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Physiologically-based pharmacokinetic (PBPK) models integrate system specific anatomy and
physiology information with drug specific physicochemical and pharmacokinetic properties to
predict drug disposition. Such integration permits items, events, processes, and pathways to
communicate and influence each other interactively. By taking advantage of such mechanistic
nature of PBPK modeling, drug dispositions under untested scenarios could be predicted by
extrapolation from observed data in known conditions. Renal clearance is one of the major
pathways governing drug dispositions, which has three main mechanisms: unbound filtration,
passive reabsorption, and active secretion. In comparison to intestinal absorption and hepatic

metabolism, renal clearance has been relatively underappreciated. Controlled clinical



experiments that test renal clearance changes under altered conditions and mechanisms have
been primarily focusing on drug-drug interaction on active secretion. However, huge gaps in
understanding renal clearance still exist in other areas such as altered urine pH and impaired
renal function. Further, passive reabsorption has not been paid significant attention by the
pharmaceutical field. Therefore, the overarching goal of this thesis is to leverage mechanistic
PBPK modeling technique to understand and predict renal clearance of drugs and metabolites
under altered urine pH and impaired renal function, with a special focus on compounds
undergoing significant renal passive reabsorption.

In Chapter 2, to predict the spatiodynamic process of renal passive reabsorption in human, we
developed a dynamic physiologically-based mechanistic kidney model based on human data that
can integrate drug permeability, tubular surface area, ionization status, and drug concentration
gradient between lumen and system to estimate renal passive reabsorption and predict renal
clearance of drugs. Using 46 test compounds with a variety of physicochemical properties, the
model successfully predicted the renal clearances of 87% compounds within 2-fold and 98%
compounds within 3-fold. Further, by incorporating active secretion, the model also successfully
predicted the renal clearances of para-aminohippuric acid (PAH), cimetidine, salicylic acid, and
memantine.

In Chapter 3, to ensure the simulation output from PBPK models can be meaningfully compared
to the arm vein plasma drug concentrations collected in clinical studies, we developed a forearm
model that captures the tissue distribution at the peripheral sampling site using human arm
physiology data, allowing for a better prediction of plasma drug concentrations that are
comparable to observed data. The model was successfully verified using arterial and venous

concentrations of nicotine, ketamine, lidocaine, and fentanyl simultaneously. Further, |



demonstrated that use of a discrepant sampling site in PBPK modeling than observed clinical
studies may lead to biased model evaluation, erroneous model parameterization, and misleading
prediction in unstudied clinical scenarios.

In Chapter 4, to predict the altered renal excretion and systemic AUC of drug and metabolite
when urine pH is changed, the mechanistic kidney model developed and verified from Chapter 2
was integrated with the peripheral arm sampling and full body PBPK model developed from
Chapter 3. The model was successfully verified with methamphetamine and amphetamine under
varying urine pH statuses, and showed feasibility to predict quantitatively and clinically
significant changes in drug and metabolite disposition under comedications and diseases that can
alter urine pH.

In Chapter 5, to predict renal clearance in patients with impaired renal function such as chronic
kidney diseases, physiological changes in tubular flow and urine flow observed in chronic kidney
disease patients were incorporated into the mechanistic kidney model developed and verified
from Chapter 2. The model accounts for the adaptive renal tubular filtrate flows that decrease
disproportionately with glomerular filtration rate, and was successfully verified using three
parent-metabolite pairs, six non-permeable drugs, six permeable drugs, and two secreted drugs.
In conclusion, in this thesis, | developed and verified a physiologically-based mechanistic kidney
model to translate drug properties such as plasma protein binding, transcellular permeability, and
active transport into renal clearance of drugs and metabolites. This mechanistic kidney model
allows prediction of alterations in renal clearance of drugs and metabolites upon changes in urine
pH and renal functions, and can be incorporated into a full-body PBPK model to predict

alterations in systemic disposition of drugs and metabolites.
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Chapter 1. INTRODUCTION
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1.1 Pharmacokinetic (PK) and physiologically-based pharmacokinetic
(PBPK) modeling

Pharmacokinetics (PK) is a discipline that describes the fate of substances mainly as
biotransformation and movement in a continuous time course. When substances such as
therapeutic molecular entities (drugs) are administered into the human body, their fates are
governed by four important pharmacokinetic processes: absorption, distribution, metabolism, and
elimination (ADME) (Nelson, 1961). Together, these processes determine at what moments
these drug substances will be in specific tissues or compartments within the human body, and
how long, on average, the drug substances will be in those tissues/compartments once arrived.
Blood or plasma is a very special, and conveniently accessible, component of the human body.
Bestowed with unique anatomical and physiological characteristics, blood delivers oxygen and
nutrients to different organs and tissues at different rates and returns with carbon dioxide and
waste to support life. This central function of circulation that the blood provides as a “common
convective conduit” (Rowland et al., 2011) allows drug transfer and subsequent important events
to take place. As such, the blood/plasma drug concentration is crucial for drug distribution and
other pharmacokinetic and pharmacodynamic processes, and has been deemed the central

indicator of drug disposition.

1.1.1  Pharmacokinetic modeling

To study drug pharmacokinetics via blood/plasma drug concentration, mathematical instruments
are of tremendous help. The pharmacokinetic parameters such as clearance (Mdller et al., 1928),
mean residence time (Hamilton et al., 1932), volume of the distribution (Hamilton et al., 1932),

and half-life (t2) (Butler et al., 1954; Butler, 1958) were first mentioned in the context of
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pharmacokinetics nearly a century ago, to lay the mathematical foundation for the basis of drug
elimination and disposition. Soon after, compartmental modeling was introduced (Solomon,
1949, 1953; Reiner, 1953) to further advance the field of pharmacokinetics and bring special
values to clinical therapeutics. Driven and defined by clinical PK data, compartmental models
empirically address drug transfer rates entering and exiting different compartments, and
presumptively assign drug elimination to either central or peripheral compartments, that can
collectively best explain the observed PK data. As pharmacokinetics field matured, statistical
population modeling was invented (Boxenbaum et al., 1974; Sheiner et al., 1977) and applied
alone or with compartmental modeling to explore and determine the sources of variability, the
degrees of uncertainty, and the confidence of model parameter estimates from a population
perspective, given the individual experimental data. Despite the fact that mathematical
compartmental modeling and statistical population modeling provide adequate description and
valuable understanding of pharmacokinetic drug properties, certain questions remain difficult to
answer: What is the pharmacokinetic and therapeutic impact if one or several processes
governing drug disposition (e.g. organ perfusion rate, effective transcellular permeability, protein
binding, transporter-mediated uptake and efflux, enzyme-mediated metabolism) are altered?
What is the dynamic (i.e. time dependent) magnitude of PK changes when patients take multiple
medications or have multiple diseases? What are the intracellular drug concentrations in a
specific organ that is the site of pharmacologic action or toxicologic effect? To address the lack
of incorporation of anatomy, physiology, and mechanisms in compartmental and population PK

modeling, physiologically-based pharmacokinetic (PBPK) models were developed.
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1.1.2  Physiologically-based pharmacokinetic (PBPK) modeling

Physiologically-based pharmacokinetic (PBPK) models (Figure 1) integrate population or system
specific physiological features with drug specific physicochemical and pharmacokinetic
properties to describe and predict drug disposition in the populations/systems of interest (Jones et
al., 2009). This integration allows different items (e.g. drug entities, proteins, membranes),
events (e.g. drug-protein binding, catalytic reaction), processes (e.g. blood flow, drug movement
and permeation), and pathways (e.g. cascade signaling, enzyme-mediated sequential metabolism,
transporter-mediated vectorial uptake and efflux) to communicate and influence each other
within a single system as drugs and different components of human bodies indeed interact
interdependently. By capturing this complicated network weaved by mechanisms, in principle,
we may gain a better insight on how exactly the human body handles drugs (i.e.
pharmacokinetics), and how drugs in turn affect the human body (i.e. pharmacodynamics). This
holistic concept could potentially date back to as early as 1937 where Teorell generated the idea
of simulating drug disposition in a multi-compartment environment that represents the actual
physiology (Teorell, 1937a; b). To mathematically realize this multi-compartment concept to
resemble human physiology and simulate drug disposition, a matrix of at least three sets of
differential equations and parameters need to be specified. The first set describes the systemic
circulation and the transfer/delivery of drugs to the site of entry of different compartments, the
second set describes the drug entry into different compartments (usually either perfusion rate-
limited or membrane permeability-limited) governed by passive diffusion or active processes, the
third set describes the events and pathways occurring within each compartment including
intracellular binding, enzymatic reactions, active efflux, and other biochemical processes. The

whole system can be written in ordinary differential equations which assume that all
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compartments are homogeneous and drug distribution within an individual compartment is
instantaneously complete. Alternatively, partial differential equations can be used to describe
both spatial and temporal profile of drugs if necessary. For example, to simulate drug handling
within the liver compartment and how intracellular hepatic metabolism affects overall hepatic
clearance, two models were created: well-stirred (i.e. venous equilibrium) (Wilkinson and Shand,
1975) and parallel-tube (i.e. undistributed sinusoidal) (Pang and Rowland, 1977) hepatic models.
The former model represents a homogeneous liver compartment with drug concentrations from
all regions within liver being the same, while the latter model assumes a gradient of drug
concentrations established within the liver, decreasing from the locations near the portal vein to
the locations near the hepatic vein. More complicated heterogeneous hepatic models such as the
distributed model and the dispersion model were also introduced and applied (Roberts and
Rowland, 1986). Yet, even today, a consensus on model appropriateness and superiority has not
been reached within the pharmacokinetics community (Sodhi et al., 2020). To generalize the
lessons learned from hepatic organ modeling to PBPK systemic modeling, when given different
perspectives (temporal or spatial), assumptions (homogeneous or heterogeneous), and objectives,
different mathematical framework (ordinary or partial differential) can be constructed as the
underpinning infrastructure of PBPK models to answer questions of particular interest. One
significant technique to capture the heterogeneous nature of the physiological system while
remaining computationally inexpensive, is to generate a series of ordinary differential equation-
based homogeneous compartments that are connected sequentially to portray the longitudinal
characteristics of the system. This transit modeling technique was shown to produce satisfactory
mathematical approximation when compared to partial differential equation-based solutions

(Bischoff, 1967; Himmelstein and Lutz, 1979), and meanwhile retain the readiness of
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computation and allow meaningful physiologically-based interpretation. Further, the transit
modeling technique had been successfully applied decades ago to describe drug disposition in
segment-based intestinal lumen to accurately predict drug absorption in a longitudinal fashion
(Agoram et al., 2001; Jamei et al., 2009). In this thesis, the transit modeling technique was also
applied to establishing an in silico kidney model (Chapter 2) that resembled the longitudinal

nature of renal tubules.

1.1.3 A brief history of PBPK model development and applications

Solving a multi-compartment system (either ordinary or partial differential-based) demands
adequate in silico power for efficient execution/numerical calculation. As such, PBPK modeling
was not carried out until 1960s and 1970s, when PBPK models of thiopental (Bischoff and
Dedrick, 1968), methotrexate (Dedrick et al., 1973), lidocaine (Benowitz et al., 1974), and
digoxin (Harrison and Gibaldi, 1977) were initially developed and verified in animals such as
dog, rat, and monkey, using physiological values, observed plasma and tissue binding, and
relevant pharmacokinetic parameters in respective species. Later in the 1980s and 1990s, many
PBPK models were developed to estimate environmental toxin exposures within the human body
since it is unethical to characterize toxins in humans; in silico methods are the most appropriate
approaches for risk assessment (Andersen et al., 1987, 1991; Bois et al., 1991). For drug
discovery and development, it was gradually realized that unfavorable pharmacokinetic
properties observed in humans that were not anticipated before clinical trials were the main
reasons for drug candidate failure (Prentis et al., 1988; Kennedy, 1997). As such, after 2000,
PBPK modeling started to attract attention from the pharmaceutical industry because of its great

promise to a priori predict drug pharmacokinetics and disposition parameters in humans, such as
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absorption profile and bioavailability (Agoram et al., 2001). Such predictions facilitate decision
making and optimizes the development pipeline (Rowland et al., 2011). Over the recent decade,
PBPK modeling has been implemented into many commercial and open source platforms such as
Simcyp, Gastroplus, and PK-Sim to maximize convenience of user experience. The application
of PBPK modeling has grown to more than simulations in animals, simulations of toxin
disposition, and estimations of pharmacokinetic properties (e.g. bioavailability) in humans;
nowadays, PBPK modeling has a multitude of valuable applications ranging from designing
optimal first-in-human (FIH) dose to predicting drug disposition in vulnerable patient
populations (Jones et al., 2006a; Rowland et al., 2011; Grillo et al., 2012; Huang and Rowland,
2012; Jones et al., 2013; Wagner et al., 2015a). These modeling applications have also been
accepted and endorsed by regulatory agencies. Specifically, the FDA has reported that 61%,
30%, and 9% of PBPK simulations in NDA submissions were used for PK predictions in DDI,

specific populations, and different absorption scenarios, respectively (Huang et al., 2013).

1.1.4 Existing knowledge gaps in PBPK modeling

Despite the great potential and variety of applications of PBPK modeling, knowledge gaps
remain in model development, verification, and application. Specifically, system models that can
sufficiently capture physiological characteristics and integrate them with pharmacokinetic
processes for unique organs such as kidney, brain, and lung have not been well-developed and
extensively verified. Further, model verification of independent mechanisms such as hepatic
uptake vs hepatic metabolism, or renal secretion vs renal reabsorption, have not been commonly
adopted. Rather, AUC and Cmax remain as the primary targets used for model verification, and

scalars are commonly applied to different individual pathways to recover observed AUC and
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Cmax. When directly comparing simulated to observed plasma drug concentrations, a discrepancy
of sampling sites often exists between PBPK models and clinical studies. This could lead to false
comparisons between simulation and observation and therefore misleading model evaluation and
verification. Finally, model application has not been extended to all clinical scenarios such as
altered urine pH. Certain applications, such as predicting drug disposition in patient populations
including chronic kidney disease patients, have demonstrated feasibility but are considered to be
low-confidence. In this thesis, | address these knowledge gaps in PBPK modeling, with a special
focus on the prediction of renal and systemic disposition of drugs and metabolites in multiple

settings.
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1.2 Development of physiologically-based pharmacokinetic (PBPK) models

The development of PBPK models consists of two independent steps, 1) establishing the drug-
specific model that contains the physicochemical (e.g. molecular weight, LogP, pKa) and
pharmacokinetic (e.g. tissue-to-plasma partition coefficient, enzyme-mediated metabolic
clearance, transporter-mediated uptake/efflux clearance) properties of the molecules of interest,
and 2) establishing the system-specific model that sufficiently describes the anatomical and
physiological characteristics of the biological system of interest (e.g. rat, monkey, human) at
appropriate level [e.g. cell type level (hepatocyte vs hepatic stellate cells), organ level (different
segments of gastrointestinal tract), whole body level] to capture the specific processes (cell type-

specific metabolism/uptake, organ-specific elimination).

1.2.1 Development of drug model

For drug model development, there are three mainstays of methodology: the bottom-up, top-
down, and middle-out approach. The bottom-up approach uses in vitro experiments and in silico
algorithms to estimate key parameters such as permeability, protein/tissue binding, and intrinsic
clearance as model inputs. This approach can be helpful and informative during the early drug
discovery phase as a part of high-throughput tasks to select the best drug candidates with optimal
PK characteristics such as intestinal absorption (Kaur et al., 2018), and can also be used to
predict first-in-human (FIH) dose for optimal clinical trial design (Offman and Edginton, 2015;
Miller et al., 2019). On the contrary, the top-down approach uses pharmacokinetic data collected
in human subjects and pharmacokinetic parameters such as systemic clearance and volume of
distribution to back-calculate intrinsic and mechanistic parameter values as model inputs using

retrograde calculation or empirical optimization. This approach can be used to identify the need
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to conduct certain clinical studies such as drug-drug interaction studies (Zhao et al., 2011) to
facilitate internal decision making and regulatory submissions for new drug entities (Huang and
Rowland, 2012). Lastly, the middle-out approach combines the strength of both bottom-up
approach (e.g. deeper mechanistic insight) and top-down approach (e.g. better accuracy). It has
recently gained increasing popularity in the field (Tsamandouras et al., 2015; Rostami-Hodjegan,
2018) and showed successful applications to predict drug disposition in varying populations
(Rowland Yeo et al., 2011; Zhang and Unadkat, 2017) and may be extended to untested clinical

scenarios.

1.2.2 Development of system model

For system model development, the anatomical and physiological characteristics of the
biological system at appropriate level need to be captured and incorporated into the model for
specific purposes. For example, when drug absorption and bioavailability after oral dosing are of
interest, the advanced compartmental absorption and transit (ACAT) model (Agoram et al.,
2001) and advanced dissolution, absorption and metabolism (ADAM) model (Jamei et al., 2009)
that capture gastrointestinal physiology can be useful. In short, the ACAT and ADAM models
integrate physiological processes and parameters such as gastric emptying, intestinal transit,
luminal surface area, volume, and pH of all relevant intestinal segments with pharmacokinetic
drug properties such as dissolution rate, solubility, permeability, and intestinal uptake, efflux,
and metabolism to simulate the drug absorption profile after oral administration. This allows
translation from in vitro data to pharmacokinetic parameters in humans (e.g. oral absorption rate
constant (ka) and oral absorption extent/fraction absorbed (Fz)), that may drive drug discovery
and development decisions. In addition, complicated physiologically-based liver models such as

the hepatic zonal model that incorporates the differential expression of enzyme at different
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locations within the liver has also been developed (Liu and Pang, 2006) to allow a potentially

more accurate prediction of hepatic clearance from in vitro data.

1.2.3 Knowledge gaps in system model of kidney and predicting renal clearance

Kidney is an extremely important organ from both a vitality perspective and a drug disposition
perspective, in addition to intestine and liver. Surprisingly, physiologically-based kidney models
have received little attention and renal clearance has been overall underappreciated in
comparison to hepatic drug clearance and intestinal drug absorption. Renal clearance has been
estimated as the major clearance pathway for 25-31% of medications (Williams et al., 2004;
Varma et al., 2009), and contributes as a minor elimination pathway to the clearance of majority
of drugs. Renal clearance has three main mechanisms: unbound filtration, transporter-mediated
secretion, and bidirectional passive diffusion; transporter/receptor-mediated active reabsorption
and intracellular and intraluminal renal metabolism may also take place in rare occasions
(Knights et al., 2013).

Two kinds of empirical methods have been used to predict renal drug clearance in humans
without detailed understanding of individual renal drug handling mechanisms: 1) quantitative
structure activity relationship (QSAR) analysis (Manga et al., 2003; Doddareddy et al., 2006;
Paine et al., 2010) that is useful in large scale screening and provides a qualitative prediction of
high or low renal clearance, and 2) allometric scaling (Huh et al., 2011; Paine et al., 2011) from
animal renal clearance to human renal clearance. However, inter-species differences in kidney
structure and physiology (e.g. GFR, tubular surface area, urine pH), transporter expression and
activity, and plasma protein binding remain as challenges for allometric scaling (Huang and
Riviere, 2014). Further, neither empirical method allows differentiation of clearance mechanisms

or dynamic simulations of renal handling of drugs.
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Because of the convoluted interplay between multiple mechanisms in the renal handling of
drugs, detailed understanding of individual mechanisms is critical for successful renal clearance
predictions. To predict renal clearance mechanistically, two static renal clearance prediction
approaches have been published (Kunze et al., 2014; Scotcher et al., 2016) and a dynamic
mechanistic kidney model has been reported and incorporated into Simcyp software (Neuhoff et
al., 2013). However, static approaches do not incorporate how water reabsorption and
subsequently increasing drug concentrations affect passive diffusion processes as no
concentration gradient is established between blood, tubular cells, and tubular lumen. For the
reported dynamic kidney model (Neuhoff et al., 2013) comprehensive validation of the model
structure, physiological parameters (e.g. tubular pH, flow, and surface area), and performance of
predicting passive diffusion with a variety of drugs with known renal clearances and in vitro
permeability data has not been reported. Still, several studies have used the Simcyp kidney
model to simulate drug renal clearances (Posada et al., 2015; Burt et al., 2016; Emami Riedmaier
et al., 2016; Mori et al., 2016; Scotcher et al., 2017; Wang et al., 2017) with the application of a
variety of scaling factors in order to accurately capture observed data. This suggests a
considerable knowledge gap in establishing high-confidence kidney models and producing
accurate renal clearance prediction.

In Chapter 2, | created a physiologically-based mechanistic kidney model that captures unbound
filtration, passive diffusion, and active secretion, and longitudinally incorporates all the renal
segments parameterized with actual surface areas and tubular filtrate flows observed in humans.
We further verified the kidney model using 46 test drugs and demonstrated successful prediction
of renal drug clearance using plasma unbound fraction, in vitro permeability data and proximal

cell-based active secretion data.
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1.3  Verification of physiologically-based pharmacokinetic (PBPK) models

After the development of PBPK models, it is critical to conduct appropriate and rigorous model
evaluation and verification before the ultimate use of the model for interpolation and
extrapolation to untested scenarios. Importantly, the mechanistic basis of PBPK model is what
enables its tremendous potential. Therefore, the evaluation and verification of individual
mechanistic process and pathways is necessary if these mechanisms are pivotally involved at the
heart of the ultimate applications. To test if the pertinent mechanisms are incorporated
appropriately, simulation exercises and observed data with altered metabolism (e.g. CYP3A4
inhibition) or a gradient of varying parameters (e.g. urine pH varying from 5 to 8) are needed to
demonstrate the mechanistic credibility/confidence in PBPK models. This is critically necessary
as parameter unidentifiability issues are notorious for causing failure in model extrapolation. For
example, hepatic clearance, renal clearance, and volume of distribution can be readily
determined as single parameters from in vivo studies after intravenous dosing; however, the
delineated individual contribution from hepatic uptake, enzyme metabolism, and biliary
excretion towards to the hepatic clearance is difficult to determine. Likewise, renal transporter-
mediated secretion and passive reabsorption are challenging to differentiate, and individual
tissue-to-plasma partition coefficients for the 12 major organs/tissues within a conventional full-
body PBPK model are often unknown. This is concerning as unlimited combinations of hepatic
pathways, renal pathways, and tissue-to-plasma coefficients can give rise to the exact same
observed single value of hepatic clearance, renal clearance, and total body volume of
distribution, respectively. Consequently, due to parameter unidentifiability, empirically
optimized PBPK models are likely to contain mis-specified mechanistic parameters which may

lead to erroneous estimation of plasma drug concentration time profile, systemic AUC, and
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tissue accumulation when part of the mechanisms (e.g. enzyme activity, transporter activity) are
altered during extrapolation (e.g. coadministration with drugs that inhibit relevant enzymes and
transporters). To address this issue, it is essential to verify the individual mechanisms separately

in the absence of other processes or keeping all other processes constant.

1.3.1 Verification of renal clearance mechanisms

Renal clearance has three predominant mechanisms: unbound filtration, transporter-mediated
secretion, and bidirectional passive diffusion. Unbound filtration can be readily and accurately
determined by plasma unbound fraction and glomerular filtration rate. In contrast, transporter-
mediated secretion is usually estimated in vitro by comparing cellular uptake between transfected
cells and mock cells, which currently has low confidence for extrapolation to in vivo mainly due
to the lack of total quantification of transporter expression at the barrier epithelium in both
experimental cell lines and human proximal cells. Further, bidirectional passive diffusion is also
challenging to quantify as it depends on not only transcellular permeability of drug, but also the
ionization status at different environments/milieu within the body and the available surface area
that allows drug molecules to encounter and pass through.

Despite the high uncertainty in understanding and quantifying active secretion and passive
diffusion, several studies have recently used the Simcyp kidney model to simulate drug renal
clearance (Posada et al., 2015; Burt et al., 2016; Emami Riedmaier et al., 2016; Mori et al.,
2016; Scotcher et al., 2017; Wang et al., 2017). Most of these studies used a top-down or
middle-out approach and applied a variety of scaling factors to simulate plasma concentrations or
renal clearance with either fitted active secretion (Posada et al., 2015; Burt et al., 2016; Emami

Riedmaier et al., 2016; Scotcher et al., 2017; Wang et al., 2017) or passive diffusion clearance
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(Mori et al., 2016) in order to accurately capture observed data. Although the passive diffusion
clearance in these studies was based on permeability values from PAMPA, Caco-2, and HEK
cells, these values were further scaled using either sensitivity analyses or presumed total tubular
surface area without systematic verification to recapitulate observed data. This introduces
potential bias to the modeling approach, as fitting active secretion values requires high
confidence in the passive diffusion clearance in the kidney as the observed renal clearance is
highly dependent on both parameters. In the absence of validation of the passive diffusion
clearance in the kidney, the confidence in scaled secretion clearance is low and interdependent
on the error in predicted diffusion clearance. Furthermore, most studies do not consider the
different ionization of the test compounds in blood, cells, and tubular fluid, and assume that
passive diffusion is equal for apical and basolateral sides and across different tubular segments
despite known physiological differences between these sites.

As such, there is a critical need to validate the physiological and permeability components of a
mechanistic kidney model using drugs that are not subject to significant active transport, to allow
better mechanistic predictions of renal drug clearance, and to estimate the contribution of active
transport processes to renal clearance. Therefore, the aim of Chapter 2 of this thesis was to
develop and validate a physiologically-based mechanistic kidney model that allows prediction of
renal drug reabsorption by considering in vitro permeability data from multiple sources, human
physiology of renal tubular surface area and filtrate flow of each renal segment, and segment-
dependent microvilli and filtrate pH value. This kidney model with extensively verified passive
diffusion parameters allows much higher confidence when optimizing active secretion and

extrapolating to untested scenarios.
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1.3.2 Verification of simulated plasma concentration-time profile

For full body PBPK models where absorption, distribution, metabolism, and elimination are all
accounted for simultaneously, metrics such as simulated/observed AUC or Cmax ratio may not be
the most appropriate indicators to assess model verification. Rather, a useful evaluation metric
should assess the concordance between simulated and observed plasma drug concentration
directly and provide holistic appraisal of the model quality. For example, the absolute average

fold error (AAFE) (eq. 1).

Simulated

12|l
AAFE = 10n 09100 pserved (1)

In general, the AAFE calculation treats all the time data points equally, in some cases, a pre-
specified weighing scheme may be applied to the AAFE calculation if absorption phase or
terminal phase are of particular interest. In addition, appropriate statistical criteria are also
needed to interpret the calculated metrics that essentially translate into successful or unsuccessful
model verification. It could be argued that a 1.25-fold range can be deemed as the most rigorous
criteria as FDA uses a 0.8-1.25-fold range for the 90% confidence interval of the ratio of the log-
transformed AUC or Cmax from reference drug and test drug when evaluating generic drug
bioequivalence.

With a useful metric (e.g. AAFE) and a stringent criterion (e.g. 1.25-fold), the last component for
appropriate PBPK model evaluation and verification is conducting meaningful comparisons. In
other words, deciding what is outputted from PBPK model simulation, and whether it matches
the pharmacokinetic data collected from clinical study. Can the PBPK model simulation output
be meaningfully compared to the observed pharmacokinetic data? Typically, the simulation
output of a PBPK model is the drug concentration in the central venous compartment that drains

blood from the tissue/organ compartments (Kuepfer et al., 2016). This central compartment is
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built into the PBPK models as a mixed compartment that merges all the tissue/organ-specific
veins. Physiologically, this central venous compartment resembles the right atrium where the
superior and inferior vena cava merge together. However, in clinical practice and in
pharmacokinetic studies, plasma samples (i.e. the observed data) are usually taken from a
peripheral sampling site such as the median cubital vein (i.e. arm vein). This generates a
concerning discrepancy between the modelled and observed data, as measured drug
concentrations from arm artery, which are essentially equivalent to the drug concentrations in the
right atrium (assuming lung distribution is not significant and distribution equilibrium in the lung
is reached instantaneously), have been shown to differ from concentrations in peripheral vein for
multiple drugs (Chiou, 1989; Gourlay and Benowitz, 1997; Ericsson et al., 2000; Rentsch et al.,
2001; Persson et al., 2002; Darwish, Kirby, et al., 2006; Olofsen et al., 2010). This arteriovenous
difference has been shown to affect pharmacokinetic-pharmacodynamic (PK-PD) modeling
(Gumbleton et al., 1994; Jacobs and Nath, 1995; Tuk et al., 1997), resulting in mis-specified PK-
PD models that fail to predict PD in untested scenarios. Similarly, for PBPK modeling, the
simulated concentration profiles, model evaluation, model verification, and model extrapolation
can also be impacted by the choice of the model sampling site.

In Chapter 3, to address this concern in model verification and assessment of model
performance, a physiologically-based forearm compartment was developed and verified as the
peripheral sampling site in the PBPK model using fentanyl, lidocaine, ketamine, and nicotine as
model compounds. The verified peripheral sampling site allows collection of simulation results
that can be meaningfully compared to observed pharmacokinetic data sampled from arm vein for

appropriate model evaluation and verification.

30



1.4  Application of physiologically-based pharmacokinetic (PBPK) models

Successfully developed and verified PBPK models have a multitude of valuable applications
(Jones et al., 2006a; Rowland et al., 2011; Huang and Rowland, 2012; Jones et al., 2013;
Wagner et al., 2015a). These applications range from estimating optimal PK characteristics such
as intestinal absorption in the drug discovery phase (Agoram et al., 2001; Jamei et al., 2009;
Kaur et al., 2018), to optimizing first-in-human (FIH) dose for better clinical trial design in the
early development phase (Offman and Edginton, 2015; Miller et al., 2019), to predicting drug
disposition in specific patient populations in late development or even post-marketing phases for
appropriate drug labeling (Johnson et al., 2010; Zhao et al., 2011; Grillo et al., 2012; Zhang et
al., 2017).

Despite the many successful applications shown so far, PBPK modeling has not been extended to
all clinical scenarios such as altered urine pH. Certain applications have demonstrated feasibility
but are still considered low-confidence, such as predicting drug disposition in chronic kidney
disease patients. In Chapters 4 and 5, | will address these knowledge gaps in PBPK modeling of

altered renal clearance due to changes in urine pH and the presence of chronic kidney disease.

1.4.1 Predicting altered renal clearance with varying urine pH

To further appreciate renal clearance and the convoluted interplay between different
mechanisms, it is instrumental to understand how urine pH affects renal clearance. The effect of
urine pH on renal clearance was discovered for weak acids and bases more than half a century
ago in studies with salicylic acid (Macpherson et al., 1955) and methamphetamine (Beckett and

Rowland, 1965c). The mechanism behind this phenomenon is believed to be the altered

31



ionization status of weak acids and bases with changes in renal tubular filtrate pH, and the
subsequent alterations in renal passive reabsorption of unionized drugs (Milne et al., 1958;
Tucker, 1981). Changes in renal passive reabsorption can have a drastic impact on renal
clearance. For example, with urine pH decrease from alkaline (pH = 7.5-8.5) to acidic (pH = 4.5-
5.5), the amount of drug excreted unchanged in urine for weak bases such as pethidine,
methamphetamine, and mexiletine can increase up to 21-fold (Chan, 1979), 48-fold (Beckett and
Rowland, 1965c), and 87-fold (Kiddie et al., 1974), respectively, while the renal clearance of
weak acids such as chlorpropamide (Neuvonen and Karkkéinen, 1983) and salicylic acid
(Macpherson et al., 1955) can decrease by 99% and 97%, respectively. Also, after dosing of
imipramine, methamphetamine, and amitriptyline, the urinary excretion of their respective
metabolites desipramine, amphetamine, and nortriptyline has been shown to increase up to 5-fold
(Gram et al., 1971), 11-fold (Beckett and Rowland, 1965b), and 93-fold (Kérkkéinen and
Neuvonen, 1986) respectively, in acidic urine condition in comparison to alkaline urine
condition. These findings demonstrate the pronounced and broad significance of the urine pH
effect on both drugs and metabolites.

Overall, approximately 31% of marketed drugs are significantly excreted unchanged via the
kidney (Varma et al., 2009), and 70% of marketed drugs are either monoprotic weak acids or
monoprotic weak bases (Manallack, 2007) that may have varying ionization statuses in the
tubular lumen. In addition, the mean logP of patented compounds across 18 pharmaceutical
companies ranged from 3.5 to 4.5 (Leeson and St-Gallay, 2011), suggesting that the majority of
drugs have a moderate- to high- intrinsic lipophilicity and therefore transcellular permeability.
Together, these data suggest that many drugs are potentially subject to significant renal clearance

and effective renal passive reabsorption that can be altered due to urine pH changes. As such, the
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variability of renal clearance with urine pH can be surprisingly common. Indeed, more than a
dozen drugs have been shown to have urine pH-dependent renal excretion (Macpherson et al.,
1955; Beckett and Rowland, 1965a; c; Sharpstone, 1969; Sjoqvist et al., 1969; Gerhardt et al.,
1969; Gram et al., 1971; Kiddie et al., 1974; Chan, 1979; Neuvonen and Kérkkéainen, 1983;
Muhiddin et al., 1984; Benowitz and Jacob, 1985; Aoki and Sitar, 1988; Freudenthaler et al.,
1998).

