318 0097  0.207

Thymus 0.626 2.3 0075 0075
Blood 0603 057
cells
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Al4. Supplementary figures

Figure A1.2: Scatterplots of adipose Kpu vs LogP or fu, for neutrals with different degrees of
correlation between LogP and fu, (0, -0.3, -0.5, -0.9, nonlinear)
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Figure A1.3: Scatterplots of adipose Kpu vs LogP, fu, or pKa for acids with different degrees of
correlation between LogP and fu, (0, -0.3, -0.5, -0.9, nonlinear)
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Figure Al.4: Scatterplots of adipose Kpu vs LogP, fu, or pKa for weak bases with different
degrees of correlation between LogP and fuy (0, -0.3, -0.5, -0.9, nonlinear)
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Figure Al.5: Scatterplots of adipose Kpu vs LogP, fu,, pKa or BP for strong bases with

different degrees of correlation between LogP and fu, (0, -0.3, -0.5, -0.9, nonlinear)
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Figure Al1.8: Effect of inputting CV30% uncertainty simultaneously in all tissue composition
data (solid line) or individually in fractional tissue volumes (dashed line) and/or all tissue acidic
phospholipids/extracellular protein ratios (dotted line) when varying fu, or LogP on typical tissue
Kpus

A. LogP=-0.3 and fup=[0.001:1]
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A2.1. Supplementary Tables

Table A2.1: Physiological parameter values for a reference man (70kg)[1-4] and rat
(2509)(Brown et al., 1997; Kuwahira et al., 1994)

Tissues Human Rat
Blood flows Volume Blood flows Volume
(L/min) (L) (ml/min) (ml)
Adipose 0.292 15.619 5.816 19.792
Bone 0.292 5.210 10.136 5.401
Brain 0.701 1.346 1.662 1.370
Gut 0.526 1.010 9.139 5.385
Heart 0.234 0.316 4.071 0.793
Kidney 1.109 0.296 11.715 1.755
Liver 1.489 1.666 12.546 8.472
Lung 5.839 0.512 83.085 1.202
Muscle 0.993 26.923 23.098 97.188
Pancreas 0.058 0.094 1.496 0.769
Skin 0.292 2.497 4,819 45,745
Spleen 0.175 0.175 0.831 0.481
Stomach 0.058 0.141 1.080 1.106
RoB 0.730 2.914 7.228 27.938
Arterial 5.839 1.329 83.085 6.538
Venous 5.839 3.988 83.085 13.077

RoB: rest of body

Table A2.2: Tissue composition data for human (Poulin et al., 2011)
Tissue Vw vNL VNP fEW fIW cAP ALR AR LPR

plasma 0.95 0.0032 0.0021 NaN NaN  NaN NaN  NaN NaN
adipose 0.15 0.79 0.002 0.135 0.017 04 015 0.049 0.068
bone 0.45 0.074  0.0011 0.1 0.346 067 05 0.1 0.05
brain 0.78 0.051 0.0565 0.162 0.62 0.4 0.5 0.048 0.041
gut 0.76  0.0487 0.0163 0.282 0475 241 05 0158 0.141
heart 0.78 0.0115 0.0166 032 045 225 05 0157 0.16
kidneys 0.76  0.0207 0.0162 0.273 0483 5.03 05 0.13 0.137
liver 0.73 0.0348 0.0252 0.161 0573 456 05 0.086 0.161
lungs 0.78 0.003 0.009 0336 0446 391 05 0212 0.168
muscle 0.71 0.022 0.0072 0.079 063 242 05 0.064 0.059
pancreas 0.641 0.0403  0.009 0.12 0664 167 NaN 0.06 0.06
skin 0.67 0.0284 0.0111 0382 0.291 132 05 0277 0.096
spleen 0.79 0.0201 0.0198 0.207 0579 318 05 0.097 0.207
thymus 0.78 0.0168 0.0092 0.15 0.626 23 05 0.075 0.075
RBC 0.63 0.0012 0.0033 NaN 0.603 057 NaN NaN NaN

Vw: fractional volume of water; vNL: fractional volume of neutral lipids; vNP: fractional volume
of neutral phospholipids; fEW: fractional volume of extracellular water; fIW: fractional volume
of intracellular water; cAP: acid phospholipid concentrations (mg/g); ALR: albumin and
lipoprotein ratio; AR: albumin ratio; LPR: lipoprotein ratio; RBC: red blood cells
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Table A2.3: Tissue composition data for rat [5]

Tissue Vw vNL vNP fEW flw cAP AR LPR
plasma 0.96 0.0023 0.0013  0.945 NaN 0.057 NaN NaN
adipose 0.144 0.853 0.0016 0.135 0.017 0.4 0.049  0.068
bone 0417  0.0174  0.0016 0.1 0.346 0.67 0.1 0.05
brain 0.753 0.0391  0.0015 0.162 0.62 0.4 0.048 0.041
gut 0.738 0.0375 0.0124 0.282 0.475 241 0.158 0.141
heart 0568 0.0135  0.0106 0.32 0.456 2.25 0.157 0.16
kidneys 0.672  0.0121 0.024 0.273  0.483 5.03 0.13 0.137
liver 0.642 0.0135 0.0238 0.161 0.573 4.56 0.086  0.161
lungs 0574 0.0215 0.0123 0.336  0.446 3.91 0.212  0.168
muscle 0.726 0.01 0.0072  0.118 0.63 1.53 0.064  0.059
pancreas 0.641  0.0403 0.009 0.12 0.664 1.67 0.06 0.06
skin 0.658 0.0603  0.0044 0.382 0.291 1.32 0.277  0.096
spleen 0.562 0.0071  0.0107 0.207 0.579 3.18 0.097  0.207
thymus 0.752  0.0168  0.0092 0.15 0.626 2.3 0.075 0.075
RBC 0.6 0.0017  0.0029 NaN 0.603 0.5 NaN NaN

Vw: fractional volume of water; vNL: fractional volume of neutral lipids; vNP: fractional volume
of neutral phospholipids; fEW: fractional volume of extracellular water; fIW: fractional volume
of intracellular water; cAP: acid phospholipid concentrations (mg/g); AR: albumin ratio; LPR:
lipoprotein ratio; RBC: red blood cells
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Table A2.4: Clinical PK studies of diazepam available

Study Number 1V dose Reported | Reported | Number fup and Referenc
of PK (length of total volume of of BP used e
profiles infusion) | clearance | distributi | subjects in study
(s.d) on (s.d) and
character
istics
1 laverage | 0.15mg/kg | 2.1(0.3) 87(2)L 6 males NA [6]
(2min) L/h and 5
(plasma) females
2 4 average | 0.15mg/kg | 1.3tol1l.7 | 80to 161 1young | fup: 0.009 [7]
(0.375min) L/h L male, 1 to 0.027
(plasma) elderly
male, 1
young
female, 1
elderly
female
3 1 average 10mg 1.2(0.4) | 63(19)L 6 males NA [8]
(2min) L/h
(plasma)
4 1 0.1mg/kg 1.6(0.5) | 66(13)L | 1normal | fup:0.026 [9]
individual (2min) L/h individual (0.012);
(plasma) BP: 0.58
(0.15)
5 1 average 0.1mg/kg 16(0.2) | 79(200L | 10young | fup: 0.032 [10]
(2min) L/h males (0.008);
(plasma) BP:0.58
(0.11)
6 4 10mg 3.3104.0 105 to 4 healthy NA [11]
individual (bolus) L/h 174 L males
(blood)
7 23 0.15mg/kg 1.8 L/h NA 12 healthy fup: [7,12,13]
individual | (0.375min) | (plasma) males/fem 0.015;
ales and BP:0.65
11 healthy
females
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Table A2.5: Rat PK studies of diazepam available

Study Number IV dose | Reported | Reported | Number fup and Referenc
of PK (length of total volume of of BP used e
profiles infusion) | clearance | distributi | subjects in study
(s.d) on (s.d) and
character
istics
1 1 average 4mg/kg 1.1(0.2) 1.3(0.2) 10 male | fup: 0.036 [14]
(bolus); L/h L Wistar (0.009);
(plasma) BP:1.06
(0.04)
2 laverage | 1.2mg/kg | 1.2(0.03) | 1.4(0.1) 4 male fup:0.14 [15, 16]
(bolus) L/h L Wistar (0.003);
(plasma) BP:1.037
(0.007)
3 1 average Img 400 NA 24 male fup:0.15; [17, 18]
(5min ml/min Sprague- BP:1
infusion) | (intrinsic Dawley
clearance)
4 2 average 5mg/kg 1.1L/h 1.2 for 5 middle- NA [19]
(bolus) for middle- | aged male
middle- aged rat, Wistar
aged rat, 13 L for and 5old
3.3L/h old rats male
for old Wistar
rats
(plasma)
5 1 average 5mg/kg 3.9(0.5) 1.1(0.2) 3 male fup:0.137 [9]
(bolus) L/h L Wistar (0.011);
(blood) BP:0.38
(0.07)
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A2.2. Closed form solutions of the lumped 3 compartment model and
the 14 compartmental PBPK model
A2.2.1. Equations for the lumped PBPK model (3 compartments)
This model assumes that drug very quickly reach a quasi-steady state in the central
compartment (lung, arterial, venous). The differential equation (Eq. A2.1) for the drug

concentration in this compartment is:

dCeentral _ Qpl ) Cpl QpZ ) CpZ —0Q ) Ceentral _CL
dt Kbpl Kbpz central Kbcentral blood
Eq. A2.1
. Ccentral > . 1
K bcentral Vcentral

