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Abstract

Objectives The objective of this review is to provide an overview of PK/PD models, focusing on drug-specific
PK/PD models and highlighting their value-added in drug development and regulatory decision-making.

Key findings Many PK/PD models, with varying degrees of complexity and physiological understanding, have
been developed to evaluate the safety and efficacy of drug products. In special populations (e.g. pediatrics), in
cases where there is genetic polymorphism and in other instances where therapeutic outcomes are not well
described solely by PK metrics, the implementation of PK/PD models is crucial to assure the desired clinical
outcome. Since dissociation between the pharmacokinetic and pharmacodynamic profiles is often observed, it
is proposed that physiologically-based pharmacokinetic (PBPK) and PK/PD models be given more weight by
regulatory authorities when assessing the therapeutic equivalence of drug products.

Summary Modeling and simulation approaches already play an important role in drug development. While slowly

moving away from “one-size fits all” PK methodologies to assess therapeutic outcomes, further work is required
to increase confidence in PK/PD models in translatability and prediction of various clinical scenarios to encourage

more widespread implementation in regulatory decision-making.

Keywords

Pharmacokinetics/ pharmacodynamics (PK/PD), modeling & simulation, drug development, regulatory science,
bioequivalence, therapeutic equivalence
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1 Introduction

Over the last decades pharmacokinetic/pharmacodynamics (PK/PD) models have been evolving
rapidly, starting with the pioneering work in the 1960s, then moving from empirical descriptions to
models based on mechanistic and physiological approaches and still evolving today in the form of
state-of-the-art mathematical models describing the progression of diseases as well as entire biological

systems, under the umbrella of systems pharmacology and computational biology. *2/BE14L5LELT]

At the beginning of the conjunction of pharmacokinetics with pharmacodynamics, empirical models
which were based on the shape of the effect-concentration curve and assumed that the pharmacologic
response is directly related to the drug plasma concentration were introduced. Soon it was recognized
that this scenario is only valid when the equilibrium between the plasma and the site of action is
instantaneous, when the free drug concentration and the distribution to all tissues is the same (or
remains proportionally the same) and when the system is at steady-state. A variety of these so-called
steady-state empirical direct effect models have been reported in the literature: linear, power,
hyperbolic, sigmoid (Emaxmodel), logarithmic and logistic. Even though these models have been applied
in a number of situations,™°] they have two important limitations. First and most important, they
are time-independent (also referred to as static models). Second, they lack a mechanistic and/or
physiological understanding of the underlying pharmacokinetics and pharmacodynamics.'” For these
reasons, non-steady state, mechanistic and physiologically based modeling approaches were

introduced and these are more widely used these days in drug development.

In parallel to the developments in modeling approaches, major regulatory authorities have been

I”

moving slowly but surely from “one-size fits all” concepts to a more case-by-case, scientifically justified
approach, in which the application of modeling and simulation (M&S) is playing a valuable supporting

role. Physiologically-based pharmacokinetic (PBPK) and PK/PD models have already been implemented

in the assessment of drug-drug interactions (DDIs) and extrapolation of results from adults to pediatric
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populations. [H12LI3LA4LISLI8] 1 addition, generic dermatologic and inhalation products have been

approved based on pharmacodynamic or clinical endpoint bioequivalence studies (BE).[7 8!

Most recently, pharmacokinetic metrics providing information about delivery of the drug to the body
and exposure (i.e. onset and duration of action),*® such as partial areas under the concentration-time
curve (pAUCs) have been recommended by the US-FDA for the evaluation of several complex oral
products combining immediate (IR) with extended release (ER). 291211122 However, there are still many
cases, especially for systematically acting drugs, where the value of modeling and simulation methods
has not yet been widely recognized by the regulatory authorities. Such cases include the virtual
bioequivalence of oral drug products, the justification for potential extension of BCS-based biowaivers
to some BCS class Il compounds and the reduction of the number of volunteers for bioequivalence
studies of highly variable drugs (HVDs). In view of the fact that single point pharmacokinetic metrics
(i.e. Cmax, AUC) used to assess bioequivalence do not always comprise an appropriate surrogate for
therapeutic equivalence (TE), which by definition is the ultimate goal of bioequivalence studies,?® it
would seem appropriate to implement modeling and simulation approaches to assure therapeutic

outcomes in this arena too.

The aim of this review is to provide an overview of existing non-steady state PK/PD models, focusing
on drug-specific case examples. These are intended to serve as examples of the importance of
mechanistic PK/PD models in assuring desired therapeutic outcomes in clinical practice and to

encourage wider implementation of PK/PD in support of regulatory decision-making.

2 coThe effect compartment model

2.1 Overview

In many cases, the site of action of a drug is kinetically distinct from plasma and the equilibration
between the plasma and the effect site is often rather slow. In such cases, there will be a temporal

delay between the drug plasma (C,) and effect site concentrations (Ce) and the effect will be a function
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of Ce rather than of C,. Even though bioanalytical methods have improved greatly over the last
decades, measuring the concentration at the effect site often remains a challenge, due to the lack of

tissue accessibility.