If renal excretion is an important elimination pathway for the drug of interest, the systemic drug
disposition will also be affected by altered urine pH. For example, for weak bases memantine
and flecainide, the area under the plasma drug concentration-time curve (AUCo.inf) increased by
5.3-fold (Freudenthaler et al., 1998) and 3.6-fold (Muhiddin et al., 1984), respectively, while for
weak acids cinoxacin and chlorpropamide, the plasma AUCo.inf decreased by 67% (Barbhaiya et
al., 1982) and 81% (Neuvonen and Karkkainen, 1983), respectively, in alkaline urine condition
in comparison to acidic urine condition. This demonstrates that the magnitude of urine pH effect
on plasma AUC could be as significant as drug-drug interactions resulting from co-
administration with a strong inhibitor or inducer (i.e. AUC increased by 5-fold or decreased by
80%). Given the number of known drugs affected by urine pH and the substantial magnitude of
observed urine pH effects on drug and metabolite disposition, it is striking that urine pH effects
on drug and metabolite renal and systemic disposition are not routinely examined for weak acids
and bases in clinical studies, and regulatory agencies have not developed guidelines to assess
drug safety under different urine pHs.

In Chapter 4, | applied PBPK modeling to predict the urine pH effect on parent and metabolite
renal and systemic drug disposition. Specifically, I integrated the developed and verified

dynamic physiologically-based mechanistic kidney model from Chapter 2 (Huang and
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Isoherranen, 2018) with a parent-metabolite full body physiologically based pharmacokinetic
(PBPK) model from Chapter 3 (Huang and Isoherranen, 2020) to simulate the effect of altered
urine pH on parent-metabolite systemic disposition and urinary excretion using

methamphetamine and amphetamine as model compounds.

1.4.2 Predicting altered renal clearance with varying stages of chronic kidney disease

Chronic kidney disease (CKD) is a progressive illness that is pathologically heterogeneous
(Levey and Coresh, 2012) and systemic (Zoccali et al., 2017). It is mainly characterized by
declining functional nephron mass and glomerular filtration rate (GFR) (Bricker et al., 1960). As
such, GFR is a critical index for CKD diagnosis, progression, and classification (KDIGO, 2013).
Clinically, patients with severe (stage 4, GFR~15-29 mL/min) and end stage (stage 5, GFR<15
mL/min) CKD are at high risk for comorbidities, polypharmacy, and adverse drug reactions
(Thomas et al., 2008; Chapin et al., 2010; Secora et al., 2018; Schmidt et al., 2019),
necessitating careful medication management due to dramatically altered pharmacokinetics (PK)
associated with CKD. As a result, clinical characterization of drug disposition in CKD patients is
critically important. Prior to dedicated renal impairment studies during drug development,
predicting the disease effects on drug PK and estimating the optimal dosing regimen is
challenging and often unreliable. Empirically, for highly renally eliminated drugs, the optimal
regimen can be estimated by reducing the dosage proportionally with the estimated (Cockcroft
and Gault, 1976; Levey et al., 2009) GFR lost in target patient population. This assumes all renal
drug handling pathways and therefore renal clearance (CL,) decrease proportionally with
filtration. Indeed, this proportional assumption is supported by clinical data for multiple

predominantly filtered drugs (Blair et al., 1981; Blum et al., 1994) without significant secretion
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or reabsorption. However, for highly renally secreted drugs, CL, may decrease more than
proportionally with GFR in stage 4/5 CKD (Hsueh et al., 2016; Chapron et al., 2017), possibly
due to inhibition of renal transporters by accumulated uremic solutes. Further, for highly renally
reabsorbed drugs, CL: can decrease less than proportionally with GFR in stage 4/5 CKD
(Welling et al., 1975; Houghton et al., 1985; Montay et al., 1985). Together, observed clinical
data consistently show that empirical/proportional GFR scaling approach may not accurately
predict CL; in severe CKD due to the multiplicity and convoluted interaction of disease effects
on renal drug handling. To overcome this challenge, physiologically-based pharmacokinetic
(PBPK) models that capture the disease-specific characteristics are potentially able to predict
CKD effects on drug PK, although such practice is currently considered as a low-confidence
application by regulatory agencies (Grimstein et al., 2019). Recently, PBPK modeling has been
used to specifically predict the CKD effect on renal active secretion (Hsu et al., 2014; Hsueh et
al., 2018; Yee et al., 2018), but the test drugs used for model verification all lack significant
permeability and hence passive reabsorption. At present, no PBPK model can quantitatively
predict the alterations in renal passive reabsorption or CL, for highly reabsorbed drugs in CKD,
let alone systematically capture the diverse effects of CKD on renal elimination.
Physiologically, CKD patients have demonstrated reduced water reabsorption/increased tubular
filtrate flows per remaining functional nephron (Lindberg et al., 1966; Sharpstone, 1969;
Welling et al., 1973, 1975; Yeh et al., 1975; Fukuda et al., 2006; Nechita et al., 2015) as an
adaptative mechanism. This adjusts for the reduced number of functional nephrons and reduced
GFR, to maintain critical homeostasis such as extracellular fluid volume and plasma sodium
concentration (Biber et al., 1968; McNay and Miyazaki, 1973; Yeh et al., 1975; Pennell and

Bourgoignie, 1981; Fukuda et al., 2006). In Chapter 5, we tested the hypothesis that such
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physiological adaptation in renal tubular water reabsorption and tubular filtrate flow will
dramatically decrease the drug concentration gradient between intratubular filtrate and
peritubular blood, leading to reduced passive reabsorption and higher CL, than expected from
residual GFR alone in CKD. This hypothesis is supported by observed data (Welling et al., 1975;
Houghton et al., 1985; Montay et al., 1985) for various permeable drugs such as pefloxacin,
metronidazole, and minocycline. For these drugs, the observed CL, in CKD patients was reduced
to 30-37% compared with healthy subjects when residual GFR was only 4-9% compared with
healthy subjects (Welling et al., 1975; Houghton et al., 1985; Montay et al., 1985),
demonstrating an over 7-fold disproportionality between resulting CL and GFR.

In Chapter 5, | developed a disease model to predict the effect of CKD on tubular passive
reabsorption and renal clearance for hydrophobic permeable drugs. Specifically, this work
expands our previously developed and verified mechanistic kidney model from Chapter 2
(Huang and Isoherranen, 2018) to incorporate the physiologically-based tubular changes of
reduced water reabsorption/increased tubular filtrate flow per remaining functional nephron for
each renal subsegment across varying CKD stages. The final adaptive kidney model enables the
translation from in vitro drug permeability into degree of passive reabsorption and renal
clearance, and was validated using a set of 20 compounds with differing properties without any
optimization or empirical scaling throughout the progression of CKD from healthy to stage 5

kidney disease.
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1.5 Hypothesis and aims

The overarching hypothesis of this thesis was that mechanistic physiologically-based kidney
modeling can be used to predict renal clearance of drugs and metabolites with a variety of
physicochemical properties and under different clinical conditions such as altered urine pH and
chronic kidney disease. This mechanistic kidney model can be further integrated into full body
PBPK models to simulate both renal and systemic disposition in a multitude of scenarios.

To test this hypothesis, my specific aims were:

Aim 1) To develop a dynamic physiologically-based 35-compartment mechanistic kidney model
that addresses the impact of dynamic tubular flow, tubular pH, microvilli, and multi-source
permeability on effective passive diffusion and subsequent renal clearance simulation, verify the
model with 46 test compounds including neutrals, acids, bases, and zwitterions, and demonstrate
the feasibility of incorporating active secretion and pH-dependent bidirectional passive diffusion.
Aim 2) To develop a physiologically-based peripheral forearm sampling site model together with
a full body PBPK model that allows the output of simulated peripheral venous concentrations to
be meaningfully compared to the observed pharmacokinetic data from arm vein, verify the model
with nicotine, ketamine, lidocaine, and fentanyl, and demonstrate the consequentially biased
model evaluation, erroneous model parameterization, and misleading prediction in unstudied
clinical scenarios when using a discrepant sampling site in PBPK modeling than observed
clinical studies.

Aim 3) To integrate the mechanistic kidney model with peripheral arm sampling and full body
PBPK model to predict the altered renal excretion and systemic AUC of drugs when urine pH is
changed, verify the combined final model with methamphetamine and amphetamine under

varying urine pH statuses, and demonstrate the feasibility of predicting quantitatively and
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clinically significant changes in drug and metabolite disposition under comedications and
diseases that can alter urine pH.

Aim 4) To incorporate relevant physiological changes in chronic kidney disease patients into the
mechanistic kidney model including adaptive renal tubular filtrate flows that decrease
disproportionately with glomerular filtration rate, verify the model with three parent-metabolite
pairs, six non-permeable drugs, six permeable drugs, and two secreted drugs, and demonstrate
the impact of physiologically-based adaptive changes in tubular filtrate flow on renal clearance
prediction for reabsorbed, non-reabsorbed, secreted, and non-secreted compounds in chronic

kidney disease patients.
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Figure 1.1. The schematic representation of a full body PBPK model structure.
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Chapter 2. DEVELOPMENT OF A DYNAMIC
PHYSIOLOGICALLY-BASED MECHANISTIC KIDNEY MODEL

TO PREDICT RENAL CLEARANCE

This chapter was published in CPT: Pharmacometrics & Systems Pharmacology (2018) 7, 593-

602
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2.1 Abstract

Renal clearance is usually predicted via empirical approaches including QSAR and allometric
scaling. Recently, more mechanistic prediction approaches using in silico kidney models have
been proposed. However, empirical scaling factors are typically used to adjust for either passive
diffusion or active secretion, to acceptably predict renal clearances. The goal of this study was to
establish a renal clearance simulation tool that allows prediction of renal clearance (filtration and
pH-dependent passive reabsorption) from in vitro permeability data. A 35-compartment
physiologically-based mechanistic kidney model was developed based on human physiology. The
model was verified using 46 test compounds including neutrals, acids, bases, and zwitterions. The
feasibility of incorporating active secretion and pH-dependent bidirectional passive diffusion into
the model was demonstrated using cimetidine, memantine, and salicylic acid. The developed
model enables simulation of renal clearance from in vitro permeability data, and predicted the

renal clearance of 87% of the test drugs within 2-fold.
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2.2 Introduction

Renal clearance has been estimated as the major clearance pathway for 25-31% of medications
(Williams et al., 2004; Varma et al., 2009) and contributes as a minor elimination pathway to the
clearance of majority of drugs. Therefore, prediction of renal clearance during drug development
is important. In addition, detailed understanding of renal clearance processes is critical to delineate
the quantitative contributions of passive diffusion and active secretion in renal drug elimination.
Finally, increased interest in renal toxicity and accumulation of drugs in renal tubular cells
necessitates improved physiological and mechanistic modeling of drug distribution and clearance
in the kidney.

To predict renal clearance, quantitative structure activity relationship (QSAR) methods have been
proposed (Manga et al., 2003; Doddareddy et al., 2006; Paine et al., 2010). While QSAR methods
are useful in large scale screening and provide a qualitative prediction of high or low renal
clearance, they do not allow mechanistic understanding or dynamic simulations of renal
disposition. Allometric scaling from animals has also been used extensively (Huh et al., 2011;
Paine et al., 2011) to predict human renal clearance. However, inter-species differences in kidney
structure and physiology (e.g. GFR, tubular surface area, urine pH), transporter expression and
activity, and plasma protein binding remain as challenges for allometric scaling (Huang and
Riviere, 2014). Similarly, allometric scaling does not allow differentiation of clearance
mechanisms or dynamic simulations of renal handling of drugs. To address the weaknesses of
QSAR and allometric scaling, two static renal clearance prediction approaches have been
published (Kunze et al., 2014; Scotcher et al., 2016), and a dynamic mechanistic kidney model
has been reported and incorporated into Simcyp software (Neuhoff et al., 2013). However, static

approaches do not incorporate how water reabsorption and subsequently increasing drug
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concentrations affect passive diffusion processes as no concentration gradient is established
between blood, tubular cells, and tubular lumen. For the reported dynamic kidney model (Neuhoff
et al., 2013), comprehensive validation of the model structure, physiological parameters (e.g.
tubular pH, flow, and surface area), and performance of predicting passive diffusion with a variety
of drugs with known renal clearances and in vitro permeability data has not been reported. Still,
several studies have used the Simcyp kidney model to simulate drug renal clearances (Posada et
al., 2015; Burt et al., 2016; Emami Riedmaier et al., 2016; Mori et al., 2016; Scotcher et al., 2017,
Wang et al., 2017). Most of these studies used a top-down or middle-out approach and applied a
variety of scaling factors to simulate plasma concentrations or renal clearance with either fitted
active secretion (Posada et al., 2015; Burt et al., 2016; Emami Riedmaier et al., 2016; Scotcher et
al., 2017; Wang et al., 2017) or passive diffusion clearance (Mori et al., 2016) to accurately capture
observed data. Although the passive diffusion clearance in these studies was based on permeability
values from PAMPA, Caco-2, and HEK cells, these values were further scaled using presumed
total tubular surface area without systematic verification, or using sensitivity analyses to fit
observed data. This introduces potential bias to the modeling approach. Most studies did not
consider the different ionization of the test compounds in blood, cells, and tubular fluid, and
assumed that passive diffusion is equal for apical and basolateral sides and across different tubular
segments despite known physiological differences between these sites. It is important to note that
fitting active secretion values requires high confidence in the passive diffusion clearance in the
kidney as the observed renal clearance is highly dependent on both parameters. In the absence of
validation of the passive diffusion clearance in the kidney, the confidence in scaled secretion
clearance is low and interdependent on the error in predicted diffusion clearance. As limited in

vitro-to-in vivo scaling data exists for renal transport clearances for the specific segments of the
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kidney, the uncertainty of active transport predictions is high. As such, there is a critical need to
validate the physiological and permeability components of a mechanistic kidney model using
drugs that are not subject to significant active transport, to allow better mechanistic predictions of
renal clearance of novel compounds, and to estimate the contribution of active transport processes
to renal clearance. The aim of this study was to develop and validate a dynamic physiologically-
based mechanistic kidney model that allows prediction of drug renal clearance using in vitro
permeability data and incorporates unbound filtration, active tubular secretion, and pH dependent

bidirectional passive diffusion.

2.3 Methods

2.3.1 Structure of the mechanistic kidney model

The 35 compartment mechanistic kidney model (Figure 2.1) was developed using MATLAB and
Simulink platform (MATLAB, 2016). The detailed description of model development and the
governing equations are shown below:

The equation describing the change of blood drug concentration in the central compartment (the

circulation component) with respect to time is:

Qc
d[c vt
Ve Eitb] = Ro <1 —e " ) + QotherCy (t) + QrianeyCepp,s (1) — QcCp (1)

Qc = Qother + Qkidney
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where Cy is blood concentration (mg/L), Vs is central compartment volume (L), Ro is iv infusion
rate (mg/hr), Qcis cardiac output (330 L/hr), Qkidney is blood flow to kidney (90 L/hr), Qother is blood
flow to other organs (L/hr), Ccoe;s is blood concentration in the vascular section of the fifth
subsegment of collecting duct (L/hr)

After the infusion began, the drug could partition into red blood cells and bind to plasma proteins,
but only unbound drug in plasma could be filtered into Bowman’s capsule from glomerular blood
(renal inflow). The equation describing the change of drug concentration in the Bowman’s capsule

with respect to time is:

Lo,y
BP °

Coouman (1) =
where fyp is plasma unbound fraction, BP is blood to plasma concentration ratio and Chowman IS
drug concentration in the Bowman’s capsule after filtration (mg/L).

After the drug in the blood is filtered into the Bowman’s capsule, it enters the mechanistic kidney
model divided into the various subsegments and sections as described above. The segments and
sections are linked in series as shown in Figure 2.1.

The filtered drug will first enter the tubular lumen of the proximal tubule. Bidirectional passive
diffusion across the apical tubular membrane, active secretion from proximal tubule cells, active
reabsorption from the tubular lumen, and tubular fluid inflow and outflow occur in the tubular

lumen. The equation describing the change of drug concentration in the proximal tubular lumen at

each subsegment with respect to time is:

dCor.|
PT dt - QPT,iCPT,i—l(t) - QPT,i+lCPT,i (t)

+ CLApi,scr,iCPC,i (t) fu,cell - CI-Api,reabs,iCF’T,i (t)
+ CI-PD,PT,api,i (CPC,i (t) fu,cell ) ﬁ - CF>T,i (t) : ai))
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where i=1, 2, and 3, represent the three different proximal tubule subsegments, Cpr,iis the drug
concentration in the tubular lumen of i subsegment of proximal tubule (mg/L), Cpt0= Chowman,
Vet is the volume of each subsegment of proximal tubular lumen (L) as listed in Table 2.1, Qpr,i is
the tubular flow rate into the tubular lumen of i subsegment of proximal tubule (L/hr), Qpri+1 is
the tubular flow rate out of tubular lumen of i subsegment of proximal tubule (L/hr). The flow
rates for each subsegment are listed in Table 2.2. Of note, Qpt,1= Qcrr (120mL/min). Subsequently
the tubular flowrate out of any subsegment is always equal to the tubular flow rate into the next
subsegment. CLapiscr,i IS the active transporter-mediated secretion clearance on the apical side of
cell compartment of i subsegment of proximal tubule (L/hr). CL apireabsi is the active transporter-
mediated reabsorption clearance on the apical side of cell compartment of i subsegment of
proximal tubule (L/hr), fucenis the intracellular unbound fraction in the renal cell, CLpp,pT,api,i IS the
intrinsic passive diffusion clearance on the apical side of cell compartment of i subsegment of
proximal tubule (L/hr), ai is the uncharged fraction inside the tubular lumen of i" subsegment of
proximal tubule, and B is the uncharged fraction inside cell. As the pH inside tubular cells is 7.2
through the kidney, P is a constant value for a specific drug defined by the pKa of the drug. The a
and f are calculated from the known pKa and acid/base characteristics of the drug.

Once the drug flows out of the proximal tubule, it flows into the loop of Henle (descending and
ascending), distal tubule, and collecting duct (connecting tubule, initial collecting duct, cortical
collecting duct, medullary collecting duct, and papillary duct). No active secretion or active
reabsorption was assumed to occur in the loop of Henle, in the distal tubule or in the collecting
duct. Only bidirectional passive diffusion and tubular inflow and outflow were incorporated. The
equation describing the change of tubular drug concentration in the loop of Henle, distal tubule,

and collecting duct with respect to time is:
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where i=1,2 for loop of Henle, i=1 for distal tubule, i=1,2,3,4,5 for collecting duct, j=loop of Henle,
distal tubule, or collecting duct. Crji is the drug concentration of the tubular lumen of i
subsegment of j segment (mg/L), Vi, is the volume of the tubular lumen of i subsegment of j
segment (L), Qrj,i is the renal tubule inflow of the tubular lumen of i subsegment of proximal
tubule of j segment (L/hr), Qpr.i+1 is the renal tubule outflow of the tubular lumen of i subsegment
of proximal tubule of j segment (L/hr), CLpp,j,i is the intrinsic passive diffusion clearance of both
apical and basolateral sides of cell compartment of i subsegment of j segment (L/hr), aj; is the
uncharged fraction inside the tubular lumen of i subsegment of segment j.

In terms of the renal cellular compartment, at the proximal region, the drug enters and leaves the
renal cell compartment by bidirectional passive diffusion, active secretion, and active reabsorption.

Inside the renal cell, the drug can also be metabolized. The equation describing the change of drug

concentration in the proximal renal cell with respect to time is:

d|Cpc; f,
Vee [dzc’ ] = Clig sor iCraii (t)B_FF’J —ClpiseriCre.i Oy cen
+ CI-Api,reabs,iCPT,i (t) - CLbsI,reabs,iCPC,i (t) fu,cell

fU
+ CLPD,PT,bsI,i (CPB,i ® B_Pp V= CPC,i 1) fu,cell B)

+ CLPD,PT,api,i (CPT,i (DR Coci ® fu,cell )
= CLiyi (Coci () Fycen)

where i=1, 2, and 3, are the three different proximal tubule subsegments, Cpc; is the drug
concentration of the cell compartment of i subsegment of proximal tubule (mg/L), Vec is the

volume of kidney proximal cell compartment of each subsegment (L), CLpp,pT0s1,i IS the intrinsic
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passive diffusion clearance on the basolateral side of the cell compartment of i subsegment of
proximal tubule (L/hr), CLint; is the intrinsic metabolic clearance due to enzymes residing in the
cell compartment of i subsegment of proximal tubule (L/hr), y is uncharged fraction in the plasma
(plasma pH is always 7.4, hence vy is a constant value for a specific drug).

At the other regions (except proximal region), the drug enters and leaves the renal cell
compartment by bidirectional passive diffusion or metabolic clearance, without active secretion
and active reabsorption. The equation describing the change of drug concentration in the proximal

renal cell with respect to time is:

dlc,,, fu
Cj.i [d?’ ]:CLPD,j,i(CBivi(t)' Bg .

- 2><ch,i (t) fu,cell ﬂ)

7+Cyi() -,

where i=1,2 for loop of Henle, i=1 for distal tubule, i=1,2,3,4,5 for collecting duct, j=loop of Henle,
distal tubule, or collecting duct, Cg;, is the drug concentration of the cell compartment of it
subsegment of j segment (mg/L), V;,i is the volume of the cell compartment of i subsegment of
j segment (L)
In terms of the vascular section, right after glomerular filtration, the equation describing the change
of drug concentration in the blood with respect to time is:

fus g

BP GFR
Copot) =A-—=—")C, (1)

kidney

where Cpg o is the drug concentration in the blood right after glomerular filtration.
At the proximal region, the drug enters and leaves the vascular section by bidirectional passive

diffusion, active secretion, active reabsorption, and inflow and outflow processes. The equation

describing the change of drug concentration in the blood with respect to time is:
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where i=1, 2, or 3, stand for three different proximal subsegments, Cps;i is the drug concentration
of the vascular section of i proximal tubule subsegment (mg/L), Veg is the volume of vascular
section of each proximal tubule subsegment (L), CLpppx,sii IS the intrinsic passive diffusion
clearance on the basolateral side of the renal cell of the i proximal tubule subsegment (L/hr)

At the other regions (except proximal region), the drug enters and leaves the vascular section by
bidirectional passive diffusion, inflow, and outflow processes. The equation describing the change

of drug concentration in the blood with respect to time is:

dlCs.]
Vai.i T Qkidney (Cgj.i 1 (1) — Cg;: (1))
fu
+CLlep ;i (Cji (1) fy cen - B—Co;i (1) B_F;) “¥)

where i=1,2 for loop of Henle, i=1 for distal tubule, i=1,2,3,4,5 for collecting duct, j=loop of Henle,
distal tubule, or collecting duct, Cgj; is the drug concentration of the vascular section of it"
subsegment of j segment (mg/L), Vs, is the volume of vascular section of i subsegment of j
segment (L), CLrp ;i is the intrinsic passive diffusion clearance of both apical and basolaterial sides
of i"" subsegment of j segment (L/hr)

The diameters, lengths, and tubular flow rates of different segments of the kidney were collected
from literature (Scotcher et al., 2016) and are listed in Table 2.2. The physiological volume of each
tubular segment was calculated as a cylinder and the physiological volume of the cellular

compartment of each segment was assumed to be the same as the tubular volume. The
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physiological surface area of each tubular segment was calculated as a cylinder except for the
collecting duct which was calculated using a previously published exponential method (Scotcher
et al., 2016) due to the merging of the tubules. The surface area of apical side of proximal tubule
was set 30-fold higher than basolateral side (Brown and McKnight, 2010) to account for the effect
of brush border on increasing the apical side surface area. No other scaling factors or adjustments
were made for surface area at other segments due to the sparsity of microvilli (Welling and
Welling, 1988). The final volumes, surface areas and flow rates of each subsegment of the kidney
model are listed in Table 2.2. The physiological fluid flow in the renal tubule was adapted from
previous publication (Scotcher et al., 2016) with further expansion (Table 2.2). The pH at each
tubule decreased from 7.2 in the proximal segment to 6.5 in the bladder in a stepwise manner
across the length of the tubule as detailed in Table 2.2. Glomerular filtration rate (Qgrr), kidney
blood flow (Qxidney), and cardiac output (Qc) were set as 7.2L/hr, 60L/hr, and 330 L/hr, respectively.
Blood volume (Vp) in the simple circulation model was set to 42 L to mimic total body water.
Blood to plasma ratio (B/P) was 1 and unbound fraction in the renal epithelial cells (fu.cen) was the
same as plasma unbound fraction (fup) for all simulations. Renal intracellular pH and blood pH

were set as 7.2 and 7.4, respectively.

2.3.2 Sensitivity analysis of renal clearance

To examine the impact of general structural and physiological assumptions on model performance,
a sensitivity analysis of the renal clearance of a hypothetical neutral drug with permeability of 10
(10°°cm/s) and plasma unbound fraction of 0.1 was done. The sensitivity analysis was conducted
according to the general guidance of PBPK model development. The covariates tested and
expected not to impact renal clearance based on pharmacokinetic principles included blood-to-

plasma ratio (0.5-5), intracellular unbound fraction (0.1-1), volume of renal tubule (0.1-10 fold),
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and volume of renal cell (0.1-10 fold). The covariates tested and expected to impact renal clearance
included permeability (0.01-200x10%cm/s), plasma unbound fraction (0.1-1), tubular surface area

(0.1-10 fold), and glomerular filtration rate (15 to 1220mL/min).

2.3.3 Model verification and prediction of renal clearance for a set of test compounds

To validate the model, 46 drugs (Table 2.3) that had a renal clearance (CL) < 2xfypxGFR and for
which adequate data of in vitro permeability, plasma unbound fraction, and in vivo renal clearance
from healthy adult subjects or patients with normal creatinine renal clearance was available, were
selected to test whether the developed model could accurately predict renal clearance, and to
validate the passive diffusion component of the model. Of the selected drugs 6 had an f,pxGFR
value >1.5 (Table 2.3), and therefore they would be considered to be subject to active renal
secretion based on the International Transporter Consortium recommendation (Huang et al., 2010).
However, as the criterion for model acceptance was set as 2-fold, these compounds were included
in the analysis and analyzed also as net secreted compounds for the prediction accuracy. While
this inclusion likely decreases the overall model performance presented, this approach was adopted
to allow sufficient numbers of ionized compounds to be included in the analysis. For each drug,
the observed renal clearance and plasma unbound fraction values were collected from literature
(Table 2.3) (Varma et al., 2009; Zhang et al., 2012; Bjelland et al., 2013; Ito et al., 2013; Scotcher
etal., 2016). Predicted pKa values for the test drugs were collected from https://www.drugbank.ca.
Caco-2 and MDCK permeability values for the drugs of interest were collected from literature
(Table 2.3) (Artursson and Karlsson, 1991; Hovgaard et al., 1995; Yee, 1997; Gres et al., 1998;
Yazdanian et al., 1998; Irvine et al., 1999; Yamashita et al., 2000; Alsenz and Haenel, 2003; Di et
al., 2011; Scotcher et al., 2016). Drugs were categorized into 4 groups based on ionization at pH

7: drugs with >1% ionized as negatively charged at pH 7 were classified as acids, drugs with >1%
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ionized as positively charged at pH 7 as bases, drugs with <1% ionization at pH 7 as neutrals and
drugs with >1% ionized at pH 7 with both positively and negatively charged groups were classified
as zwitterions. The drugs were also categorized to net secreted and net reabsorbed based on
comparison of observed renal clearance with f,pxGFR (Table 2.3). Overall, the test compound
dataset included 11 neutrals, 12 weak bases, 9 weak acids, and 14 zwitterions. The compounds had
a wide range of pKa’s (-2.2 — 11.62), in vitro permeabilities (0.01-160x10%cm/s), fp’s (0.01-
0.99), and observed renal clearances (0.5-145mL/min) providing a robust dataset for model
validation.

The methods to account for the effect of pH-dependent drug ionization and microvilli expression
in in vitro and in vivo systems are described in Supplementary Materials. Renal clearances were
simulated at distribution equilibrium. For test compounds with more than one published in vitro
permeability value, the renal clearance was predicted separately using each of the reported values
and the mean predicted renal clearance was calculated from individual predictions.

To evaluate the quality and accuracy of the renal clearance predictions, average fold error (AFE),
also called geometric mean fold error (equation 1) was used to measure the extent of
underprediction and overprediction. Absolute average fold error (AAFE) and root mean square
error (RMSE) were also calculated according to equations 2 and 3 for all compound categories. In
addition, a 2-fold acceptance criterion was applied to determine whether renal clearances were
successfully simulated. A 3-fold criterion was reported to allow comparison to previous

publications predicting renal clearance.

Predicted

1
AFE = 1052 logio Observed (1)

Predicted

lZ|lo
AAFE = 10n 910 0pserved (2)

52



RMSE = \/%Z(Observed — Predicted)? (3)

2.3.4 Incorporation of active secretion to simulate renal clearance

The mechanistic kidney model also allows incorporation of active secretion and active
reabsorption in the relevant subsegments of the kidney. To test the feasibility of incorporating in
vitro transporter data along with in vitro permeability data to simulate renal clearance, the renal
clearances of para-aminohippuric acid (PAH) and cimetidine were simulated. PAH (fup of 1, pKa
of 2.7 and 4.24 (drugbank.ca,), in vitro permeability of 0.72 (10°cm/s) (Naruhashi et al., 2001))
and cimetidine (fup of 0.8 (Burt et al., 2016), pKa of 6.91 (drugbank.ca,), in vitro permeability of
1.37 (10°cm/s) (Yazdanian et al., 1998)) are well-known renal secretion substrates. Literature in
vitro experimental data of OAT1 mediated basolateral secretion (Hotchkiss et al., 2015), and
NPT1, MRP2, and MRP4 mediated apical secretion (Uchino et al., 2000; Smeets et al., 2004) of
PAH were used (Table 2.4) and scaled to in vivo assuming the transporter expression level per mg
of in vitro system is equal to the transporter expression level per mg of human kidney and 300
grams of kidney per person. Total in vivo secretion clearances of 884 and 22.3 L/hr were calculated
for basolateral and apical side respectively (Table 2.4). Literature in vitro experimental data of
OAT3 and OCT2 mediated basolateral secretion and MATE1/2-K mediated apical secretion of
cimetidine (Burt et al., 2016) were used with scaling to 60 million proximal tubule cells per gram
of kidney (Neuhoff et al., 2013) and 300 grams of kidney per person. Total in vivo secretion
clearances of 31.8 and 40.5L/hr were calculated for basolateral and apical side respectively (Table
2.5).

To explore the possibility and effect of distribution of transporter expression along the proximal

tubule, the overall secretion clearance was incorporated differently as follows: either uniform
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distribution across all three proximal tubule subsegments or all the secretion clearance occurring

only at a single tubular subsegment (1%, 2" or 3'9).

2.3.5 Simulation of urine pH-dependent renal clearance

Urine pH-dependent renal clearance has been observed for many drugs due to different ionization
and subsequently different effective permeabilities at different urine pHs (Rowland and Tozer,
2012). The pH-dependent effective passive diffusion was incorporated into the model by
calculating the ionization status of test drugs in the specific tubule subsegment based on the
predicted pH gradient across the tubule from the glomerulus to the bladder (Tables 2.1, 2.6, and
2.7). To simulate changes in renal clearance upon altered urine pH, the renal clearances of
memantine (a weak base) and salicylic acid (a weak acid) were predicted at different urine pHs.

The intrinsic permeability of memantine (fup 0.55,(FDA, 2010) pKa of 10.7 (drugbank.ca,), in
vitro permeability of 25-43.4 (10-%cm/s) (Beconi et al., 2012; Miiller et al., 2017)) was calculated
as 0.087-0.06 (average 0.073) cm/s. At acidic urine, when >99.99% of memantine is charged, the
observed renal clearance of memantine considerably exceeds the unbound filtration clearance
suggesting that memantine is a substrate for active tubular secretion. This secretion clearance was
estimated via parameter optimization based on the observed renal clearance at urine pH 5
(>99.99% ionized) and the average intrinsic permeability. The secretion clearance value (CLapi,scr
and CLusiscr) Was set as 10L/hr in the apical and basolateral side of each subsegment of proximal
tubule. The renal clearance was then predicted for urine pH of 5.0, 7.9, and 8.1 as described
(Freudenthaler et al., 1998), using a predicted pH gradient in the kidney segments (Table 2.6). In
addition, the effect of the described changes of urine flow (Freudenthaler et al., 1998) on renal
clearance were simulated by changing the tubular flow (rate exiting the last subsegment of

collecting duct) from 1 mL/min to 0.99, 1.15, 2.6, and 2.73mL/min. A 99% confidence interval of

54



observed renal clearances Was calculated from reported median and 25% and 75% quantiles of renal
clearance, and predictions within the 99% confidence interval were considered successful.