Where Cecentrai=  Carteria+CvenoustCiung, Cp1, Cpz are the venous blood total drug
concentration in the central, the peripheral 1 and peripheral 2 compartments, respectively.
The blood flow Qcentral and the volume Veentral OF the central compartment are defined as
Qcentrai=cardiac output and Vcentral= Varteriai*tVvenoust Viung ; Kbcentral is defined as the blood
tissue-to-plasma partitioning coefficient of the central compartment and corresponding to
(Varteria+VvenousViung KBiung)/ (Miung+Varteria+Vvenous); Qp1 and Kby are the blood flow and
blood tissue-to-plasma partitioning coefficient of all tissues in the lumped peripheral 1
compartment; Kby is weighted by the following volume (ZVi-Viiver-Viidney) + Viiver (1-
CLH/Qiiver) + Vikidney (1-CLR/Qrenal))/ZVi Where i includes tissue lumped in the peripheral
1 compartment; Qp2 and Kby, are the blood flow and blood tissue-to-plasma partitioning
coefficient of all the tissues in the lumped peripheral 2 compartment; CLpiood is the total
blood clearance and corresponds here to the sum of the hepatic and renal clearance (CLn
and CLg, respectively).

Similar to a classical 3 compartment model with an infusion dose at time tgose and
length of infusion Tinf, the total drug concentration C(t) in the central compartment (lung,

arterial, venous) of the lumped model can be described as closed form solutions (Eq.

A2.2-Eq. A2.3):
If t'tdoses Tinf,
Dose TA B C
= = (1 - —a:(t-tgose) — (1= —B-(t—tgqose) — (1 - =v-(t—tdose) ]
) = pooe [ (1 e otao0) 7 (1 e hota00) 1 £ (1 e t0)| g pa
If t'tdose>Tinf,
Dose TA . B . C
C(t) = . [— (1 — —a:(t—tgose=Tinf) — (1 - —B-(t—tqose=Tinf) —
© Tinf la ( ¢ ) * B ( ¢ ) ’

Eq. A2.3
. (1 — e—y'(t_tdose_nnf))]

With the variables a, B, v, A, B and C defined as following:

210



A= 1. kai—a ksai—a 1 kaa=B k31— ~ _ 1 kaa—v ksi—v
vV a- a-y ' %4 -a B-v '’ vV y-B y-a

g =Kk ko1 ksy , ay =k ksy +Kyy kay +kyy kst kkyy tksytkyy . ag =k 4k +kiz+
ko + k3

2 3
as a;  apap
=aq;,—2,qgq=2-2—-—"2+4q,,
p 1734 Py 3 0
q
3 arccos|\ ———
1/3 (2- )
= —(—p),r2=2-r1/,¢1=—r1
27 3

= (cox@) 7 =2, = = (s (04 3) 1 =3,y = = (on(0+5) - 2)
The general 3-compartment linear mammillary model is available in NONMEM and
parameterized in micro-constants k, ku, ki, kis, and kaa (TRANS 1 subroutine) or with CL,
V1, Q2, V2, Qs and V3 (TRANS 4 subroutine). These parameters are defined as following

(Eq. A2.4-Eq. A2.8):

Q2
ki, =
12 (Vl - Varterial - Vvenous) ' Kbl + Varterial + Vvenous Eq' A24
Q2
ka1 = CLy CLpg Eq. A25
Kb, - VZ_Vliver'Q,—_Vkid'Q,— e
liver kidney
kay = _@

31 V, Kb, Eq. A2.6
kiz = % Eq. A2.7
13 (Vl - Varterial - V;zenous) ' Kbl + Varterl’al + Vvenous q '
k = CLblood Eq. A28

(Vl - Varterial - V;;enous) ' Kbl + Varterial + Vvenous q '

Where Kb, Kbz and Kbz are the blood tissue-to-plasma partitioning coefficient of the
central, lumped peripheral 1 compartment and lumped peripheral 2 compartments; CLbiood
is the total blood clearance.

For the lumped model in man, the following blood flows (Q) and volumes (V) are used:

Q2 = Qmuscie + Qvone + Oskin + Qvrain + Qros + onrtal vein + Qreart + Qkidneyv Qs = Qadiposev Q1 =0Q;+03
Vl = Vlung + Vart + V;Jen ) VZ = Vimuscle + Vbone + Vskin + Vbrain + VRoB + Vliver + Vstomach + Vgut + Vpancreas +
Vspleen + Vheart + Vkidneyv V3 = Vadipose

For the lumped model in rat, the following blood flows (Q) and volumes (V) are used:

Q2 = Qmuscie + Qvone + Qadipose + Qprain + Qros + onrtal vein + Qreart + Qkidney: Q3 = Qskin. @1 = Q2 + Q3

Vl = Vlung + Vart + Vven ) VZ = Vinuscie + Vbone + Vadipose + Vbrain + VRoB + Vliver + Vstomach + Vgut +
Vpancreas + Vspleen + Vheart + Vkidneyr V3 = Vskin
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A2.2.2. Equations for 14 compartmental PBPK model
For the central (arterial, venous blood and lung compartment) and renal
elimination form part of the central compartment, the rate equation is defined as (Eqg.
A2.9):

dcC 1
Veentrat———— e (Z Q;- Kb, ) (Qcentrar + CLR) Ceentrai Eg. A2.9

where Ceentral 1S the concentration of the central compartment. The blood flow Qcentral and
the volume Vcentral OF the central compartment are defined as Qcentra=cardiac output and
Veentral=  VarterialtVvenoust Viung; KDeentrar i defined as the blood tissue-to-plasma
partitioning coefficient of the central compartment and corresponding to

(VarteriaI+Vven0us+VIung KDBiung)/(Viung+Varteriait Vvenous). CLR IS the renal clearance. The sum

> Ql mcludes all the i™ tissues except the stomach, gut, pancreas and spleen tissues.

For each i non-eliminating tissues, the rate equation is defined as (Eq. A2.10):

ac; Ci
Virm = Qi (Ccentral ——Kb.) Eq. A2.10
l

where Ci, Vi and Qi are the total drug concentration, the volume and blood flow of the i"-
tissue. For each i"-tissue, the tissue-to-blood partition coefficient, Kb, represents the ratio
of steady state tissue drug concentration to the steady state blood concentration.

For the liver, the rate equation is defined as (Eq. A2.11):

Vi .M_Q . C +ZQ . Csplani . Ciiver
liver dt ha central splan,i Kbsplan,i liver Kbliver
Eq. A2.11
CLint fuy - Cuiver
- li b
wer Kblwer

where the Qspian,i, Cspian,i and Kbspian,i are the concentration, the blood flow, the volume
and the blood partition coefficient of the i splanchnic organs (stomach, gut, pancreas
and spleen); Qna is the blood flow from the hepatic artery; Ciiver, Qiiver, Viiver, KDiiver are
the concentration, the blood flow, the volume and the blood partition coefficient of the

liver; CLint is the hepatic intrinsic clearance and fuy is the fraction unbound in blood.
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A2.3. Clustering analysis
Clustering algorithms use the distance between observations in order to separate them
into different groups. Euclidean distance is the most commonly used method to measure the
distance. It is calculated using the square of the difference between x and y coordinates of the two
points a and b in a 2-dimensional space:

Euclidean distance(a, b) = \/(ax +b,)?% + (ay + by)z Eq. A2.12

Note, if two variables do not have the same units, one may have more weight in the calculation
of the Euclidean distance than the other. Therefore, it is preferable to scale the data such that

variables are independent of their unit.