In 1970, a hypothetical compartment serving as a link between the pharmacokinetic and
pharmacodynamic models to address the equilibration kinetics was introduced by Segre et al.’! and
was applied for the first time by Forester et al.?*! to describe the time-course of effect of various
cardiac glycosides.”® This approach, using a so-called «effect compartment» or «biophase
distribution» model (Fig. 1), was further elaborated and described mathematically by Holford and

Sheiner B2l 35 follows:

dA,
dt

=kie - Ap —keo-Ae (1)

Where A, and A, are the amounts of drug in the plasma (main compartment) and in the effect
compartment, respectively, and k., k.o are the first-order rate constants for distribution and

elimination from the hypothetical compartment, respectively.

Assuming that the effect compartment receives a negligible amount of drug and that distribution to
and clearance from the biophase compartment are equal, the model can be simplified and then

coupled with a pharmacodynamic model, for example a sigmoid Emax model:

kle'szkeO'Ve (2)

dc,
dt =keo - (Cp - Ce) 3)
Emax : Ce(t)y
E(C.()) = 4)

C.(t) +EC),

where Cp, V,, Ce, V. are the concentration and the volume in the central and effect compartment
respectively; Ey,qx, ECeso and y represent the maximum effect, the concentration in the effect site

required to reach 50% of the maximum effect and the sigmoidicity factor, respectively. Alternatively,

6
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the hypothetical compartment could be coupled with a peripheral compartment instead of the central
compartment. However, it is not very common to use samples obtained at the effect site (e.g. using

microdialysis) or any other peripheral compartment as a pharmacokinetic surrogate.

A hallmark of the effect compartment model is the hysteresis observed in the effect-concentration
plot due to the time delay between pharmacokinetics and pharmacodynamics. In fact, this isa common
attribute of non-steady-state pharmacokinetic/pharmacodynamic models.!?”? Well-known examples of
drugs exhibiting a biophase distribution delay related response include neuromuscular blocking agents
such as d-tubocurarine (see section 2.2) and pancuronium,?® the calcium channel blocker
verapamil,?® and the bronchodilator theophylline.®® Further cases that have been reported in the
literature include quinidine, disopyramide, opioids such as pethidine, morphine, fentanyl, diclofenac,
organic nitrates, benzodiazepines and digoxin.[31321331B4L35L36L371i38] |y the following section, the
models for tubocurare, pancuronium, ibuprofen and morphine are used to illustrate application of the

effect compartment model.

2.2 Applications and case examples

2.2.1 d-tubocurarine and pancuronium

The assumption of a direct relationship between pharmacokinetics and drug response has been

guestioned for more than half a century, as illustrated by the case of d-tubocurarine.

Already in the early 1960s, the first attempts to simultaneously model pharmacokinetics and
pharmacodynamics, based on the available plasma concentration and effect data for d-tubocurarine,
were made. In 1964, Levy implemented a log-linear model to describe the time course of d-
tubocurarine response, assuming one-compartment pharmacokinetics following intravenous bolus
administration, based on the results of Ryan et al.®® The log-linear model assumed that the effect of
muscular relaxation is a linear function of the logarithm of the amount of d-tubocurarine present in

the plasma,while elimination of the amount of d-tubocurarine in the body occurs exponentially with

7
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time. In such cases, the pharmacologic activity declines linearly with time.[! In 1972, an open three-
compartment model for the pharmacological effect of d-tubocurarine was proposed by Gibaldi et al.!*!
The amount of drug in the central compartment at the time of recovery from neuromuscular block was
deemed by these authors to be dose-independent. This observation, combined with the very rapid
onset of action of d-tubocurarine, led the authors to the conclusion that the site of action is located in
the central compartment,*” implying instantaneous equilibration between plasma concentration and
response. However, the data on which this model was based had been collected during the terminal
elimination phase, during which a pseudo-equilibrium between plasma and tissues concentration is

reached and the distributional delay is minimized.

By contrast, Hull et al.[** showed that after administration of pancuronium, a similar to d-tubocurarine
neuromuscular blocking agent, a linear relationship between the logarithm of concentration and the
response is a poor predictor of the early phase response, in which a hysteresis between the
concentration in any compartment and twitch depression is observed. By adding a biophase
compartment, expressed similarly to equation (3), and assuming that same degree of paralysis (i.e.
during onset and offset of action) is associated with the same C., they were able to empirically relate
the intensity of pharmacologic effect to the concentration at the site of action at every time point using
a fixed effect pharmacodynamic model.*Y In the case of d-tubocurarine, the effect compartment
model, as described mathematically by Holford and Sheiner,B"2¢! was successfully applied as well.
Plasma concentration and effect data after intravenous administration were analyzed from healthy
subjects and patients with renal failure. The model was able to fit data from both groups without
statistically significant differences in the pharmacokinetic or pharmacodynamic parameters between
the two groups.!*? Interestingly, the equilibration half-life (4 minutes) for pancuronium estimated in a
more empirical way by Hull et al.*¥ was very similar to the one for d-tubocurarine reported by Sheiner

et al.*? using an explicit pharmacokinetic/pharmacodynamic model.