The intrinsic permeabilities of salicylic acid (pKa 2.98 (drugbank.ca)) were calculated as 0.088,
0.26, 0.32, 0.34, and 0.58 (average 0.32) cm/s based on in vitro permeabilities of 3.35, 10, 12, 13,
and 22 (10%cm/s) (Artursson and Karlsson, 1991; Yazdanian et al., 1998; Irvine et al., 1999;
Yamashita et al., 2000). The salicylic acid f,p used was 0.1 based on the reported relationship of
salicylic acid fup and plasma concentration (Furst et al., 1979), and salicylic acid plasma
concentration of 150-180mg/L in the study reporting pH-dependent renal clearance (Macpherson
etal., 1955). The observed renal clearance of salicylic acid under basic urine exceeded the unbound
glomerular filtration rate, suggesting active secretion of salicylic acid. The secretion clearance was
calculated via parameter optimization based on the observed renal clearance under urine pH of 8
(>99.99% ionized) and the average intrinsic permeability value. An apical and basolateral
secretion clearance value (CLapiscrand CLupsiser) Of 36L/hr was incorporated in each proximal tubule
subsegment. The renal clearance was then simulated at urine pH values 5.0, 6.0, 7.0, and 8.0 to
mimic the published range of urine pH(Macpherson et al., 1955) using pH gradient in the kidney

(Table 2.7).
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2.4 Results

2.4.1 Model construction and sensitivity analysis

A 35-compartment model consisting of a simple circulation component and a mechanistic kidney
model was developed based on the physiological segmentation of the human kidney (Figure 2.1).
The simple circulation model was used to connect the renal blood flow out of the kidney with the
blood flow into the kidney. The Bowman’s capsule was the entrance site of the flow into the
mechanistic kidney model which only allowed unbound drugs to be filtered into proximal tubule.
Longitudinally, the kidney was divided into 4 major segments: proximal tubule, loop of Henle,
distal tubule, and collecting duct (Figure 2.1). The proximal tubule was further divided into 3
subsegments (S1, S2, and S3), the loop of Henle into 2 subsegments (descending and ascending),
and collecting duct into 5 subsegments (connecting tubule, initial collecting duct, cortical
collecting duct, medullary collecting duct, and papillary duct) based on kidney physiology. Each
subsegment was divided into 3 sections: tubular lumen, cellular compartment, and vascular
section. A compartment for the bladder was created to serve as a compartment collecting
eliminated drug. The surface areas, volumes and flow rates in the various model compartments
were assigned based on known physiology (Tables 2.1 and 2.2). Glomerular filtration was
incorporated into the Bowman’s capsule, bidirectional passive diffusion was incorporated
throughout the entire nephron, and renal metabolism and active transporter-mediated secretion and
reabsorption were included only at proximal tubule.

To confirm the structural integrity of the model, sensitivity analysis was conducted. As expected
from pharmacokinetic principles, blood-to-plasma ratio, intracellular unbound fraction, volume of
tubular lumen and volume of cell compartment did not affect simulated renal clearance (Figure

2.2). Similarly, as expected, the plasma unbound fraction and glomerular plasma flow positively
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and linearly correlated with simulated renal clearance, while the permeability and surface area
negatively and nonlinearly correlated with simulated renal clearance (Figure 2.2). Notably, the
sensitivity analysis shows that with different tubular dimensions (length and radius) tubular surface

area but not volume impacts renal clearance.

2.4.2 Prediction of renal clearance of test drugs and model verification

The predictive performance of the model was evaluated using 46 test drugs (Table 2.3). First, the
validity of the surface area scaling from in vitro experimental systems was tested using neutral
compounds (Figure 2.3). Calculation of permeability values assuming no microvilli expression in
in vitro cell systems resulted in a systematic over-prediction of renal clearances (Figure 2.3a),
likely due to an underestimation of in vitro surface area and consequently under-prediction of
passive reabsorption. To account for the expression of microvilli in vitro, a surface area scaling
factor was optimized using neutral compounds. Scaling factors of 1.25, 1.5, and 2 resulted in
AFE’s of 0.77, 0.93, and 1.25, respectively, and therefore a scaling factor of 1.5 was selected.
Using this scaling factor, renal clearance was simulated for all 46 test drugs using all available in
vitro permeability values (Figure 2.4, Table 2.3) resulting in acceptable renal clearance predictions
with overall AFE of 0.76, overall AAFE of 1.59, and overall RMSE of 26.9 (Table 2.8). At least
one measured permeability value predicted renal clearance within 2-fold of the observed renal
clearance for 40 drugs (87%) and the mean simulated renal clearance was within 2-fold of the
observed for 37 drugs (80%) (Table 2.8), demonstrating high predictive quality of the model. The
AFE’s for neutrals, bases, acids, and zwitterions, ranged from 0.59 to 0.93, and the AAFE’s ranged
from 1.37 to 1.83 (Table 2.8). The RMSE’s varied between 8.27 and 38.3 (Table 2.8). For majority
of the drugs the mean simulated renal clearance and at least one of the renal clearances predicted

with individual in vitro permeability values were within 2-fold of the observed (Table 2.8), and
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only one drug had predicted renal clearance outside 3-fold range (Table 2.8). In addition, the model
performance was also evaluated based on net reabsorption (CL<f,p*GFR) and net secretion
(CL>fup*GFR) and the calculated AFE’s AAFE’s and RMSE’s for these two groups (Table 2.8)

generally showed a more accurate prediction for net reabsorbed drugs than net secreted drugs.

2.4.3 Incorporation of active secretion to simulate renal clearance

To explore whether active secretion could be incorporated into the developed model, PAH and
cimetidine were selected based on published literature to predict renal clearance that incorporates
active secretion and passive diffusion. Using literature in vitro transporter data, protein binding
data, and in vitro permeability data, the model successfully predicted the renal clearance of PAH
and cimetidine (Table 2.9), demonstrating the feasibility of the model to predict complex renal
clearance scenarios with both passive diffusion and secretion clearance incorporated at both apical
and basolateral sides of proximal tubule in the model. Notably, when the secretion clearance was
incorporated only in one subsegment, the simulated renal clearance was consistently lower than
when the secretion clearance was uniformly distributed across the tubular segments. As
transporter localization data is not available, these simulations are only shown to illustrate the

relevance of knowledge of transporter localization within the kidney tubules.

2.4.4 Simulation of urine pH-dependent renal clearance

Renal clearance can be affected by changes in urine flow and urine pH and therefore, any broadly
useful kidney model must incorporate changes in ionization status and reabsorption clearance due
to tubular pH and flow changes. To test the developed model, the renal clearance of memantine
and salicylic acid were simulated under different urine pH conditions and with different urine

flows (memantine). The effect of both urine pH and urine flow were accurately predicted by the
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model for memantine (Figure 2.5 and Table 2.10) demonstrating robust validation of ionization
processes, passive diffusion, and tubular flow. Similarly, the effect of urine pH on salicylic acid
renal clearance was well predicted using five different in vitro permeability values (Figure 2.5).
The overall simulation results for both substrates were acceptable based on the calculated 99%

confidence interval and visual inspection of the urine pH-dependent renal clearance.
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2.5 Discussion

Since the development of the well-stirred model of hepatic clearance, predictions of hepatic
clearance from in vitro data have become commonplace and can typically predict human hepatic
clearances within 2-fold of observed. In contrast, due to the sequential nature of renal clearance
processes, and the challenges in predicting the fraction reabsorbed from the tubular lumen during
the sojourn of the drug within the kidney, at present, renal clearance cannot be effectively predicted
from in vitro data prior to human dosing. In addition, considerable uncertainty exists regarding the
quantitative contribution of active transport processes in drug renal clearance. The goal of this
work was to develop a mechanistic and dynamic physiologically-based kidney model that would
consider spatiotemporal changes in concentrations, flows, pH, and effective permeability for renal
clearance predictions, and allow true in vitro-to-in vivo predictions of renal clearance using plasma
unbound fraction, permeability, and active transport data.

The developed method has clear advantages over QSAR, allometry, and static model approaches
although these approaches have been successfully used to predict renal clearances. For example,
static models assume that passive diffusion always reaches equilibrium and urine concentration is
equal to unbound plasma concentration (Kunze et al., 2014)(Scotcher et al., 2016) an assumption
readily violated with hydrophilic or low permeability drugs or when urine flow increases. Still,
two static kidney models achieved 95% (Kunze et al., 2014) and 87% (Scotcher et al., 2016)
success rates in predicting renal clearance within 3-fold error using 20 and 45 test compounds,
respectively. The dynamic model developed here performed equally well or better, with 45 drugs
(98%) having mean simulated renal clearance within 3-fold of the observed renal clearance and 37
drugs (80%) with mean simulated renal clearance within 2-fold of the observed renal clearance.

The developed model also provides additional power to simulate temporal, urine flow and pH
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dependent changes in renal clearance and to incorporate active apical and basolateral transport of
drugs of interest.

This is the first study that examined the effect of different in vitro permeability values from
multiple data sources on the accuracy of renal clearance predictions and systematically accounted
for ionization status, tubular flow, and tubular pH gradients in renal clearance mechanisms. As
few experimental data in humans exists for pH gradients in the kidney tubule at various urine pH
values, further refinement of the pH gradients used in this study may be necessary as more data
becomes available. Previous studies have relied on single source permeability values from LLC-
PK (Kunze et al., 2014) or Caco-2 (Scotcher et al., 2016) cells although high variability in cell
culture systems is well documented (Artursson et al., 2001), potentially biasing overall predictions.
As the in vitro determined permeability values can vary more than an order of magnitude between
studies (Table 2.3), it is expected that some predicted renal clearances will fall outside of the 2-
fold acceptance criteria. It is also likely that active secretion processes exist for some of the test
drugs resulting in an under-prediction of renal clearance values. This hypothesis is supported by
the overall under-prediction of the renal clearance values in this study and the distinct greater
underprediction of renal clearances for drugs that were classified as net secreted when compared
to net reabsorbed compounds (Table 2.8). Finally, inaccurate measurements of in vivo renal
clearances and fyp’s may introduce error into comparisons of predicted and observed data. As such,
the model performance in predicting renal clearances from in vitro data and the accurate simulation
of pH and flow dependent changes in renal clearances can be considered excellent.

The developed model can feasibly incorporate a bottom-up prediction of renal clearance for
transported drugs as shown with the renal clearance predictions with PAH, cimetidine, memantine,

and salicylic acid. While several prior studies (Posada et al., 2015; Burt et al., 2016; Emami
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Riedmaier et al., 2016; Mori et al., 2016; Scotcher et al., 2017; Wang et al., 2017) have used the
Simcyp kidney model to simulate drug renal clearances, to our knowledge this is the first study to
predict the renal clearance of a drug with active renal transport using solely in vitro-to-in vivo
extrapolation methods. The prior studies relied on incorporating scaling factors based on observed
in vivo data to either fit active secretion clearance (Posada et al., 2015; Burt et al., 2016; Emami
Riedmaier et al., 2016; Scotcher et al., 2017; Wang et al., 2017) or passive diffusion clearance
(Mori et al., 2016). The current study provides a model for bottom-up approach using plasma
unbound fraction, in vitro permeability, and in vitro transporter uptake clearance to successfully
simulate renal clearance. In addition, due to the incorporation of the verified passive diffusion
process, an adjustment factor to account for the discrepancy of transporter expression between in
vitro and in vivo can be applied with higher confidence than before. The developed model also

provides a feasible approach to predict the impact of changes in urine pH on renal clearance.
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Table 2.1. Physiological parameters of human kidney.

Tubular radius and length for each tubule are values for single nephron. Volume and surface area
of the tubule are reported for total of two kidneys assuming 0.9 million nephrons per kidney. The
method to calculate the surface area of the collecting duct was adapted from Scotcher et al 2016.
Microvilli adjustment for the surface area is 30 of proximal tubule and 1 for all other tubule
according to Brown et al 2010. All physiological parameters were calculated from literature

values as described in materials and methods.

Proximal | Loop of | Distal Collecting

Tubule Henle Tubule Duct
Tubule radius (mm) 0.03 0.009 0.025 0.1
Tubule length (mm) 18 12 55 21
Volume of tubule (L) 0.092 0.0055 0.019 1.19
Volume of each subsegment in the model (L) | 0.0305 0.0027 0.0194 0.237
Surface area of tubule (dm?) 611 122 156 33
Microvilli adjustment (dm?) 18321 122 156 33
Each subsegment in the model (dm?) 6107 61 156 6.7
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Table 2.2. Physiological parameters of the mechanistic kidney model.

The tubular flow rate exiting each tubular subsegment is equal to the tubular flow rate entering

the next tubular subsegment. The flow rate at the beginning of the first proximal tubule

subsegment is equal to glomerular filtration rate (120 mL/min) and the exiting flow rate at the

end of the last collecting duct subsegment (Collecting ducts) is equal to normal urine formation

rate (1 mL/min). The volumes, tubular surface areas, and flow rates are scaled to two kidneys

with 0.9 million nephrons per kidney based on the physiological values with detailed calculation

described in Table 2.1 and Methods section.

Tubular | Tubular flow rate entering
Segment Volume (L) surface each tubular subsegment | pH value
area (dm?) (mL/min)

Proximal tubule; 0.0305 6107 120 7.2
Proximal tubule, 0.0305 6107 94 7.1
Proximal tubules 0.0305 6107 68 7
Loop of henlep 0.0027 61 43 7
Loop of henlea 0.0027 61 24 7
Distal tubule 0.0194 156 24 6.9
Collecting duct; 0.009 6.7 11 6.8
Collecting duct; 0.009 6.7 9 6.7
Collecting ducts 0.009 6.7 7 6.6
Collecting ducts 0.009 6.7 5 6.5
Collecting ducts 0.009 6.7 3 6.5
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Table 2.3. Summary of physicochemical and pharmacokinetic properties of 46 test drugs.

Drug Chem PKa (acid) | pKa (base) | fup | Observed CLr (mUmin) | Mean predicted CLr (mUmin) | irvine 1998'| Irvine 1998 | pi 2001'] Scotcher 2016 | Alsenz 2003 | Li 2007 | Yazdanian 1998 | Artursson 1991 | Yee 1997 | Gres 1998 | Hovgaard 1995 | Yamashita 2000
Neutral 081° 15 14.11 35 100 - - B - B - B B B 237
Neutral 0.36" 95" 9.42 - - - 26.5 - - B B N
Dapsone Neutral 027 55 324 - - - 497 - - B - - - ,
D Neutral 032" 6.3 1337 20 4 - - - 125 122 1250 23.40 - 121
Fluconazole Neutral 088" 157° 17.29 - - - 363 - - - - 20.80 - -
Levetiracetam Neutral 09" 30.0° 3872 - - - 5.7 - - B 5 , 5
Linezolid Neutral 078" 395° 1385 - - - 36.1 - - B - - ,
Metronidazole Neutral 098’ 96’ 804 - - - 64.7 - - B - , 5
Ribavirin Neutral I 1099" 10644 - - - 155 - - B - - ,
[Topiramate Neutral o087 150" 1119 - - - 462 - - B - - -
[Voriconazole Neutral 047" 157 212 - - - 9.5 - - B - - ,
[Atenolol Base 967 | oor 1453" 11433 18 33 131 0.256 173 16 053 020 116 - 04
Betaxolol Base 967 | o045 196" 2631 - - - 20 - - - - - - 4850 -
Desipramine. Base 1002 | 013" 266" 9.37 - - 3 - 244 - 2160
Imipramine Base 917 | o1z 68" 541 - - - 334 - - - - 1410
Lamotrigine Base 587 | o045’ 25' 283 88 110 - - - - - - B .
Metoprolol Base 97 087 1096" 69.96 150 140 246 7 3L77 332 237 27.00 - 18.00 -
Midazolam Base 657 | 005 055° 079 - - - - - - - - - B 699
Nadolol Base 976 08’ 126° 9456 14 039 083 - - 06 388 - - - 033
Ondansetron Base 730 | 021 207 7.05 110 110 - - - - - - B - B -
Oxprenolol Base 967 | oas 935" 671 130 160 - 30 - - - - - - 65,50 -
[Trimethoprim Base 716 | 049" 782" 2193 52 87 179 - - - - - B - B 5
[Verapanil Base 968 | o016 256" 958 - - 7.48 209 4457 457 - - - - -
Acid Acid 341 051° 91" 1803 74 22 - - - - 9.09 24 307 - -
Cefuroxime Acid 315 067" 1274 7330 0.16 038 - - B - B - - , 5
cr Acid 7.49 034 168" 1170 - - - - - - - - 2060 - -
c Acid 433 0.05° 06" 036 - - - 88.1 - - B - - , 5
Ibuprofen Acid 485 001* 0574° 023 - - - - - - - - 52.50 - -
Probenecid Acid 353 0.09° 05° 0.70 - - - 845 - - B - - , 5
Acid 809 016" 32" 115 a1 % - 808 - - - - - 5
Acid 616 035 45 754 - - - a7 - - B B , 5
[Theophylline Acid 7.82 052" 55 9.18 - - 231 65.1 - 226 - - - 2
|Amoxicitlin Zwitterion 323 743 | o0s¥ 167° 97.75 0.24 0.021 - - 0.01 - - - 033 -
[Ampicillin Zwitterion 324 7.44 08’ 1636" 95.03 - - - - - - - - 0.081
Difloxacin Zwitterion 581 739 | o062 45 332 - 7456 - - B B , ,
Enalaprilat Zwitterion 313 783 | o6 12" 6117 - - - 185 - - - - 5
Gabapentin Zwitterion 463 991 | oor 95.1° 11330 036 001 - 067 - - B B , 5
Labetalol Zwitterion 81 98 0.49" 4.0 43.06 2 76 734 - - - 931 - - -
Lisinopril Zwitterion 317 102 | 099’ 84 11455 0.18 022 023 - 127 - - - - -
Melagatran Zwitterion 212 1162 | o098 137 11034 - - - 0.145 - - - - - 5
Methyldopa Zwitterion 173 985 | 084 7 99,62 - - - 0.15 - B - , 5
o Zwitterion 0.24 775 | orr 908" 86,67 - - 085 - - - - - 5
Pefloxacin Zwitterion 566 647 | 015 129" 634 - - 637 - - B B , 5
[Terbutaline Zwitterion 8.86 976 | 074’ 154° 87.86 1 041 - 171 08 047 038 104 012
[Tetracycline Zwitterion 22 824 | o076' 86.4° 8383 - - 11 B - B B , , ,
[Trovafioxacin Zwitterion 541 944 | oar 126" 679 - 3023

aCLr value is obtained from Scotcher 2016;

bCLr value is obtained from Ito 2013; °CLr value is
obtained from Gottlieb 1971; 9CLr value is obtained from Bjelland 2012; *CLr value is obtained
from Varma 2009; 9Data is obtained from Zhang 2012; "Data value is obtained from Mclnnes

2013.
Permeability value is obtained from MDCK cell line; otherwise Caco2 cell line
The permeability unit is 10° cm/s
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Table 2.4. In vitro data used for prediction of in vivo renal clearance of PAH.

Prediction of in vivo PAH basolateral and apical secretion clearances based on in vitro transporter
data (Hotchkiss et al. 2015, Uchino et al 2000, and Smeets 2004) assuming the transporter
expression level per mg of in vitro system is equal to the transporter expression level per mg of

human kidney and 300 grams of kidney per person.

Jmax (pmol/min/mg Km CL (ul/min/mg CL Sum
protein) (uM) protein) (L/hr) | (L/hr)
OAT1 1095 22.3 49.1 884 884
NPT1 1880 2660 0.71 12.7 22.3
MRP2 160 5000 0.032 0.58
MRP4 80 160 0.5 9
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Table 2.5. In vitro data used for prediction of in vivo renal clearance of cimetidine.

Prediction of in vivo cimetidine basolateral and apical secretion clearances based on in vitro

transporter data (Burt et al. 2016) using scaling factor of 60 million proximal tubule cells per gram

of kidney (Neuhoff et al 2013) and 300 grams of kidney per person. PTC, proximal tubule cells,

Sum refers to the OCT2+OATS3 contribution and the combination of the two MATEs.

Jmax (pmol/min/ | Kp CL (ul/min/ CL (ul/min/mg CL Sum
million PTC) (uM) million PTC) Kidney) (L/hr) | (L/hr)
OCT2 2170 72.6 29.9 1793 32.28
OAT3 1232 161.5 7.6 458 8.24 40.5
MATE1L 135.5 1.7 17.6 1056 19.01
MATE2-K 216 18.2 11.9 712 12.82 31.8
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Table 2.6.Error! Reference source not found. Tubular pH parameters used to predict renal
clearance of memantine.

Setup of the pH gradient for the different subsegments of the model to simulate effects of altered
urine pH on renal clearance of memantine. The pH assumed for each subsegment is reported for

the four different urine pH values.

Segment Ur_1contro||ed Urine pH 5.1 Urine pH 7.9 Urine pH 8.1
urine pH
Proximal tubule; 7.2 7.2 7.4 7.4
Proximal tubule; 7.1 7 7.4 7.4
Proximal tubules 7 6.8 7.4 7.4
Loop of henlep 7 6.8 7.4 7.4
Loop of henlea 7 6.8 7.4 7.4
Distal tubule 6.9 6.4 7.5 7.5
Collecting duct; 6.8 6 7.6 7.6
Collecting duct; 6.7 5.8 7.7 7.7
Collecting ducts 6.6 5.6 7.8 7.8
Collecting ducts 6.5 54 7.9 7.9
Collecting ducts 6.5 51 7.9 8.1
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Table 2.7. Tubular pH parameters used to predict renal clearance of salicylic acid.
Setup of the pH gradient for the different subsegments of the model to simulate effects of altered
urine pH on renal clearance of salicylic acid. The pH assumed for each subsegment is reported for

the four different urine pH values.

Segment Urine pH 5 Urine pH 6 Urine pH 7 Urine pH 8
Proximal tubule; 7.2 7.2 7.2 7.4
Proximal tubule; 7 7.1 7.1 7.4
Proximal tubules 6.8 6.9 7 7.4
Loop of henlep 6.8 6.9 7 7.4
Loop of henlea 6.8 6.9 7 7.4
Distal tubule 6.4 6.8 7 7.5
Collecting duct; 6 6.7 7 7.6
Collecting duct; 5.8 6.6 7 7.7
Collecting ducts 5.6 6.4 7 7.8
Collecting ducts 54 6.2 7 7.9
Collecting ducts 5 6 7 8
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Table 2.8. Summary of model performance for the different drug categories.

The performance parameters average fold error (AFE), absolute average fold error (AAFE), and

root mean square error (RMSE) were calculated as described in Materials and Methods, and the

values were obtained by comparing the predicted individual and mean values to the observed listed

in Table 2.3.
at least one mean mean
n AFE AAFE RMSE simulated CL;  simulated CL; simulated CL;
within 2 fold within 2-fold  within 3-fold
Neutral 11 0.93 1.37 8.27 10 (91%) 9 (82%) 11 (100%)
Base 12 0.59 1.83 27.3 9 (75%) 8 (67%) 11 (92%)
Acid 9 0.87 1.82 18.4 8 (89%) 7 (78%) 9 (100%)
Zwitterion 14 0.74 1.46 38.3 13 (93%) 13 (93%) 14 (100%)
Net
reabsorbed 32 0.87 1.51 9.67 28 (88%) 26 (81%) 32 (100%)
Net
secreted 14 0.56 1.78 46.5 12 (86%) 11 (79%) 13 (93%)
Total 46 0.76 1.59 26.9 40 (87%) 37 (80%) 45 (98%)
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Table 2.9. Simulation of renal clearance of para-aminohippuric acid (PAH) and cimetidine in the
presence and absence of active secretion clearances.

The renal clearances were simulated as described in Methods sections using collected
permeability data in Caco-2 cells, plasma unbound fraction (fu,), active secretion clearance at
apical side of each of the 3 subsegments of proximal tubule CLapiscr, and active secretion
clearance at basolateral side of each of the 3 subsegments of proximal tubule CLpsiscr. The
tubular subsegment for secretion clearance indicated the specific subsegment in which the

secretion clearance was incorporated. Secretion clearances were set as 0 in all other subsegments

Tubular .

’ (L/hr) — (L/hr) secretion . . ratio
(10-6 cm/s) (mL/min) (mL/min)
clearance
Para-aminohippuric acid
1 0.72 0 0 550 93.9 0.17
7.43 295 Each subsegment 812 1.48
22.3 884 1% subsegment 734 1.33
22.3 884 2" subsegment 746 1.36
22.3 884 3" subsegment 770 1.40
Cimetidine

0.8 1.37 0 0 543 90.6 0.17
10.6 13.5  Each subsegment 427 0.79
31.8 40.5 1% subsegment 383 0.71
31.8 40.5 2" subsegment 387 0.71
31.8 40.5 3 subsegment 393 0.72
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Table 2.10. Simulation of urine pH-dependent renal clearance of memantine.

The observed data is shown for five different conditions (uncontrolled urine pH and flow; urine

pH of 5.1, urine flow of 0.99 mL/min; urine pH of 5.1, urine flow of 2.72 mL/min; urine pH of

8.1, urine flow of 1.15 mL/min; urine pH of 7.9, urine flow of 2.6 mL/min). The pH dependent

renal clearance of memantine was simulated under the same five conditions according to the

process described in the Methods sections using in vitro permeability values reported in MDCK

cells and Caco-2 cells, and the average permeability value from the two studies.

Observed CL (mL/min)

Simulated CL; (mL/min)

Qu=2.60mL/min

99%
Study group Median (25%-75%) [ Confidence MDCK Caco-2 | Average
Interval

Uncontrolled 149 (139-183) 64.8 - 233 155 121 136
pH=5.1 ] ]

Qu=0.99mL/min | 2% (183-220) 139 - 281 220 197 208
pH=5.1 ] ]

Qu=2.72mL/min 219 (194-233) 144 - 294 220 197 208
pH=8.1 ] ]

Qu=1.15mL/min 19.4 (17.2-24.4) 5.63-33.2 12.6 4.88 7.64
pH=7.9 305 (26.6-34.4) | 15.6-45.4 23.2 101 | 150
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Figure 2.1. Schematic diagram of the mechanistic kidney model.

Qc, blood flow in the central compartment; Qxidney, blood flow in the kidney; Qother, blood flow of
all other organs in the body; Qurine, urine formation flow; GFR, glomerular filtration rate; i, the
amount of subcompartment each segment is divided into; single solid arrow, the fluid flow;
single dash arrow, active secretion and active reabsorption; double arrow, bidirectional passive

diffusion.
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Figure 2.2. Sensitivity analysis of the developed kidney model.

The sensitivity analysis was conducted using a hypothetical neutral drug with permeability of 10
(10 cm/s) and plasma unbound fraction of 0.1 (unless stated otherwise). Panel (A) shows the
effects of unbound fraction (0.1-1) inside the renal cell and blood-to-plasma ratio (0.5-5) on
simulated renal clearance. Panel (B) shows the effects of tubular volume (0.1-10 fold) and renal
cell volume (0.1-10 fold) on simulated renal clearance. Panel (C) shows the effects of in vitro
permeability (0.1-200 (10 cm/s)) and plasma unbound fraction (0.1-1) on simulated renal
clearance. Panel (D) shows the effects of glomerular filtration rate (15-120 mL/min) and tubular

surface area (0.1-10 fold) on simulated renal clearance.
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Figure 2.3. Simulation of renal clearance of 11 neutral test compounds before and after
adjustment for microvilli expression level in the in vitro experimental system.

Red symbols represent the observed renal clearances of the 11 test compounds with 2-fold error
range. Black symbols represent the simulated renal clearances using the available different in vitro
permeability data. Panel (a) shows the comparison between simulated and observed renal clearance
and the overall AFE, AAFE, and RMSE using the intrinsic permeability calculated under the
assumption that microvilli expression is completely absent in the experimental system used to
determine permeability values. Panel (b) shows the comparison of simulated and observed renal
clearance and the overall AFE, AAFE, and RMSE for the same 11 neutral test compounds using
the intrinsic permeability calculated under the assumption that microvilli expression in the in vitro
system accounts for 1.5 fold higher measured permeability than would be expected from intrinsic

permeability in the absence of microvilli.
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Figure 2.4. Simulation of renal clearances of 11 neutrals, 12 bases, 9 acids, and 14 zwitterions as

verification of mechanistic kidney model.

Red symbols represent the observed renal clearances of the test compounds with 2-fold error

range. Black symbols represent the simulated renal clearances using different in vitro

permeability values. The comparisons between simulated versus observed renal clearances and

the AFE and RMSE values for neutral (A), base (B), acid (C), and zwitterion (D) are shown.
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Figure 2.5. Simulation of urine pH-dependent renal clearance of memantine and salicylic acid.
(Panel A) The observed data is shown (red box plots) for five different conditions (uncontrolled
urine pH and flow; urine pH of 5.1, urine flow of 0.99 mL/min; urine pH of 5.1, urine flow of
2.72 mL/min; urine pH of 8.1, urine flow of 1.15 mL/min; urine pH of 7.9, urine flow of 2.6
mL/min). The pH dependent renal clearance of memantine was simulated under the same five
conditions (open black circles) according to the process described in the Methods sections using
in vitro permeability values reported in MDCK cells and Caco-2 cells, and the average
permeability value from the two studies.

(Panel B) Salicylic acid renal clearance was simulated at pH 5, 6, 7 and 8 using each individual
permeability values from separate in vitro studies (black squares) and mean permeability values
from five studies (blue squares) to explore the effect of altered ionization status of salicylic acid
on renal clearance. The simulated values were compared to observed renal clearances (open red
circles) of salicylic acid at different measured urine pH values. The observed data is from

(Macpherson et al., 1955).
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Chapter 3. SAMPLING SITE HAS A CRITICAL IMPACT ON

PBPK MODELING

This chapter was published in Journal of Pharmacology and Experimental Therapeutics (2020)
372, 30-45
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3.1 Abstract

It has been shown that arterial (central) and venous (peripheral) plasma drug concentrations can
be very different. While pharmacokinetic studies typically measure drug concentrations from
peripheral vein such as the arm vein, physiologically-based pharmacokinetic (PBPK) models
generally output simulated concentrations from central venous compartment that physiologically
represents the right atrium, a merge of superior and inferior vena cava. In this study, a
physiologically-based peripheral forearm sampling site model was developed and verified using
nicotine, ketamine, lidocaine, and fentanyl. This verified model allows output of simulated
peripheral venous concentrations that can be meaningfully compared to the observed
pharmacokinetic data from arm vein. The generalized effect of PBPK model sampling site on
simulation output was investigated. Drugs and metabolites with large volumes of distribution
showed considerable concentration discrepancy between simulated central venous compartment
and peripheral arm vein after intravenous or oral administration, resulting in significant differences
in Cmax and tmax values. In addition, the simulated central venous metabolite profile showed an
unexpected profile that was not observed in peripheral arm vein. Using fentanyl as a model
compound, we show that using the wrong sampling site in PBPK models can lead to biased model
evaluation and subsequent erroneous model parameter optimization. Such error in model
parameters along with the discrepant sampling site could dramatically mislead the
pharmacokinetic prediction in unstudied clinical scenarios, affecting the assessment of drug safety
and efficacy. Overall, this study shows that PBPK model publications should specify the model

sampling sites and match with those employed in clinical studies.
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Significance Statement

Our study shows that sampling from the central venous compartment (right atrium) during PBPK
model development gives rise to biased model evaluation and erroneous model parameterization

when observed data are collected from peripheral arm vein. This can lead to clinically significant
error in predictions of plasma concentration-time profiles in unstudied scenarios. To address this

error, we developed and verified a novel peripheral sampling site model to simulate arm vein

drug concentrations that can be applied to different drug dosing scenarios.
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3.2 Introduction

Physiologically-based pharmacokinetic (PBPK) modeling has been widely used to facilitate design
of first-in-human dosing (Jones et al., 2013; Offman and Edginton, 2015; Miller et al., 2019),
estimate magnitude of drug-drug interactions (DDIs) (Min and Bae, 2017; Grimstein et al., 2018;
Britz et al., 2019), predict pharmacokinetic parameters (Huang and Isoherranen, 2018; Kaur et al.,
2018), and simulate drug disposition in specific populations (Khalil and Laer, 2011; Rowland Yeo
etal., 2011; Huang et al., 2017). The underlying theory (Jones et al., 2006b; Rowland et al., 2011;
Jones and Rowland-Yeo, 2013) and common applications (Jones et al., 2012; Sager et al., 2015;
Jamei, 2016) of PBPK models have been extensively reviewed in the literature. Regulatory
agencies also use PBPK modeling to facilitate decision making during drug approval process
(Huang et al., 2013; Luzon et al., 2017; Shebley et al., 2018). Surprisingly, the specific nature of
the sampling site of the primary PBPK simulation outcome, drug concentration data, is rarely
explicitly discussed. Simulation output is typically the drug concentration in the central venous
compartment that drains blood from the tissue/organ compartments (Kuepfer et al., 2016). This
central venous compartment is built in the PBPK models as a mixed compartment that merges all
the tissue/organ-specific veins. Physiologically this central venous compartment resembles the
right atrium where superior and inferior vena cava merge together. However, in clinical practice
and in pharmacokinetic studies, plasma samples (i.e. the observed data) are usually taken from a
peripheral sampling site such as the median cubital vein (i.e. arm vein). This generates a
concerning discrepancy between the modelled and observed data, as measured drug concentrations
from arm artery, which are essentially equivalent to the drug concentrations in the right atrium
(assuming lung distribution is not significant and distribution equilibrium in the lung is reached

instantaneously) have been shown to differ from concentrations in peripheral vein for multiple

84



drugs (Chiou, 1989; Gourlay and Benowitz, 1997; Ericsson et al., 2000; Rentsch et al., 2001;
Persson et al., 2002; Darwish, Kirby, et al., 2006; Olofsen et al., 2010). This arteriovenous drug
concentration difference has been shown to affect pharmacokinetic-pharmacodynamic (PK-PD)
modeling when pharmacodynamic effect is empirically fitted to plasma drug concentrations.
(Gumbleton et al., 1994; Jacobs and Nath, 1995; Tuk et al., 1997). Due to the observed discrepancy
between arterial and arm vein concentrations, the derived PK-PD relationship using different
concentrations as reference may differ. This may result in misspecified PK-PD models that fail to
predict PD in other circumstances. Based on the observed arteriovenous drug concentration
differences, we hypothesized that PBPK-model simulated concentration profiles, model
parameterization, model acceptance and model extrapolation will be impacted by model sampling
site.