A2.3.1. K-means clustering

The K-means clustering method aims to assign observations to k groups. After pre-
specifying a number of k clusters with randomly selected centroids (cluster means) representing
each cluster, the algorithm minimizes the squared error between each observation and the centroid
by calculating the distance of all data points to the centroids and then assign the data points to the
closest cluster. During each iteration, it updates the centroids of each cluster by taking the mean
of all data in the new clusters. The iterative process continues until all points converge
(convergence criterion met) and cluster centres stop moving. This algorithm is highly computing-
efficient and produce tight clusters, but it is sensitive to initial seeds and outliers. The effect of
outliers can greatly skew the central measure, especially when the mean is used. Additionally, k-
means clustering method is found to work well when the shape of the clusters is spherically
shaped (assuming uncorrelated variables) but not so well when clusters are globular or of varying
sizes and density, which is more realistic and common and may be our case.
The k-means algorithm aims to minimize the within cluster sum of squared errors (SSE) which is

equal to the sum of pairwise squared Euclidean distances:

K
SSE = Z (x — c)? Eq. A2.13

k=1x€Cy
Where k is the index specifying a given cluster, cx is the central mean, and x are the observations
belonging to that central mean, ck are the observations that are part of the cluster cantered by the
particular centroid cy.

As k-means algorithm uses a random set of initial centroids, the clustering results may vary every
time. By running the algorithm several times with different initial centres and taking the most
optimal one, it can limit this issue and stabilize the results. More details on k-means clustering
can be found in [20].
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A2.3.2.  Hierarchical clustering

Contrary to the k-means clustering algorithm, the hierarchical clustering is not as
sensitive to outliers and does not require a pre-specified number of clusters nor randomly select
initial centroids. Hierarchical clustering builds a hierarchy of clusters, based on the measure of
closeness/similarity between the observations and hence is more informative than k-means
clustering. Before applying a clustering algorithm, dissimilarity (or similarity) measures between
elements needs to be derived as a basis for comparing the different observations. In the
agglomerative clustering (most common type of hierarchical clustering), small clusters are
merged into larger ones: each data point in the beginning stands for an individual cluster on their
own, and then the two closest clusters are merged into a new cluster until only one cluster is left.
The decision of merging two clusters is based on the distance between observations and the
distance between clusters (linkage). Calculating the distance matrix between observations can be
done by calculating the Euclidean distance. Then for calculating the linkage, Ward’s method [21]
is the most popular as it usually creates compact, homogeneous clusters, by joining clusters that
minimally increase a given measure of heterogeneity. This measure is the sum of the square of

the distance between two clusters c1 and c2:
Dete2 = % I X1 — Xez I Eq. A2.14

Where X is the centre of cluster ck (with k, the index specifying a given cluster), and n is the
number of observations in it. At first, the sum of squares starts out at zero (because every point is
in its own cluster) and then grows as clusters are merged.

Hierarchical clustering provides an output as a tree-like diagram called a dendrogram. By
observing, the number of clusters, that best depict different groups, can be chosen (number of
vertical lines in the dendrogram cut by a horizontal line that can transverse the maximum vertical
distance vertical without intersecting a cluster). Hierarchical clustering is suitable for datasets
with arbitrary shape and attributes of arbitrary type. The hierarchical relationship among clusters
is easily detected, and the scalability is in general relatively high. More details on hierarchical

clustering can be found in [22].
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A24. Determination of plasma protein binding and blood to plasma
partitioning ratio

Plasma protein binding was determined by equilibrium dialysis using the 96-well equilibrium
dialysis device (HTD-96b, HTDialysis)[23, 24]. Blank human and rat plasma (K2-EDTA, mixed
gender, pooled) spiked with diazepam was dialysed against phosphate buffer (133 mM pH=7.4)
for 5 hours in triplicates. Prior to centrifugation, final dialysate and plasma samples were matched
with blank matrices (90/10 buffer/plasma v/v) and proteins were precipitated by addition of
acetonitrile (containing the internal standard, 1S) in 3 volumes. Supernatant of the centrifuged
samples were analysed by LC-MS/MS. The fup value was calculated as the ratio of the peak area
ratio of diazepam:IS in the final buffer sample to the peak area ratio of diazepam:IS in the final
plasma sample.
The blood to plasma partitioning ratio was determined by spiking fresh male human or rat blood
with diazepam. After a 30-minute incubation, an aliquot of blood was collected and plasma was
produced from the rest of the blood. Final plasma and blood samples were matched with blank
matrices (50/50 blood/plasma), mixed with acetonitrile (containing the internal standard),
centrifuged and the supernatants were analysed by LC-MS/MS following appropriate dilution.
BP was calculated as the ratio of the peak area ratio in spiked blood to the peak area ratio in spiked

plasma at 0.5h.
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Human tissue composition

Rat tissue composition
(Rodgers&Rowland, 2007)

(Poulin et al., 2011)

A25.

Figure A2.1: Characteristics of clustered tissues in terms of tissue composition with the different
clustering methods in human and rat (tissue composition data are standardised)

Hierarchical & K-means

Hierarchical clustering

K-means clustering

0.t
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Cluster analysis of tissues based on tissue composition

3 tissue-clusters

4 tissue-clusters

Ww vML wNP fEW W cAP AR LPR

Vw wNL vNP fEW W cAP AR LPR

Yw WML vNP fEW fIW cAP AR LPR
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muscle
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spleen

Each vertical bar represents a tissue component and each line represent a tissue that is grouped
in one of the 3 or 4 clusters. Distinct clusters are shown in different coloured solid lines.

Vw: fractional volume of water; vNL: fractional volume of neutral lipids; vNP: fractional volume
of neutral phospholipids; fEW: fractional volume of extracellular water; fIW: fractional volume
of intracellular water; cAP: acid phospholipid concentrations (mg/g); AR: albumin ratio; LPR:

lipoprotein ratio; RBC: red blood cells
A2.6.
Kpus

Clustering analysis based on imputed dataset of rat steady state

Table A2.6: Percentage of missing data in total and per tissue in the Kpu dataset

Total | Pancreas Bone  Thymus Spleen  Gut Skin  Adipose  Liver Lung Brain  Heart

Kidney  Muscle

48 85 81 80 74 60 56 47 27 24 23 23 23 17
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A2.7. Fits of diazepam data in human

A2.7.1.  For the empirical 2 compartment model

Figure A2.2: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the empirical 2 compartment model
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Figure A2.3: Basic goodness-of-fits plots for the empirical 2 compartment model
Combined PK GoF Diazepam ( run 043 )
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A2.7.2.  For the lumped 3 compartment model (man)

Figure A2.4: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the lumped 3-compartment model
(man)
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Figure A2.5: Basic goodness-of-fits plots for the lumped 3 compartment model (man)
Combined PK GoF Diazepam ( run 183)

. .
a - 8 .
. [ .
£ =
0.0 05 1.0 1.5 20 0.0 0.5 1.0 15 2.0
DV DV
61 = ] .
L]
o
31 -
. e
4 s * 4
2 01 =
o o b [
- . - -
:
a9
] 5000 10000 0.0 0.3 0.6 08

TIME PRED

DV: observed; PRED: population predicted; IPRED: individual predicted concentration (ng/ml);
CWRES: conditional weighted residuals: TIME: time (h)

218



A2.7.3.

For the PBPK model with 3 common Kpus model

Figure A2.6: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 common

Kpus

model

Man : Individual PK predictions for Diazepam ( run 083 )
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Figure A2.7: Basic goodness-of-fits plots for the PBPK model with 3 common Kpus model
Combined PK GoF Diazepam ( run 093 )
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A2.7.4.

Figure A2.8: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 common
Kpus model

For the PBPK model with 4 common Kpus model

Man : Individual PK predictions for Diazepam ( run 104 )
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Figure A2.9: Basic goodness-of-fits plots for the PBPK model with 4 common Kpus model
Combined PK GoF Diazepam ( run 104)
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A2.7.5. For the PBPK model with 3 scalars model

Figure A2.10: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 scalars model
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Figure A2.11: Basic goodness-of-fits plots for the PBPK model with 3 scalars model

Combined PK GoF Diazepam ( run 007)
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A2.7.6. For the PBPK model with 4 scalars model

Figure A2.12: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 scalars model

Man : Individual PK predictions for Diazepam ( run 002 )
CLpog{Lin]=3 388(RSE6.2%)
PROP ERR=38 5%