In parallel, Stanski et al.[*! explored the influence of various anesthetic agents on the muscle-relaxing

effect of d-tubocurarine. Halothane induced-anesthesia, in comparison to anesthesia with morphine
8
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and nitrous oxide, prolonged the equilibration half-life. An open two-compartment pharmacokinetic
model coupled with a hypothetical effect compartment was implemented to fit both plasma and
muscle paralysis data. Interestingly, changes in pharmacodynamic (keo, ti/2ke0, ECso), but not in
pharmacokinetic, parameters were observed for patients under halothane anesthesia. Furthermore, it
was possible to distinguish between the effects of the agents on the ECso for muscle paralysis showing
that halothane sensitizes the neuromuscular junction to d-tubocurarine. Provided that the diffusion of
tubocurarine into the extracellular fluid of the muscle and the receptor affinity is high, the rate limiting
step for the onset of action is the rate of muscle perfusion, which is inversely proportional to the
equilibration half-life (t12ke0).**! Although the onset and the magnitude of response is dependent on
muscle blood flow, the recovery from neuromuscular blockage is perfusion-independent and solely
related to the drug-receptor dissociation rate.*y The significant increase in tieo under halothane-
induced anesthesia is consistent with the decreased muscle blood flow, which would suggest a later
onset of paralysis. However, halothane also decreases the ECso, which compensates for the decrease
in perfusion and results in a similar onset to that observed under morphine and nitrous oxide

anesthesia.

In summary, the evaluation of the pharmacodynamics in concert with the pharmacodynamics of these
two muscle relaxants enabled a more mechanistic description of their dose-response characteristics
and a better understanding of the drug interaction with the anaesthetic. These early successes
triggered further interest in combining pharmacokinetics with pharmacodynamics to achieve a more

mechanistic description of the relationship between dose, dosing and clinical effects.

2.2.2 Ibuprofen: dental pain relief

Ibuprofen was selected as a model drug to investigate the clinical relevance of bioequivalence metrics
to the therapeutic effect. An analysis of 25 bioequivalence studies of Ibuprofen immediate-release oral
dosage forms over a dose range from 200-600 mg showed that 14 of the studies failed to prove

bioequivalence in Cmax, even though AUC fell within the bioequivalence limits.[**! The authors reported
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that Ibuprofen, a weakly acidic BCS class Il compound, is at higher risk to fail bioequivalence because
of Cmax variations. However, in cases where the plasma concentration is related non-linearly and/or
indirectly to the drug effect®'Bl | the Cmax and tmax values may not be accurate metrics for the
therapeutic response. For example, if the Cnax is higher than anticipated this will not necessarily
translate to toxic effects. Likewise, if the Cmax is lower, this will not necessarily result in lack of

efficacy.*”!

Dissociation between pharmacokinetics and pharmacodynamics is common for NSAIDS. This may be
because of delayed distribution to the biophase or related to an indirect response mechanism, for
example when the pharmacodynamic endpoint is the inhibition of inflammation mediators.*¥! Pain
relief and antipyresis after administration of ibuprofen formulations have been extensively modelled
in different populations. In this section, the main studies for pain relief after third molar extraction are

presented, while studies investigating the antipyretic effect are addressed in section 4.2.1.

Third molar extraction pain models describe the postoperative onset of inflammation, with maximum
pain intensity occurring in 12 hours or less. Relief from pain associated with tooth extraction exhibits
high reproducibility and a low placebo effect, features that are important for differentiation among
various doses and thus for the identification of dose-response curves. #0512 The most commonly
evaluated endpoints in dental pain models are the pain intensity difference (PID) and sum of pain
intensity difference (SPID), the pain relief (PAR) and total pain relief (TOTPAR), the time to re-
medication (REMD), the time to first perceptible pain relief (TFPR) and time to first meaningful pain

relief (TFMP).[3154]

In a double-blind, randomized, single- and multi-dose study of 254 adult patients, who had undergone
third molar surgery, Hersh et al.*” reported a positive dose-response relationship for sum pain
intensity (SPID), total pain relief (TOTPAR), time to re-medication (REMD) and overall pain relief, after
administration of 200 and 400 mg of ibuprofen as a single-dose. During the multi-dose phase, no

significant differences between the two dose levels were detected. The authors concluded that
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patients could benefit from higher doses for pain treatment immediately after the extraction, but that
lower doses would be satisfactory thereafter. These results suggest that the single-dose approach
adopted for bioequivalence testing might be over-discriminating for the assessment of ibuprofen
formulations with regard to the maintenance of dental pain relief. Indeed, McQuay et al.® observed
no significant differences between 200 and 400 mg of ibuprofen in a double-blind, randomized,
placebo-controlled, single-dose study comparing the analgesic effect of 200 and 400 mg of ibuprofen
with placebo and with 200 mg ibuprofen plus 50, 100 or 200 mg caffeine in 161 adult patients after
third molar removal. In a further study, a positive dose-response relationship of ibuprofen over the
dose range 50-400 mg with regard to sum of pain intensity difference (SPID) and total pain relief
(TOTPAR) was reported by Schou et al.* However, in terms of TOTPAR the doses of 200 and 400 mg

did not differ significantly.