Two previous studies that developed a virtual peripheral blood compartment to model drug
concentrations at peripheral sampling site have shown differences in the simulated
concentrations depending on the sampling site (Levitt, 2004; Musther et al., 2015). However,
neither study established a physiologically-based forearm compartment, which prevents
capturing the unique forearm tissue distribution phenomenon at the sampling site. Instead, both
studies employed empirical fitting strategy to estimate peripheral blood concentration. The first
study (Levitt, 2004) mentioned that such fitting could not be conducted in a global manner and
the verification of the fitted peripheral site using a different set of test drugs was unsuccessful.
The second study (Musther et al., 2015) modified Levitt’s model but did not verify the model
using arterial concentrations or arteriovenous difference. In addition, neither study addressed 1)
the general impact of sampling site on different compounds with varying properties, 2) the

arteriovenous difference after oral dosing, 3) the arteriovenous difference for drug metabolite,
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and 4) the impact of model sampling site selection on PBPK model development, evaluation, and
application. Hence, further studies are needed to understand the importance of sampling site
selection in PBPK modeling. In this study, a physiologically-based forearm compartment was
developed and verified as the peripheral sampling site in the PBPK model. The verified model
was then used to explore the differences in the simulated concentrations between different PBPK
model sampling sites after intravenous and oral dosing for drugs and metabolites with a wide
spectrum of pharmacokinetic properties. Finally, the model was applied to simulate central
arterial and peripheral arm vein concentrations after fentanyl buccal administration to
demonstrate the impact of discrepant sampling site on model evaluation, parameter optimization,

and prediction in unstudied scenarios during model application and extrapolation.
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3.3 Materials and methods

3.3.1 Development of full body PBPK parent-metabolite structural model with peripheral
forearm sampling site

A 32-compartment parent-metabolite full-body PBPK model (Figure 3.1) was developed using
MATLAB and Simulink platform (R2018a; MathWorks, Natick, MA). A central venous (i.e.
physiologically analogous to right atrium) compartment was included to merge all organ/tissue-
specific emergent veins before encountering the lung compartment. A central arterial compartment
was built to receive blood from the lungs and distribute blood flows to all tissue compartments.
Similar to conventional full PBPK models (Rowland et al., 2011; Jones and Rowland-Yeo, 2013),
12 physiologically important tissues and organs (adipose, bone, brain, gut, heart, kidney, liver,
lung, muscle, skin, spleen, and pancreas) were included in the model (Table 3.1). Except liver, all
other tissue/organ compartments including forearm were modeled as perfusion-limited
compartments where drug distribution was assumed to reach equilibrium instantaneously between
tissue mass and tissue blood, with a total drug concentration gradient defined by tissue-to-plasma
partition coefficient (K,). For the liver, a permeability-limited model including two compartments,
the hepatocytes and the sinusoidal blood, was built. In this study, the exchange of drug between
the two compartments was determined by passive diffusion which was set to be sufficiently high
to reflect perfusion-limited hepatic distribution. The hepatic metabolism of drug and metabolite,
and the formation of metabolite in the liver were modeled to occur within the hepatocyte
compartment (Figure 3.1).

A forearm compartment was incorporated in parallel with other distribution organs based on
known physiology to capture drug distribution to the peripheral sampling site (Figure 3.1). Since

the median cubital vein is a superficial vein that mostly drains from adipose, muscle, and skin
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tissues of the forearm, the forearm compartment only included these three tissue types and
neglected bone that is believed to be drained only by the deep vein. The model parameters of
volumes (Cooper et al., 1955) and blood flows (Elia and Kurpad, 1993) of the forearm adipose,
muscle, and skin are physiological values in humans and are summarized in Table 3.1. Each of the
forearm tissues was assumed to share the same K, value as the respective tissues in the rest of the
body. Structurally, the forearm compartment was modeled as a perfusion-limited tissue with
anastomoses taken into account as a blood flow shunt directly from arm artery into arm vein. A
previously applied fit-for-purpose anastomoses fraction of 10% (Musther et al., 2015) was used in
the arm model in the current study. Sensitivity analyses were conducted (Figure 3.2 and 3.3) to
examine the potential impact of parameter uncertainty on central venous compartment (right
atrium) and peripheral arm vein drug concentrations. Specifically, the influence of K, values of
muscle, adipose, and skin tissues and anastomoses fraction were tested. For the sensitivity analysis,
the baseline condition was set with K, values for all tissues equal to 3 (Vss = 200 L) and
anastomoses fraction equal to 10%. Overall, 2 sets of scenarios were tested after iv administration.
For the first set of scenarios, Ky values of muscle, adipose or skin were either increased from 3 to
5 or decreased from 3 to 1. In all scenarios, Ky values for other untested tissues were adjusted
uniformly such that the Vs remained at 200 L to avoid the impact of total volume changes on drug
disposition and the simulated plasma concentration curves. In addition, the impact of the
anastomoses fraction was examined by increasing anastomoses fraction from 10% to 30% and
decreasing anastomoses fraction from 10% to 0%. For the second set of scenarios, Ky values of
muscle, adipose or skin were either increased from 3 to 10 or decreased from 3 to 1 without
controlling for the Vs, so that only one parameter was changed at a time and a wider range of Kp

values could be tested. For sampling in the simulations, plasma drug concentrations were sampled
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from the central venous compartment (right atrium), central artery compartment, and peripheral

forearm vein (Figure 3.1). The model file and code script are provided in Supplementary Material.

3.3.2 \Verification of the peripheral forearm sampling site model

To verify our developed physiologically-based forearm model as the peripheral sampling site, six
observed pharmacokinetic studies conducted with nicotine, ketamine, lidocaine, and fentanyl after
intravenous administration were used (Tucker and Boas, 1971; Gourlay and Benowitz, 1997,
Persson et al., 2002; Isohanni et al., 2005; Macleod et al., 2012; Ziesenitz et al., 2015). Plasma
concentration-time curves from these studies were digitized using WebPlotDigitizer (version 4.2,
https://automeris.io/WebPlotDigitizer). To simulate the plasma concentration-time profile for
nicotine, ketamine, lidocaine, and fentanyl, drug-specific models for individual compounds were
built and detailed drug parameters are shown in Table 3.2. The physicochemical properties, plasma
unbound fraction, and blood-to-plasma ratios were collected from literature for each compound
(Rodgers and Rowland, 2007). Tissue-specific Kp values that have been experimentally
determined in the rat were used for each drug (Edwards and Mather, 2001; Rodgers et al., 2005).
For the tissues/organs that did not have experimentally determined K, data for a given drug, a
value of 1 was used. The systemic plasma clearances that were reported in each of the
corresponding human studies used for verification were used in the model (Persson et al., 2002;
Pitsiu et al., 2002; Isohanni et al., 2005; Macleod et al., 2012; Ziesenitz et al., 2015). One study
(Tucker and Boas, 1971) did not report the observed clearance value, and therefore a secondary
source (Goodman et al., 2006) was used for lidocaine clearance. The hepatic intrinsic clearance
was calculated assuming well-stirred model and the systemic clearances were all attributed to

hepatic clearance. All simulations used the same dosage, route of administration, and infusion
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length as described in the original clinical studies (Tucker and Boas, 1971; Gourlay and Benowitz,
1997; Persson et al., 2002; Isohanni et al., 2005; Macleod et al., 2012; Ziesenitz et al., 2015). A
representative virtual subject was used in all simulations with typical physiological values without
variability. The simulated plasma drug concentrations were sampled from the central venous
compartment (right atrium), which is essentially equal to arterial compartment, and from the
developed peripheral arm vein compartment to compare to the observed arterial and arm vein
concentrations, respectively.

For quantitative evaluation and model verification, absolute average fold error (AAFE, equation
1) between observed and simulated data was calculated. The model was considered acceptable if

the AAFE was within the 1.5-fold criteria.

Simulated

1
AAFE = 1OZZ|10‘910 Observed (1)

3.3.3 Sampling site effect on PBPK model-simulated plasma drug concentrations after
intravenous administration

The verified model was used to investigate whether the effect of PBPK model sampling site on
simulated plasma drug concentration-time profiles and PK parameters could be generalized for a
wide range of compounds that have not been experimentally studied for arteriovenous drug
concentration difference. A matrix of 9 hypothetical drugs with a range of clearance and
distribution characteristics was produced for generalization purposes. The simulated hypothetical
drugs had clearances that ranged from low (metabolic intrinsic clearance, CLin=10 L/hr, extraction
ratio, ER=0.1) to medium (CLin=100 L/hr, ER=0.53) and high (CLin=1000 L/hr, ER=0.92)
clearance and distribution characteristics that varied from volume of distribution at steady state

(Vss) of 66 L (Kp =1 for all organs) to Vss of 189 L (K, =3 for all organs) and Vss of 619 L (Kp =10
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for all organs). The blood-to-plasma ratio and plasma unbound fraction were 1 for all simulations
and renal and biliary clearances were set as 0. All simulations were run for 240 hrs after dosing.
The AUCs were calculated from t=0-240 hrs using trapezoidal method in MATLAB, and the Ciast
value was the drug concentration at t=240 hrs. To simulate intravenous dosing, 1,000 mg drug was
infused at a constant rate into the central venous compartment (right atrium). First, iv infusion
times of 1 min, 5 min, 10 min, 20 min, and 30 min were tested (Figure 3.4). Based on these
simulations, a 1 min infusion time was selected and used for all subsequent simulations of iv bolus

dosing.

3.3.4 Verification of the fentanyl model after buccal administration

To explore the arteriovenous differences for route of administration other than iv, the fentanyl
drug model verified for iv administration was used and expanded to capture arteriovenous
differences after buccal administration. A PK study that reported both arterial and peripheral arm
vein fentanyl concentrations after buccal administration was used as the training dataset for
model development (Darwish, Kirby, et al., 2006). Plasma concentration-time curves were
digitized using WebPlotDigitizer (version 4.2, https://automeris.io/WebPlotDigitizer). To
simulate the fentanyl buccal administration, 50% of the dose was absorbed through buccal and
the other 50% was absorbed through gut based on the drug label (FDA, 2011). The absorption
was assumed to be complete from both buccal and the Gl routes (i.e. Fa=1). Intestinal
metabolism was assumed to be zero (i.e. Fg=1). The buccal absorption rate constant (Ka,buccal) and
gut absorption rate constant (Ka,qut) Were optimized to be 1 hr't and 3 hr?, respectively, based on
the training dataset (Darwish, Kirby, et al., 2006). To verify the optimized absorption rate

parameters, three independent datasets (Darwish, Tempero, et al., 2006; Darwish et al., 2010)
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that reported only peripheral arm vein concentrations were used as the test dataset. During the
verification, the simulated plasma drug concentrations sampled from the developed forearm vein
compartment were compared to the observed peripheral arm vein concentrations. For
quantitative evaluation and model verification, AAFE and Cmax ratio were calculated. The model
was considered acceptable if the AAFE was within the conventional 2-fold criteria and the Cmax

ratio was within the 0.8-to-1.25-fold range.

3.3.5 Sampling site effect on PBPK model-simulated plasma drug concentrations after
oral administration

After the verification of fentanyl buccal administration, the model was used to investigate the
effect of PBPK model sampling site on simulated plasma drug concentration-time profiles for a
set of hypothetical drugs with a wide range of PK characteristics after oral administration. A matrix
of 15 hypothetical drugs with a range of clearance and distribution parameters was generated. The
simulated hypothetical drugs had clearances that ranged from low (CLin=10 L/hr, ER=0.1) to
medium (CLin=100 L/hr, ER=0.53) and high (CLin=1000 L/hr, ER=0.92) clearance, and
distribution characteristics that varied from Vss = 66 L (Kp =1 for all organs), Vs = 189 L (Kp =3
for all organs), Vss = 619 L (K, =10 for all organs ), Vss = 209 L (Kp =1 for adipose, muscle, and
skin and Kp =10 for all other organs), and Vss = 477 L (K, =10 for adipose, muscle, and skin and
Kp =1 for all other organs). The blood-to-plasma ratio and plasma unbound fraction were 1 for all
simulations and renal and biliary clearances were set as 0. All simulations were run for 240 hours
after dosing, the AUCs from t=0-240 hrs were calculated using trapezoidal method in MATLAB
and the Ciast value was the drug concentration at t=240 hrs. To simulate po dosing, 1,000 mg drug

was introduced into the gut lumen followed by immediate complete dissolution and homogeneous
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distribution inside the lumen. The drug absorption from gut lumen into intestinal blood was
described by a single first order rate constant ka. Drug appearance in the portal vein was driven by
both ka and the blood flow of the gut. Fraction absorbed (Fa) was assumed to be one and no
intestinal metabolism occurred. First, ka values of 0.2, 0.5, 1, 2, and 5 hr* were simulated (Figure
3.5), and based on these simulations, ka value of 1 hr! was selected for the matrix of oral dosing

simulations unless otherwise stated.

3.3.6 Sampling site effect on PBPK model evaluation, parameter optimization, and model
extrapolation

To explore the potential impact of the use of a discrepant sampling site between PBPK model
simulations and observed studies on model evaluation during top-down model development,
fentanyl disposition after buccal administration was used as a representative scenario. Three
observed datasets of fentanyl buccal administration (Darwish, Tempero, et al., 2006; Darwish et
al., 2010) that reported only peripheral arm vein sampling were used and the simulated central
venous compartment (right atrium) fentanyl concentrations were compared to the observed arm
vein data. The model evaluations were considered acceptable if the Cmax ratio met the 0.8-to-1.25-
fold criterion and if the AAFE was within the conventional 2-fold criterion. The ka values in the
fentanyl model were then optimized using central venous compartment (right atrium) as the
sampling site (Darwish et al., 2010) so that the simulated central venous compartment
concentrations met the model verification criteria when compared to the observed arm vein data.
The collective impact of the choice of sampling site on PBPK model development and the rigor in
predicting unstudied situations was evaluated in a hypothetical scenario where a new buccal

formulation of fentanyl was created with an estimated 400% increase in the buccal absorption rate.
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Both arm vein model with verified ka values and the central venous compartment sampling model
with ka values optimized using discrepant sampling site were used to simulate fentanyl PK in this
unstudied clinical scenario. The predicted Cmax change for the new formulation was calculated

based on the arm vein model and the central venous compartment sampling model.

3.3.7 Sampling site effect on PBPK model simulated plasma metabolite concentrations

The impact of sampling site on simulated metabolite kinetics was studied via simulations of plasma
concentration-time curves of metabolites with a matrix of different drug and metabolite
characteristics. Three scenarios of hypothetical drug (CLint) and metabolite (CLintm) intrinsic
clearance combinations were simulated: 1) CLine=10 L/hr, CLintm=20 L/hr, 2) CLin=1000 L/hr,
CLint,m=20 L/hr, 3) CLint=10 L/hr, CLintm=2000 L/hr. For each combination of drug and metabolite
intrinsic clearances, different distribution kinetics of the metabolite were simulated: 1) metabolite
Kp (Kpm)=1, 2) Kpm=3, and 3) K,m=10 for all organs, with the drug K values of all organs =3.
For the simulations, the drug was administered either as a 1,000 mg iv bolus over 1 min into the
central venous compartment or as a 1,000 mg oral dose into the gut lumen as described above. The

ka and Fa were as described above and no metabolite was formed in the gut tissue.
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3.4 Results

3.4.1 Development and verification of the full body PBPK structural model with
peripheral forearm sampling site

A full physiologically-based pharmacokinetic (PBPK) model with a novel peripheral forearm
sampling site was developed using conventional PBPK model structure and incorporating both
peripheral and central sampling sites (Figure 3.1). A forearm compartment consisting of forearm
muscle, forearm skin, and forearm adipose with human physiology-based volumes and blood flows
for each tissue was included in the model to allow arm vein sampling (Table 3.1). To evaluate the
impact of parameter uncertainty on central venous compartment (right atrium) and peripheral arm
vein concentrations, sensitivity analyses were conducted. The results (Figure 3.2 and 3.3) show
that the Kp of muscle is the most sensitive parameter, which would be expected as the forearm
predominantly consists of muscle tissue and the blood perfusion rate for muscle is the lowest
among all forearm tissues (Table 3.1). In addition, an optimized anastomoses fraction of 10%
(Musther et al., 2015) was used in the present model, and the sensitivity analyses show that this
parameter is not critically sensitive (Figure 3.2). The sensitivity analyses also show that while the
arm vein concentration profile is sensitive to the K, values or arm tissues and anastomoses fraction,
the arterial and central venous compartment (right atrium) concentrations are relatively insensitive
to these parameters.

To verify the developed model, nicotine, ketamine, lidocaine, and fentanyl pharmacokinetic (PK)

data collected from arm artery and vein after iv administration were used (Figure 3.6). These drugs
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were chosen after an extensive literature search, based on data availability of arterial and arm vein
concentrations and experimentally measured Kp values in animal. PK data from six clinical studies
where arterial or arm vein drug concentrations were reported after intravenous administration were
collected (Tucker and Boas, 1971; Gourlay and Benowitz, 1997; Persson et al., 2002; Isohanni et
al., 2005; Macleod et al., 2012; Ziesenitz et al., 2015). Notably, nicotine and ketamine studies
reported simultaneous arterial and arm vein drug concentration-time profiles during and after iv
infusion. The average fold difference between the observed arterial and arm vein data across all
analyzed time points was 1.7 for nicotine (Figure 3.6a) and 1.6 for ketamine (Figure 3.6b),
illustrating the considerable differences between arterial and arm vein drug concentrations during
and after iv infusion.

To simulate the observed PK data and to verify the developed model, drug-specific models for
nicotine, ketamine, lidocaine, and fentanyl were developed (Table 3.2), both central venous
compartment (right atrium) and peripheral arm vein concentrations were simulated, and the
simulations were compared to the observed arterial and arm vein data, respectively. Overall, both
arterial and arm vein concentrations were successfully recapitulated for all four drugs in all seven
studies with AAFE values within 1.5-fold (Figure 3.6), verifying the developed forearm structural
model. The simulated drug concentration-time profiles sampled from the central venous
compartment (right atrium) superimposed with the simulated drug concentration-time profiles
sampled from artery compartment (Figure 3.6a, b, ¢, and e), confirming that the central venous
compartment (right atrium) sampling accurately represents the arterial data when lung distribution
is not significant and distribution equilibrium is reached instantaneously. For nicotine and
ketamine, two drugs for which observed simultaneous arterial and arm vein concentrations after

iv administration are available, the simulated drug concentration-time profiles successfully
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captured the observed arteriovenous difference (Figure 3.6). For these studies, the arm vein
concentrations were consistently lower than the arterial concentrations before pseudo-equilibrium
was reached. This difference is likely due to forearm tissue distribution (dilution) effect, resulting
in a lower Cmax in the arm vein compared to the arterial concentration. For lidocaine and fentanyl,
for which observed simultaneous arterial and arm vein concentrations were not available, separate
studies that reported either arterial or arm vein concentration data were used for model verification.
The independent recapitulation of either arterial or arm vein observed concentration data was
successful based on the AAFE values that were within 1.5-fold (1.16 to 1.35). Importantly, none
of these simulations of iv dosing applied any scalar or implemented any optimization besides top
down incorporation of CL and prediction of Vss based on observed rat K, values. This further
supports the confidence in the forearm structural model verification. As such, this work establishes
the first physiologically-based peripheral sampling site model that has been verified using
simultaneous arterial and arm vein concentration data. The verification results suggest that our
model accurately captures the arterial concentration-time profile, arm vein concentration-time
profile, and the arteriovenous difference and that the forearm structural model is sufficiently robust

to be applied to simulate drug disposition for other unstudied compounds and scenarios.

3.4.2 Sampling site effect on PBPK model-simulated plasma drug concentrations after
intravenous administration

To investigate whether certain drug specific PK characteristics contribute to the magnitude of
arteriovenous concentration difference after iv administration, the central venous compartment
(right atrium), central artery and peripheral forearm vein concentrations were simulated after iv

administration for a matrix of hypothetical drugs (Figure 3.7). The pharmacokinetic analyses of
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the simulation data from each site are shown in Table 3.3. The simulations unequivocally show
that selection of PBPK model sampling site affects the simulated distribution Kkinetics and the
plasma concentration-time profile of the drug, and the differences between sampling sites can be
considerable. However, the areas under plasma concentration-time curves (AUCs) and clearances
(CLs) were equal among all sampling sites (Table 3.3). As expected, the simulated central venous
compartment (right atrium) concentrations and central artery concentrations were superimposable
(lung distribution is not significant and distribution equilibrium in lung is reached instantaneously).
In contrast, similar to the observed studies (Figure 3.6a and b), the arm vein concentrations during
the initial distribution phase and arm vein Cmax were much lower than central venous compartment
(right atrium) concentrations after iv dosing (Figure 3.7). In addition, slower iv infusion rate or
longer duration of infusion did not eliminate the discrepancy in the concentrations between
sampling sites (Figure 3.4). The simulations with a matrix of hypothetical drugs showed that the
impact of sampling site on the PK characteristics was more pronounced for drugs with high
volumes of distribution (Figure 3.7). Drugs with large volume of distribution showed an
appreciable concentration difference during the distribution phase where arm vein drug
concentrations were consistently lower than central venous compartment (right atrium) drug
concentrations. Lastly, after distribution pseudo-equilibrium was reached (i.e. terminal elimination
phase), the simulated peripheral arm vein concentrations were consistently higher than those
collected from the central venous compartment, with drugs with higher clearances showing greater
differences between the sampling sites. Taken together, these data show that special attention to
the choice of experimental and simulation sampling site should be paid for drugs with large

volumes of distribution or high clearances.
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3.4.3 Sampling site effect on PBPK model-simulated plasma drug concentrations after
oral administration

Reported clinical studies investigating arteriovenous differences are almost exclusively conducted
after iv administration. However, we hypothesized that significant sampling site effect would also
be observed after oral administration. Indeed, significant arteriovenous drug concentration
differences were shown for fentanyl after buccal administration (Darwish, Kirby, et al., 2006). To
explore this difference, the fentanyl model verified after iv dosing (Figure 3.6) was further
developed and verified for buccal administration (Figure 3.8). To simulate buccal administration,
buccal absorption rate constant (Kapuccar) and gut absorption rate constant (ka,gut) Were incorporated
into the model and optimized to be 1 hr! and 3 hr, respectively, based on observed fentanyl
arteriovenous difference (Figure 3.8a). To verify the optimized buccal absorption rate constant
(Ka,buccar) @and gut absorption rate constant (Kagut), three independent studies were used as test
datasets (Figure 3.8b-d). As shown in Figure 3.8, the optimized absorption rate parameters
successfully recapitulated all independent test datasets sampled from arm vein with all AAFE
values < 2 and all simulated Cmax values within the 0.8-to-1.25-fold range of observed Cmax values
(Figure 3.8b-d). Hence, the optimized absorption rate constants were considered successfully
verified. Such verification substantiates the validity of our forearm structural model and the
applicability of our model to simulate arteriovenous differences after oral administration. The data
with fentanyl after buccal administration (Darwish, Kirby, et al., 2006) also strongly suggest that
importance of arteriovenous differences is not limited to iv administration.

To investigate the overall effect of sampling site on arteriovenous concentration difference after
oral administration, the verified model was used to simulate arterial and arm vein drug

concentrations after oral dosing for a matrix of drugs with a variety of PK parameters (Figure 3.9).
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Similar to the iv dosing, the simulations of oral administration show that selection of the PBPK
model sampling site affects the simulated drug distribution Kkinetics and the plasma drug
concentration-time profile, but not AUCs (Table 3.4). Specifically, the arm vein concentrations
during the initial distribution phase were lower than the central venous compartment (right atrium)
concentrations, and slower oral absorption rates did not eliminate this discrepancy (Supplementary
Figure 3.8). This impact of sampling site during the initial distribution phase was more pronounced
for drugs with large volumes of distribution. Especially, the K, values of skin, adipose, and muscle,
which directly affect the forearm distribution kinetics had a sizable effect on the concentration
difference between arm vein and central venous compartment (right atrium) (Figure 3.9j-0). As a
result, the values of Cmax and tmax Were substantially affected. The simulated Cmax Value obtained
by sampling from central venous compartment was higher than the Cmax obtained from peripheral
arm vein, with a Cmax ratio between the two sites ranging from 1.07 to 4.25 (Figure 3.9). The
simulated tmax Value for the drug based on central venous sampling was consistently shorter (0.12-
0.72-fold) than the tmax from peripheral arm vein sampling (Figure 3.9). Similar to the iv dosing,
during the terminal elimination phase, the simulated arm vein concentrations of the drug were
higher than those collected from the central venous compartment, and drugs with higher clearances
showed greater differences (Table 3.4). Taken together, these simulations show that the choice of
sampling site has quantitatively important effect also after oral administration on clinically

significant measures of drug exposure and accumulation such as Cmax and Cirough.

3.4.4 Sampling site effect on PBPK model evaluation, parameter optimization, and model

extrapolation

100



During PBPK model development, simulated central venous compartment (right atrium)
concentrations are usually compared to observed PK data that are almost exclusively obtained
from peripheral arm vein, and the PK parameters are optimized to achieve concordance between
simulated and observed data. Due to the true differences between central venous compartment
(right atrium) and peripheral arm vein concentrations, we hypothesized that the use of simulated
central venous compartment concentration-time profile and observed arm vein concentrations may
result in biased model evaluation despite the use of verified “true” parameters. This hypothesis
was tested using the verified fentanyl buccal and iv administration model (Figure 3.10). While the
verified absorption rate parameters correctly simulated peripheral and arterial fentanyl
concentrations (Figure 3.8), the use of central venous compartment (right atrium) sampling site as
the PBPK model output with observed arm vein data rendered all simulations unacceptable with
AAFE values > 2 and Cmax ratios outside the 0.8-to-1.25-fold range (Figure 3.10). As a result,
when discrepant sampling site is used, the true drug parameters are likely not selected for the
PBPK model under development (Figure 3.11a). Instead, false model parameters will be obtained
through erroneous model optimization until the simulated central venous profile conforms to the
observed arm vein data (Figure 3.11b). The difference between the “true” and “false” parameter
estimates can be considerable as illustrated by the fentanyl example. While the verified “true”
parameters for Kapuccal and Kagut were 1 hr't and 3 hr, respectively (Figure 3.8), the erroneously
optimized Kapuccal and Kagut for central venous sampling were 0.35 hrt and 0.7 hr! respectively
(Figure 3.11b). This illustrates that parameter optimization using simulated central venous profile
and observed arm vein sampling may result in confounded drug models that do not accurately

reflect the true pharmacokinetic properties.
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To test whether the erroneous parameter optimization has an impact in model application and
whether the use of discrepant sampling sites between simulation and observation can result in
biased prediction in unstudied clinical scenarios, a hypothetical case with increased Ka,puccal (Nnew
formulation) for fentanyl was simulated using the model optimized based on arm vein (“true”)
(Figure 3.11c¢) and central venous sampling (“false”) (Figure 3.11d). The Cmax in the arm vein due
to new formulation was predicted to increase by 40% (Figure 3.11c) using the verified arm model
and verified absorption parameters, while the Cmax using central venous sampling and erroneous
parameters was predicted to increase by 119% (Figure 3.11d). This shows an approximately 3-fold
difference in the predicted magnitude of formulation effect on Cmax Which would be considered
clinically significant. The simulations show that PBPK models developed and optimized using
central venous sampling can erroneously predict the impact of new formulation on
pharmacokinetics and drug disposition, and lead to wrong conclusions that have clinical

significance.

3.4.5 Sampling site effect on simulated plasma metabolite concentration using PBPK
model

An aspect that has not been clinically tested in humans is whether sampling site has an impact on
metabolite plasma concentration profile. To investigate the overall sampling site effect on plasma
metabolite concentration, the central venous compartment (right atrium) and peripheral forearm
vein were sampled for simulated metabolite concentrations after iv (Figure 3.12) and oral (Figure
3.13) administration of the parent drug. The simulation data show that selection of the sampling
site affects the simulated distribution kinetics and the plasma concentration-time profile of the

metabolite as well, but not the metabolite AUC. Similar to the parent drug, the impact of sampling
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site on metabolite simulation was more pronounced with metabolites with high volumes of
distribution (high Kpm, Figures 3.12 and 3.13). The simulated metabolite Cmax Value obtained by
sampling from central venous compartment was in general higher than the metabolite Cmax
obtained from arm vein, with a Cmax ratio between the two sites ranging from 1.00 to 4.62 (Figures
3.12 and 3.13).

Intriguingly, the choice of the sampling site in PBPK simulations of metabolites had some
unexpected effects. A metabolite plasma concentration-time profile is expected to follow a
biphasic curve of increasing and decreasing plasma concentrations. However, metabolite
concentrations sampled from the central venous compartment (right atrium) showed a unique
profile with a spike in the metabolite concentrations during the distribution phase of the parent
drug after iv dosing (Figure 3.12a, d, and g) followed by a second peak of the plasma
concentrations corresponding to the metabolite Cmax expected from arm vein sampling. The
presence of the spike could also be observed after po dosing when the drug had a low clearance
(Figure 3.13d and g) but was less pronounced compared to iv dosing. Further, the spike observed
from central venous (right atrium) profile was hardly observed from arm vein profile, which agrees

with observed metabolite profile from common clinical studies.
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3.5 Discussion

It has been shown that arterial drug concentrations can be remarkably different from peripheral
venous drug concentrations in animals and humans (Chiou, 1989; Gourlay and Benowitz, 1997,
Ericsson et al., 2000; Rentsch et al., 2001; Persson et al., 2002; Darwish, Kirby, et al., 2006;
Olofsen et al., 2010). The physiologically-based simulations presented here reproduced the
observed phenomenon of arteriovenous drug concentration differences. To our knowledge, our
peripheral sampling model is the first physiologically-based model that is verified using both
arterial and arm vein drug concentrations simultaneously. Our analysis is also the first to
systematically evaluate drug PK characteristics that drive arteriovenous drug concentration
differences after both iv and oral administration. Consistent with previous theory (Chiou, 1989),
the simulations show that arteriovenous differences during the initial distribution phase are most
pronounced for compounds with large volumes of distribution since the arteriovenous difference
during initial phase is due to drug distribution into the forearm tissue. During the terminal
elimination phase, the arteriovenous differences are only significant for compounds with high
clearances, as the arteriovenous difference during terminal phase is a result of the blood emerging
from the eliminating organ diluting the drug concentration measured in the central venous
compartment (right atrium). The simulations also show that arteriovenous differences in drug
concentrations can be significant following oral administration. This is important as minimal
clinical studies have been done to explore arteriovenous differences after oral administration in
humans. Yet, PBPK modeling is frequently used to simulate oral dosing scenarios and to
specifically explore the Cmax. Based on our simulations and the existing data (Gourlay and
Benowitz, 1997; Moksnes et al., 2008), it is highly likely that arteriovenous differences are also

important following other routes of administration such as intranasal or inhalation and should be
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considered in PBPK modeling of these routes of administration. In addition, our PBPK modeling
approach could also be extended to preclinical species in which experimental studies with various
sampling sites and routes of administration are feasible.

Based on the observed arteriovenous differences, we hypothesized that this difference would be
crucial for PBPK modeling when the model does not output simulations from the same site as the
observed study. As one of the key advantages of PBPK models is that they allow simulation of
complete plasma concentration-time curves and especially Cmax for drugs with narrow therapeutic
indexes that have concerns of concentration-dependent adverse effects, it is important to address
whether correct simulated concentrations are sampled from PBPK models to reflect the
concentrations driving pharmacological or toxicological effects. Our findings highlight the need
for either sampling from arm artery in experimental PK studies and comparing to PBPK model-
simulated arterial concentrations, or sampling from the arm vein in studies and comparing to
simulated peripheral sampling compartment concentrations. For the latter, our results suggest that
a peripheral sampling compartment that specifically addresses distribution at a peripheral sampling
site needs to be developed and incorporated into PBPK models to allow meaningful comparisons
between simulated and observed drug concentrations.