* oV - PRED - FRED

F 3 “ n s 1
mnnmmnznlnn fose (10TS8mBath il lose (13.18BmGROIN i Dosei8&ZmgO0Mnink  Juseid. 1wm.- Dose (1tmgeaih e g Dose (Tmgi.03h il Dose (Tmgi.03n il OMGUGN ;Do (GmGRGE: Do (10MGREEn o
Clgol i L ‘CLptot fied 1Li)=0.1 CLpiot fited (Lin}=0.1 Clpotfed LARLO Clylol WedlLNRD0T  Clolotfisd LS nd chmnn w m Clpiod filed {LI=0.13  CLpiot fitied (Linf=0.08 cl.nnuxmnnlunwm CLplod fified (LR/=0.11  CLpfot fild {Lh=0.06
e e e WapSS fited (L)= VoSS fited (L= Vipss ted (Li= VS Tt (1= VoSS fited (L= Vipss VapSS fited (L= VapSS fited L= Vop3S it ILj= WedpSS fted (L= VoSS fited iLl=
230!
oso{4 naon{l 4
' i )
oot win{ T, a0
| e ¢
1 wm acaf ™,
iy B
it &\ (133 . 2010
- a| noms J .
T5 S0 wm w0 G 28 50 A T ww o © 25005000 TECGION0E  © 3000 8009 GO0 1RG0 G [ ) E G IG0003M0N0 6 10W 2 N 0 e 200 X § w000 20 3000
1an 1o0 m e 2 28
Dose (OMGOON I Dose (10SWOSTUA  DoseLAMGOOINW  Dose(1O3g00Iin)  Dose (100 dm ) D-—nu”mmwhmﬂ wx(whwunhmﬁ Do (0MGRED e DoseGMOSMIW)  Dose (Ol Dore(10Se0dTnmdl  Duse(10SmOR0h i)
GLgko! Ealed (V0,07 Chpto e L1013 L ptol 1k (Lje8 13 comelianil i i clpmiianid  Clumines G Gl Cmdid Cltot ted (LN0.16
Vapss rmwa L= Nipss nea Ls Vapss il Vapss need Vapss nnea (L {apss tmaafe Vapsa nmea (e Vapss inea L= Vapss tina 1= Vapss na WdpSS ined L= Vapss tmea 1=
100 1004s b . 1 i0fy fofy 140, n
T b N 1 " L 1 e
% H PE g . i
Lo 1 1 1
3 ! 1 % ]
2 . o1 u am
3 1 ol ¥
£° . ! :
H S 008 Q .
8 om ? .| . o3 B
0 oot H aot
T 1000 0 w00 b sonz0naomecen T GmO00M O (00NN § ID0ANOI0A00 G I0ZM00s0M G 1000000400 b I00ZMON000 b 000000000 6 WOOZ00IMSGH b I0MZ0N3004000 G 1030003000300
a0 2 m a0 08 e aa aan s ae
Duse {USMGOI )  Doss(13SmI Ml Doss (DINGBIN WL Do (183mg o2 Bess 10Smg0OBE  Dgse 0 SO0 1 02h o
‘Glptot faed (Linj=0.00 ‘Clptot e L1008 GLpiotfrea (U=a 14 Clpmt e (U018 GLprot tmed (Lm0t Clpiotsted(UN=811  Clpeotfeed (UM013  Glptod imed {LM=0.15 lpmcimdihats  clpoimmdune®  clpmimdimmoti clpeimedwtett
{idpss Few 1)+ Ypss fised 1= Vidpss fitea (L= Vs e 1e Vs fined (L1e dpss bt (L1 Vs e e g e (e Caps mes (e {iipss pen Yepss fised (L g b =
. n 100 100
H 030 |
) andl i | L ool
I e, i bl o] LY H o
1 \"* ! oo . 1 1
ot il \ a0 \ 1 o .
r . ot 0wl b
o . e
. 2. 003 >
oo i . S ) )
e ——del 4 _____~ - ____= _____~_____oJ |____= L ____ ____ L___*2
& 16062000 3000 6000 020030040 0 IGONGON00W  § IONWN0AC0 b OWRONGCA00 3 IGOZCOIO0ANA b GOOMMONOOAG0 0 IGIOICEIO0 O 100000 b INOIIMMAXO 0 (0A00TOOMGN G 1000200030004000
TIME [min]

Figure A2.13: Basic goodness-of-fits plots for the PBPK model with 4 scalars model

Combined PK GoF Diazepam ( run 002)
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A2.8. Fits of diazepam data in rat

A2.8.1.  For the empirical 3 compartment model

Figure A2.14: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the empirical 3 compartment model
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Figure A2.15: Basic goodness-of-fits plots for the empirical 3 compartment model
Combined PK GoF Diazepam ( run 005)
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A2.8.2.  For the lumped 3 compartment model (rat)

Figure A2.16: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the empirical 3 compartment model
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Figure A2.17: Basic goodness-of-fits plots for the empirical 3 compartment model
Combined PK GoF Diazepam ( run 005)
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A2.8.3. For the PBPK model with 3 common Kpus model (Hierarchical
clustering)

Figure A2.18: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 common
Kpus model (Hierarchical clustering)
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Figure A2.19: Basic goodness-of-fits plots for the PBPK model with 3 common Kpus model

(Hierarchical clustering)
Combined PK GoF Diazepam ( run 032)
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A2.8.4. For the PBPK model with 4 common Kpus model (Hierarchical
clustering)

Figure A2.20: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 common
Kpus model (Hierarchical clustering)
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Figure A2.21: Basic goodness-of-fits plots for the PBPK model with 4 common Kpus model

(Hierarchical clustering)
Combined PK GoF Diazepam ( run 042)
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A2.8.5.

clustering)

For the PBPK model with 3 common Kpus model (K-means

Figure A2.22: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 common
Kpus model (K-means clustering)
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Figure A2.23: Basic goodness-of-fits plots for the PBPK model with 3 common Kpus model (K-
means clustering)

Combined PK GoF Diazepam ( run 053)
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A2.8.6.

clustering)

For the PBPK model with 4 common Kpus model (K-means

Figure A2.24: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 common
Kpus model (K-means clustering)
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Figure A2.25: Basic goodness-of-fits plots for the PBPK model with 4 common Kpus model (K-
means clustering)

Combined PK GoF Diazepam ( run 064 )
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A2.8.7. For the PBPK model with 3 common Kpus model (clustering on
steady state Kpus)

Figure A2.26: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 common
Kpus model (clustering on steady state Kpus)
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Figure A2.27: Basic goodness-of-fits plots for the PBPK model with 3 common Kpus model

(clustering on steady state Kpus)
Combined PK GoF Diazepam ( run 146)
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DV: observed; PRED: population predicted; IPRED: individual predicted concentration (ng/ml);
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A2.8.8. For the PBPK model with 4 common Kpus model (clustering on
steady state Kpus)

Figure A2.28: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 common
Kpus model (clustering on steady state Kpus)
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Figure A2.29: Basic goodness-of-fits plots for the PBPK model with 4 common Kpus model

(clustering on steady state Kpus)
Combined PK GoF Diazepam ( run 152)
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A2.8.9. For the PBPK model with 3 common scalars model (Hierarchical
clustering)

Figure A2.30: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 scalars model
(Hierarchical clustering)
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Figure A2.31: Basic goodness-of-fits plots for the PBPK model with 3 scalars model

(Hierarchical clustering)
Combined PK GoF diazepam ( run 032)
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A2.8.10.  For the PBPK model with 4 common scalars model (Hierarchical
clustering)

Figure A2.32: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 scalars model
(Hierarchical clustering)
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Figure A2.33: Basic goodness-of-fits plots for the PBPK model with 4 scalars model

(Hierarchical clustering)
Combined PK GoF diazepam ( run 042 )
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A2.8.11. For the PBPK model with 3 common scalars model (K-means
clustering)

Figure A2.34: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 scalars model
(K-means clustering)
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Figure A2.35: Basic goodness-of-fits plots for the PBPK model with 3 scalars model (K-means

clustering)
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A2.8.12.

For the PBPK model with 4 common scalars model (K-means
clustering)

Figure A2.36: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 scalars model

(K-means clustering)
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Figure A2.37: Basic goodness-of-fits plots for the PBPK model with 4 scalars model (K-means

clustering)
Combined PK GoF diazepam ( run 062 )
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A2.8.13.

steady state Kpus)

For the PBPK model with 3 common scalars model (clustering on

Figure A2.38: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 3 scalars model

(clustering on steady state Kpus)
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Figure A2.39: Basic goodness-of-fits plots for the PBPK model with 3 scalars model (clustering
on steady state Kpus)
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CWRES: conditional weighted residuals: TIME: time (h)
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A2.8.14.  For the PBPK model with 4 common scalars model (clustering on
steady state Kpus)

Figure A2.40: Plots of the observations (black circles), population predictions (solid grey lines)
and individual predictions (solid blue lines) versus time for the PBPK model with 4 scalars model
(clustering on steady state Kpus)
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Figure A2.41: Basic goodness-of-fits plots for the PBPK model with 3 scalars model (clustering
on steady state Kpus)
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A3.1. Experimental data of diazepam and midazolam

A3.1.1.  Protein Binding Studies
Plasma protein binding was determined by equilibrium dialysis using the 96-well
equilibrium dialysis device (HTD-96b, HTDialysis) [1, 2]. Blank human and rat plasma
(K2-EDTA, mixed gender, pooled) spiked with the studied compound was dialysed
against phosphate buffer (133 mM pH=7.4) for 5 hours in triplicate. Prior to
centrifugation, final dialysate and plasma samples were matched with blank matrices
(90/10 buffer/plasma v/v) and proteins were precipitated by addition of acetonitrile
(containing the internal standard, IS) in 3 volumes. Supernatant of the centrifuged
samples were analysed by LC-MS/MS. The fup value was calculated as the ratio of the
peak area ratio of compound:IS in the final buffer sample to the peak area ratio of

compound:IS in the final plasma sample.