A meta-analysis of data from 13 trials with total of 994 patients reported an absolute increase of only
9% (from 59% to 68%) in the number of patients who achieved at least 50% pain relief, when the dose
of ibuprofen was doubled from 200 to 400 mg, meaning that 10 patients would need to be treated
with the higher dose for just one of them to benefit. ¢ The analysis indicates that the dose-response

relationship is rather flat in the dose range 200 to 400 mg with respect dental pain relief by ibuprofen.

Li et al.l*¥ applied a pharmacodynamic model to investigate the onset and offset of dental pain relief
after administration of effervescent and standard tablets containing 400 mg ibuprofen. As an endpoint,
a categorical pain relief score was applied and treated as a continuous variable, in agreement with
Lemmens et al.®”! The observed distributional delay of the response to ibuprofen was addressed by
the addition of an effect-compartment model and the overall effect as the sum of placebo and drug

was described as following:

d(C,
(T[t]) = keo - {C,[t] — C.[LT}  (5)
Emax C;/
falle) = gy, ©
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fio[t] = Bnax - (1 - e_kp't) (7)
PR(t) = fplt] + fa(Ce) +&  (8)

where C, and C, are the drug concentrations in plasma and in the effect-site compartment,
respectively; keo and k,, are the first-order rate constants for the placebo effect and equilibration,

respectively; Ey; 4, and Py qy are the maximum ibuprofen and placebo effect, f;(C,) and f, [t] are the

pain relief by ibuprofen and placebo, respectively; y and ECs are the sigmoidicity factor and the drug
plasma concentration to achieve 50% of E,,,,, respectively; PR(t) represents the pain relief score at

a given time t and € stands for the normally distributed residual variability.

The model was able to describe the pain relief score data adequately and the effect was directly related
to the effect-site concentration, which increased much faster for the effervescent than the standard
tablets, with the peak effect site-concentration occurring one hour earlier than for the standard tablet
(1.0 h versus 2.0 h). The sigmoidicity factor was estimated to be 2.0 + 0.43, confirming the relatively

flat dose-response curve of ibuprofen.

More recently, a PBPK/PD model for lbuprofen was developed and validated by Cristofoletti and
Dressmanl®® with the SimCyp Simulator® version 12.2 (SimCyp Ltd.), fitting antipyretic and dental pain
relief pharmacodynamic models to pharmacokinetic and pharmacodynamic data already published in
the literature. The main goals of this study were a comprehensive evaluation of the clinical relevance
of bioequivalence criteria for ibuprofen immediate-release oral dosage forms and a risk assessment of
waiving in vivo bioequivalence studies of such products. To simulate the pharmacokinetic and
pharmacodynamic profiles, virtual populations similar to those enrolled in the clinical studies by
Walson et al.’® and Li et al.®®” in terms of age and gender ratio were generated, such that virtual trials
for the dental pain relief model included 100 adults per trial aging between 18-40 years and receiving
tablets of 100, 200, 280 or 400 mg of Ibuprofen. One-at-a-time sensitivity analysis for the gastric

solubility, gastric emptying time (GET), apparent permeability coefficient (Papp) and small intestine pH

12
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was conducted and the effect of applying different dissolution rates in the simulations on the resulting
pharmacokinetic and pharmacodynamic profiles was also investigated.® The authors found that the
dose-response curve for dental pain relief is shallow and as a result relatively insensitive to changes in
plasma concentrations within the range 12-23 mg/L (applying an ECso of 10.2 mg/L). Comparing the
pharmacodynamic response after the simulated administration of 280 versus 400 mg Ibuprofen tablets
to adults undergoing third molar extraction, no significant differences in the response occurred.
Interestingly, although (under the assumption that the 400 mg tablet is the reference product and the
280 mg tablet is the test product in a virtual bioequivalence scenario) the test product would not be
bioequivalent to the reference product in terms of pharmacokinetics (Cmax ratio (Cmax-1/ Cmax-r) of 0.7),
the 280 mg tablet would be still considered therapeutically equivalent to the 400 mg tablet for dental

pain relief in adult patients.

Cristofoletti and Dressman combined in vitro in vivo extrapolation with PBPK/PD model to simulate the
effect of different dissolution rates from products containing ibuprofen free acid (IBU-H) and salts (IBU
salts) and to investigate whether these would a) reflect reported differences in pharmacokinetics as
well as whether b) differences in pharmacokinetics would translate into difference in the ability of
ibuprofen to relieve dental pain in adults.®¥ The model was able to adequately predict the observed
pharmacokinetic profiles. The pain relief model by Li et al.®” was adopted to simulate ibuprofen
response. As expected from the faster dissolution of the products containing salt forms of ibuprofen,
the 90% confidence intervals (Cl) for Cmax did not meet the average bioequivalence (ABE) acceptance
criteria. However, pain relief scores elicited by ibuprofen free acid and salts were identical.
Interestingly, the simulated peak effect-site concentrations for both IBU-H and IBU salts 400 mg were
found to be higher than the estimated ECg~20 mg/L, indicating that the extent of pain relief would be
insensitive to pharmacokinetic changes at this dose level. Importantly, the duration over which the
effect-site concentrations are maintained above ECgy should be also taken into account. The authors

concluded that the bioequivalence criteria for Cmnax might be over-discriminatory and not clinically
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relevant for assessing therapeutic equivalence of ibuprofen products in terms of overall dental pain

relief.