In this study, we developed an in silico peripheral sampling compartment using human forearm
physiology to replicate peripheral sampling site. In contrast, previous models (Levitt, 2004;
Musther et al., 2015) used optimized hybrid of emergent veins from total body skin, adipose and
muscle tissue without constructing a physiologically-based peripheral sampling compartment.
Comparing to the previous hybrid models, the physiologically-based model developed here
performed better, showing successful simulations of all verification datasets (AAFE 1.16-1.35)

without extensive drug parameter optimization. The first study (Levitt, 2004) used optimized
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hybrid approach and could not generate a standardized arm model. Different arm model parameters
were needed to recapitulate disposition for different chemicals. The second study (Musther et al.,
2015) modified the Levitt’s model and used the simulated/observed Cmax ratio as the evaluation
criteria. Only 6 of 15 test datasets had a simulated/observed Cmax ratio within 0.8-to-1.25-fold and
the model was not validated using arterial and arm vein concentration data simultaneously. One
uncertain parameter in all these models is the anastomoses fraction. Due to incomplete
physiological information of anastomoses in human, a 10% fraction was estimated previously and
used here. This is likely an acceptable parameter as the sensitivity analysis (Figure 3.2) showed
that it is not a critically sensitive parameter. Commercial PBPK software such as Simcyp also
provides the option to sample from a peripheral site, using the published model (Musther et al.,
2015). However, whether Simcyp users employ this during modeling is unclear. Although our
forearm sampling model is distinctly different from the Simcyp model, the discrepancy between
simulated central and peripheral concentrations for both drug and metabolite after iv and po dosing
was qualitatively replicated using Simcyp version 17 (Figure 3.14). Therefore, this phenomenon
appears to be a general consideration for all PBPK models. More attention should be payed to
specifying and reporting the sampling site in PBPK modeling regardless of the modeling platform
used. For establishing compound-specific drug models, it is advisable to experimentally determine
the K values for muscle (most sensitive), skin, and adipose to capture sampling site distribution.
If not possible, the Ky values can be refined via fitting approach together with observed arterial
and arm vein concentrations.

The critical importance of the choice of the sampling site in PBPK models is further emphasized
by the impact on model verification, parameter optimization, and model extrapolation. A common

practice of top-down PBPK model development is to optimize experimentally undetermined
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parameters until the observed data are captured by the simulation. Therefore, the choice of
simulation output is critical. Choosing a PBPK model sampling site that is different from the actual
site used to collect observed PK data is likely to specifically lead to erroneous parameter
optimization and rejection of true model parameters due to the inherent differences between
arterial and arm vein concentrations. This observation is particularly important for parameters that
are poorly experimentally characterized and therefore typically empirically optimized, such as
tissue-to-plasma partition coefficient and absorption rate constant. This concept is illustrated in the
simulations of fentanyl disposition after buccal administration using fentanyl model verified for
both arterial and arm vein sampling. When concentrations were sampled from central venous
compartment (right atrium) in the simulations but compared to the observed arm vein
concentrations, the verified fentanyl model with the true parameters failed to meet model
acceptance criteria. As a result, fentanyl absorption parameters were optimized erroneously to
compensate for the inherent sampling site-dependent discrepancy. Importantly, these erroneously
optimized model parameters mispredicted the impact of changes in formulation and absorption
rate on Cmax by 3-fold, leading to wrong conclusions of drug safety and efficacy.

A similar issue of misfitting or model misspecification has been discussed previously regarding
how arteriovenous differences affect the accurate derivation of PK-PD relationships and therefore
the prediction of PD (Gumbleton et al., 1994; Jacobs and Nath, 1995; Tuk et al., 1997). Previous
PK-PD communications regarding arteriovenous differences have mainly used empirically fitted
compartmental models, and hence cannot be directly compared to mechanistic PBPK models. It
has been proposed that coupling PBPK model to PK-PD model can provide a mechanistic
prediction of therapeutic effect given the capacity of the PBPK modeling to simulate tissue drug

concentrations where the drug effects occur (Kuepfer et al., 2016; Pichardo-Almarza and Diaz-
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Zuccarini, 2016; Boger and Fridén, 2019). Since PK-PD models often assess the time course of
pharmacological effect and how the onset of effect relates to plasma concentrations during the
initial distribution phase, strong scrutiny to correct sampling site is necessitated during model
development.

Finally, our study extends the PBPK model application to explore the unstudied scenario of
arteriovenous concentration differences for metabolites after iv and oral administration. Using
simulations, we discovered an atypical metabolite profile resulting from central venous
compartment (right atrium) sampling showing a spike during the early distribution phase of the
parent drug. This unique phenomenon is caused by initial high concentrations of parent drug during
its distribution phase and rapid appearance of metabolite in central venous compartment (right
atrium) due to unrestricted passive diffusion across sinusoidal membrane for metabolite formed in
the liver. This atypical metabolite spike observed from simulated central venous metabolite profile
was hardly observed from the simulated peripheral arm vein metabolite profile due to tissue
distribution and dilution at sampling site. The simulated peripheral arm vein metabolite profiles
shown here agree with commonly observed metabolite profiles from clinical studies.

In conclusion, this study shows that the developed PBPK model with peripheral sampling
compartment can successfully recapitulate arteriovenous drug concentration differences and it is
critically important to match the PBPK model sampling site with the experimental sampling site
used in clinical studies, especially for drugs with large volumes of distribution or high

clearances. We also show that arteriovenous differences can be considerable following oral
dosing and for drug metabolites. The use of discrepant sampling site may lead to biased model
evaluation, erroneous parameter optimization, and clinically significant mispredictions of plasma

concentration-time curves. As PBPK-PD models are being developed, attention needs to be
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payed to assessing arteriovenous differences and using comparable sampling site between

simulations and observations.
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Table 3.1. Physiological parameters used for the developed PBPK model.

Except for the forearm tissues and blood flows, all the data are from (Brown et al., 1997) and are
based on a 70kg man. The physical volumes for the forearm tissues are from (Cooper et al.,
1955), forearm blood flow value is from (Elia and Kurpad, 1993), and anastomoses flow value is

from (Musther et al., 2015).

Tissue Blood Flow (L/hr) Physiological Volume (L)
Central vein 300 1.67
Central artery 300 3.33
Adipose 15.6 15
Bone 12.6 10
Brain 34.2 14
Gut 45.0 1.2
Heart 12.0 0.33
Kidney 60.0 0.31
Liver 90.0 1.8
Lung 300 0.53
Muscle 57.3 28
Pancreas 3.0 0.098
Skin 17.4 2.6
Spleen 6.0 0.18
Forearm 0.6430 0.3380
Forearm adipose 0.0709 0.0338
Forearm muscle 0.2900 0.2680
Forearm skin 0.2180 0.0363
Forearm anastomoses 0.0643 -
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Table 3.2. Physicochemical and pharmacokinetic parameters of drugs used for structural model

verification

Parameter Nicotine! Ketamine? Lidocaine! Fentanyl*
Physicochemical parameters®

Molecular weight

(g/mol) 162.23 237.73 234.34 336.47
pPKa 7.80 7.50 8.01 8.99
LogP 1.17 2.65 2.44 4.05
fup 0.84 0.77 0.35 0.16
B/P 0.80 1.24 0.87 1.00
Distribution
Kb adipose 0.50 2.8 1.0 26.7
Kop.bone 1.0 1.0 1.0 1.0
Kb brain 2.8 6.0 3.2 3.5
Kop,gastrointestinal tract 1.0 5.8 3.1 8.4
Kp heart 1.9 6.8 2.7 4.5
Kp kidney 13.3 11.3 17.2 12.1
Kp.liver 35 5.3 115 3.8
Kp.lung 2.1 7.6 3.8 135
Kop,muscle 1.6 2.0 1.7 3.1
Kp pancreas 1.0 1.0 1.0 21.3
Kop,skin 1.1 1.0 2.6 2.1
Kp,spleen 1.0 1.0 4.8 27.6
Metabolism and Excretion
CLtotal (L/hr) 89 102 38.6(a); 56.3(Vv) 71.4(a); 83.3(Vv); 83.5(b)

fup, fraction unbound in plasma; B/P, blood-to-plasma ratio; Kp, tissue-to-plasma partition
coefficient for specific organ/tissue; CLiotal, Observed clearance for each study; (a), clinical studies
used for model verification that report arterial data; (v), clinical studies used for model verification
that report venous data; (b), clinical study that uses buccal administration;

1K, data collected from (Rodgers et al., 2005)

2K, data collected from (Edwards and Mather, 2001)

3Physicochemical data collected from (Rodgers and Rowland, 2007)
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Table 3.3. Simulation results for the PK characteristics of parent drug after iv.

Pharmacokinetic characteristics for parent drug corresponding to the simulation scenarios shown
in Figure 3.7 for IV dosing. The pharmacokinetic measures obtained based on sampling from the
vena cava or arm vein are listed. Cend is measured at 40 hrs to ensure pseudo-equilibrium is

reached. AUC was calculated using trapezoidal rule from 0 to 400 hrs to capture the AUCo.infinity.

Kp for Crnax Crnax tmax tmax AUC
Figure CLint skin, K, for vena arm vena arm Cend VENA Cena arm Cend AUC vena AUC_arm central Vss
other . . vein 4 cava vein
Panel (L/hr) muscle, organs cava vein cava vein cava (mg/L) (mg/lL) ratio (mg*hriL) (mg*hriL) artery (L)
adipose 9 (mg/) | (mgly | () | () 9 9 9 (mg*hriL)
a 10 1 1 161.2 16.9 0.017 0.025 0.083 0.090 0.93 111.2 111.2 111.2 66
b 100 1 1 161.0 16.9 0.017 0.025 1.19x10°8 1.74x10°8 0.68 211 211 211 66
c 1000 1 1 160.3 16.8 0.017 0.024 1.12x101 2.18x101 0.51 121 121 121 66
d 10 3 3 155.7 12.4 0.017 0.025 0.774 0.835 0.93 111.2 111.2 111.2 189
e 100 3 3 155.7 12.4 0.017 0.025 0.0023 0.0034 0.67 211 211 211 189
f 1000 3 3 155.6 12.4 0.017 0.025 0.0001 0.0002 0.51 12.1 12.1 12.1 189
g 10 10 10 153.9 7.8 0.017 0.031 0.804 0.866 0.93 111.2 111.2 111.2 619
h 100 10 10 153.9 7.8 0.017 0.031 0.087 0.129 0.68 211 211 211 619
i 1000 10 10 153.9 7.8 0.017 0.031 0.023 0.044 0.52 121 121 121 619
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Table 3.4. Simulation results for the PK characteristics of parent drug after oral dosing.
Pharmacokinetic characteristics for parent drug corresponding to the simulation scenarios shown
in Figure 3.9 for po dosing. Cend is measured at 40 hrs to ensure pseudo-equilibrium is reached.

AUC was calculated using trapezoidal rule from 0 to 400 hrs to capture the AUCo.infinity-

Figre | Lo | skin | K57 | v | am | G | vena | amm | vena | am | Cuo | comtra | AVCEM | oy
Panel (L/hr) mL_JscIe, organs cava vein ratio cava vein cava vein ratio vein (mg*hr/L) artery

adipose (mg/L) (mg/L) (hr) (hr) (mg/L) (mg/L) (mg*hr/L) (mg*hr/L)
a 10 1 1 9.97 9.28 1.07 151 2.37 0.086 0.093 0.93 100.1 100.1 100.1
b 100 1 1 3.19 2.54 1.26 0.51 1.23 1.16x108 | 1.7x10® 0.68 10.0 10.0 10.0
c 1000 1 1 0.43 032 | 136 | 032 | o097 | 317X10 | 61610 | 5y 10 10 10
d 10 3 3 5.88 3.83 1.54 0.75 2.54 0.732 0.790 0.93 100.1 100.1 100.1
e 100 3 3 2.40 1.32 1.83 0.49 1.54 0.0014 0.0020 0.67 10.0 10.0 10.0
f 1000 3 3 0.35 0.18 1.99 0.36 131 0.00001 0.00002 0.51 1.0 1.0 1.0
g 10 10 10 3.58 1.47 2.44 1.15 3.06 0.737 0.794 0.93 99.6 99.6 99.6
h 100 10 10 1.64 0.57 2.86 0.82 2.33 0.044 0.065 0.68 10.0 10.0 10.0
i 1000 10 10 0.25 0.08 3.11 0.64 1.93 0.002 0.004 0.53 1.0 1.0 1.0
j 10 1 10 5.74 5.34 1.07 1.99 2.77 0.719 0.734 0.98 100.0 100.0 100.0
k 100 1 10 2.25 1.92 1.17 1.18 1.81 0.007 0.007 0.95 10.0 10.0 10.0
| 1000 1 10 0.32 0.26 1.23 0.86 1.40 0.00025 0.00027 0.94 1.0 1.0 1.0
m 10 10 1 6.21 1.82 3.42 0.33 2.20 0.787 0.865 0.91 99.9 99.9 99.9
n 100 10 1 2.58 0.65 3.95 0.23 1.75 0.033 0.054 0.62 10.0 10.0 10.0
o} 1000 10 1 0.38 0.09 4.25 0.18 1.51 0.0015 0.0032 0.45 1.0 1.0 1.0
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Figure 3.1. Structure of the PBPK model and the forearm sampling site developed.

(a) Schematic diagram of the full body physiologically based parent-metabolite pharmacokinetic
model with forearm compartment incorporated. Three different sampling sites of drug and
metabolite are shown. Sampling from central venous compartment (right atrium) and central
artery compartment are shown with red dashed lines and sampling from the peripheral arm vein
is shown with blue dashed lines. The intravenous and oral dosing sites are shown with green
dashed lines. The forearm anastomoses shunt is shown by orange line. (b) The detailed structural

model of the forearm compartment.
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Figure 3.2. Sensitivity analysis of the effect of tissue partition coefficients (Kp’s) assignment and
anastomoses fraction on arteriovenous concentration differences.

All simulations were conducted for a 1-hour iv infusion of 1000 mg/hr into the vena cava. Red
curves represent the simulated drug concentrations sampled from vena cava. Blue curves
represent the simulated drug concentrations sampled from arm vein. Solid curves represent the
baseline simulation condition where Kp, for all tissues is equal to 3 (Vss =200 L) and
anastomoses fraction is 10%. Dashed curves represent the conditions of interest for the
sensitivity tests. Panel a-c: Kp value of muscle, adipose, and skin was increased from 3 (solid
line) to 5 (dashed line) while other organ Ky values were decreased to maintain Vss unchanged.
Panel d-f: Kp value of muscle, adipose, and skin was decreased from 3 (solid line) to 1 (dashed
line) while other organ K values were increased to maintain Vss unchanged. Panel d:
anastomoses fraction increased from 10% to 30%. Panel h: anastomoses fraction decreased from

10% to 0%.
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Figure 3.3. One-way sensitivity analysis of the effect of specific tissue partition coefficients
(Kp’s) on arteriovenous concentration differences.

All simulations were conducted for a 1-hour iv infusion of 1000 mg/hr into the vena cava. Red
curves represent the simulated drug concentrations sampled from vena cava. Blue curves
represent the simulated drug concentrations sampled from arm vein. Solid curves represent the
baseline simulation condition where Ky, for all tissues is equal to 3 (Vss =200 L) and
anastomoses fraction is 10%. Dashed curves represent the conditions of interest for the
sensitivity tests. Panel a-c: Ky value of muscle, adipose, and skin was increased from 3 (solid
line) to 10 (dashed line). Panel d-f: K, value of muscle, adipose, and skin was decreased from 3

(solid line) to 1 (dashed line). All other parameters remain unchanged.
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Figure 3.4. Simulated plasma concentration-time profiles of parent drug sampled from central
and peripheral sampling site after intravenous infusion.

The concentration profiles of parent drug after intravenous infusion of 12000mg drug with
different infusion times (t=1min, 5mins, 10mins, 20mins, and 30mins) sampled from vena cava
and arm vein. The bottom three panels show that the ratio of vena cava concentration and arm
vein concentration does not equal to 1 for the majority of the time regardless of intravenous

infusion times.
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Figure 3.5. Simulated plasma concentration-time profiles of parent drug sampled from central
and peripheral sampling site after oral dosing.

The concentration profiles of parent drug after oral dosing of 1000mg drug with different
absorption rate constant (k,=0.2, 0.5, 1, 2, and 5 hr') sampled from vena cava and arm vein. The
bottom three panels show that the ratio of vena cava concentration and arm vein concentration

does not equal to 1 for the majority of the time regardless of absorption rate constant.
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Figure 3.6. Model verification using arterial and arm vein concentration profiles after
intravenous administration of four test drugs.

Simulated plasma drug concentration time curves and observed data are shown. (a) nicotine
sampled from central venous compartment (right atrium), artery, and peripheral arm vein after
4.2 mg iv infusion over 30 min, (b) ketamine sampled from central venous compartment, artery,
and peripheral arm vein after 7 mg iv infusion over 30 min, (c) lidocaine sampled from central
venous compartment and artery after 210 mg iv infusion over 3 min, (d) lidocaine sampled from
peripheral arm vein after 105 mg iv infusion over 1 hour, (e) fentanyl sampled from central
venous compartment and artery after 25 pg iv bolus over 5 seconds, and (f) fentanyl sampled
from peripheral arm vein after 367 pg infusion over 10 min. Red, green, and blue curves
represent simulated plasma drug concentration time curves sampled from central venous
compartment (right atrium), artery, and peripheral arm vein, respectively. Red and blue circles
represent observed plasma drug concentration data sampled from artery and arm vein,
respectively. AAFEcentral represents the calculated AAFE comparing simulated central venous
compartment (right atrium) drug concentration profile with observed arterial concentration data.
AAFE peripheral represents the calculated AAFE comparing simulated peripheral arm vein drug
concentration profile with observed arm vein concentration data. The observed data are from
(Tucker and Boas, 1971; Gourlay and Benowitz, 1997; Persson et al., 2002; Isohanni et al.,

2005; Macleod et al., 2012; Ziesenitz et al., 2015).
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Figure 3.7. Simulation of plasma drug concentration-versus time curves after iv administration
sampled from different sites in PBPK model for hypothetical drugs with different clearance and
distribution characteristics.

In panels a-c Kp =1, panels d-f K, =3, and panels g-i Ky =10. Panels a, d and g show drugs with
ER=0.1, panels b, e and h show drugs with ER=0.53, and panels c, f and i show drugs with
ER=0.92. All other drug parameters are as described in methods. In all panels blue lines
represent drug concentrations in the peripheral arm vein, red lines represent drug concentrations
in the central venous compartment (right atrium) and green dashed lines represent drug
concentrations in the artery. ER indicates the extraction ratio of the model drug and Kp indicates
the tissue-to-plasma partition coefficient value of all tissues. All simulations were conducted as

described in Materials and Methods section.
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Figure 3.8. Development and verification of fentanyl buccal model using arterial and arm vein
fentanyl concentration data.

Panel a shows the development of the fentanyl buccal administration model by comparing the
simulated drug concentration time profiles from central venous compartment (red curves) and
peripheral arm vein (blue curves) to the observed arterial data (red circles) and observed venous
data (blue circles) respectively after 400ug buccal tablet administration. Panels b, ¢, and d show
the verification of the developed fentanyl buccal model by comparing the simulated arm vein
fentanyl concentration time profiles (blue curves) to the observed arm vein fentanyl data (blue
circles) after 600ug (Darwish et al., 2010), 1200ug (Darwish, Tempero, et al., 2006), and
1300ug (Darwish et al., 2010) buccal tablet administration respectively. AAFEperipheral represents
the calculated AAFE comparing simulated arm vein drug concentration profile with observed
arm vein concentration data. Cmax, peripheral fatio represents the ratio between simulated maximum
arm vein drug concentration and the observed maximum arm vein concentration. AAFE central
represents the calculated AAFE comparing simulated central venous compartment (right atrium)
drug concentration profile with observed arterial concentration data. Cmax, central ratio represents
the ratio between simulated maximum central venous compartment drug concentration and the

observed maximum arterial concentration.
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Figure 3.9. Simulation of plasma drug concentration-versus time curves after oral administration
sampled from different sites in PBPK model for hypothetical drugs with different clearance and
distribution characteristics.

In panels a-c Kp =1, panels d-f K, =3, panels g-i K, =10, panels j-I Ky value of adipose, skin, and
muscle (Kp1) = 1 and Kp value of other organs (Kp2) = 10 and panels m-o K, value of adipose,
skin, and muscle (Kp1) = 10 and K, value of other organs (K2) = 1. Panels a, d, g, j and m show
drugs with ER=0.1, panels b, e, h, k and n show drugs with ER=0.53, and panelsc, f, i, | and o
show drugs with ER=0.92. All other drug parameters are as described in methods. In all panels
blue lines represent drug concentrations in the peripheral arm vein, red lines represent drug
concentrations in the central venous compartment (right atrium) and green dashed lines represent
drug concentrations in the artery. ER indicates the extraction ratio of the model drug. The Cmax
ratio in the insets is calculated as the ratio of the Cmax of simulated central venous compartment
(right atrium) concentrations and Cmax of simulated peripheral arm vein concentrations. The tmax
ratio is calculated from the tmax of simulated central venous compartment concentrations and tmax

of simulated arm vein concentrations.
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Figure 3.10. Impact of choice of the sampling site on PBPK model evaluation.

Panels a, b, and ¢ show the impact of discrepant sampling site between observed and simulated
data on model performance evaluation. The simulated drug concentration time profiles (red
curves) are conventional PBPK simulation outputs sampled from central venous compartment
(right atrium) and the observed data are from commonly used arm vein sampling (blue circles)
after (a) 600 pg (Darwish et al., 2010), (b) 1200 ug (Darwish, Tempero, et al., 2006), and (c)
1300 pg (Darwish et al., 2010) buccal tablet administration of fentanyl, respectively. The
observed data shown and the model used here are the same as the ones shown and used in Figure
3.8. The AAFEcentral represents the calculated AAFE comparing simulated central venous
compartment (right atrium) drug concentration profile with observed arm vein concentration
data. The Cmax, central ratio represents the ratio between simulated maximum central venous
compartment (right atrium) drug concentration and the observed maximum arm vein

concentration.
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Figure 3.11. Impact of choice of the sampling site on PBPK model parameter optimization and
extrapolation to unstudied clinical scenarios.

Panel a shows a scenario where the modeler uses the PBPK model-simulated central venous
compartment (right atrium) concentrations (red curve) to compare to the observed data from
peripheral arm vein (blue circles), rather than using the simulated peripheral sampling site
concentrations (gray curve shown for comparison). In this case both AAFE and Cax ratio
suggest model rejection although true parameters were used (Kapuccal = 1 hr' and Kagut = 3 hrd).
Panel b shows the fentanyl simulation with Kapuccal = 0.35 hr and ka gyt = 0.7 hr! based on
erroneous parameter optimization to adapt simulated central venous concentrations to conform to
observed data collected from arm vein. The gray line shows the simulated arm vein
concentrations using the same “false” parameters. Panel ¢ shows the simulation of the impact of
a new formulation with 400% increase in Ka buccal (dashed blue curve) on the plasma-
concentration curve sampled from the arm vein in comparison to baseline Kapuccal (S0lid blue
curve) using verified peripheral sampling site model with true parameters, predicting a 40%
increase in arm vein Cmax. Panel d shows the simulation of the same new formulation as in panel
¢ with 400% increase in Kabuccal (dashed red curve) in comparison to baseline Kabuccal (Solid red
curve) using central venous compartment sampling with the erroneously optimized parameters

from panel b. The central venous compartment sampling predicts a 119% increase in Cmax.
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Figure 3.12. Simulated plasma metabolite concentration-versus time curves after iv
administration of parent drug sampled from different sites in PBPK model for metabolites with
different clearance and distribution characteristics.

In panels a-c metabolite Kp (Kp,m) =1, panels d-f Kp,m =3, and panels g-i Kp,m =10. Panels a,
d and g show metabolite concentration curves when drug has an intrinsic clearance (CLint) of 10
L/hr and the metabolite intrinsic clearance (CLint,m) is 20 L/hr, panels b, e and h show
metabolite concentration curves when drug CLint=1000 L/hr and the CLint,m is 20 L/hr, and
panels c, f and i show metabolite concentration curves when drug CLint=10 L/hr and the
CLint,m is 2000 L/hr. The drug Kp value of all organs =3 in all panels. In all panels blue lines
represent metabolite concentrations in the peripheral arm vein, and red lines represent metabolite
concentrations in the central venous compartment (right atrium). The Cmax ratio in each panel is
calculated using the Cmax of simulated central venous compartment (right atrium) metabolite

concentration divided by Cmax of simulated arm vein metabolite concentration.
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Figure 3.13. Simulated plasma metabolite concentration-versus time curves after oral
administration of drug with PBPK models for metabolites with different clearance and
distribution characteristics.

In panels a-c metabolite K (Kp,m) =1, panels d-f Kpm =3, and panels g-i Kpm =10. Panels a, d
and g show metabolite concentration curves when drug has an intrinsic clearance (CLint) of 10
L/hr and the metabolite intrinsic clearance (CLintm) is 20 L/hr, panels b, e and h show metabolite
concentration curves when drug CLin=1000 L/hr and the CLint,m is 20 L/hr, and panels c, fand i
show metabolite concentration curves when drug CLin=10 L/hr and the CLintm is 2000 L/hr. The
drug Kp value of all organs =3 in all panels. In all panels blue lines represent metabolite
concentrations in the arm vein, and red lines represent metabolite concentrations in the central
venous compartment (right atrium). The Cmax ratio in each panel is calculated using the Cmax Of
simulated central venous compartment (right atrium) metabolite concentration divided by Cmax of

simulated arm vein metabolite concentration.
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Figure 3.14. The simulated vena cava and peripheral sampling site concentrations of drug and
metabolite with different pharmacokinetic properties using Simcyp.

Red curves represent the simulated concentration sampling from vena cava. Blue curves
represent the simulated concentrations sampling from peripheral sampling site. Simulated drug
concentrations were shown in panel a-d, simulated metabolite concentrations were shown in
panel e and f. Panel a: 1000 mg drug (Kp for all tissues = 3, CLint = 100 L/hr) was intravenously
infused into vena cava within 1 minute. Panel b: 1000 mg drug (Kp for all tissues = 3, CLint = 100
L/hr) was administered orally with ka = 1. Panel c: 1000 mg drug (Kp: for muscle, skin, and
adipose = 1, K. for all other organs and tissues = 10, CLint = 100 L/hr) was administered orally
with ks = 1. Panel d: 1000 mg drug (Kpz for muscle, skin, and adipose = 10, Ky for all other
organs and tissues = 1, CLint = 100 L/hr) was administered orally with ka = 1. Panel e: 1000 mg
drug (K, for all tissues = 3, Kpm for all tissues = 3, CLint = 10 L/hr, CLintm = 20 L/hr) was
intravenously infused into vena cava within 1 minute. Panel f: 1000 mg drug (K, for all tissues =

3, Kpm for all tissues = 3, CLint = 10 L/hr, CLintm = 20 L/hr) was administered orally with ka = 1.
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Chapter 4. MECHANISTIC PBPK MODELING OF URINE PH
EFFECT ON RENAL AND SYSTEMIC DISPOSITION OF

METHAMPHETAMINE AND AMPHETAMINE

This chapter was published in Journal of Pharmacology and Experimental Therapeutics (2020)

373, 488-501
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4.1 Abstract

The effect of urine pH on renal drug excretion and systemic drug disposition has been observed
for many drugs. When urine pH is altered, tubular drug ionization, passive reabsorption, renal
clearance, and systemic exposure may all change dramatically, raising clinically significant
concerns. Surprisingly, the urine pH effect on drug disposition is not routinely explored in
humans, and regulatory agencies have neither developed guidance on this issue nor required
industry to conduct pertinent human trials. In this study, we hypothesized that PBPK modeling
can be used as a cost-effective method to examine potential urine pH effect on drug and
metabolite disposition. Our previously developed and verified mechanistic kidney model was
integrated with a full body PBPK model to simulate renal clearance and systemic AUC with
varying urine pH statuses, using methamphetamine and amphetamine as model compounds. We
first developed and verified drug models for methamphetamine and amphetamine under normal
urine pH condition (absolute-average-fold-error (AAFE) < 1.25 at study level). Then, acidic and
alkaline urine scenarios were simulated. Our simulation results show that the renal excretion and
plasma concentration-time profiles for methamphetamine and amphetamine could be
recapitulated under different urine pH (AAFE < 2 at individual level). The methamphetamine-
amphetamine parent-metabolite full body PBPK model also successfully simulated amphetamine
plasma concentration-time profile (AAFE < 1.25 at study level) and
amphetamine/methamphetamine urinary concentration ratio (AAFE < 2 at individual level) after
dosing methamphetamine. This demonstrates that our mechanistic PBPK model can predict urine
pH effect on systemic and urinary disposition of drugs and metabolites.

Significance Statement
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Our study shows that integrating mechanistic kidney model with full body PBPK model can
predict the magnitude of alteration in renal excretion and systemic AUC of drugs when urine pH
is changed. This provides a cost-effective method to evaluate the likelihood of renal and
systemic disposition changes due to varying urine pH. This is important as multiple drugs and
diseases can alter urine pH, leading to quantitatively and clinically significant changes in drug

and metabolite disposition that may require adjustment of therapy.
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4.2 Introduction

The effect of urine pH on renal clearance of weak acids and bases was discovered more than half
a century ago in studies with salicylic acid (Macpherson et al., 1955) and methamphetamine
(Beckett and Rowland, 1965c¢). The mechanism behind this phenomenon is believed to be the
altered ionization status of weak acids and bases with changes in renal tubular filtrate pH, and
the subsequent alterations in renal passive reabsorption of unionized drugs (Milne et al., 1958;
Tucker, 1981). Changes in renal passive reabsorption can have a drastic impact on renal
clearance. For example, when urine pH decreased from alkaline (pH = 7.5-8.5) to acidic (pH =
4.5-5.5), the amount of drug excreted unchanged in urine for weak bases such as pethidine,
methamphetamine, and mexiletine increased up to 21-fold (Chan, 1979), 48-fold (Beckett and
Rowland, 1965c), and 87-fold (Kiddie et al., 1974), respectively, while the renal clearance of
weak acids such as chlorpropamide (Neuvonen and Karkkéinen, 1983) and salicylic acid
(Macpherson et al., 1955) decreased by 99% and 97%, respectively. Also, after dosing of
imipramine, methamphetamine, and amitriptyline, their respective metabolites desipramine,
amphetamine, and nortriptyline have been shown up to 5-fold (Gram et al., 1971), 11-fold
(Beckett and Rowland, 1965b), and 93-fold (Kéarkkéinen and Neuvonen, 1986) increases in
urinary excretion, respectively, in acidic urine condition in comparison to alkaline urine
condition. These findings demonstrate the pronounced and broad significance of the urine pH
effect on both drugs and metabolites.

Overall, approximately 31% of marketed drugs are significantly excreted unchanged via the
kidney (Varma et al., 20s09), and 70% of marketed drugs are either monoprotic weak acids or
monoprotic weak bases (Manallack, 2007) that may have varying ionization statuses in the

tubular lumen. In addition, the mean logP of patented compounds across 18 pharmaceutical
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companies ranged from 3.5 to 4.5 (Leeson and St-Gallay, 2011), suggesting that the majority of
drugs have a moderate to high intrinsic lipophilicity and therefore transcellular permeability.
Together, these data suggest that many drugs are potentially subject to significant renal clearance
and effective renal passive reabsorption that can be altered due to urine pH changes. As such, the
variability of renal clearance with urine pH can be surprisingly common. Indeed, more than a
dozen drugs have been shown to have urine pH-dependent renal excretion (Macpherson et al.,
1955; Beckett and Rowland, 1965a; c; Sharpstone, 1969; Sjoqvist et al., 1969; Gerhardt et al.,
1969; Gram et al., 1971; Kiddie et al., 1974; Chan, 1979; Neuvonen and Kérkkainen, 1983;
Muhiddin et al., 1984; Benowitz and Jacob, 1985; Aoki and Sitar, 1988; Freudenthaler et al.,
1998). If renal excretion is an important elimination pathway for the drug of interest, the
systemic drug disposition will also be affected by altered urine pH. For example, for weak bases
memantine and flecainide, the area under the plasma drug concentration-time curve (AUCo.inf)
increased by 5.3-fold (Freudenthaler et al., 1998) and 3.6-fold (Muhiddin et al., 1984),
respectively, while for weak acids cinoxacin and chlorpropamide, the plasma AUCo.int decreased
by 67% (Barbhaiya et al., 1982) and 81% (Neuvonen and Karkkainen, 1983), respectively, in
alkaline urine condition in comparison to acidic urine condition. This demonstrates that the
magnitude of urine pH effect on plasma AUC could be as significant as drug-drug interactions
resulting from co-administration with a strong inhibitor or inducer (i.e. AUC increased by 5-fold
or decreased by 80%).