A3.1.2.  Blood/Plasma Partitioning

The blood to plasma partitioning ratio was determined by spiking fresh male human or
rat blood with the studied compound. After a 30-minute incubation, an aliquot of blood
was collected and plasma was produced from the rest of the blood. Final plasma and blood
samples were matched with blank matrices (50/50 blood/plasma), mixed with acetonitrile
(containing the internal standard), centrifuged and the supernatants were analysed by LC-
MS/MS following appropriate dilution. BP was calculated as the ratio of the peak area
ratio in spiked blood to the peak area ratio in spiked plasma at 0.5h.

A3.2. Experimental data of basmisanil
All animal studies were performed according to the Swiss animal welfare regulations and
in accordance with applicable SOPs and guidelines for the care and use of laboratory

animals.

A3.2.1. RatPK study
Basmisanil was administered intravenously as a solution in 33% NMP/26 %
Hydroxypropyl g-Cyclodextrine (2 mL/kg body weight) at a mean dose level of 5 mg/kg
to two male Wistar rats. The rats (Wistar strain, body weight 200-277 g) were obtained
from Biological Research Laboratories, Fillinsdorf, Switzerland. Food was given ad

libitum. The animals had free access to tap water during the whole study period. Blood
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samples (approx. 0.5 mL per time point) were collected at 0.083, 0.25, 0.5, 0.75, 1.5, 3,6
and 24 hours after intravenous. Collection tubes contained EDTA as anticoagulant and
stabilizer. After centrifugation, plasma was removed and stored deep-frozen at
approximately -20 °C until analysis. Concentrations in plasma were determined by HPLC
with tandem mass spectrometric detection. The lower limit of quantification was 1 ng/mL,

using 50uL of plasma specimen.

A3.2.2.  Monkey PK study
Basmisanil was administered intravenously as a solution in 31.5% polyethylene glycol
400 /29 % propylene glycol (0.25 mL/kg body weight) at a mean dose level of 1 mg/kg
to 3 Cynomolgus monkey. Cynomolgus monkeys (11.8 kg, 11.5 kg and 10.5 kg in body
weight) were from a colony kept at F. Hoffmann-La Roche in Basel/ Switzerland. The
animals had free access to food and tap water during the whole study period. Blood
samples (approx. 0.5 mL per time point) were collected at 0.083, 0.25, 0.5, 0.75,1.5, 3, 6
and 24 hours after intravenous administration. Collection tubes contained EDTA as
anticoagulant and stabilizer. After centrifugation, plasma was removed and stored deep-
frozen at approximately -20 °C until analysis. Concentrations in plasma were determined
by HPLC with tandem mass spectrometric detection. The lower limit of quantification

was 1 ng/mL, using 50uL of plasma specimen.

A3.2.3.  Clinical PK study
PK data were collected from a Phase 1, single-centre, single-cohort, open-label, multiple
dose study in 6 healthy male subjects was performed (ClinicalTrials.gov identifier
NCT01684891). The clinical study was reviewed and approved by an independent ethics
committee (Stichting Beoordeling Ethiek Bio-Medisch Onderzoek, Assen, NL). Only
data related to the first dose administration were used in this work. On the mornings of
Days 1 (and 28), an iv dose containing 0.1 mg of [*3C]-labelled basmisanil was given as
an infusion over 15 minutes. Serial venous blood samples for pharmacokinetic
assessments were collected. In addition, urine and faeces were collected according to
predefined collection time points and intervals. Stopping criteria for urine and faeces
collection: <1% of the administered dose excreted within 24 hours in faeces and urine on

two consecutive days. Plasma concentrations of unlabelled basmisanil and its primary
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metabolite, and of the stable isotopes [*3*C]-basmisanil and [**C]-metabolite were
measured by a specific liquid chromatography/tandem mass spectrometry (LC/MS-MS)
method. Total ([**C]) radioactivity concentrations were determined in whole blood,
plasma, urine and faeces by liquid scintillation counting. Six healthy male subjects were
included. All subjects completed the study as planned and were included in all analyses.
The parent compound was not detected in urine.

A3.2.4.  Protein Binding Studies
Equilibrium dialysis studies were carried out as described by Banker et al [3]. Briefly, the
dialysis sides of the apparatus were loaded with 0.15 mL phosphate buffer (mixture of
0.133 M potassium-di-hydrogen-phosphate and 0.133 M di-sodium-hydrogen-phosphate,
pH 7.5). The same volume of diluted plasma spiked with different concentrations of test
compound was pipetted into the sample side of each well. After the apparatus was loaded,
the dialysis unit was sealed with an adhesive cover. The unit was incubated at 37°C for 5
hours, sufficient time to ensure equilibrium was reached. At the end of dialysis, the

plasma and buffer samples were retrieved and the drug concentrations quantified by LSC.

The free fraction fu in plasma was calculated as follows: fu = (CB/CPe) where CB and

CPe are the concentrations in buffer and plasma at the end of the dialysis, respectively.

Concentrations of [**C]-basmisanil were determined in buffer and plasma by measuring
radioactivity on a liquid scintillation counter with on-line quench correction by means of
an external standard. For all samples, aliquots of 50 puL were added to 4.5 mL of

scintillation liquid in counter vials.

A3.2.5. Blood/Plasma Partitioning
Aliquots (3.0 mL to 9.0 mL) of freshly drawn blood were centrifuged at low speed (600x
g) for 10 minutes to generate a small erythrocyte-free plasma layer, and equilibrated at
37°C. The samples were spiked with aliquots of [**C]-basmisanil solutions in DMSO,
added to the erythrocyte-free plasma layer. This procedure was used to avoid the
haemolysis otherwise observed when blood is spiked directly with buffer. Samples were
immediately mixed at the desired constant temperature on a Coulter Mixer™ (Coulter
Electronics, UK). The concentrations of [*4C]-basmisanil in blood ranged from ~10 to

10,000 ng/mL. After 5, 15 and 30 min, aliquots were removed, centrifuged at the same
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temperature (3,000x g for 3 min), and concentrations of [**C]-basmisanil in plasma and
whole blood determined by LSC.

Reversibility of the distribution was established as follows: at the end of the equilibration
phase, the plasma was removed and weighed, and the red blood cells resuspended in equal
volumes of fresh plasma at the same temperature [2].

The haematocrit (H) was determined in the freshly drawn blood using a haematocrit

centrifuge and haematocrit reader (Haemofuge™, Heraeus, Switzerland).

The blood/plasma concentration ratio (L) and the fraction of drug in the erythrocytes (fE)
can be calculated from:

A= CW/CP and fE = QE/QW = (\+H—1)/A

Here, CW and CP are the drug concentrations in whole blood and plasma, QE and QW

are the amount of drug in the erythrocyte compartment and in blood.

Drug concentrations in whole blood were determined (in triplicate) after digestion of
samples (50 pL) with Soluene 350® (Perkin Elmer, Order No. 6003038)/Isopropanol 1:1,
bleaching with H20», and addition of Ultima-Gold® scintillation fluid (16 mL). For
plasma, 50 pL aliquots were mixed with 4.5 mL scintillation fluid (triplicate
determinations). The radioactivity was quantified in a liquid scintillation counter with

online quench correction by means of an external standard.
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A3.3. Biological plausibility of tissue to plasma unbound partitioning
(Kpu) values

A number of equations have been developed to predict tissue to plasma partition
coefficients (Kp) as they are widely used to describe drug distribution in PBPK models
[3-10]. A study by Graham et al. compared the predictive performance between multiple
tissue:plasma partition coefficient prediction methods with experimental rat partition
coefficients and showed the Rodgers and Rowland (R&R) model generally made the most
accurate predictions of Kps and Vss [11]. It was reported that 77.3% of the Kp predicted
by R&R model were within 3-fold of experimentally determined Kp values. The two
mechanistic equations proposed by Rodgers et al. [8, 9] for predictions of unbound
partition coefficients (Kpu) require various input parameters such as physicochemical
properties and in vitro data, as well as tissue composition data both of which can be
accompanied by uncertainty and/or variability and thus affecting the predicted Kpu values
[12].

Consequently, since it can be assumed that the true tissue to plasma unbound value (Kpu)
is not equal to the R&R predicted tissue to plasma unbound partition coefficient (Kpuy),

a random error factor or bias (RE) can be considered as follows:

Kpur

—— = RE
Kpuy Eq. A3.1
A log-normal distribution was assumed for RE where RE is expected to be 1 if Kpu

Kpur)
Kpur

predictions from the R&R equations are not systematically biased. Similarly, log(

was assumed to follow a normal distribution with mean p and standard deviation o.
Fitting of data was performed in order to estimate the parameters of the normal
distribution N(u,0?). The dataset was rat Kps collected from the literature. In this dataset

of 124 compounds (78 strong bases, 10 weak bases, 25 acids and 10 neutrals), 48% of the

Kp data was missing.