As illustrated by the example of ibuprofen, therapeutic equivalence is not always captured
appropriately by simple plasma concentration measurements due to the insensitivity of the
pharmacodynamic response to the pharmacokinetics in the dose range typically applied. From this
case example, it is evident that the interaction of the drug pharmacokinetics with the pharmacologic
response should be taken into account to set clinically relevant specifications (“safe spaces”) for drug
products. Modeling and simulation techniques would be a powerful tool in this direction, facilitating a
regulatory transition from the current “one size fits all” bioequivalence paradigm to a scenario based
on the clinically-based, specific PK/PD characteristics of the drug product and thus able to provide a

more accurate assessment of therapeutic equivalence.

2.2.3 Anti-nociceptive effect of morphine

For drugs, which exhibit high biological target affinity and/or reach their site of action by active
transport mechanisms, distribution to the biophase may or may not impose a rate-limiting step. Over
the past few years, several specific transporters that may influence the distribution of drugs to their
site of action in the central nervous system (CNS) have been identified.62163164L65] However, the
number of pharmacokinetic/pharmacodynamic (PK/PD) studies exploring the functional role of these
transporters in the distribution to the effect site are few. One interesting example is the anti-
nociceptive effect of morphine, for which mechanism-based models of the biophase distribution

within the central nervous system were established using intracerebral micro-dialysis.

Letrent et al.l®® investigated the effect of GF120918, a potent and selective P-glycoprotein (P-gp)
inhibitor, on the pharmacokinetics and pharmacodynamics of morphine in rats, which were
randomized into GF120918 pretreated, vehicle and control groups. The concentrations of both
morphine and its metabolite, morphine-3-glucoronide (M3G), in serum were quantified and the anti-

nociception was expressed as the percentage of maximum possible response (% MPR). A two-
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compartment pharmacokinetic model, together with an effect compartment coupled to a sigmoidal
Emax model was employed to simultaneously fit the pharmacokinetic and pharmacodynamic data.
Among the pharmacokinetic (AUC, Cl, MRT, Vi) and pharmacodynamic (keo, ECso, ¥) parameters
evaluated, only the equilibration rate constant (keo) and the %MPR were significantly altered by pre-
treatment with GF120918, indicating a faster onset and more intense action, respectively (p=0.0023).
The increased pharmacodynamic response could not be attributed to pharmacokinetic changes or to
the elevated M3G concentrations. Since M3G does not possess any anti-nociceptive
properties, 67168169 the guthors suggested that the inhibition of P-gp by GF1920918 might diminish the
efflux of morphine from brain capillary endothelial cells, leading to more rapid distribution and higher
concentrations of morphine at its site of action. These data were supported by Xie et al.””, who
demonstrated, using trans-cortical micro-dialysis, that morphine concentrations in the brain were
increased (1.7-fold) after administration to mdr-1a genetic deficient rats, whereas the metabolite M3G

was unaffected.

Evaluation of the kinetics of biophase distribution within the central nervous system by intracerebral
microdialysis, which has already been successfully applied to the characterization of the distributional
behavior in several cases 77007211731 'is 3 promising tool for the development of more sophisticated,
mechanism-based models, enabling as yet unexplained aspects of the pharmacodynamics of the

central nervous system acting drugs to be illuminated.

3 Modeling of irreversible mechanisms of action

3.1 Overview

In this section, we describe some examples of drugs that act in the human body through irreversible
inhibition at the site of action. In general, pharmacodynamic (PD) effects are initiated by the

interaction of drugs with targets such as receptors, enzymes, ion channels, cell membranes etc. Such
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interactions may be reversible, with a balance between association and dissociation of the drug with
the target, or irreversible when a drug bonds covalently to the target or the dissociation rate is
extremely slow for the relevant time span. As a result of these interactions, a cascade of events is
triggered, leading to the pharmacological effect, which can either stimulate (agonist) or inhibit
(antagonist) a physiological process.l74/175]

In many cases, drugs that irreversibly inhibit a physiological process are transformed, as a first step,
into reactive metabolites, which then bind covalently to their target, resulting in its inactivation. In
order for the pre-existing situation to be reestablished, it is necessary to resynthesize the target. In
such cases, the duration of action is likely to be independent of the pharmacokinetic half-life of
elimination of the drug and instead depends essentially on the de novo synthesis of the target. The
irreversible inactivation of endogenous enzymes or receptors caused by drugs e.g. the antiplatelet
effect of aspirin after binding cyclo-oxygenase-1,7%"7! the 5 a-reductase inhibitors,’®?! and the
proton pump inhibition by proton pump inhibitors (PPI1),B%&182 gre often described using such
turnover models. Further examples are drugs that trigger apoptosis in human cells, bactericidal
antibiotics,® reduction of viral load due to the treatment with antivirals,’® cell death processes
induced by anticancer drugs'® and cytotoxic drugs which cause myelosupression. &

In general, the turnover models that have been presented in the literature are based on the following

differential equation:®”!

dR

= = kin —koue ' R—=f(C) R R(0) =Ry (9)

where R denotes the response produced by the drug, R, is its initial response value, k;,, is a zero-order
rate constant for the response, k,,; is a first-order elimination rate constant and the function of the
drug concentration f(C) can be interpreted as a bimolecular interaction of the drug or its active
metabolite with the target. This is the general equation representing the turnover rate of the response,
however, more complex scenarios are also possible, requiring more mechanistic models to be

developed as will be discussed later.
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Figure 2 depicts a turnover model that can be applied to the interaction between the drugs with
receptors, enzymes or ion channels. In the case of interaction with endogenous enzymes, the k;,, and
kot Parameters represent apparent rates of response formation and dissipation respectively and f(C)

represents the effect as a function of drug concentration.