Given the number of known drugs affected by urine pH and the substantial magnitude of
observed urine pH effects on drug and metabolite disposition, it is striking that urine pH effects
on drug and metabolite renal and systemic disposition are not routinely examined for weak acids

and bases in clinical studies, and regulatory agencies have not developed guidelines to assess
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drug safety under different urine pHs. In contrast, characterization of drug-drug interactions,
food effects and disease effects on drug disposition are required by regulatory agencies as
essential components of drug approval process, and these interactions and effects have been
explored extensively in human subjects and simulated by models (Shebley et al., 2018) to
support regulatory decision making.

In this study, we hypothesized that modeling techniques could be leveraged to understand and
predict urine pH effect on drug and metabolite disposition. To test this hypothesis, a recently
developed and verified dynamic physiologically-based mechanistic kidney model (Huang and
Isoherranen, 2018) was integrated into a parent-metabolite full body physiologically based
pharmacokinetic (PBPK) model (Huang and Isoherranen, 2020) to simulate urine pH dependent
parent-metabolite systemic disposition and urinary excretion using methamphetamine and

amphetamine as model compounds.
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4.3 Materials and methods

4.3.1 Development of parent-metabolite full body PBPK model with mechanistic kidney
model and peripheral arm vein sampling site

A 104-compartment parent-metabolite (52 compartments for each) full-body PBPK model was
developed using MATLAB and Simulink platform (R2018a; MathWorks, Natick, MA) by
merging our previously published mechanistic kidney model (Huang and Isoherranen, 2018) with
the parent-metabolite full-body PBPK model (Huang and Isoherranen, 2020), as shown in Figure
4.1. This model contains ten physiologically important tissue/organ compartments modeled as
perfusion-rate limited organs, two blood circulation compartments (i.e. central venous
compartment and central arterial compartment), a peripheral arm vein sampling site as previously
described (Huang and Isoherranen, 2020), a 2-compartment permeability-rate limited liver model,
and a 35-compartment mechanistic kidney model (Huang and Isoherranen, 2018). The mechanistic
kidney model was incorporated to replace the conventional perfusion-rate limited kidney
compartment, to capture the unbound filtration, active secretion, and tubular filtrate/urine pH-
dependent passive reabsorption. The mechanistic kidney model was merged with the PBPK model
by connecting the central arterial compartment to the glomerulus to create the renal inflow and
connecting the vascular compartment of the last subsegment of collecting duct to the central
venous compartment to create the renal outflow. The model file and the code script are provided

as Supplementary Material.
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4.3.2 Physicochemical parameters for methamphetamine and amphetamine

In this study, only dextrorotary isomers of methamphetamine and amphetamine (i.e. S(+)-
methamphetamine and S(+)-amphetamine) are discussed due to their greater psychoactive activity
compared to the levorotatory isomers. The molecular weight, pKa, and LogP values of

methamphetamine (Meth) and amphetamine (Amph) were collected from www.drugbank.ca. The

plasma unbound fractions (fu,p) of methamphetamine and amphetamine were determined in pooled
human plasma by ultracentrifugation as previously described (Shirasaka et al., 2013). In brief,
pooled human plasma was spiked with methamphetamine and amphetamine to a final
concentration of 0.2 uM. Three 200 uL aliquots were centrifuged in 435,000 g for 90 min at 37
°C and another three 200 pL aliquots were incubated at 37 °C for 90 min. The supernatant (50 pL)
from the ultracentrifugation and the incubated samples (50 L) were then quenched with 250 pL
of 3:1 (v/v) acetonitrile:methanol containing 100 nM methamphetamine-di1 and amphetamine-dis
as internal standards and analyzed by LC-MS/MS as previously described (Wagner et al., 2017).
The experiments were conducted in triplicate on two separate days. The plasma unbound fraction
for each day was calculated as the ratio of mean free concentration (Cy) in supernatant (after
ultracentrifugation) over mean total concentration (C) in plasma (after incubation). The average
value of the two experiments was used as the final plasma unbound fraction (fu,p).

The blood-to-plasma ratio (B/P) of methamphetamine and amphetamine were experimentally
determined as described previously (Sager et al., 2016). Methamphetamine and amphetamine were
spiked into 3 mL of fresh human blood to a final concentration of 0.2 uM. Three 700 uL aliquots
were collected and incubated for 2 hours at 37 °C to equilibrate blood partitioning. Blood samples
(60 pL) were collected after incubation to measure blood concentration, remaining samples were

centrifuged in 1,000 g for 10 min to separate plasma and a plasma sample (60 pL) was collected
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to measure plasma concentration. Both blood and plasma samples (60 pL) were then quenched
with 120 pL of methanol containing 100 nM methamphetamine-di; and amphetamine-di; as
internal standards and analyzed by LC-MS/MS as previously described (Wagner et al., 2017). The
experiments were conducted in triplicate on two separate days and the blood-to-plasma ratio was
calculated as the ratio of concentration in blood sample over concentration in plasma sample. The
average value of the two experiments was used as the final blood-to-plasma ratio.

The cellular permeabilities of methamphetamine and amphetamine were measured using Madin-
Darby canine kidney (MDCK) cells (ATCC CCL-34 passage 10 to 15). The cells were cultured in
Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum
(FBS), 4.5 g/L glucose, and 1% penicillin/streptomycin, at 37°C with 5% CO2 in a humidified
atmosphere. Cells were seeded at a density of approximately 6.5x10* cells/cm? on 24-well
Transwell plates with 0.4 um pore size inserts. Ninety-six hours after seeding, cells were used for
permeability assays. For the preincubation, the apical and basolateral chambers were first rinsed
twice with warm Hank’s Balanced Salt Solution (HBSS) pH 7.2, followed by acclimation to HBSS
for 15 minutes. Membrane integrity was confirmed by transepithelial electrical resistance (TEER)
measurements and monolayers with values below 200 Qxcm? were excluded from the study.
Transport assay was initiated by replacing the buffer on either apical or basolateral side with test
solutions (200 pL apical, 800 pL basolateral donor chambers) containing 1 pM of
methamphetamine or amphetamine in HBSS (pH 7.2). Samples of 100 uL medium from the
receiver chamber were collected at 0, 20, 40, 60, 90, and 120 minutes for analysis by LC-MS/MS
using a previously published method (Wagner et al., 2017). The apparent permeability (Papp) of
methamphetamine and amphetamine across cell monolayers was calculated using eq. 1:

_dQ/dt
Papp - TCO (1)
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where A is the membrane surface area (cm?) of the insert filter, Co is the initial concentration of
compound in the donor chamber (uUM), and dQ/dt (umol/s) is the slope of the linear regression line
of measured drug amount in receiver chamber (Q) as a function of time (t), and represents the
amount of methamphetamine or amphetamine that crossed the monolayer per unit time. The
experiments were conducted for both apical-to-basolateral (A-to-B) and basolateral-to-apical (B-
to-A) directions in duplicates on three separate days. The average value of Papp measured in both
directions in three experiments was used as the final apparent permeability. Detailed results are

shown in Figure 4.2 and 4.3.

4.3.3 PBPK model development for methamphetamine and amphetamine

The overall workflow for model development and verification is shown in Figure 4.4. For the drug
model development, the clinical pharmacokinetic data of methamphetamine and amphetamine in
humans were collected from the National Center for Biotechnology Information database

(http://www.ncbi.nlm.nih.gov/pubmed) accessed on January 1%, 2019. Search keywords were

“methamphetamine OR amphetamine AND pharmacokinetics”. One iv (Li et al., 2010) and two
po (Rowland, 1969; CDER, 2001) datasets were used as training sets for methamphetamine and
amphetamine model development, respectively. Seven (six iv and one po) and two (both po)
datasets published in 6 studies (Perez-Reyes et al., 1991; Cook et al., 1993; Mendelson et al., 1995,
2006; CDER, 2002; Harris et al., 2003) were used as test sets to verify the developed PBPK models
for methamphetamine and amphetamine, respectively. The detailed information of study
populations and study designs for all the datasets used are summarized in Table 4.1. Plasma
concentration-time curves and urinary excretion profiles from these studies were digitized using

WebPlotDigitizer (version 4.2, https://automeris.io/WebPlotDigitizer).
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For oral drug absorption of both methamphetamine and amphetamine, compounds in the
gastrointestinal lumen were assumed to be completely dissolved and evenly distributed inside the
lumen compartment immediately upon oral administration. The drug absorption from lumen into
intestinal blood was assumed to be governed by a single absorption rate constant ka, which was
set to be a sufficiently high value such that the overall absorption was intestinal blood flow
limited. This was based on the high aqueous solubility (928 mg/L and 1740 mg/L

(www.drugbank.ca)) and high permeability of methamphetamine and amphetamine. The gut

metabolism of methamphetamine and amphetamine was assumed to be negligible as both drugs
have low extraction ratios in the liver primarily mediated by CYP2D6, and CYP2D6 is not
highly expressed in the intestine (Paine et al., 2006). As such, the fraction absorbed (F2) and
fraction escaping gut clearance (Fg) were assumed to be 1.

For the physiological model, the system-specific parameters including the physical volume and
the blood flow to each organ/tissue were collected from literature (Brown et al., 1997). The tissue-
to-plasma partition coefficients (Kp) for brain, gastrointestinal tract, heart, kidney, liver, lung,
pancreas, and spleen for methamphetamine were calculated based on a published human positron
emission tomography (PET) study (Volkow et al., 2010), while the Ky values for adipose, bone,
muscle, and skin were optimized as K,=3 based on observed methamphetamine volume of
distribution at steady state (Vss) of 4.02 L/kg (Harris et al., 2003). Due to the structural similarity
between methamphetamine and amphetamine, the visceral organ-specific K, values (i.e. Ky for
brain, gastrointestinal tract, heart, kidney, liver, lung, pancreas, and spleen) for amphetamine were
set the same as methamphetamine. Based on the higher polarity of amphetamine in comparison to

methamphetamine, the tissue-specific Ky values of adipose, bone, muscle, and skin were set as 2
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for amphetamine, resulting in a predicted Vs of 3.14 L/Kg, versus an observed apparent Vss ranging
from 3.2 L/kg to 5.6 L/kg after oral dosing (Randall, 2004).

The hepatic clearances of methamphetamine and amphetamine were modeled based on in vivo
human data. Methamphetamine has an observed systemic clearance of 18.0 L/hr (Li et al., 2010)
and an observed renal clearance of 8.09 L/hr (Li et al., 2010) after intravenous administration.
Amphetamine has an observed oral clearance of 15.8 L/hr (CDER, 2001) and an observed renal
clearance of 7.14 L/hr (Rowland, 1969). As a result, the hepatic clearances of methamphetamine
and amphetamine were calculated as 9.91 L/hr and 7.41 L/hr, respectively, based on the
assumption that F, and Fg are equal to 1 for amphetamine. The intrinsic metabolic clearances of
methamphetamine and amphetamine were back-calculated as 14.4 and 9.87 L/hr respectively
based on measured plasma unbound fraction, blood-to-plasma ratio, and the well-stirred hepatic
clearance model (Wilkinson and Shand, 1975).

The mechanistic kidney model was used to simulate the renal clearance of methamphetamine and
amphetamine. The experimentally determined human plasma unbound fraction (fup) and the
permeability in the MDCK cells were used as model inputs to simulate unbound filtration and
passive reabsorption processes as previously described (Huang and Isoherranen, 2018). Without
incorporating active secretion, the mechanistic kidney model predicted CL, values of 2.9 L/hr and
3.2 L/hr for methamphetamine and amphetamine, respectively, which are significantly below the
observed values (8.09 L/hr for methamphetamine (Li et al., 2010) and 7.14 L/hr for amphetamine
(Rowland, 1969)). Therefore, an active secretion component was added to the mechanistic kidney
model to simulate methamphetamine and amphetamine renal clearances based on the previous
characterization of methamphetamine and amphetamine as OCT2 and MATE substrates (Wagner

et al., 2017). Due to the low confidence of in vitro and in vivo renal transporter quantification and
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expression, the active secretion clearances of methamphetamine and amphetamine were optimized
with respect to the observed renal clearance (i.e. 8.09 L/hr for methamphetamine (Li et al., 2010)
and 7.14 L/hr for amphetamine (Rowland, 1969)) assuming equal apical and basolateral secretion
and uniform distribution of active secretion among the three subsegments of proximal tubule in
the model. All the detailed physicochemical and pharmacokinetic values used in the models are

listed in Table 4.2.

4.3.4 Verification of methamphetamine and amphetamine PBPK models

All simulations were performed using MATLAB and Simulink platform (R2018a; MathWorks,
Natick, MA) with the same route of administration and the same dosage regimen as reported in
the corresponding clinical studies (Table 4.1), assuming a representative population with average
physiology. The renal tubular filtrate pH gradient for a representative population is shown in Table
4.3 with a urine pH value of 6.5 under uncontrolled (i.e. normal) condition. The overall model
development and verification workflow was adapted from previous studies (Huang et al., 2017,
Cheong et al., 2019), and is shown schematically in Figure 4.4. To verify the methamphetamine
model, methamphetamine plasma concentration-time profiles were simulated after intravenous
and oral dosing and compared to the observed data from 7 test sets (6 iv and 1 po dosing) published
in 5 studies (Perez-Reyes et al., 1991; Cook et al., 1993; Mendelson et al., 1995, 2006; Harris et
al., 2003). These studies were not used in model development. For amphetamine model
verification, the amphetamine plasma concentration-time profiles were simulated after oral dosing
and compared to the observed data from 2 test datasets (CDER, 2002) that were not used in model
development. All simulated plasma concentrations were sampled from peripheral arm vein

sampling site which was developed and verified previously (Huang and Isoherranen, 2020) to
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match with the sampling site in the observed PK studies. To assess model performance, absolute
average fold error (AAFE) was calculated according to equation 2. Furthermore, the area under
the simulated plasma concentration-time curve (AUC) was calculated using trapezoidal method
and compared to the observed AUC. The ratio between the simulated and observed AUC was
calculated to assess the fold-difference between the two. The calculated AAFE and AUC ratio had
to be within 0.8-to-1.25-fold (model acceptance criterion) for the simulation to be considered

successful.

Simulated

1
AAFE = 1OZZ|10‘910 Observed (2)

4.3.5 Simulation and verification of urine pH effect on renal excretion and systemic
disposition of methamphetamine and amphetamine

To evaluate whether the verified full body PBPK model could be applied to predict urine pH effect
on plasma concentration-time profile and urinary drug excretion of methamphetamine and
amphetamine, methamphetamine disposition was simulated under two different urine pH
conditions in contrast to the default uncontrolled urine pH (i.e. urine pH = 6.5). For acidic urine
pH, the tubular filtrate pH was set to decrease in a stepwise manner from 7.2 at the first proximal
tubule subsegment to 5.0 at the last collecting duct subsegment. For alkaline urine pH, the tubular
filtrate pH was set to increase in a stepwise manner from 7.4 at the first proximal tubule
subsegment to 8.0 at the last collecting duct subsegment. Detailed renal tubular filtrate pH gradient
setups used in the modeling are shown in Table 4.3.

The amount of drug excreted in urine with time and the plasma concentration-time profile for
methamphetamine were simulated at each of the three urine pH conditions after oral dosing of 11

mg methamphetamine base. The simulated urinary excretion versus time profiles were compared
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to observed data from three test sets corresponding to the three urine pH conditions (Beckett and
Rowland, 1965c). Due to the limited number of subjects in the observed data (n=1), a 2-fold
acceptance criterion of AAFE was used as the acceptance criterion when the simulated population
representative was compared to the individual observed data. The 2-fold criterion was selected
given the reported inter-individual variability (coefficient of variance: 56%) in methamphetamine
renal clearance (Kim et al., 2004). The 2-fold range is a conservative criterion provided renal
clearance follows log-normal distribution, where 95% of individuals have a renal clearance within
2.53-19.5 L/hr, yielding a 2.77-fold difference between the upper/lower limit and the geometric
mean. The simulation results of the urine pH effect on methamphetamine urinary excretion were
also compared to another clinical study (Beckett and Rowland, 1965b) as a second set of
verification. Because the observed plasma concentration-time data for methamphetamine were not
available under the basic and acidic urine pH conditions, simulated and observed plasma
concentrations were not compared.

The urinary excretion and plasma concentration-time profile for amphetamine were simulated
similarly under uncontrolled, acidic, and alkaline urine conditions after oral dosing of 11 mg
amphetamine base. The percentage of amphetamine dose excreted into urine was calculated by
dividing the cumulative amount excreted into urine by dose. The amount excreted into urine was
considered over 48 hours for uncontrolled urine pH and 16 hours for acidic and alkaline urine pH
as described in the observed study, and compared to observed data from respective test datasets
(Beckett and Rowland, 1965a). The effect of altered urine pH on amphetamine urinary excretion
was evaluated based on the percent change in urinary excretion (amount of amphetamine excreted)
under either acidic or alkaline urine in comparison to the urinary excretion when urine pH was not

controlled (simulated urine pH = 6.5). The ratio of the predicted to observed percent change in
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urinary excretion with altered urine pH was calculated. A 2-fold acceptance criterion, similar to
what has been used for drug-drug interaction studies (Sager et al., 2015), was applied to this ratio
to determine whether the simulation was successful. Additionally, simulated plasma
concentration-time profile for amphetamine under uncontrolled and acidic urine conditions was
compared to the observed data from four test datasets (Beckett et al., 1969). Due to the limited
number of subjects in the observed data (n=2), a 2-fold acceptance criterion of AAFE was used

when comparing the simulated population mean results to the individual observed data.

4.3.6 Verification of methamphetamine-amphetamine parent-metabolite model

The methamphetamine-amphetamine parent-metabolite model was established based on the
individual compound models using previously developed PBPK model (Huang and Isoherranen,
2020). Amphetamine formation from methamphetamine was modeled to occur within the liver
compartment. The hepatic formation clearance of amphetamine from methamphetamine was
calculated as 3.29 L/hr using the data from a clinical study reporting the AUC ratio of amphetamine
to methamphetamine (ratio = 0.208) after iv dosing of methamphetamine (Newton et al., 2005)
and observed amphetamine oral clearance of 15.8 L/hr (CDER, 2001) based on a previous method
(Lane and Levy, 1980).

To verify the methamphetamine-amphetamine parent-metabolite kinetic model, amphetamine
plasma concentration-time profiles as a metabolite of methamphetamine after intravenous
administration of methamphetamine were simulated and compared to the observed data from 4 test
sets (Cook et al., 1993; Harris et al., 2003; Mendelson et al., 2006). To evaluate the model, a 0.8-
to-1.25-fold acceptance criterion was applied to the AAFE to determine whether the simulation

was successful. All simulations were performed with the same route of administration and same
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dosage as reported in the corresponding studies (Table 4.1) and all simulated plasma
concentrations were sampled from the peripheral arm vein sampling site.

To test whether the verified parent-metabolite model can capture the methamphetamine-
amphetamine urinary Kinetics under different urine pH conditions, simulation results were
compared to observed urinary concentration ratio (Oyler et al., 2002) and excretion data (Kim et
al., 2004). First, the urinary concentration of methamphetamine and amphetamine were simulated
under uncontrolled urine pH (urine pH = 6.5) after 4 consecutive oral doses of 10 or 20 mg
methamphetamine. The urinary metabolite/parent concentration ratio was calculated as the ratio
of amphetamine to methamphetamine urinary concentration, and the ratio was compared to the
observed data (Oyler et al., 2002). Since the observed data were reported only from a single subject
after 10 or 20 mg doses, a 2-fold acceptance criterion for the calculated AAFE was used to
determine whether the simulation was successful. For extrapolation, we also simulated the urinary
metabolite/parent concentration ratio under acidic and alkaline urine conditions. As the observed
urinary metabolite/parent ratio data were not available under the acidic and alkaline urine pH
conditions, no comparisons between simulated and observed urinary concentrations were done for
these two conditions. Second, the amount of methamphetamine and amphetamine excreted in urine
was simulated under uncontrolled urine pH (urine pH = 6.5) after 4 consecutive doses of 10 mg
methamphetamine. The percentage of methamphetamine dose excreted into urine as
methamphetamine or amphetamine was calculated by dividing cumulative amount of
methamphetamine and amphetamine excreted into urine over 16 days by methamphetamine dose.
The urinary metabolite/parent excretion ratio was calculated by dividing the urinary excretion of

amphetamine with the urinary excretion of methamphetamine. The simulated percentage of
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urinary excretion of methamphetamine and amphetamine, and the metabolite/parent ratio were

compared to observed data from 13 individuals (Kim et al., 2004).
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4.4 Results

4.4.1 Verification of methamphetamine and amphetamine drug models

Human plasma unbound fraction, blood-to-plasma ratio, and MDCK cellular permeability were
experimentally determined for methamphetamine and amphetamine and used in the PBPK model.
The fup value was 0.77 (£0.03) for methamphetamine and 0.82 (+0.09) for amphetamine. The
blood-to-plasma ratio was 1.04 (£0.07) for methamphetamine and 1.04 (+0.06) for amphetamine,
suggesting some distribution into the red blood cells. The MDCK cellular permeability was
29.1x10% (+5.75) cm/s for methamphetamine and 26.9x10° (+4.42) cm/s for amphetamine
(Figure 4.2 and 4.3), indicating a high permeability for both compounds.

The methamphetamine (Figure 4.5) and amphetamine (Figure 4.6) drug models were
independently verified using the observed plasma concentration-time data from seven
methamphetamine test sets (six iv dosing and one oral dosing) (Perez-Reyes et al., 1991; Cook et
al., 1993; Mendelson et al., 1995, 2006; Harris et al., 2003) and two amphetamine oral dosing test
sets (CDER, 2002), respectively. The AAFE values for methamphetamine (Figure 4.5) and
amphetamine (Figure 4.6) plasma concentration-time data in the test sets ranged from 1.04 to 1.19
and the predicted over observed AUC ratios ranged from 0.87 to 1.11 (Table 4.1 and Figure 4.7).
Both evaluation metrics met the stringent 0.8-to-1.25-fold model acceptance criterion
demonstrating successful model verification and high confidence on the model parameter inputs

for both methamphetamine and amphetamine.

4.4.2 Simulation and verification of urine pH effect on renal excretion and systemic

disposition of methamphetamine and amphetamine
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After the successful verification of the methamphetamine systemic model, methamphetamine
urinary excretion was simulated as a function of time under different urine pH conditions. The
goal of these simulations was to test whether the effect of urine pH on methamphetamine excretion
could be simulated using the full body PBPK model coupled with the mechanistic kidney model.
Our simulations show that methamphetamine urinary excretion when urine is acidic (Figure 4.8a
red dashed curve) significantly exceeds the excretion when urine is alkaline (Figure 4.8a blue
dotted curve), and that the simulated urinary excretion profile of methamphetamine under alkaline
or acidic urine agrees with the observed data in human (Beckett and Rowland, 1965c). The
simulated excretion of methamphetamine with urine pH of 6.5 (Figure 4.8a black solid curve) is
in between the acidic and alkaline urine conditions (Figure 4.8a red and blue). The urine pH of 6.5
was selected to represent the estimated urine pH in individuals when urine pH is not controlled.
The calculated AAFE values met the 2-fold model acceptance criterion under all three urine pH
conditions (Figure 4.8a). The urine pH effect on urinary excretion was also simulated and
compared to a second observed study, shown in Figure 4.9. The percent dose excreted in urine as
methamphetamine was successfully captured under all three urine pH conditions, with all
calculated AAFE values meeting the 2-fold model acceptance criterion (Figure 4.9).

The urine pH effect on methamphetamine systemic disposition was also simulated (Figure 4.8b)
to explore the effect of changes in urine pH on methamphetamine exposure and half-life. The
calculated plasma methamphetamine AUCo.inf values under alkaline, uncontrolled, and acidic urine
conditions were 970, 542, and 284 pgxhr/L, respectively, after an oral dose of 11 mg
methamphetamine base, illustrating a dramatic impact of urine pH on methamphetamine systemic

exposure. The simulated plasma concentrations of methamphetamine were highest when urine was
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alkaline, followed by uncontrolled urine pH (urine pH = 6.5), and the plasma concentrations of
methamphetamine were the lowest when urine was acidic (Figure 4.8b).

Similar to methamphetamine, urine pH also plays a significant role in amphetamine urinary
excretion (Beckett and Rowland, 1965a). To recapitulate the urine pH effect on amphetamine renal
disposition, the urinary excretion of amphetamine was simulated under three different urine pH
conditions (Figure 4.10a). Compared to uncontrolled urine pH condition (urine pH = 6.5), alkaline
urine condition was predicted to result in a 97% decrease of urinary excretion of amphetamine,
while the observed decrease was 91%, resulting in a predicted over observed ratio of 1.07-fold
meeting the acceptance criterion of 2-fold. On the other hand, urine acidification was predicted to
result in a 48% increase of urinary excretion of amphetamine when compared to uncontrolled urine
pH condition, while the observed increase was 75%, resulting in a predicted over observed ratio
of 0.64-fold meeting the acceptance criterion of 2-fold.

The urine pH effect on amphetamine systemic disposition was also simulated (Figure 4.10b and c)
and compared to the observed data (Beckett et al., 1969). The AAFE values for the simulations of
acidic and uncontrolled urine pH met the 2-fold model acceptance criterion (Figure 4.10b and c).
The 2-fold criterion was used due to the small sample size in the observed studies (n=2).
Unfortunately, clinical data regarding the alkaline urine pH effect on amphetamine systemic
disposition were not available, and hence no verification was conducted for this condition. Based
on the simulations using the verified amphetamine model, the plasma amphetamine AUCo.int
values under alkaline, uncontrolled, and acidic urine conditions were 1325, 692, and 361 ugxhr/L,
respectively, after an oral dose of 11 mg amphetamine base, demonstrating a dramatic impact of

urine pH on amphetamine systemic exposure.
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4.4.3 Simulation and verification of plasma and urinary methamphetamine-amphetamine
parent-metabolite Kinetics

After the successful verification of methamphetamine (Figure 4.5) and amphetamine (Figure 4.6)
models, the parent-metabolite link was established to allow for simulation of amphetamine
disposition as a metabolite of methamphetamine. To verify the methamphetamine-amphetamine
parent-metabolite model, amphetamine plasma concentration-time profiles were simulated as a
metabolite after iv dosing of methamphetamine and compared to observed data. As shown in
Figure 4.11, all AAFE values were within the 0.8-to-1.25-fold acceptance criterion, indicating the
parent-metabolite linkage between methamphetamine and amphetamine was successfully
established and verified.

To evaluate the applicability of the verified parent-metabolite model to capture the
methamphetamine-amphetamine urinary kinetics, the urinary metabolite/parent concentration
ratio was simulated under uncontrolled urine pH (urine pH=6.5) and compared to the observed
data (Oyler et al., 2002) from a single subject after 4 consecutive doses of 10 mg or 20 mg
methamphetamine (Figure 4.12). The AAFE values for these simulations were within the 2-fold
acceptance criterion, which was used due to the small sample size (n=1). The urinary
metabolite/parent concentration ratio was also simulated under acidic and alkaline urine
conditions to explore the impact of varying urine pH on this measure. The simulation results
show that the urinary metabolite/parent concentration ratio can be affected by urine pH.
Particularly, alkaline urine resulted in a higher urinary Amph/Meth ratio. In addition, the percent
dose excreted in urine as methamphetamine and amphetamine was also simulated under
uncontrolled urine pH (urine pH = 6.5) and compared to the observed data (Figure 4.13). The

observed mean percent dose excreted in urine as methamphetamine and amphetamine were
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41.3% and 9.8%, respectively, while the predicted values were 40.6% and 8.2% respectively.
The observed amphetamine/methamphetamine ratio in urine was 0.26 while the predicted ratio
was 0.20. The predicted/observed values were all within the 2-fold acceptance criterion.
Together, these data suggest successful application of the model to simulate systemic and urinary

parent-metabolite Kinetics.
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45 Discussion

The effect of urine pH on renal excretion of drugs has been observed for a multitude of drugs in
humans (Macpherson et al., 1955; Beckett and Rowland, 1965a; c; Sharpstone, 1969; Sjoqvist et
al., 1969; Gerhardt et al., 1969; Gram et al., 1971; Kiddie et al., 1974; Chan, 1979; Muhiddin et
al., 1984; Benowitz and Jacob, 1985; Aoki and Sitar, 1988; Freudenthaler et al., 1998). In
addition, a plethora of medications and disease states have been reported to cause changes in
urine pH (Cook et al., 2007). For example, acetazolamide which was indicated for glaucoma and
edema has been shown to increase urinary pH in humans from 5.5 to 7.6 (Moviat et al., 2006). In
contrast, cholestyramine, indicated for hypercholesterolemia, was shown to induce metabolic
acidosis and therefore can decrease urinary pH to as low as 4.8 (Eaves and Korman, 1984).
Further, urine acidification is observed with diabetes, obesity, and chronic kidney disease
(Maalouf et al., 2004, 2010; Nakanishi et al., 2012), and urine alkalinization is observed with
vomiting and urinary tract infection (Yi et al., 2012; Lai et al., 2019). Therefore, the potential
impact of co-medications and comorbidities on urine pH and consequently renal drug clearance
can be commonplace and profound. Nonetheless, the overall effect of altered urine pH on urinary
drug concentrations, excretion profiles, systemic exposure, and the subsequent clinical
consequences has been underappreciated. In this study, we hypothesized that in silico modeling
could be used to understand and predict the effects of altered urine pH on drug and metabolite
renal and systemic disposition. The goal of this study was to integrate the verified mechanistic
kidney model (Huang and Isoherranen, 2018) with a parent-metabolite full body PBPK model
(Huang and Isoherranen, 2020) to examine the applicability of the final model to predict the
effect of varying urine pH on renal clearance and systemic exposure to assess the potential

clinical consequences, using methamphetamine and amphetamine as model compounds.
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Currently, the urine pH effect on renal clearance and systemic disposition have rarely been
considered when using in silico techniques to simulate drug and metabolite disposition. For
studies that specifically explore urinary excretion as a function of time, the urinary excretion
profiles were mostly simulated using simple first order urinary Kinetics (Ortiz et al., 2014;
Phillips et al., 2014; Adachi et al., 2015; Marchand et al., 2015; Yang et al., 2015) governed by a
fixed observed value such as elimination rate constant. Although these models may have
successfully recapitulated the observed data, they cannot be extrapolated to untested or altered
scenarios due to their non-mechanistic nature when simulating urinary kinetics. In contrast,
mechanistic modeling can be used to extrapolate drug disposition from known settings to
unstudied scenarios such as unstudied populations and unstudied drug co-administration
(Wagner et al., 2015b; Huang et al., 2017; Zhang et al., 2017; Hanke et al., 2018), and likely to
unstudied urine pH conditions.

Recently, the MechKiM model embedded in the Simcyp platform was used to predict renal
clearance and urine pH effects on renal clearance (Matsuzaki et al., 2019). In that study, seven
compounds were used as the test set to examine model performance, and the simulations were
conducted assuming uniform renal tubular filtrate pH throughout all renal segments. The overall
simulation results under the uncontrolled urine pH condition showed AAFE values ranging from
2.87 (assuming uniform tubular filtrate pH = 6.2) to 3.62 (assuming uniform tubular filtrate pH =
7.4). In comparison, our mechanistic kidney model which assumes a tubular pH gradient across
different tubular segments showed superior performance for a set of 35 non-neutral test
compounds with AAFE values of 1.83, 1.82, and 1.46 for weak bases, weak acids, and
zwitterions, respectively (Huang and Isoherranen, 2018). This better performance could be due

to our strategy to use a stepwise gradient for renal tubular filtrate pH to account for the naturally
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continuous acidification process of tubular filtrate, although other differences such as microvilli
consideration and a larger number (11 vs 7) of tubular compartments in our model may also
contribute to our better performance. Further, the previous study (Matsuzaki et al., 2019) showed
a relatively insensitive response of simulated renal clearance to urine pH changes. For example,
their simulated amphetamine renal clearance did not change with urine pH between 5 and 8,
which is inconsistent with the observed dramatic changes (Beckett and Rowland, 1965a; Beckett
et al., 1969). Conversely, our model accurately recapitulated the renal excretion of
methamphetamine and amphetamine under acidic (urine pH = 5.0), uncontrolled (urine pH =
6.5), and alkaline (urine pH = 8.0) urine conditions (Figure 4.10), and was previously shown to
capture the varying renal clearance of salicylic acid and memantine as a function of urine pH
(Huang and Isoherranen, 2018). We confirmed the importance of the stepwise gradient via an in-
house head-to-head comparison of the urinary methamphetamine excretion using our stepwise
pH gradients and the previously published (Matsuzaki et al., 2019) constant pH value. The
constant pH value approach failed to recapitulate the observed data under uncontrolled (AAFE =
2.2 or 6.5) and alkaline urine condition (AAFE = 13.6) (Figure 4.14) while the stepwise pH
gradient approach successfully (AAFE < 2) simulated methamphetamine urinary excretion
(Figure 4.9). Together, these results support that our PBPK model and strategy can capture the
mathematical relationship between urine pH and the corresponding apparent permeability,
passive reabsorption, and renal clearance successfully. More examination using additional
dataset is warranted for further validation of the full model.