Experimental steady state tissue to plasma partition coefficients (Kp) can be converted to
tissue to unbound plasma partition coefficients (Kpu) by considering the free fraction in

plasma (fup) of each compound:

Kp = Kpu - fu, Eq. A3.2
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After log-transforming the ratio of experimental steady state Kpu data to the R&R

Kpur
Kpur

predicted Kpu, a normal distribution was fitted to the dataset of log( ) . Results of

the fittings are shown in Figure A3.1.

Figure A3.1: Distribution of the log-transformed random error of observed Kpu/predicted Kpu
overall and per drug class
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Using the fitted normal distribution, it is possible to derive 95% confidence interval of

log(

of the true value with 90% probability (21-fold-error with 95% probability). For acidic

Kpur
Kpur

) and subsequently i%T. Overall, Kpu predictions were within a 13-fold-error
T

compounds, 90% of Kpu predictions agreed with experimental values within a factor of
9 (95% within a factor 14). For basic compounds, 90% of Kpu predictions agreed with
experimental values within a factor of 16 (95% within a factor 27). For weakly basic
compounds, 90% of Kpu predictions agreed with experimental values within a factor of
9 (95% within a factor 13). For basic compounds, 90% of Kpu predictions agreed with

experimental values within a factor of 12 (95% within a factor 18).

Therefore, this analysis gave an indication about physiological plausibility of the Kpu

values estimated.
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A3.4. Physiological data

Table A3.1: Tissue composition data for rat [13]
Tissue Vw VNL VNP fEW flw CAP AR LPR
plasma 0.96 0.0023 0.0013 0.945 NaN 0.057 NaN NaN
adipose 0.144 0.853 0.0016 0.135 0.017 0.4 0.049 0.068
bone 0417 0.0174 0.0016 0.1 0.346 0.67 0.1 0.05
brain 0.753 0.0391 0.0015 0.162 0.62 0.4 0.048 0.041
gut 0.738 0.0375 0.0124 0.282 0.475 241 0.158 0.141
heart 0.568 0.0135 0.0106 0.32 0.456 225 0.157 0.16
kidneys 0.672 0.0121 0.024 0.273 0.483 5.03 0.13 0.137
liver 0.642 0.0135 0.0238 0.161 0.573 4.56 0.086 0.161
lungs 0.574 0.0215 0.0123 0.336 0.446 3.91 0.212 0.168
muscle 0.726 0.01 0.00/72 0.118 0.63 1.53 0.064 0.059
pancreas 0.641 0.0403 0.009 0.12 0.664 1.67 0.06 0.06
skin 0.658 0.0603 0.0044 0.382 0.291 1.32 0.277  0.096
spleen 0.562 0.0071 0.0107 0.207 0.579 3.18 0.097 0.207
thymus 0.752 0.0168 0.0092 0.15 0.626 2.3 0.075 0.075
RBC 0.6 0.0017 0.0029 NaN 0.603 0.5 NaN NaN
Vw: fractional volume of water; vNL: fractional volume of neutral lipids; vNP: fractional volume
of neutral phospholipids; fEW: fractional volume of extracellular water; fIW: fractional volume

of intracellular water; cAP: acid phospholipid concentrations (mg/g); AR: albumin ratio; LPR:
lipoprotein ratio; RBC: red blood cells

Table A3.2: Tissue composition data for human (Poulin et al., 2011)
Tissue Vw VvNL VNP fEW fIW cAP ALR AR LPR
plasma 0.95 0.0032 0.0021 NaN NaN NaN NaN NaN NaN
adipose  0.15 0.79 0002 0.135 0.017 04 0.15 0.049 0.068
bone 045 0.074 0.0011 0.1 0.346 0.67 0.5 0.1 0.05
brain 0.78 0.051 0.0565 0.162 0.62 0.4 0.5 0.048 0.041
gut 0.76 0.0487 0.0163 0.282 0475 241 0.5 0.158 0.141
heart 0.78 0.0115 0.0166 0.32 0456 2.25 05 0.157 0.16
kidneys 0.76 0.0207 0.0162 0.273 0.483 5.03 0.5 0.13 0.137
liver 0.73 0.0348 0.0252 0.161 0.573 4.56 0.5 0.086 0.161
lungs 0.78 0.003 0.009 0.336 0446 3.91 0.5 0.212 0.168
muscle 0.71 0.022 0.0072 0.079 0.63 2.42 0.5 0.064 0.059
pancreas 0.641 0.0403 0.009 0.12 0.664 167 NaN 0.06 0.06
skin 0.67 0.0284 0.0111 0.382 0.291 1.32 0.5 0.277 0.096
spleen 0.79 0.0201 0.0198 0.207 0.579 3.18 0.5 0.097 0.207
thymus 0.78 0.0168 0.0092 0.15 0.626 2.3 0.5 0.075 0.075
RBC 0.63 0.0012 0.0033 NaN 0.603 057 NaN NaN NaN
Vw: fractional volume of water; vNL: fractional volume of neutral lipids; vNP: fractional volume
of neutral phospholipids; fEW: fractional volume of extracellular water; fIW: fractional volume
of intracellular water; cAP: acid phospholipid concentrations (mg/g); ALR: albumin and
lipoprotein ratio; AR: albumin ratio; LPR: lipoprotein ratio; RBC: red blood cells
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Table A3.3: Tissue composition data for monkey [8, 14, 15]
Tissue Vw vNL VNP fEW flw CAP**  AR** | PR**
plasma  0.95* 0.002 0.0021* 0.945** NaN 0.057 NaN NaN
adipose  0.15*  0.79*  0.002*  0.141**  0.039** 0.4 0.049 0.068
bone 0.45* 0.074* 0.0011*  0.3** 0.31** 0.67 0.1 0.05
brain 0.804 0.063 0.0471 0.166558 0.637442 0.4 0.048 0.041
gut 0.76* 0.0487* 0.0163* 0.282** 0.475** 241 0.158 0.141
heart 0.794  0.015 0.005 0.327423 0.466577 2.25 0.157 0.16
kidneys 0.76* 0.009 0.0458 0.308**  0.516**  5.03 0.13  0.137
liver 0.772  0.006 0.0148 0.169335 0.602665 4.56 0.086 0.161
lungs 0.826  0.003* 0.009* 0.354905 0.471095 391 0.212 0.168
muscle  0.791  0.006  0.0121 0.088137 0.702863 1.53 0.064 0.059
pancreas 0.641* 0.0403* 0.009*  0.12**  0.664** 1.67 0.06 0.06
skin 0.758 0.0284* 0.0111* 0.430247 0.327753 1.32 0.277 0.096
spleen 0.78* 0.0168* 0.0092* 0.207** 0.579** 3.18 0.097 0.207
thymus 0.752* 0.0168* 0.0092* 0.15**  0.626** 2.3 0.075 0.075
RBC 0.698  0.002  0.0037 NaN 0.698 0.5 NaN NaN
Vw: fractional volume of water; vNL: fractional volume of neutral lipids; vNP: fractional volume
of neutral phospholipids; fEW: fractional volume of extracellular water; fIW: fractional volume
of intracellular water; cAP: acid phospholipid concentrations (mg/g); ALR: albumin and
lipoprotein ratio; AR: albumin ratio; LPR: lipoprotein ratio; RBC: red blood cells
*Human source; **Rat source

Table A3.4: Blood flow and volumes data for a reference rat (2509)[16, 17]
Tissues Blood flows Volume

(ml/min) (ml)

Lung 83.09 1.20
Arterial 83.09 6.54
Kidney 11.72 1.76
Venous 83.09 13.08
Heart 4.07 0.79
Pancreas 1.50 0.77
Bone 10.146 5.40
Spleen 0.83 0.48
Gut 9.14 5.39
Liver 12.55 8.47
Brain 1.66 1.37
Stomach 1.08 1.11
Adipose 5.82 19.79
RoB 7.23 27.94
Muscle 23.10 97.19
Skin 4.82 45.75
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Table A3.5: Blood flow and volumes data for a reference man (70kg)[17-20]

Tissues Blood flows Volume
(L/min) (L)

Lung 5.84 0.51
Arterial 5.84 1.33
Kidney 1.11 0.30
Venous 5.84 3.99
Spleen 0.18 0.18
Heart 0.23 0.32
Liver 1.11 1.67
Pancreas 0.06 0.09
Brain 0.70 1.35
Gut 0.53 1.01
Stomach 0.06 0.14
RoB 0.73 2.91
Skin 0.29 2.50
Bone 0.29 5.21
Muscle 0.99 26.92
Adipose 0.29 15.62