3.2 Applications and case examples

3.2.1 Proton pump inhibitors

Proton pump inhibitors (PPIs) were chosen as the drug model for this topic since their inhibition of the
proton pump (H*, K*-ATPase) enzyme present in the parietal cells of the stomach is irreversible. To
understand the mechanism of inhibition by the PPIs, models describing the turnover of H*, K*-ATPase
have been described.

The PPIs are, in and of themselves, inactive drugs that require an acid environment for their activation.
These weakly basic substances reach the general circulation after absorption from the gastrointestinal
tract and then become concentrated in the acid compartment of the parietal cells present in the gastric
mucosa. Following their activation by conversion to the sulphonamide form in the acidic intracellular
environment of the parietal cells, a covalent bond occurs between the activated PPl and cysteine
residues present in H*, K*-ATPase. This enzyme is responsible for the final step in the secretory gastric
acid process.BUB8LBY As 3 consequence of the binding, the enzyme is inactivated and this results in
suppression of acid secretion into the gastric lumen.!®®8% pp|s inhibit both basal and stimulated gastric
acid secretion, regardless of the nature of stimulation of the parietal cells. In order for the acid
secretion to be re-established, de novo synthesis of H*, K*-ATPase is necessary.?0°1.152]

Even though the elimination half-life of PPIs is only 1-2 hours, the pharmacodynamic half-life of the
inhibitory effect on H*, K*-ATPase is about 48 hours, rendering a rapid elimination (PK) but long

duration of response (PD) to members of this class.®2?3°4 By comparison, the pharmacodynamics of
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drugs that reversibly bind to the proton pump to decrease acidic secretion in the stomach, such as
cimetidine and other H, receptor antagonists, can be described with a direct response PD model.!
To construct a mechanistic PK/PD model for PPIs, several factors have to be considered: the
accumulation of PPI in the parietal cell, the amount of active enzymes present in the canaliculus of
parietal cell, the rate of de novo synthesis of new proton pump enzymes, the metabolism and
inactivation of PPls, the extent of covalent PPI binding to the proton pump in the parietal cell and the
stability of this binding.*®! Because of this complexity, several different models have been proposed to
describe the relationship between PK and PD for this class of drugs. There are empirical models that
simply consider the turnover of the proton pump and those that are more mechanistic, taking into
account the relevant physiology and PPl characteristics. In this section we will focus on PK/PD models
that have been used to describe the difference between the elimination half-life (PK) of PPIs and the
temporal inhibition of acid secretion (PD) that results from binding of the PPl with H*, K*-ATPase.
Katashima and co-workers!®! were the first to publish a mechanistic PK/PD model for PPIs. In the first
study, a model relating the unbound plasma concentration (Cf) of lanzoprazole and omeprazole to
the inhibitory effect on stomach acid secretion was developed. This model, illustrated in Figure 3,
utilizes the apparent turnover process of H*, K*~ATPase to describe the relationship between plasma

concentration and the inhibitory effect of the PPIs on gastric acid secretion.”

According to this PK/PD model, the inactive form of the PPI is present in the plasma, and only after
reaching the acid environment of the parietal cells is it transformed into the active form. This form
then reacts with active H*, K*-ATPase according to a second order reaction with the rate constant, K,
to establish a covalent bond between the activated PPl and H*, K*-ATPase, resulting in inactivation of

the enzyme.

The total amount of proton pump (£ remains at a constant level (k;/k7) because H*, K*-ATPase is

synthesized, on the one hand, at a rate described by the rate constant, K;, but also eliminated, on the

18



441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

other hand, at a rate described by the first order rate constant k;. The inactive proton pump recovers
at a rate described by the first order rate constant k,. Under these circumstances, the apparent
turnover rate constant, &, is represented by k; + k,. The time courses of variation in the amount of

active H*, K*-ATPase (E) and the inactive fraction (E,) are expressed by the following equations:

C = —K-G-E—k-E+ky-Ec+K; (10)
dE,

dt

=K'Cf'E_(k1_k2)'EC (11)

An in vivo pharmacokinetic and pharmacodynamic study in rats was conducted over a dose range of
0.006 - 3 mg/kg (IV) with omeprazole and lanzoprazole. Using the data from intravenous
administration in rats, the estimated half-life of the proton pump was 27 times longer than the
elimination half-life for omeprazole and 66 times longer for lansoprazole. Using the PK/PD model

described above, good agreement between predicted and observed data was achieved for both drugs.