Altered urine pH may also affect the systemic exposure of drugs and their metabolites if renal
clearance is an important elimination pathway. For example, amphetamine plasma AUC was

decreased by approximately 50% under acidic urine pH condition compared to uncontrolled
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urine pH condition (Beckett et al., 1969), and as urine pH is known to affect the renal clearance
for many drugs, such effects on drug AUC can be common. The modeling and simulation
workflow presented here offers a feasible approach to predict whether the drug exposure is
sensitive to changes in urine pH. To do this, it is important to construct both urine pH-sensitive
mechanistic kidney model and a full body PBPK model that captures drug absorption,
distribution, and other pathways of elimination such as hepatic metabolism and biliary excretion.
In this study, we first verified the full body PBPK model for methamphetamine (Figure 4.5) and
amphetamine (Figure 4.6), and then verified the urine pH effect on renal excretion (Figure 4.8a
and 4.10a), to ultimately simulate the urine pH effect on plasma AUC for methamphetamine
(Figure 4.8b) and amphetamine (Figure 4.10b and c). Based on the simulations, we also
predicted that urine alkalinization can increase plasma AUC of methamphetamine and
amphetamine by about 100% in comparison to uncontrolled urine pH due to increased passive
reabsorption and decreased renal clearance (Figures 4.8 and 4.10). Collectively, we showed a
modeling workflow that can serve as a robust and cost-effective method to assess how drug AUC
is altered when urine pH is changed due to co-medications or disease states.

The urine pH effect also impacts the interpretation of urinary concentration data. At present, the
urinary concentrations of drugs and metabolites have been widely used for understanding drug
pharmacokinetics, for phenotyping human subjects for certain metabolizing enzymes (Wedlund
et al., 1984; Chladek et al., 2000; VVogl et al., 2015), and for testing and screening for illicit drug
use (Fabbri, 2003; Moeller et al., 2017). As shown in Figures 4.8 and 4.10, the changes in urine
pH will change the renal excretion and therefore urinary concentration-time profile. Further,
simulations in Figure 4.12 suggest that urinary metabolite/parent ratio can also be influenced by

urine pH changes. Currently, urine samples collected at a single time point often serve as the
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direct proxy for data interpretation, without the quantitative consideration of the confounding
effect of different urine pHs on urinary disposition. As such, analysis of drug concentrations in
the collected urine samples may lead to misinterpretation and suboptimal decision making. The
modeling and simulation approach described here, together with the measurement of urine pH
values, can aid in interpreting urinary excretion data and help to minimize false negative and
false positive readings.

In conclusion, this study shows that the previously developed and verified mechanistic kidney
model together with the full body parent-metabolite PBPK model can accurately predict the
effect of urine pH on methamphetamine and amphetamine renal clearance, plasma concentration-
time profile and systemic and urinary parent-metabolite kinetics. These results suggest that
mechanistic PBPK models can be generally applied to predict the potential impact of co-
medications and comorbidities on parent-metabolite renal and systemic disposition due to altered
urine pH. The modeling workflow and approach established here is likely to be useful in
assessing the sensitivity of new compounds’ disposition to changes in urine pH, especially for

weak acids and bases that have substantial permeability.
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Table 4.1. Clinical studies used for model development and verification of methamphetamine

and amphetamine

Predicte Predicte
Dgfs € Ot,azrt\r/]ed Predicted d/Obser Observed Predicted d/Obser Observe
Rou Infusion ) Meth AUC,- ved Amph AUCo-  Amph AUCo.- ved
Study Drug n drug AUCo.in dCL,
Base te length (ngxhr/mL inf Meth inf inf Amph (Lhr)
(mg) Y ) (ngxhr/mL) AUC (ngxhr/mL) (ngxhr/mL) AUC
9 ratio ratio
Training set
;(')fga"’ Meth 12 178  iv.  1minute 1023 959.0 0.94 - - - 8.09
CDER 21-
303 trial Amph 8 4.7 p.o. - - - - 300 295 1.02 -
371.404
Rowland
1969 Amph 3 7.3 p.o. - - - - - - - 7.14
Test set for systemic disposition
fggsk etal, Meth 6 124  iv.  1minute 787 685 0.87 157 131 1.20 -
Mendelson . .
etal. 1995 Meth 8 241 iv. 1 minute 1330 1328 1.00 - - - -
Harris et al., . 15
2003 Meth 4 5 (A2 minutes 248 276 111 - - - -
Harisetal, w8 10w 15 514 551 1.07 94.1 106 0.89 -
2003 minutes
Mendelson Meth 12 184  iv.  1minute 1010 1013 1.00 173 194 0.89 -
etal., 2006
Mendelson Meth 12 368  iv.  1minute 1978 2026 1.02 353 389 091 -
etal., 2006
Perez-Reyes
etal., 1091 Meth 6 8 p.o. - - - - - - - -
CDER 11-
522 trial Amph - 14.1 p.o. - - - - 884 886 1.00 -
371.101
CDER 11-
522 trial Amph - 4.7 p.o. - - - - 290 295 0.98 -
371.102
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Table 4.2. Physicochemical and pharmacokinetic parameters of methamphetamine and
amphetamine used in the full body parent-metabolite PBPK model with the integrated

mechanistic kidney model and peripheral arm vein sampling site.

Parameter Methamphetamine Amphetamine

Physicochemical

Molecular weight (g/mol) 149.232 135.212
Compound type Base® Base®
pKa 10.212 10.012
LogP 2.23° 1.85°
fup 0.77° 0.82
B/P 1.04° 1.04°
MDCK cellular permeability (10 cm/s) 29.1° 26.9°
Absorption
ka (hr?) 5¢ 5¢
Fa 1° 1°
Fq 1¢ 1°
Distribution
Kpadipose 3¢ 2d
K bone 3¢ 24
Ko brain 9.67° 9.67¢
Kp gastrointestinal tract 25.2¢ 25.28
Kp heart 5.21¢ 5.21¢
Kp kidney 14.5° 14.5¢
Kop.iiver 25° 25¢
Ko ung 6.94° 6.94¢
Ko muscte 3 2d
Ko pancreas 12.7¢ 12.7¢
Kpskin 3¢ 2¢
Kpspleen 11¢ 11¢
Metabolism
CLotar (L/hr) 18.07 (i.v.) 15.8% (p.o.)
CLy (L/hr) 9.91" 741"
CLintrinsic (L/hr) 14.4" 9.87"
CL¢ (L/hr) - 3.29
Excretion
CL,(L/hr) 8.09" 7.14
CLsection (L/hr) 48 (16x3) 30K (10x3)
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fup, fraction unbound in plasma; B/P, blood-to-plasma ratio; MDCK, Madin-Darby canine kidney;
ka, absorption rate constant from gut lumen to blood; F,, fraction absorbed; Fg, fraction passed the
enterocyte; K, tissue-to-plasma partition coefficient for specific organ/tissue; CLtotal, total body
clearance (intravenous administration for methamphetamine; oral administration for
amphetamine); CLn, hepatic clearance; CLintrinsic, metabolic intrinsic clearance; CL¢, formation
clearance; CL:, renal clearance; CLsection, renal active secretion clearance at proximal tubule

(clearance value of each proximal subsegment S1, S2, and S3) Collected from www.drugbank.ca,

bMeasured from experiments, “Assumed as described in Materials and Methods, “Optimized as
described in Materials and Methods, é(Volkow et al., 2010), f(Li et al., 2010), 9(CDER, 2001),
h"Derived as described in Materials and Methods 'Derived based on (Lane and Levy, 1980; CDER,

2001; Newton et al., 2005), I(Rowland, 1969), kOptimized as described in Materials and Methods
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Table 4.3. Setup of the pH gradient for the different sub-segments of the model used to simulate

the effect of altered urine pH on renal clearance.

Controlled acidic | Controlled alkaline

Segment Uncontrolled urine pH urine pH urine pH
Proximal tubule; | 7.2 7.2 7.4
Proximal tubule; | 7.1 6.8 7.4
Proximal tubulez | 7 6.4 7.4
Loopofhenlep |7 6.0 7.4
Loop of henlea |7 6.0 7.4
Distal tubule 6.9 5.8 7.4
Collecting duct; | 6.8 5.6 7.4
Collecting duct, | 6.7 54 7.4
Collecting ducts | 6.6 5.2 7.6
Collecting ducts | 6.5 5.0 7.8
Collecting ducts | 6.5 5.0 8.0
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Figure 4.1. Structure of the developed mechanistic kidney-integrated parent-metabolite full body
PBPK model.

Schematic presentation of the physiologically based parent-metabolite pharmacokinetic model
with a mechanistic kidney model and peripheral arm vein sampling site incorporated. The renal
artery that connects central artery to the entrance of the mechanistic kidney model is shown in
red dashed lines. The renal vein that connects the exit of mechanistic kidney model to the central
venous compartment is shown in blue dashed lines. The transporter-mediated active secretion or
active reabsorption is shown in black dotted arrows. The bidirectional pH-dependent passive
diffusion is shown in double arrows. The peripheral arm vein sampling sites are shown in orange
with forearm anastomoses shown in magenta. The intravenous and oral dosing are shown in
green. Qxidney, renal blood flow; Qurine, urine formation flow; GFR, glomerular filtration rate; i,

the number of subsegment each segment is divided into.
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Figure 4.2. MDCK permeability for methamphetamine measured from both A-to-B side and B-

to-A side on three different days.
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Figure 4.3. MDCK permeability for amphetamine measured from both A-to-B side and B-to-A

side on three different days.
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Figure 4.4. The overall workflow for developing and verifying the full body parent-metabolite
PBPK model of methamphetamine and amphetamine for the simulation of urine pH-dependent
systemic disposition and urinary excretion.

Meth, methamphetamine. Amph, amphetamine. fu,p, unbound fraction in plasma. B/P, blood-to-
plasma ratio. MDCK, Madin-Darby canine kidney. Papp, experimentally determined apparent
cellular permeability. CLiv, total body clearance measured after intravenous dosing. CLpo, total
body clearance measured after oral dosing. CLr, renal clearance. PET, positron emission

tomography. AAFE, absolute average fold error. M/P, metabolite-to-parent ratio.
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Figure 4.5. Simulation of methamphetamine (Meth) plasma concentration-time profile after iv
dosing.

Methamphetamine plasma concentration-time profiles were simulated after intravenous dosing
and the simulated plasma concentrations (shown in red) were compared to the observed data
(shown in blue) from 6 different test sets. The calculated AAFE value for each dataset is shown
in each panel. The observed data for methamphetamine are from (a) (Cook et al., 1993), (b)
(Mendelson et al., 1995), (c) (Harris et al., 2003), (d) (Harris et al., 2003), (e) (Mendelson et al.,

2006), and (f) (Mendelson et al., 2006).
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Figure 4.6. Simulation of methamphetamine (Meth) and amphetamine (Amph) plasma
concentration-time profiles after oral dosing.

Methamphetamine and amphetamine plasma concentration-time profiles were simulated after
oral dosing and the simulated plasma concentrations (red lines) were compared to the observed
data (blue circles) from 3 different test sets. The calculated AAFE value for each dataset is
shown in each panel. The observed data for methamphetamine (a) are from (Perez-Reyes et al.,

1991), and the observed data for amphetamine (b and c) are from (CDER, 2002).
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Figure 4.7. Comprehensive verification plot.

Plot of predicted versus observed plasma AUC (panel a and b) and plasma concentration (panel ¢
and d) for methamphetamine (panel a and c) and amphetamine (panel b and d). Panels ¢ and d
contain all the mean plasma concentration data from clinical studies used in the model
development and model verification, and include observed data points and simulation results

from Figures 4.5 and 4.6.
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Figure 4.8. Simulation of the urine pH effect on methamphetamine urinary excretion and plasma
concentration-time profile of methamphetamine (Meth).

Methamphetamine urinary excretion profiles (a) and plasma concentration-time profiles (b) were
simulated after 11 mg methamphetamine oral administration under acidic urine pH condition
(red dashed curves), uncontrolled urine pH condition (black solid curves), and alkaline urine pH
condition (blue dotted curves). Simulated methamphetamine urinary excretion as a function of
time was compared to observed data (N=1) under 3 different urine conditions (Beckett and
Rowland, 1965c¢) shown in red squares (acidic urine), black circles (uncontrolled pH urine), and
blue triangles (alkaline urine). The calculated AAFE values for all three urine conditions are

shown in the insets.
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Figure 4.9. Simulation of the urine pH effect on methamphetamine urinary excretion profile
using stepwise pH gradient strategy (Table 4.3).

Cumulative percent dose excreted in urine as methamphetamine as a function of time was
simulated after 11 mg methamphetamine oral administration under uncontrolled urine pH
condition (panel a), acid urine pH condition (panel b), and alkaline urine pH condition (panel c),
and compared to observed data (Beckett and Rowland, 1965) shown in the blue circles. The

calculated AAFE values for each dataset are shown in the insets.
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Figure 4.10. Simulation of the effect of urine pH on the urinary excretion and plasma
concentration-time profile of amphetamine.

Amphetamine urinary excretion over 48 hours (uncontrolled urine pH shown in black), 16 hours
(alkaline urine pH shown in blue), and 16 hours (acidic urine pH shown in red) was simulated
after 11 mg amphetamine oral administration (a). The observed individual data of amphetamine
excretion are shown in circles (Beckett and Rowland, 1965a). The mean simulated amount (as
percent of dose) of amphetamine excreted in urine under each urine pH condition is shown in
triangles with 2-fold error bars. Simulated (curves) amphetamine plasma concentration-time
profiles (b and c) are shown in comparison to the observed (open symbols, (Beckett et al., 1969))
data in two individual subjects under uncontrolled urine pH (black symbols and solid curve),
acidic urine pH (red symbols and dashed curve), and alkaline urine pH (blue dotted curve) after
11 mg oral administration of amphetamine. The calculated AAFE values for each individual
subject are shown. AAFE.n represents the calculated AAFE comparing simulated and observed
amphetamine plasma concentrations under uncontrolled urine pH. AAFEcid represents the
calculated AAFE comparing simulated and observed amphetamine plasma concentrations under

acidic urine pH.
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Figure 4.11. Simulation of plasma amphetamine concentration-time profile as a metabolite after
iv dosing of methamphetamine.

Amphetamine plasma concentration-time profiles were simulated (shown in red curves) as the
metabolite of methamphetamine after iv dosing of methamphetamine and compared to the
observed data (shown in blue circles) from 4 test sets. The calculated AAFE values were all
within the 0.8-to-1.25-fold range. The observed data of amphetamine are from (a) (Cook et al.,

1993), (b) (Harris et al., 2003), (c) (Mendelson et al., 2006), (d) (Mendelson et al., 2006).
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(amphetamine/methamphetamine) urinary concentration ratio after multiple oral doses of

methamphetamine.

Amphetamine/methamphetamine urinary ratio was simulated under acidic urine pH condition
(red curves), uncontrolled urine pH condition (black curve), and alkaline urine pH condition
(blue curve) after 4 consecutive oral doses of methamphetamine and compared to the observed

urinary ratio (black circles) from 2 test sets (Oyler et al., 2002) with 10 mg dose (panel a) and 20

mg dose (panel b) under uncontrolled urine pH condition. The calculated AAFE values

comparing simulation and observation under uncontrolled urine pH condition are shown in

insets.
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Figure 4.13. Simulation of the amount of methamphetamine and its metabolite amphetamine
excretion into urine (as a percent of methamphetamine dose) after multiple oral dosing of
methamphetamine.

Panel (a) shows the simulated fraction (in red square with two-fold error bars) of
methamphetamine dose excreted into urine as methamphetamine and amphetamine (expressed as
a percent of methamphetamine dose) after 4 oral doses of 10 mg methamphetamine and
assuming urine pH of 6.5 to mimic uncontrolled urine pH. The simulated Amph/Meth urinary
excretion ratio (in red square with two-fold error bars) based on the data presented in (a) is
shown in panel (b). The observed data (Kim et al., 2004) for individual subjects are shown in

blue circles and observed means are shown in blue triangles.
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Figure 4.14. Simulation of the urine pH effect on methamphetamine urinary excretion profile
using previously published fixed pH strategy (Matsuzaki et al., 2019).

Cumulative percent sdose excreted in urine as methamphetamine as a function of time was
simulated after 11 mg methamphetamine oral administration under uncontrolled urine pH
condition (panel a and b) using a fixed tubular filtrate pH value of 7.4 (panel a), a fixed tubular
filtrate pH value of 6.2 (panel b), and alkaline urine pH condition using a fixed tubular filtrate pH
value of 8.0 (panel c), and compared to observed data (Beckett and Rowland, 1965) shown in the
blue circles. The calculated AAFE values for each dataset are shown in the insets. Except for the

pH gradient all other parameters are identical to Figure 4.9.
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Chapter 5. NOVEL MECHANISTIC PBPK MODEL TO PREDICT
RENAL CLEARANCE IN VARYING STAGES OF CKD BY
INCORPORATING TUBULAR ADAPTATION AND DYNAMIC

PASSIVE REABSORPTION

This chapter was submitted to CPT: Pharmacometrics & Systems Pharmacology on May 15™

2020
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5.1 Abstract

Chronic kidney disease (CKD) exhibits significant effects on the renal clearance (CL:) of drugs.
Physiologically-based pharmacokinetic (PBPK) models were recently used to specifically predict
CKD effects on transporter-mediated renal active secretion and CL, for hydrophilic
nonpermeable compounds. However, no study has shown systematic PBPK modeling of renal
passive reabsorption or CL, for hydrophobic permeable drugs in CKD. Our analyses
unequivocally show a dramatic nonlinear effect of CKD on renal passive reabsorption for
permeable drugs, resulting in an over 7-fold error if using a proportional GFR scaling/reduction
approach to predict CL; in CKD. Thus, our goal was to expand our previously developed and
verified mechanistic kidney model to incorporate the physiologically-based tubular changes of
reduced water reabsorption/increased tubular filtrate flow per remaining functional nephron in
CKD, and use the final adaptive kidney model to predict renal passive reabsorption and CL,
across varying degrees of renal impairment. Our results show that this adaptive kidney model
successfully (absolute-fold-error (AFE) all<2) predicted CL; of 20 permeable and nonpermeable
test compounds with differing physicochemical properties in all stages of CKD without any
optimization/empirical scaling. In contrast, proportional GFR reduction approach generated
unacceptable CL, predictions (AFE=2.61-7.35) in severe CKD. Finally, the adaptive kidney
model accurately predicted CL, of PAH and memantine (two secreted compounds) in CKD,
suggesting successful integration of active secretion into the model, along with passive
reabsorption. Together, our novel adaptive kidney model captures physiologically-based tubular
changes in CKD, enabling successful translation from in vitro plasma unbound fraction and

permeability estimates into in vivo CL throughout CKD progression.
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5.2 Introduction

Chronic kidney disease (CKD) is a progressive illness that is pathologically heterogeneous
(Levey and Coresh, 2012) and systemic (Zoccali et al., 2017). It is mainly characterized by
declining functional nephron mass and glomerular filtration rate (GFR) (Bricker et al., 1960). As
such, GFR is a critical index for CKD diagnosis, progression, and classification (KDIGO, 2013).
Clinically, patients with severe (stage 4, GFR~15-29 mL/min) and end stage (stage 5, GFR<15
mL/min) CKD are at high risk for comorbidities, polypharmacy, and adverse drug reactions
(Thomas et al., 2008; Chapin et al., 2010; Secora et al., 2018; Schmidt et al., 2019),
necessitating careful medication management due to dramatically altered pharmacokinetics (PK)
associated with CKD. As a result, clinical characterization of drug disposition in CKD patients is
critically important. Prior to dedicated renal impairment studies during drug development,
predicting the disease effects on drug PK and estimating the optimal dosing regimen is
challenging and often unreliable. Empirically, for highly renally eliminated drugs, the optimal
regimen can be estimated by reducing the dosage proportionally with the estimated (Cockcroft
and Gault, 1976; Levey et al., 2009) GFR lost in target patient population. This assumes all renal
drug handling pathways and therefore renal clearance (CL) decrease proportionally with
filtration. Indeed, this proportional assumption is supported by clinical data for multiple
predominantly filtered drugs (Blair et al., 1981; Blum et al., 1994) without significant secretion
or reabsorption.

However, for highly renally secreted drugs, CL: may decrease more than proportionally with
GFR in stage 4/5 CKD (Hsueh et al., 2016; Chapron et al., 2017), possibly due to inhibition of
renal transporters by accumulated uremic solutes. Further, for highly renally reabsorbed drugs,

CL; can decrease less than proportionally with GFR in stage 4/5 CKD (Welling et al., 1975;
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Houghton et al., 1985; Montay et al., 1985). Together, observed clinical data consistently show
that empirical/proportional GFR scaling approach may not accurately predict CL; in severe CKD
due to the multiplicity and convoluted interaction of disease effects on renal drug handling. To
overcome this challenge, physiologically-based pharmacokinetic (PBPK) models that capture the
disease-specific characteristics are potentially able to predict CKD effects on drug PK, although
such practice is currently considered as low-confidence application by regulatory agencies
(Grimstein et al., 2019; US Food and Drug Administration (FDA)., 2019). Recently, PBPK
modeling has been used to specifically predict the CKD effect on renal active secretion (Hsu et
al., 2014; Hsueh et al., 2018; Yee et al., 2018), but the test drugs used for model verification all
lack significant permeability and hence passive reabsorption. At present, no PBPK model could
quantitatively predict the alterations in renal passive reabsorption or CL; for highly reabsorbed
drugs in CKD, let alone systematically capture the diverse effects of CKD on renal elimination.
Physiologically, CKD patients showed reduced water reabsorption/increased tubular filtrate
flows per remaining functional nephron (Lindberg et al., 1966; Sharpstone, 1969; Welling et al.,
1973, 1975; Yeh et al., 1975; Fukuda et al., 2006; Nechita et al., 2015) as an adaptation
mechanism. This is to adjust for the reduced number of functional nephrons and reduced GFR, to
maintain critical homeostasis such as extracellular fluid volume and plasma sodium
concentration (Biber et al., 1968; McNay and Miyazaki, 1973; Yeh et al., 1975; Pennell and
Bourgoignie, 1981; Fukuda et al., 2006). We hypothesized that such physiological adaptation in
renal tubular water reabsorption and tubular filtrate flow will dramatically decrease the drug
concentration gradient between intratubular filtrate and peritubular blood, leading to reduced
passive reabsorption and higher CL; than expected from residual GFR alone in CKD. Indeed, this

hypothesis is supported by observed data (Welling et al., 1975; Houghton et al., 1985; Montay et
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al., 1985) for various permeable drugs such as pefloxacin, metronidazole, and minocycline. For
these drugs, the observed CL, in CKD patients were reduced to 30-37% of healthy when residual
GFR were only 4-9% of healthy (Welling et al., 1975; Houghton et al., 1985; Montay et al.,
1985), demonstrating an over 7-fold disproportionality between resulting CL and GFR.

To simulate the CKD effect on tubular passive reabsorption, we expand our previously
developed and verified mechanistic kidney model (Huang and Isoherranen, 2018) to incorporate
the physiologically-based tubular changes of reduced water reabsorption/increased tubular
filtrate flow per remaining functional nephron for each renal subsegment across varying CKD
stages. The final adaptive kidney model enables the translation from in vitro drug permeability
into degree of passive reabsorption and renal clearance value and was validated using a set of 20
compounds with differing properties without any optimization or empirical scaling throughout

the progression of CKD from healthy to the end stage.
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5.3 Methods

5.3.1 Development and sensitivity analyses of proportional model and novel adaptive

kidney model for CKD

Two distinct kidney disease models were built using MATLAB and Simulink platform (R2018a;
MathWorks, Natick, MA) to predict CL; in patients with different stages of CKD. Both models
were established based on our previously published and verified physiologically-based
mechanistic kidney model(Huang and Isoherranen, 2018) for healthy humans, but with modified
system parameters to reflect physiological changes in CKD. The first model, a proportional model,
was built assuming all functions of the nephron, all pathways of renal drug handling, and therefore
the values of CL, decline proportionately with GFR. The second model, an adaptive model, was
built by accounting for the tubular adaptation of reducing water reabsorption/increasing water
excretion per remaining functional nephron, as observed in many CKD patients (Lindberg et al.,
1966; Sharpstone, 1969; Welling et al., 1973, 1975; Yeh et al., 1975; Fukuda et al., 2006; Nechita
etal., 2015). In both models, all of the volume (n=33), surface area (n=22), peritubular renal blood
flow (n=12), basolateral uptake clearance (n=3) and apical efflux clearance (n=3) parameters were
reduced proportionally with GFR by multiplying the baseline parameters in healthy subjects by
the fraction of GFR remaining (ratio of GFR; in a specific CKD stage; over 120 mL/min, the
healthy GFR). The major distinction between the proportional and adaptive models is the
parameterization of renal tubular filtrate flow (TFF) in CKD patients. In the proportional model,
all TFF parameters were decreased proportionally with GFR, as for other model parameters. In
contrast, the adaptive model incorporates the physiologically-based adaptation of tubular water
reabsorption in CKD patients to parameterize TFF and therefore TFF decreases less than

proportionally in relation to GFR. Quantitatively, a set of tubular subsegment-specific adaptation
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factor (AFi) was calculated based on reported mean urine formation of 0.62 mL/min (62% of
healthy urine flow) in CKD patients (n=216) with a mean GFR of 10 mL/min (8.3% of healthy
GFR) (Nechita et al., 2015). Physiologically and mathematically, the magnitude of adaptation of
TFF in CKD patients must be different in different tubular subsegments. The inflow of the first
subsegment of the proximal tubule must equal GFR and as such must decline proportionally with
GFR. Similarly, the outflow of the last subsegment of the collecting duct must match the observed
urine flow in CKD patients and hence decline much less than GFR. For example, at a GFR of 10
mL/min, the observed urine flow is 7.5-fold higher than what would be expected from the change
in GFR (Nechita et al., 2015). Based on these boundaries, the tubular subsegment-specific AF

(AF;) for each TFF was calculated using Equation 1:

max —min
naﬁgloTFFLH—l) (1)

Adaptation Factor; (AF;) = min+

1+10

where min represents the minimum adaptation capacity of 0, max represents the maximum
adaptation capacity of 0.57, n is analogous to Hill coefficient which was set at 1.80. TFFin
represents the individual value of renal tubular filtrate flow entering each tubular subsegment
(including bladder) in healthy subjects (i.e. GFR = 120 mL/min) where i ranges from 1 to 12
and H stands for healthy state.

To incorporate the calculated AF; into the subsegment-specific TFF at a given GFR (GFR)), a

scalar was defined using Equation 2:

GFR;
Scalar;; =1—(1— Fo]) x (1 —AF) (2)
where GFR; represents the specific GFR value (mL/min) of CKD patients of interest (j ranges
from 5 to 120 mL/min), GFR;/120 represents the remaining renal function in specific CKD

patients, and AF; is the subsegment-dependent adaptation factor as defined by Equation 1.
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Finally, the TFFij,ckp for each tubular subsegment (i ranges from 1 to 12) at different stages of
CKD (j ranges from 5 mL/min to 120 mL/min) was calculated using Equation 3:

TFFijckp = TFF;y X Scalar;; 3
where TFFin represents renal tubular filtrate flow entering each tubular subsegment (including
bladder) in healthy subjects and the Scalar;; is defined by Equation 2. The full set of calculated
AF values and representative TFF values are shown in Table 5.1 and Table 5.2. Each GFR
input value results in a different set of TFF values for all 12 subsegments, producing a unique
CKD stage-specific kidney model that describes the diseased renal tubular system at that level
of renal impairment.

To ensure model integrity and evaluate sensitivities of CL, to drug properties and
physiological parameters, five sets of local sensitivity analyses were conducted to evaluate the
impact of drug permeability (Papp = 1-100x10°° cm/s), plasma unbound fraction (f,p=0.1-1),
peritubular renal blood flow (300-1000 mL/min), unbound intrinsic basolateral uptake
transport clearance (CLuptake = 10-3000 mL/min), and unbound intrinsic apical efflux transport
clearance (CLeffiux = 10-3000 mL/min) on simulated CL, using both proportional and adaptive

models across varying levels of renal impairment.

5.3.2 Prediction of CL for 20 test compounds in varying stages of CKD using

proportional model and novel adaptive kidney model

To assess the performance of the proportional and adaptive models in predicting CL; with

declining GFR, the CL; of 20 test compounds were simulated and compared to the observed values.

The 20 test compounds included three parent-metabolite pairs, six nonpermeable drugs, six highly

permeable drugs, all of which lacked significant secretion (CL; < 1.25xf,pGFR, Table 5.3) and
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two renally secreted compounds. All the permeable non-secreted drugs are highly renally
reabsorbed (1-CL/(fupxGFR) ~ 72% to 97%, Table 5.3). The collected pKa values, in vitro
permeability data, fup, and observed CL; values in healthy subjects and stage4/5 CKD patients are
summarized in Table 5.3. Overall, the 20 test compounds had a wide range of pKa values (2.9-
11.5), in vitro permeabilities (0.1-120x10° cm/s), fup (0.05-1), and CL, in healthy subjects (0.42-
599 mL/min) and in patients with CKD stage 4/5 (0.19-76.4 mL/min), providing a robust dataset
to verify the new adaptive model and to differentiate the performance of the adaptive and
proportional models.

Renal clearances of all 20 test compounds were simulated as described before (Huang and
Isoherranen, 2018) using both proportional and adaptive models with GFR input value
decreasing from 120 mL/min to 5 mL/min with a decrement of 1 mL/min. Plasma unbound
fraction and permeability were compound-specific input parameters and uptake/efflux transport
clearances were set as 0 for all test compounds except para-aminohippuric acid (PAH) and
memantine, for which previously published transport clearance values(Huang and Isoherranen,
2018) were used. The simulated CL, using both proportional and adaptive models were
compared to the observed values at different stages of CKD. To quantitatively evaluate the
performance of proportional and adaptive models, absolute fold error (AFE) (Equation 4)
between the simulated and observed mean CL. in severe/end stage (i.e. stage 4/5) of CKD

patients along with a 2-fold acceptance criterion was used.

Simulated Mean

AFE = 10|log10 Observed Mean (4)
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5.4 Results

5.4.1 Development of proportional model and novel adaptive kidney model for CKD

To predict CL, of drugs in CKD patients, the proportional and adaptive models were developed
and tested. In the proportional model, all TFF are reduced proportionally with GFR (Figure 5.1)
resulting in a predicted urine flow that is reduced by same percentage as GFR. For a GFR of 10
mL/min (91.7% decrease from 120 mL/min), the proportional model predicts a urine flow of 0.083
mL/min, which is 87% lower than the observed urine flow of 0.6 mL/min (Nechita et al., 2015).
In contrast, in the adaptive model, the TFF values are reduced (Equation 3) by scalars (Equation
2) defined by the remaining GFR and the adaptation factors (Equation 1), resulting in a urine flow
of 0.6 mL/min (Figure 5.1) when GFR = 10 mL/min, better matching the observed data (Nechita
etal., 2015). This suggests that the adaptive model successfully captures the physiological changes
in renal tubules of remaining functional nephrons in CKD patients. Table 5.1 summarizes the
representative TFF predicted using both adaptive and proportional models at GFRs of 80 mL/min,
40 mL/min, 20 mL/min, and 5 mL/min. At mild CKD (GFR = 80 mL/min), the difference of TFF
values between proportional and adaptive models was small, with a maximum of 28% difference
in the final urine flow. However, the difference in urine flow between proportional and adaptive
models increased with declining GFR reaching a ~200% difference in moderate CKD (GFR = 40
mL/min), ~400% difference in severe CKD (GFR = 20 mL/min), and ~1,400% difference in the

end stage CKD (GFR =5 mL/min).

5.4.2 Sensitivity analyses of proportional model and novel adaptive kidney model for

CKD
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To further test which drug- or system-specific parameters impact the CL; predictions across
varying levels of renal impairment, sensitivity analyses were conducted to examine the effects of
drug permeability, fup and peritubular renal blood flow. For the proportional model, the decrease
in CL, with decreasing GFR was unaffected by drug permebility (Figure 5.2a), while for the
adaptive model the decrease in CL with decreasing GFR was highly sensitive to drug premeability
(Figure 5.2b). Using the adaptive model, when GFR decreased by 96% to 5 mL/min, the simulated
CL, for drugs with low permeability (e.g. 1x10® cm/s) also decreased by 96%, while the simulated
CL, for drugs with high permeability (e.g. 100x10° cm/s) only decreased by 32%, resulting in
dramatic difference in the predicted effect of CKD on CL; (Figure 5.2b). Overall, the adaptive
model predicts dramatically different effects of CKD on CL, than the proportional model for drugs
with moderate to high permeability (>10x10 cm/s) in severe/end stage CKD (GFR<30 mL/min)
(Figure 5.2c). As expected, fup correlated negatively with simulated CL; (Figure 5.2d and e), and
had no impact on the difference in simulated CL between proportional and adaptive models
(Figure 5.2f). Further, peritubular renal blood flow had no effect on simulated CL, regardless of

CKD stage in both proportional and adaptive models for non-secreted drugs (Figure 5.2g-i).