Table A3.6: Blood flow and volumes data for a monkey (5kg) [17, 21-23]

Tissues Blood flows Volume
(mL/min) (mL)
Lung 785.8 41.9
Arterial 785.8 86.1
Kidney 99.8 18.1
Venous 785.8 172.2
Heart 43.2 18.4
Pancreas 7.1 9.6
Bone 98.2 386.9
Spleen 14.9 3.3
Gut 90.4 184.6
Liver 123.4 118.5
Brain 51.9 81.6
Stomach 11.0 23.8
Adipose 19.6 131.0
RoB 121.8 130.7
Muscle 154.8 2535.5
Skin 33.8 487.0
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A3.5. Comparison of tissue concentrations between experimental
and predicted values after optimization of simplified models using
blood or plasma data

Following fitting of the simplified PBPK models, new Kpu estimates were obtained either
from the approach with common Kpus or common scalars. It is then reasonable to
hypothesize that using the new Kpu values, the models can describe tissue profiles besides
plasma profiles. This is indeed an advantage over a compartmental model approach which
can fit plasma data but is not highly informative about the drug tissue distribution.
Furthermore, this simplified PBPK model approach is able to provide prediction of drug
distribution in each tissue instead of in groups of lumped tissues as in the kinetically
lumped models. The question of whether these predictions of drug distributions from

these simplified PBPK models are then physiologically relevant needs to be considered.

A3.5.1.  Example of diazepam in rat
Measured tissue concentrations and Kpus were available in rat for diazepam [24, 25].
Thus, a comparison of tissue concentrations and Kpus could be made with the best suited
models optimized in rat for diazepam. Results are shown in Table A3.7 and Figure A3.2.

Tissue concentration seemed to be well predicted using the optimized Kpu in tissues like
adipose and muscle (Figure A3.3). The model with common scalars using clustering on

K-means data could gave good predictions of concentration in lung, heart, liver.
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Table A3.7: Comparison of measured and optimised rat Kpus of diazepam

Kpu Experimental Kpus! Experimental Kpus 2 | Model 3C  Model 3D
Lung 23.29 2.02 38.3
Gut 37.6 14.29 311 58.8
Stomach 58.73 311 588
Pancreas 98.7 94.8
Liver 29 32.14 292 353
Bone 0 0 43.2 41.6
Brain 18.4 7.29 90.8 87.2
Heart 50.8 15.64 1.38 26.1
Kidney 41.67 16.43 281 341
Skin 354 24.07 4.63 87.5
Muscle 18.33 9.79 30.8 29.6
Adipose 235.33 92.14 183 14.6
RoB 28.57 30.8 29.6
Testis 57.2 21.43
Spleen 12.86 162 196

! [26](area method); 2 [27]

Figure A3.2: Comparison of measured [26] and

predicted Kpu

mod_3scal_Kkm 4 mod_4scal_Km ® mod_PBPK_RR

mod_3scal_Km

mod_4scal_Km

10

30 100

300 10
obs Kpu

a0 100 300

optimised rat Kpus of diazepam vs R&R

Dashed-lines represent 2-fold error. Mod_3scal_Km=model 3C and Mod_4scal_Km=model 3D

250



Figure A3.3: Comparison of measured and predicted rat tissue concentration of diazepam
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A3.5.2.  Example of midazolam in rat
Measured Kpus were available in rat for midazolam [28]. A comparison of tissue Kpus
could be made with the best suited models optimized in rat for midazolam. Results are
shown in Table A3.8 and Figure A3.4.

Table A3.8: Comparison of measured and optimised rat Kpus of midazolam
Experimental Kpus® Model 3D

Lung 57 15.3
Gut 29-60 22.4
Stomach 97 22.4
Liver 111 40.5
Brain 42 30.5
Heart 53 10.5
Kidney 56 40
Skin 17 33.6
Muscle 16 10.8
Adipose 115 29.5
Spleen 41 23.5
* [28]

Figure A3.4: Comparison of measured [28] and optimised rat Kpus of midazolam vs R&R
predicted Kpu

mod_dscal_Km * mod_PBPK_RR

mod_4scal_Km

30 50 100
obs Kpu

Dashed-lines represent 2-fold error
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A3.6.

A3.6.1.

Diazepam

Performance of the best models

Fitting of the investigated models in preclinical species

Table A3.9: Parameter estimates of the investigated model for diazepam in rat

Models BIC Kpul/SF1 Kpu2 Kpu3/SF3  Kpu4d/SF4 1V CL Prop Vss,b Vss
(RSE%0) /SF2 (RSE%0) (RSE%0) as %CV err estimated within
(RSE%) (RSE%) [L] 20%
(YYY)
25%
(YY),
30% (Y)
1 - 40.3 26.4 (2.5) 199.5 N/A 26.8% 19.5% 111 YY
209.012 (2730) (12.5) (25.4) (14.5)
2A - 28.4(12) 307 88.2 (13.9) N/A 29.2% 20.3% 1.34 N/A
208.136 (45.9) (21.8) (8.6)
2B - 29.4 (12.7) 309 88.1(13.9) 23.1(7.1) 28.8% 20.2% 1.34 N/A
169.673 (44.1) (21.8) (8.6)
2C - 27.3 (11.6) 427 87.3 (13.5) N/A 26.4% 19.8% 1.14 Y
211.201 (19.5) (20.8) (7.1)
2D - 29.1 (12.6) 438 87.3(136) 17.8(12.9) 269%  19.8% 1.15 Y
172.823 (11.4) (20.6) (7.1)
2E - 47.0(6.8) 334(7.3) 424(59.1) N/A 33.6%  29.3% 1.22 N/A
169.818 (33.6) 9.9)
2F - 46.9(6.8) 334(84) 3.11(24.2) 505 (69.5) 31.6% 29.2% 13 N/A
135.196 (19.7) 9.9)
3A - 1.92 (28.9) 27.3 1.77 (18.7) N/A 30.6 215 171 N/A
198.144 (20.7) (18.9) (7.8)
3B - 3.20 (11.7) 19.5 2.03(13.9) 0.394 (7.7) 29.8 20.2 1.56 N/A
169.725 (31.9) (21.1) (8.8)
3C - 3.33(9.5) 19.5 0.11 (23.8) N/A 262(21) 201 1.06 YYY
206.274 (27.6) 9.2)
3D - 3.2(11.2) 235 2.02 (13.8) 0.265 26 (21.7) 19.6 111 YY
173.892 (23.7) (20.9) (8.8)
3E - 1.77 (11.5) 42.9 0.894 (5.8) 26.3 20.5 0.99 YYY
204.291 (18.7) (20.3) (6.8)
3F - 1.76 (11.4) 42.4 757 (17.2) 0.009 25.9 20.4 1.86 N/A
170.095 (18.8) (10600) (21.2) (7.4)

Estimates were reported with relative standard error (RSE) in brackets. Relative standard errors
(RSEs) were calculated as: (standard error/estimate)*100. To obtain the RSEs in the domain of
the reported original parameter instead of the log-transformed domain, normal/log-normal
reverse algebra was applied (see A3.7). Intra-individual variability (IIV) was expressed as

Coefficient of variation (% CV) which was calculated as: /(e“’2 —1)-100

Abbreviations for model are defined in Table 4.3.
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Table A3.10: Parameter estimates of the investigated model for diazepam in monkey

Models BIC SF1 SF2 SF3 SF4 Properr  Vssbest Vss within 20%
(RSE%)  (RSE%) (RSE%) (RSE%) [L/kg] (YYY), 25% (YY),
30% (Y)

3A - 0.153 44.5 3.34(3.9) N/A 51.4% 50.9 N/A
140.543 (52.9) (100) (14.9)

3B - 0.289 21.0 3.30 (4.4) 1.20 55.8% 28.8 N/A
137.609 (20.7) (94.2) (10.4) (4.6)

3C - 0.500 12.9 347 (7.4) N/A 64.3% 12.17 YYY
138.918 (23.9) (10.9) (6.5)

3D - 0.425 14.8 (8.9) 3.38 (4.4) 1.20 62.8% 12.16 YYY
136.666 (26.6) (25.4) (6.6)

3E - 1.23(5.7) 0.453 121 (10.0) N/A 63.2% 14.9 N/A
132.007 (5.7) (7.3)

3F - 1.23(5.7) 0.921 8.33(148) 120 (10.5) 63.2% 14.8 N/A
129.234 (34.7) (7.3)

Estimates were reported with relative standard error (RSE) in brackets. Relative standard errors
(RSEs) were calculated as: (standard error/estimate)*100. To obtain the RSEs in the domain of
the reported original parameter instead of the log-transformed domain, normal/log-normal
reverse algebra was applied (see A3.7). Intra-individual variability (IIV) was expressed as