After their success with the PK/PD model in describing the data from rats, Katashima and co-workers!®!l
extended the model to human studies with pantoprazole (PPZ), lansoprazole (LPZ) and omeprazole
(OPZ). The PK/PD analysis of these PPIs in humans was conducted using data obtained after oral
administration of OPZ (40mg), LPZ (30mg) and PPZ (40mg). Again, good agreement between the
predicted and observed values for the parameters was achieved. The estimated half-life of elimination
for omeprazole was 0.854 h, for lansoprazole 1.66 h and for pantoprazole 1.52 h, while the apparent
recovery half-life of the inhibitory effect on gastric acid secretion was 27.5 h for omeprazole, 12.9 h
for lanzaprole and 49.9 h for pantaprazole. These results confirmed the divergence between plasma

concentration (PK) and the inhibitory effect on gastric acid secretion (PD) of these there PPIs.

The mechanistic PK/PD model was extended by Puchalski and co-workers for lansoprazole.’® Their
model was set up to describe the intra-gastric pH time profile over a 24 hour period, enabling the
circadian rhythm of acid secretion and food effects on intra-gastric pH to be taken into account. Using

this model, the estimated value for lansoprazole half-life of elimination was 3.2h, somewhat longer
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than in the Katashima model (1.66 h), while in the clinical study the pH had not returned to the baseline
level after 24h. As this proposed model took into account several factors that can interfere in the PPI
absorption and activation, it should be particularly useful in the design of clinical studies, the prediction
of the optimal dosing regimen and the investigation of PPI effects in different patient populations.®?!

The inhibitory effect of PPls on gastric acid secretion has also been described by Abelo and co-
workers® using a simpler, empirical turnover model type |, as introduced by Dayneka et al.’® (see
section 4.1.1). In the basic turnover model shown in Eq. 12 and applied to omeprazole in Figure 4, it is
assumed that the drug inhibits or stimulates the production of an effect, which can be characterized
by the zero order k;, turnover and the elimination first order ko.: rate constants as appropriate. The
rate of change of the response (R) provoked in the absence of the drug is described with the following

equation:

dR

T =kin —kous "R (12)

According to Eq. 12 the acid secretion (AS) is directly proportional to the concentration of the active

proton pump enzyme (E). Equation 13 can be used to correct for the placebo effect on acid secretion:

__ AS(Drugt) _  E(Drug,t) (13)
- AS(Placebo,t) - E(Placebo,t)

Omeprazole irreversibly removes the enzyme from the system at a rate proportional to the amount of
enzyme and the inhibitor concentration. Irreversible removal of the enzyme results in a decrease in

the response according to equation 14:

dR
T =kin — (kout + Kome * Cp) ‘R (14)

For a given concentration of omeprazole, the value for R at steady state (R ) will be:

_ kin
s =
kout+kome'CpSS

R (15)

This relationship states that with increasing omeprazole concentration, R¢g approaches zero.
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Data from studies in dogs were used to predict the PK and PD parameters for omeprazole for this
species, leading to a prediction for the half-life of elimination of 1.3 h and for the effective half-life for
inhibition of acid secretion (ti/z kout) Of 51h. Using allometric scaling, the predicted half-life for humans
was 1.5 h and the effective half-life for inhibition of acid secretion (t1/2 kout) Was 71.7 h. The discrepancy
between predicted (71.7 h) and observed (48) ti1/2 kout in humans was attributed to differences in basal

acid secretion between dogs and humans. **

Ferron and co-workers 1% also used the basic turnover irreversible PK/PD approach, in this case to
describe the inhibition of gastric acid secretion by pantoprazole in rats and humans. The model was
able to adequately describe the time course of gastric acid secretion in rats at all doses studied. The
next step it was to apply it to gastric secretion data obtained after single or multiple oral or intravenous
administration of pantoprazole in humans. The estimated half-life for pantoprazole was 0.5 h in rats

and 0.8 h in humans, in agreement with the observed data in both species.

Both the mechanistic and empirical models described in this section were able to predict the
discrepancy between the half-life elimination (PK) of PPIs and the time-course of inhibition of acid
secretion (PD). The models were also successful in describing further characteristics of PPls, namely
that the effect in acid secretion inhibition of PPIs is linked to the extent of exposure (AUC), and that
the onset of action is governed by the maximum concentration (Cmax). Thus, PK/PD modelling provides
a powerful tool for analysing/predicting effects achieved with other dosing regimens. To circumvent
the use of invasive methods in clinical studies for monitoring the gastric pH and inhibition of gastric
acid secretion, it would be necessary to build PK/PD models that can also predict the extent of acid
inhibition in terms of the pH value and the duration over which the pH is kept above a clinically relevant

threshold value (usually pH 4) by the PPI.

21



518

519

520

521

522
523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

In conclusion, modelling and simulation clearly shows why PPls, despite having a short plasma half-life,
are able to have a long duration of effect. Such models enable better decisions to be made about
dosing intervals and also help to identify the time-frames over which drug/drug interactions with PPIs

may persist.