5.4.3 Prediction of CL for non-secreted compounds in varying stages of CKD and
verification of adaptive kidney model

To verify the adaptive model for different stages of CKD, the CL; of 18 non-secreted compounds
at different stages of CKD (GFR 120 mL/min to 5 mL/min) were predicted and compared to
observed CL,. First, the CL, of all compounds were simulated in healthy subjects
(GFR=120mL/min) based on reported f,p and in vitro permeability (experimentally determined or

optimized in healthy subjects) and all predicted CL; values were within 2-fold of the observed
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(Table 5.3), confirming satisfactory baseline simulation in healthy subjects and appropriate model
parameterization. In healthy subjects, the adaptation was 0, therefore, both adaptive and
proportional models resulted in identical simulation results (Figures 5.3-5.5) when GFR input was
120 mL/min.

To evaluate the performance of adaptive and proportional models with decreasing GFR (advancing
CKD), three pairs of permeable drugs and their respective nonpermeable glucuronide metabolites
studied concomitantly were used as the first test set. For all three permeable drugs, the adaptive
model successfully predicted the CL; across the entire range of GFRs considered (Figure 5.3a-c)
while the proportional model only predicted the CL, acceptably in mild CKD where physiological
changes are not drastic. As shown in stage 4/5 CKD (Figure 5.3d-f), the calculated AFEa ranged
from 1.03 to 1.28 using adaptive model while the calculated AFEp were all > 2 using proportional
model. This suggests successful verification of the adaptive model in predicting CL, at all stages
of CKD, and inadequate performance of the proportional model for severe/end stage of CKD. For
the nonpermeable glucuronide metabolites measured in the same studies, both adaptive and
proportional models successfully predicted the CL; (Figure 5.3g-i) across varying levels of renal
impairment including CKD stage 4/5 (AFE 1.14-1.38, all < 2) (Figure 5.3j-1).

For further verification, the adaptive and proportional models were evaluated using six
nonpermeable drugs that are predominantly filtered without significant reabsorption or secretion
(Figure 5.4) and six permeable drugs that are significantly renally reabsorbed (Figure 5.5). Both
adaptive and proportional models successfully predicted the CL; for all six nonpermeable drugs
across varying levels of renal impairment including CKD stage 4/5 (Figure 5.4a-c and g-i), with
calculated AFEA of 1.00-1.76 and AFEp of 1.02-1.65, all < 2 (Figure 5.4d-f and j-I). In addition,

the ratio between AFEa and AFEp for each individual drug was within the 0.8-to-1.25 range for
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all non-permeable test drugs, suggesting an equivalent performance between adaptive and
proportional models for CL, prediction for non-permeable and non-secreted compounds. In
contrast, the performance of the adaptive model was considerably better than the proportional
model (Figure 5.5) for advanced CKD stages for permeable compounds that undergo significant
renal reabsorption (83% to 97%) (Table 5.3). The adaptive model successfully (AFEa = 1.05-1.73,
all < 2) predicted the CL, across varying levels of renal impairment, including stage 4/5 CKD
(Figure 5.5), suggesting high confidence in the use of the adaptive model to predict CL; in CKD
patients. In contrast, discrepancy between the proportional model-simulated CL, and observed CL,
was pronounced as the GFR decreased (Figure 5.5). At stage 4/5 CKD, the proportional model
dramatically underpredicted the CL, (AFEpr = 2.61-7.35, all > 2) with 83% of drugs having AFEp
> 3 (Figure 5.5). This demonstrates alarming inappropriateness of applying a proportional model

(or proportional GFR scaling of CL;) in CKD patients for drugs with medium-to-high permeability.

5.4.4 Prediction of renal clearance for secreted compounds in varying stages of CKD

To test whether the adaptive model could incorporate tubular secretion and predict the impact of
CKD on the CL; of secreted drugs, two sets of local sensitivity analyses were first conducted for
uptake and efflux transport clearance after their incorporations as described in our previously
published model (Huang and Isoherranen, 2018). The simulated CL, showed a strong positive
association with CLuptake at all stages of CKD, with gradually lessened sensitivity as increasing
CLuptake Surpassed 1,000 mL/min, the average renal blood flow of healthy human subjects
(Figure 5.6a). Conversely, the simulated CL showed weak sensitivity with CLesiux at all stages
of CKD, suggesting that apical efflux is not the rate-determining step for CL, (Figure 5.6b). The

adaptive model was then used to predict CL, of two secreted compounds, PAH and memantine,
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across a range of GFRs (5-120 mL/min) and compared to the observed data. Overall, the
simulation results for PAH and memantine agreed with the observed CL; for all stages of CKD
(Figure 5.5) with high accuracy (AFE 1.10-1.12, CKD stage 4/5). This suggests that the adaptive
model can be used to predict CL, of secreted compounds as well in varying stages of CKD in

addition to non-secreted drugs.
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5.5 Discussion

PBPK modeling has been proposed as a promising tool to predict drug disposition in complicated
and unknown scenarios (Rowland Yeo et al., 2011; Grillo et al., 2012; Zhao et al., 2012; Sayama
et al., 2014) due to its mechanistic capability of integrating multiple complex interactions.
Indeed, great progress has been made in PBPK modeling of CKD effects on drug disposition,
with special attention focused on altered hepatic metabolism (Zhao et al., 2012; Yeung et al.,
2014; Huang et al., 2017; Tan et al., 2018) and renal active secretion (Hsu et al., 2014; Hsueh et
al., 2018; Yee et al., 2018) In contrast, the effect of CKD on renal passive reabsorption has not
been considered in existing CKD models. This study is the first to systematically explore the
observed effects of CKD on highly renally reabsorbed drugs, and to investigate the adaptive
physiological changes in CKD in order to establish a PBPK modeling framework to predict CL,
throughout CKD progression. We expanded our previously developed and verified mechanistic
kidney model (Huang and Isoherranen, 2018) to incorporate the physiologically-based tubular
changes of reduced water reabsorption/increased tubular filtrate flow per remaining functional
nephron for each renal subsegment across varying CKD stages. The final adaptive model was
used to predict passive reabsorption and CL, of a wide variety of compounds at different stages
of CKD using in vitro f,p and permeability without any optimization or empirical scaling. Using
20 test compounds representing different degrees of permeability and extent of passive renal
reabsorption, our analyses unequivocally show that passive reabsorption and hence renal
clearance may not decrease proportionally with GFR in CKD (Figures 5.3-5.5). Instead, the
permeable and renally reabsorbed drugs had much lower (by 261% ~ 735%) reduction of CL,
than the reduction of GFR (Figure 5.5), while nonpermeable and predominantly filtered drugs

did not show such disproportionality (Figure 5.4). Our model which considers physiologically-
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based tubular surface area and dynamic tubular flow allows prediction of the extent of passive
reabsorption based on drug permeability, conferring appropriate model sensitivity to drug
permeability that reflects the observed CL, in human. Further, only the adaptive model shown
here that accounts for the tubular flow adaptation (decreased water reabsorption/increased
tubular flow per remaining functional nephron) due to CKD could successfully simulate the
decrease in drug concentration gradient between intratubular filtrate and peritubular blood, and
subsequently reduced passive reabsorption, and confer higher CL, than expected from residual
GFR alone, as a result of CKD. The proportional model or the empirical GFR scaling approach
that assumes all renal handling pathways are reduced proportionally with GFR was shown to be
remarkably inappropriate for drugs with moderate-to-high permeability (Figure 5.5) and thus
only applicable to low permeability, non-reabsorbed drugs (Figure 5.4).

Over the recent decade, PBPK modeling has been used to model CKD effects on renal
elimination, primarily for highly secreted drugs that do not have significant permeability or
passive reabsorption.(Hsu et al., 2014; Hsueh et al., 2018; Yee et al., 2018; Bergman et al.,
2019; You et al., 2020) While these models recover drug disposition in CKD, inconsistent
scalars have been applied to a relative activity factor (RAF, scalars ranging from 0.28 (You et
al., 2020) to 3 (Bergman et al., 2019)) and proximal tubular cells per gram kidney (PTCPGK,
scalars up to 15(Hsu et al., 2014)) that do not allow the model to recover the observed data in
both healthy subjects and CKD patients. This suggests low confidence on both IVIVE of renal
transport and understanding of CKD effect on renal drug handling. This is concerning, as many
renally secreted drugs such as amphetamine, also have considerable permeability and
reabsorption (Huang et al., 2020). For such drugs, the empirical practice of optimizing active

secretion using data from healthy subjects and extrapolating to CKD patients may result in
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erroneous parameter optimization and misleading prediction of unstudied scenarios, as recently
demonstrated in the context of full-body PBPK modeling (Huang and Isoherranen, 2020). As
such, the adaptive system model shown here was entirely developed based on physiological
knowledge independent of drug molecules, and was collectively verified against 20 test
compounds with differing permeabilities throughout CKD stages without any optimization or
empirical scaling for any of the test compounds. Our work demonstrates successful simulations
of CL in CKD for a wide variety of drugs, establishing confidence of disease effect on renal
passive reabsorption and laying a foundation for incorporating the CKD impact on renal active
secretion.

It is well established that transporter-mediated renal active secretion is reduced in CKD due to
declined number of functional nephrons and accumulating uremic solutes that may inhibit
OAT1/3 activity (Hsueh et al., 2016). In this study we used the developed and verified adaptive
model to simulate CL; for the two secreted test compounds, PAH and memantine, and showed
successful CL; prediction (AFE = 1.10 ~ 1.12, Figure 5.6) in varying stages of CKD. We
demonstrated that our adaptive model can effectively incorporate specific transporter (OAT1/3
and OCT2) mediated renal secretion into CL, prediction. Based on the simulation results, the
novel adaptive model, together with proportional decline in transporter clearance, adequately
captures the changes in CL, with progression of CKD for PAH and memantine. This is likely
because the CL; (and the vectorial secretion) of PAH is renal plasma flow limited and memantine
is a substrate of OCT2 where data suggest accumulating uremic solutes mainly inhibit OAT1/3-
mediated renal uptake (Hsueh et al., 2016) but have no effect on OCT2 (Cheung et al., 2017).
Further studies on OAT1/3 and OCT?2 activity and expression in CKD are warranted for future

model refinement. All other test compounds in this study lacked significant active secretion.
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In this study, a disease effect on the fu, was assumed to be insignificant, as the plasma albumin
concentration in mild and severe CKD is only 7% and 16% lower than healthy subjects
(Rowland Yeo et al., 2011) and alterations in fyp due to uremic solute displacement likely only
apply to acidic (Brater, 2009) compounds with a reported median (n=16) increase (Sayama et al.,
2014) of 35% in fyp in severe CKD. For a total of 20 test compounds included here, only 3 are
highly protein bound (Table 5.3) and digitoxin is the only acid, where clinical study has showed
unchanged fyp of digitoxin in CKD patients (Kirch et al., 1986). As illustrated by the sensitivity
analyses (Figure 5.2), the potentially small changes in fyp in CKD cannot explain the dramatic
(mean = 458% (261% ~ 735%)) discrepancy between the observed CL; and the expected CL;
from proportional model for permeable drugs (Figure 5.5). Yet, the modeling framework
established here using MATLAB Simulink could readily incorporate changes in fyp during CKD
if observed/expected.

In conclusion, we have developed and successfully verified a novel adaptive model that
describes physiological changes in renal tubules and enables accurate prediction of passive
reabsorption and CL for a wide variety of compounds using in vitro f,p and permeability across
multiple CKD stages without any optimization or empirical scaling. The developed model can
serve as a foundation to incorporate/explore the CKD impact on renal transporter expression and
uremic solute inhibition, and can also be integrated into a full-body PBPK model (Huang et al.,

2020) to simulate the systemic disposition of drugs and metabolites in CKD.
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Table 5.1. Representative renal tubular filtrate flows (TFF) for the proportional and adaptive
models at different stages of CKD (set 1).

The tubular subsegment-dependent adaptation factors (AFi) were calculated according to Equation
1 and implemented for the adaptive model. The renal tubular filtrate flows (TFF) were calculated
using either proportional model (TFFp) by direct scaling to GFR as described in Methods, or using
the adaptive model (TFFa) according to Equation 3. The renal tubular filtrate flow (TFF)
(mL/min) shown here indicates the inflow rate of entering each renal subsegment, which equals to
the outflow rate exiting from the previous renal subsegment. The inflow rate of the first proximal
tubule subsegment always equals to the GFR. The outflow rate of the last subsegment of collecting
duct always equals to the inflow rate of bladder and the urine formation rate (as no reabsorption

occurs within bladder). All flows are presented in mL/min.

. Moderate Stage Severe Stage
(g'faa"ehi’) M"(ésst;ageeZ?KD CKD CKD End Stage CKD
GFRgz 120 GFRg: 80 (Stage 3) (Stage 4) (Stage 5)
- . GFR =40 GFR =20 GFR =5 mL/min
mL/min mL/min . .
mL/min mL/min
Model Adaptation
Subsegment TFF Factor TFFe | TFFa | TFFe | TFFa | TFFe | TFFa | TFFe | TFFa
Proximal Tubule; 120 0 80.00 80.00 40.00 40.00 20.00 20.00 5.00 5.00
Proximal Tubule, 94 0.0099 62.67 62.98 31.33 31.96 15.67 16.44 3.92 481
Proximal Tubule; 68 0.018 45.33 45.73 22.67 23.46 11.33 12.33 2.83 3.98
Loop of Henlep 43 0.038 28.67 29.22 14.33 15.44 7.17 8.55 1.79 3.38
Loop of Henlea 24 0.098 16.00 16.78 8.00 9.56 4.00 5.95 1.00 3.25
Distal Tubule 24 0.098 16.00 16.78 8.00 9.56 4.00 5.95 1.00 3.25
Collecting Duct; 11 0.26 7.33 8.29 3.67 5.58 1.83 4.22 0.46 3.21
Collecting Duct, 0.31 6.00 6.94 3.00 4.87 1.50 3.84 0.38 3.07
Collecting Ducts 7 0.37 4.67 5.54 2.33 4.08 1.17 3.35 0.29 2.80
Collecting Duct, 5 0.44 3.33 4.07 1.67 3.14 0.83 2.68 0.21 2.33
Collecting Ducts 3 0.51 2.00 251 1.00 2.02 0.50 1.78 0.13 1.60
Bladder (Urine) 1 0.56 0.67 0.85 0.33 0.71 0.17 0.63 0.04 0.58
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Table 5.2. Representative tubular filtrate flows (TFF) for the proportional and adaptive models at
different stages of CKD (set 2).

The tubular subsegment-dependent adaptation factors (AFi) were calculated according to Equation
1 and implemented for the adaptive model. The renal tubular filtrate flows (TFF) were calculated
using either proportional model (TFFp) by direct scaling to GFR as described in Methods, or using
the adaptive model (TFFa) according to Equations 2 and 3. The renal tubular filtrate flow (TFF)
(mL/min) shown here indicates the inflow rate of entering each renal subsegment, which equals to
the outflow rate exiting from the previous renal subsegment. The inflow rate of the first proximal
tubule subsegment always equals to the GFR. The outflow rate of the last subsegment of collecting
duct always equals to the inflow rate of bladder and the urine formation rate (as no reabsorption

occurs within bladder). All flows are presented in mL/min.

(l;teaalteh:)L/) Mild Stage CKD ModecrallgaDStage Severe Stage CKD End Stage CKD
GFRgz 120 (Stage 1/2) (Stage 2/3) (Stage 3/4) (Stage 4/5)
mL/min GFR =90 mL/min GER = 60 mL/min GFR =30 mL/min GFR =15 mL/min
Model Adaptation
Subsegment TFF or TFFe TFFa TFFe TFFa TFFe TFFa TFFs TFFa
Proximal 120 0 90.00 90.00 60.00 60.00 30.00 30.00 15.00 15.00
Tubule;
Proximal 94 0.0099 70.50 70.73 47.00 47.47 2350 24.20 11.75 1257
Tubule,
Proximal 68 0.018 51.00 51.30 34.00 34.60 17.00 17.89 8.50 9.54
Tubule;
h‘e’ﬁfGOf 43 0.038 32.25 32.66 21.50 22.33 10.75 11.99 5.38 6.82
D
Loop of 24 0.098 18.00 18.59 12.00 13.17 6.00 7.76 3.00 5.05
Henlea
Distal 24 0.098 18.00 18.59 12.00 13.17 6.00 7.76 3.00 5.05
Tubule
go”ec“”g 11 0.26 8.25 8.97 550 6.93 275 4.90 1.38 388
ucty
go”ec“”g 9 031 6.75 7.45 4.50 5.90 225 4.36 113 358
uct,
go"ec“”g 7 0.37 5.25 5.90 3.50 481 175 371 0.88 3.16
ucts
So"ec“”g 5 0.44 3.75 4.30 250 361 1.25 291 0.63 256
ucts
Collecting 3 051 225 2.63 150 227 0.75 1.90 0.38 172
Ducts
Bladder 1 0.56 0.75 0.89 0.50 0.78 0.25 0.67 0.13 0.62
(Urine)
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Table 5.3. Summary of the physicochemical and pharmacokinetic properties for the 20 test

compounds used for adaptive model verification and comparison of the simulated and observed

renal clearances for all test compounds used for model verification (Figures 5.3 to 5.6).

- Observed | Simulated Sim_/Obs l\?lz:ir\éelij ﬁ/ilglal:]l%?_d Sim_/Obs

Drug PKa . pKa |t Perrr_]eeablllty Mean CL, | Mean CL, Ratio of in ' in ' Ratio of

(acid)® | (base) (10®°cmfs) | in Heal@hy in Heal@hy _ CL, CKD4/5 ckDas | . CL,

(mL/min) | (mL/min) | in Healthy (mL/min) | (mL/min) in CKD4/5
Parent-Metabolite Test Compounds in Figure 5.3
Rotigotine - 10.97 | 0.11 195 3.7 4.8 1.30 18 19 1.03
Acetaminophen - - 0.8 35 13 15 1.15 7.1 55 0.78
Lamotrigine - 587 | 0.44 88 34 31 0.92 1.9 2.1 1.13
Rotigatine - - 1 0.1° 110 119 1.08 27 22 0.82
éfj;i?;i:i?j%hen - - 1 0.1° 108 119 1.10 17 15 0.88
éﬂ?ﬁgﬁ:gﬁ - - 1° 0.1° 114 119 1.04 13 18 1.37
Nonpermeable Test Compounds in Figure 5.4
Melagatran 3.2 115 0.93 0.145 94 110 1.17 12 12 0.97
Sotalol - 943 | 0.83 0.26 107 99 0.92 19 16 0.81
Gabapentin 4,63 9.91 0.97 0.67 99 110 112 12 16 1.30
Nadolol - 9.76 0.8 14 82 94 1.15 8.0 8.0 1.00
Ribavirin - - 1 1.55 107 106 0.99 10 18 1.76
Doxycycline 3.27 8.33 0.1 1.8 15 10 0.71 2.0 2.0 0.98
Permeable Test Compounds in Figure 5.5
Pefloxacin 5.66 6.47 0.75 63.7 75 6.4 0.86 2.9 31 1.05
Metronidazole - - 0.89 64.7 6.8 7.3 1.08 2.6 44 1.73
Minocycline 2.9 7.9 0.24 76 15 11 0.70 0.98 0.85 0.87
Digitoxin 7.18 - 0.05 30° 0.85 12 1.37 0.62 0.38 0.62
Cicletanine - - 0.07 95¢ 0.42 0.36 0.86 0.19 0.29 1.52
Pirfenidone - - 0.42 120° 1.7 1.7 0.99 0.96 15 153
Secreted Test Compounds in Figure 5.6

Zi'i?j'é(‘Pm:ﬁ)hipp“"C 383 | 424 | 1 0.72 599 500 0.84 76 86 1.12
Memantine - 10.7 0.55 25 70 77 1.10 16 17 1.10

3K, values are obtained from https://www.drugbank.ca/
bexperimentally determined metabolite data are not available, therefore these values are assumed based on

physicochemical properties.

cexperimentally determined data are not available, therefore permeability values were optimized using previously
published and verified mechanistic kidney model with reported f,, and observed CL; in healthy subjects.
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Figure 5.1. Schematic presentation of the mechanistic kidney model structure, together with the
corresponding renal tubular filtrate flow (TFF, in mL/min) for each individual subsegment of the
model (a total of 12).

Three sets of physiologically-based TFF shown here are for healthy subjects (GFR 120 mL/min,
in green) and for the representative CKD patients who have residual GFR of 10 mL/min using
the adaptive model (in red) and the proportional model (in blue). The dynamic physiologically-
based mechanistic kidney model shown here is parameterized by 33 volume parameters, 22
surface area parameters, 12 peritubular renal blood flow parameters, 12 renal tubular filtrate flow
(TFF) parameters, 3 basolateral uptake clearance parameters and 3 apical efflux clearance
parameters to fully capture the disposition of drugs/metabolites between renal tubules, cells, and

vasculature.
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Figure 5.2. Sensitivity analyses of simulated renal clearance (CL;, in mL/min) at multiple stages
of chronic kidney disease (CKD) reflected as varying glomerular filtration rate (GFR, in
mL/min) using proportional model (shown in blue-green) versus adaptive model (shown in
yellow-red).

Three sets of sensitivity analyses were conducted: 1) CL; of neutral drugs with varying
permeability values (Papp = 1-100x10° cm/s, all values shown are in 10 cm/s) but a constant
plasma unbound fraction (fu, = 1) and peritubular renal blood flow (RBF = 1000 mL/min, the
average of healthy human subjects) were simulated using proportional model (panel a), adaptive
model (panel b), and both models (panel c) across a wide range of GFR values from 5 mL/min to
120 mL/min; 2) renal clearances of highly permeable neutral drugs (Papp = 100x10°° cm/s) with
varying plasma unbound fraction (fu = 0.1-1) but a constant peritubular renal blood flow (RBF
= 1000 mL/min) were simulated using proportional model (panel d), adaptive model (panel e),
and both models (panel f) across a range of GFR from 5 mL/min to 120 mL/min; and 3) CL, of a
highly permeable neutral drugs (Papp = 100x10°® cm/s) with varying peritubular renal blood
flow (RBF = 300-1000 mL/min) but a constant plasma unbound fraction (fup = 1) were simulated
using proportional model (panel g), adaptive model (panel h), and both models (panel i) across a

range of GFR from 5 mL/min to 120 mL/min.
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Figure 5.3. Simulation and verification of renal clearance (CL;) of three drugs and their
corresponding glucuronide metabolites at multiple stages of chronic kidney diseases (CKD)
reflected by varying glomerular filtration rate (GFR).

Black open circles represent observed CL of the test compounds. The simulated CL, of different
test compounds at varying stages of CKD are shown with red curves for the adaptive model and
blue dashed curves for the proportional model (panel a-c and g-i). The performance of the
adaptive and proportional models was evaluated at CKD stage 4/5 where GFR < 30 mL/min
using calculated AFEa (shown in red) and AFEp (shown in blue), respectively (panel d-f and j-I).
The experimentally determined apparent permeability (Papp), plasma unbound fraction (fu,), and
observed CL, data of rotigotine (panel a and d), acetaminophen (panel b and e), and lamotrigine
(panel c and f) were collected from literature and summarized in Table 5.3. The Papp and fup
values of all glucuronide metabolites (panel g-1) were assumed to be 0.1 x 10 cm/s and 1,
respectively, based on their physicochemical properties. The observed renal clearance (CL,) data
of all metabolites were from the same subjects in the same studies of their respective parent

drugs (Table 5.3).

223



All
Stages

Stage
4/5

All
Stages

Stage
4/5

Melagatran P__ =0.145f =0.93 b Sotalol P__ =0.26 f =0.825
app u,p app u,p
100 100 o
< 5 o
E 10 E 1 o
- -
E E
o o !
0 50 100 150 0 50 100 150
GFR (mL/min) GFR (mL/min)
d
25
AFE, =1.03 30 AFE, =1.23
20 AFE =1.04 - AFE =1.23
£ £
[S S
= 15 =
3 124 120 . 20
g 12.0 z 15.7 15.6
~_ 10 ~
Obs S|mA SlmP bs Slm |m
g Nadolol P_ =1.4f =0.8 h Ribavirin P —1 55f =1
app u,p u,p
100 100
< <
E 10 E 9
- —
E £
g 1 g 1
0 50 100 150 0 50 100 150
GFR (mL/min) GFR (mL/min)
k
15 40
AFE, =1.00 AFE, =1.76
AFE_ =1.02 AFE_ =1.
z . P 0 = 30 P 65
£ 8.02 8.03 7.86 £
£ E 20 18.0 16.9
- 5 -
d (_)l 10 10.2
Obs S|mA SlmP Obs SlmA SlmP

224

Cc

CL_(mL/min)

r

Gabapentin P

100

10

=0.67 f
p

=0.97

(o)

o

50

100

GFR (mL/min)

-

| Doxycycline Papp

CL_(mL/min)

150

30

20

r

CL_(mL/min)

Obs SimA

Simp

=1.8f =0.1
up

100

mrE)O/QO_
1

50 100
GFR (mL/min)

r

150

o

r

CL_(mL/min)

Obs SimA Sim



Figure 5.4. Simulation and verification of renal clearance (CL) of six non-permeable compounds
at multiple stages of chronic kidney diseases (CKD) reflected by varying glomerular filtration
rate (GFR).

Black circles represent observed renal clearance (CL:) of six non-permeable test compounds. The
simulated CL, of different test compounds at varying stages of CKD are shown with red curves
for the adaptive model and blue dashed curves for the proportional model (panel a-c and g-i).
The performance of the adaptive model and proportional model was evaluated at CKD stage 4/5
(GFR < 30 mL/min) using calculated AFEa (shown in red) and AFEp (shown in blue),
respectively (panel d-f and j-1). The experimentally determined apparent permeability (Papp),
plasma unbound fraction (fu,p), and observed CL; data of melagatran (panel a and d), sotalol
(panel b and e), gabapentin (panel ¢ and f), nadolol (panel g and j), ribavirin (panel h and k), and

doxycycline (panel i and 1) were collected from literature and summarized in Table 5.3.
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Figure 5.5. Simulation and verification of renal drug clearance (CL) of six permeable and highly
renally reabsorbed compounds at multiple stages of chronic kidney diseases (CKD) reflected by
varying glomerular filtration rate (GFR).

Black circles represent observed CL; of six permeable test compounds. The simulated CL of
different test compounds at varying stages of CKD are shown with red curves for the adaptive
model and blue dashed curves for the proportional model (panel a-c and g-i). The performance of
adaptive and proportional model was evaluated at CKD stage 4/5 (GFR < 30 mL/min) using
calculated AFEA (shown in red) and AFEp (shown in blue), respectively (panel d-f and j-1). The
plasma unbound fraction (fu,p) and observed CL, data of pefloxacin (panel a and d),
metronidazole (panel b and €), and minocycline (panel ¢ and f), digitoxin (panel g and j),
cicletanine (panel h and k), and pirfenidone (panel i and I) were collected from literature and
summarized in Table 5.3. The apparent permeability (Papp) Values of pefloxacin, metronidazole,
and minocycline were experimentally determined, while the Papp values of other drugs were
optimized using the fyp and observed CL, in healthy subjects, assuming no active secretion. The
same optimized Papp Values were used for extrapolated simulations at varying stages of chronic

kidney diseases.
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Figure 5.6. Sensitivity analyses of simulated renal clearance (CL in mL/min) at multiple stages
of chronic kidney disease (CKD) and simulation results of PAH and memantine in CKD patients.
Sensitivity analyses of simulated renal clearance (CL, in mL/min) at multiple stages of chronic
kidney disease (CKD) reflected by varying glomerular filtration rates (GFR in mL/min) using
adaptive model (shown in yellow-red). Panel a shows the sensitivity analyses of adaptive model-
simulated CL, of neutral unbound permeable drugs (fup = 1, Papp = 30x10°° cm/s) with a constant
unbound intrinsic apical efflux transport clearance (CLefriux = 150 mL/min) and different
unbound intrinsic basolateral uptake transport clearances (CLuptake = 10-3000 mL/min) across a
range of GFRs (5-120 mL/min). Panel b shows the sensitivity analyses of adaptive model-
simulated CL, of neutral unbound permeable drugs (fup = 1, Papp = 30x10°° cm/s) with a constant
unbound intrinsic basolateral uptake transport clearance (CLuptake = 150 mL/min) and different
unbound intrinsic apical efflux transport clearances (CLeffiux = 10-3000 mL/min) across a range
of GFRs (5-120 mL/min). Panels ¢ and d show the simulations of CL, of PAH and memantine in
red curves, respectively, using adaptive model, at multiple stages of chronic kidney diseases
(CKD), and comparison to the observed data (Table 5.3) shown in black open circles with

calculated AFEa shown in the insets.
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6 Conclusions

Physiologically-based pharmacokinetic (PBPK) models integrate population- or system-specific
physiological features with drug-specific physicochemical and pharmacokinetic properties to
predict drug disposition in the populations/systems of interest. Such integration allows different
items (e.g. drug entities, proteins, membranes), events (e.g. drug-protein binding, catalytic
reaction), processes (e.g. blood flow, drug movement and permeation), and pathways (e.g.
cascade signaling, enzyme-mediated sequential metabolism, transporter-mediated vectorial
uptake and efflux) to communicate and influence each other mechanistically. This provides
predictive and instrumental insights on how human body handles drugs when items, events,
processes, and pathways are altered. As such, a multitude of valuable applications of PBPK
modeling have been realized and successfully demonstrated (Jones et al., 2006a, 2013; Rowland
et al., 2011; Huang and Rowland, 2012; Wagner et al., 2015a). Specifically, these applications
range from estimating optimal PK characteristics during drug discovery (Agoram et al., 2001,
Jamei et al., 2009; Kaur et al., 2018), to optimizing first-in-human (FIH) dose for better clinical
trial design (Offman and Edginton, 2015; Miller et al., 2019), and predicting drug disposition in
specific patient populations during drug development or even post-marketing (Johnson et al.,
2010; Zhao et al., 2011; Grillo et al., 2012; Zhang et al., 2017).

Despite the great potential and variety of applications of PBPK modeling, knowledge gaps
remain in model development, verification, and application. Specifically, system models that can
sufficiently capture kidney physiological characteristics and can be used to understand and
predict renal drug handling processes are lacking. Advanced model applications such as
prediction of alteration in renal and systemic disposition when urine pH is changed or when the

kidney is impaired remain low-confidence. Therefore, the overarching hypothesis of this thesis
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was that mechanistic physiologically-based kidney modeling can be developed and used to
predict renal clearance of drugs and metabolites with variety of physicochemical properties and
under different clinical conditions such as altered urine pH and chronic kidney disease. The
mechanistic kidney model can be further integrated into full body PBPK models to simulate both
renal and systemic disposition in a multitude of scenarios.

In Chapter 2, | developed a dynamic physiologically-based 35-compartment mechanistic kidney
model that addresses the impact of dynamic tubular flow, tubular pH, microvilli, and multi-
source permeability on effective passive diffusion and subsequent renal clearance simulation.
The model was successfully verified with 46 test compounds including neutrals, acids, bases, and
zwitterions, and demonstrated the feasibility of incorporating active secretion and pH-dependent
bidirectional passive diffusion.

In Chapter 3, | developed a physiologically-based peripheral forearm sampling site model that
was integrated with a full body PBPK to allow the output of simulated peripheral venous
concentrations to be meaningfully compared to the observed pharmacokinetic data collected
from arm vein sampling. The model was successfully verified using arterial and venous
concentrations of nicotine, ketamine, lidocaine, and fentanyl simultaneously. Further, |
demonstrated that use of a discrepant sampling site in PBPK modeling than observed clinical
studies may lead to biased model evaluation, erroneous model parameterization, and misleading
prediction in unstudied clinical scenarios.

In Chapter 4, | integrated the mechanistic kidney model from Chapter 2 with peripheral arm
sampling and full body PBPK model from Chapter 3, to predict the altered renal excretion and
systemic AUC of drug and metabolite when urine pH is changed. The model was successfully

verified with methamphetamine and amphetamine under varying urine pH statuses, and showed
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feasibility for predicting quantitatively and clinically significant changes in drug and metabolite
disposition under comedications and diseases that can alter urine pH.

In Chapter 5, I incorporated relevant physiological changes observed in chronic kidney disease
patients into the mechanistic kidney model from Chapter 2, including adaptive renal tubular
filtrate flows that decrease disproportionately with glomerular filtration rate. The model was
successfully verified with three parent-metabolite pairs, six non-permeable drugs, six permeable
drugs, and two secreted drugs. The simulation results demonstrated a sizable impact of
physiologically-based adaptive changes in tubular filtrate flow on renal clearance prediction for
reabsorbed, non-reabsorbed, secreted, and non-secreted compounds in chronic kidney disease
patients.

In conclusion, the results of this thesis show that anatomical and physiological characteristics of
kidney can be integrated into an in silico model to translate drug properties such as plasma
protein binding, transcellular permeability, and intrinsic active transport rate into renal clearance
of drugs and metabolites. Further, this model allows prediction of alterations in renal clearance
of drugs and metabolites upon changes in urine pH and renal functions, and can be incorporated
into a full-body PBPK model to predict alterations in systemic disposition of drugs and

metabolites.
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