Coefficient of variation (% CV) which was calculated as: /(e“’2 —1)-100

Abbreviations for model are defined in Table 4.3.
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Fitting of the best simplified models in preclinical species
Figure A3.5: Fits of PBPK model with 3 common Kpu scalars model (K-means clustering) in rat
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Figure A3.6:

Rat : Individual PK predictions for Diazepam ( run 064 )
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Figure A3.7: Fits of PBPK model with 3 common Kpu scalars model (K-means clustering) in
monkey

Monkey : Individual PK predictions for diazepam ( run 061)
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Figure A3.8: Fits of PBPK model with 4 common Kpu scalars model (K-means clustering) in
monkey

Monkey : Individual PK predictions for diazepam ( run 061 )
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A3.6.2. Midazolam

Fitting of the investigated models in preclinical species

Table A3.11: Parameter estimates of the investigated model for midazolam in rat

Models BIC SF1 SF2 SF3 SF4 1V CL Prop Vss,b Vss

(RSE%) (RSE%) (RSE%) (RSE%) as%CV err estimated  within

(RSE%) [L] 20%

(YYY),

25%

(YY),

30%

(Y)

3A - 0.553 247 0.626 N/A 28 (15.7) 235 1.04 N/A
203.717 (349 (25.8) (18) (11.7)

3B - 0.584 247 0.644 0.511 27.9 23.6 1.04 N/A

166.558  (32.3) (25.2) (13.3) (46.3) (15.5) (12)
3C - 1.19 4.80 0.236 N/A 30.6 25.7 0.51 YYY
193811  (17.2) (22.7) (92) (15.2) (17

3D - 1.17 5.18 0.761 0.487 29.7 25.8 0.54 YYY
157.038  (11.5) (41.7) (27.8) (44.9) (15.4) (17.3)

3E - 0.647 285 14.9 N/A 29.6 25.2 0.34 N/A
195.665  (14.6) (28.6) (66.4) (14.6) (16.1)

3F - 0.667 27.2 1.19 13.9 30 (14) 254 0.31 N/A
158.207  (14.4) (27.1) (69.1) (62.1) (15.6)

N/A: no value due to model failing to converge

Estimates were reported with relative standard error (RSE) in brackets. Relative standard errors (RSES)
were calculated as: (standard error/estimate)*100. To obtain the RSEs in the domain of the reported
original parameter instead of the log-transformed domain, normal/log-normal reverse algebra was applied
(see A3.7). Intra-individual variability (11V) was expressed as Coefficient of variation (% CV) which was

calculated as: _[(e%* — 1) - 100
Abbreviations for model are defined in Table 4.3.

Table A3.12: Parameter estimates of the investigated model for midazolam in monkey

Models BIC SF1 SF2 SF3 SF4 v CL Prop Vss,b Vss
(RSE%) (RSE%) (RSE%) (RSE%) as%CV err estimated  within
(RSE%) [L] 20%
(YYY),
25%
(YY),
30%
(Y)
3A - 0.367 6.50 0.225 N/A 27.2 25 18,5 -
120.577  (15.8) (19.2) (17.8) (7.9 (17.7)
3B - 0.409 6.55 0.201 0.153 26.9 24.9 18.6 -
114.154  (14.6) (18.8) (16.9) (15.4) (8.3 (17.5)
3C - 0.323 11.565 1.481 N/A 28.1 28.5 11.43 Y
117811  (16.3) 37.7) (13) (7.5) (20.8)
3D - 0.324 21.22 0.203 1.878 21.6 315 10.31 YYY
124.556 (16) (9.6) (14.7) (13.2) (3.3 (21.5)
3E - 0.644 0.617 5.73 N/A 35.2 25.2 11.87 N/A
105.884 (8.8 (40.2) (91.8) (10.9) (27.9)
3F - 0.625 8.72 10.8 2.37 34.6 24.8 11.93 N/A

104.170  (7.0) (26.3) (64.4) (98.7) (11.4)  (27.6)
N/A: no value due to model failing to converge
Estimates were reported with relative standard error (RSE) in brackets. Relative standard errors (RSES)
were calculated as: (standard error/estimate)*100. To obtain the RSEs in the domain of the reported
original parameter instead of the log-transformed domain, normal/log-normal reverse algebra was applied
(see A3.7). Intra-individual variability (11V) was expressed as Coefficient of variation (% CV) which was

calculated as: /(e“’2 —1)-100
Abbreviations for model are defined in Table 4.3.
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Fitting of the best simplified models in preclinical species

Figure A3.9: Fits of PBPK model with 4 common Kpu scalars model (K-means clustering) in rat

Rat : Individual PK predictions for midazolam ( run 066 )
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Figure A3.10: Fits of PBPK model with 3 common Kpu scalars model (K-means clustering) in
monkey

Monkey : Individual PK predictions for midazolam ( run 053d )
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Figure A3.11: Fits of PBPK model with 4 common Kpu scalars model (K-means clustering) in
monkey

Monkey : Individual PK predictions for midazolam ( run 065 )
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A3.6.3. Basmisanil

Fitting of the investigated models in preclinical species

Table A3.13: Parameter estimates of the investigated model for basmisanil in rat

Models BIC SF1 SF2 SF3 SF4 Prop Vss,b Vss within
(RSE%) (RSE%) (RSE%) (RSE%) err estimated 20% (YYY),
[L] 25% (YY),
30% (Y)
3A 163.831 1.68(2.5) 339(8.9) 2292 N/A 43.6% 111.02 N/A
(7.7 (6.7)
3B 190.657 2.344 357 0.313 8344 48.4% 153 N/A
(8.7
3C 175.292 0.273 119 (31) 577(3.2) N/A 46.1% 30.84 N/A
(240) (1.8)
3D 181.136 2.84 1.56 553 (1.8) 0.033 46.3% 29.59 N/A
(38.3) (30.4) (66.1) (2.2)
3E 160 5.23 15.1 (9.6) 693 N/A 30.6% 2.22 N/A
(19.2) (10.5) (9.2)
3F N/A N/A N/A N/A N/A N/A N/A N/A

Estimates were reported with relative standard error (RSE) in brackets. Relative standard errors (RSES)
were calculated as: (standard error/estimate)*100. To obtain the RSEs in the domain of the reported
original parameter instead of the log-transformed domain, normal/log-normal reverse algebra was applied
(see A3.7). Intra-individual variability (11V) was expressed as Coefficient of variation (% CV) which was

calculated as: /(e‘"2 —1)-100
Abbreviations for model are defined in Table 4.3.

Table A3.14: Parameter estimates of the investigated model for basmisanil in monkey

Models BIC SF1 SF2 SF3 SF4 v CL Prop  Vss,b Vss
(RSE%) (RSE%) (RSE%) (RSE%) as%CV err est within
(RSE%) [L/kg] 20%
(YYY),
25%
(YY),
30% (Y)
3A 74.52 1.7 3.6x104 0.23 N/A 341 73% 5.49 N/A
(22.3) (221) (195) (40.9) (19.1)
3B 75.34 1.84 5.7x10°% 0.24 0.6 (41) 341 72% 5.67 N/A
(96.6) (N/A) (71.8) (40.8) (19.3)
3C 69.04 1.99 254 0.19 N/A 348 69% 8.63 N/A
(27.9) (62.1) (94.8) (40.8) (18.2)
3D 69.89 2.15 26.1 (68) 0.19 0.6 348 (41) 68% 8.87 N/A
(33.8) (53.3) (88.8) (18.4)
3E 75.16 141 7.8x10° 9.8x10° N/A 340 73% 6.30 N/A
(16.2) (1.9x10%)  (1.6x10° (40.8) (18.5)
4
)
3F 70.32 1.68 24.6 520 4.9x10° 348 (41) 69% 427 N/A
(23) (64.6) (585) (6.4x10° (18.8)
4
)

Estimates were reported with relative standard error (RSE) in brackets. Relative standard errors (RSES)
were calculated as: (standard error/estimate)*100. To obtain the RSEs in the domain of the reported
original parameter instead of the log-transformed domain, normal/log-normal reverse algebra was applied
(see A3.7). Intra-individual variability (11V) was expressed as Coefficient of variation (% CV) which was

calculated as: _|(e%* — 1) - 100
Abbreviations for model are defined in Table 4.3.
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A3.7. Notes on the calculation of RSE%
The parameters estimated in the simplified models were log-transformed when fitting the
simplified models to the data. In order to calculate the relative standard errors (RSES) in
the domain of the reported original parameter instead of the log-transformed domain

normal/log-normal reverse algebra needed to be applied.

Considering a variable following a lognormal distribution with mean (M) and variance
(V), then the mean (4) and standard-deviation (o) of the respective normally

untransformed variable is calculated as followed:

14
K = exp (M + E) Eq. A3.3
o2 =exp(2-M+V)-(exp(V)—1) Eq. A3.4
And finally, RSE = % 100
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