3.2.2 Acetylsalicylic acid

Similarly to the PPIs, aspirin (ASA) has a long duration of action, even though it has a short elimination
half-life (ti/2 18-30 min).[0%1102 ASA inhibits platelet-derived thromboxane (TXB2), with approximately
60% inhibition still observed four days after discontinuation of ASA.[2°U102 This pronounced
dissociation between the elimination half-life (PK) and the time-frame of drug action (PD) occurs
because ASA binds covalently to TXB2 causing irreversible inhibition of this enzyme. The TXB2 activity
can only be re-established by synthesis of new platelets, which is a process that occurs over a period
of approximately 10-14 days.[*°" Because platelets are not nucleated, they are unable to synthesize
new COX-1, and for this reason platelet function will only normalize after the platelets that have been
acetylated by ASA are removed from the systemic circulation and replaced by new platelets derived

from megakaryocytes.1%!

The first model describing cyclooxygenase activity in platelets and the blood vessel endothelium after
oral administration of aspirin was developed by Yamamoto and co-workers.””’ These authors used
irreversible inhibition, with renewal by enzymatic turnover, to explain the long duration of the
antiplatelet effect of aspirin in humans. In this study thromboxane B, concentrations and the

percentage of prostacyclin production in the blood vessels were used as biomarkers.l’”!

It has been suggested that non-selective COX-1 inhibitors, e.g. ibuprofen, could limit the cardio-
protective effect of aspirin.['® For this reason Hong and co-workers’® developed a PK/PD model
that was based on the turnover of the COX-1 enzyme, in which the irreversible inhibition by aspirin

and the reversible binding by ibuprofen were both incorporated. The rate changes of free
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enzyme concentration available for aspirin binding (E') and the ibuprofen-enzyme complex (EI) were

described by the following equations:

dE

E:kin_kout'E_K'Casa'E_kon'Cibu'E+koff'EI (16)

dEI
rre kon * Civy " E — kogp - EI — koye * EI - (17)

where k;, is the zero-order production effect rate constant, k,,; is the first order elimination rate
constant, K is the second-order rate constant for the irreversible enzyme inactivation by aspirin,
and k,, and k, s are the association and dissociation rate constants for binding of ibuprofen on the
enzyme. Cyq, and Cjp,, represent the aspirin and ibuprofen concentrations in the plasma, assuming
that both drugs follow a one compartment PK model with first order rate constants for absorption and

elimination.

The mechanistic PK/PD model was able to reflect the anti-platelet effect of aspirin administered either
alone or concomitantly with ibuprofen. As well as simulating the PK and PD time courses, significant
inhibition of the antiplatelet effects of aspirin in the presence of a typical ibuprofen regimen was also

demonstrated.

The most mechanistic PK/PD model describing the effects of aspirin on COX-1 activity to date was
proposed by Giareta and co-workers.'%! This model uses a population of megakaryocytes (MK) and
peripheral platelets present in the blood circulation to describe aspirin’s antiplatelet activity, as shown

in Figure 5.

For the construction of the PK/PD model for aspirin, the inactivation of COX-1 by low dose aspirin and
the recovery of COX-1 after stopping treatment were taken into consideration. Other physiological
processes, e.g. the description of the megacariopoiese process responsible for the maturation and
generation of new platelets, were also accounted for. The basic characteristics of the megacariopoiese
process are shown in Figure 5. The schematic description of the resulting PK/PD model is shown in

Figure 6. It consists of three linear compartments to describe the PK behavior of aspirin and two non-
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linear compartments to describe the mechanism of inactivation of COX-1 (PD) in MK cells and in the
platelets generated from them. A full mathematical description of the model has been published by

Giaretta and co-workers.1%!

The PK and PD parameters of the model were inferred from the literature and calibrated by
measurements of TXB2, which represents the COX-1 activity in peripheral platelets, in 17 healthy
subjects and 24 patients with essential thrombocythemia (ET).[2%! The model was able to reproduce
both the mean TXB2 inhibition time in healthy patients and the reduced inhibition of TXB2 seen in
patients with ET. Thus, this mechanistic PK/PD model may helpful to customize aspirin regimens under

conditions of altered megakaryopoiesis.

In addition to the dissociation between PK (short half-life of elimination) and PD (long response period)
demonstrated by the models described above, the dose-response relationship for platelet inhibition
by aspirin is flat. Feldman and co-workers!*®Y) demonstrated that even with a 10-fold increase in dose
of aspirin, only a two-fold increase in response (inhibition of TXB2) was observed. Since doses of 81
and 325 mg of ASA are not significantly different with regard to this clinical response, applying a low
dose of aspirin to prevent platelet aggregation is justified.[!

In summary, mechanistic models of the pharmacodynamic action of aspirin on platelets appear to be
useful for customizing the prevention of thrombus formation and for designing clinical trials in special
patient populations e.g. the elderly, pregnant women, children, obese patients, etc. Indeed, regulatory
authorities are increasingly relying on and encouraging the use of modeling and simulation to forecast
changes in PK and PD in rare diseases and in special populations of patients in whom it is challenging

to perform clinical trials.

3.2.3 Exemestane
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Exemestane, an irreversible aromatase type | (Ar type I) inhibitor for the treatment of advanced breast
cancer of postmenopausal women, provides a further, interesting example of irreversible binding and

biological target inactivation.

In an open, three-period, randomized, crossover study of twelve healthy post-menopausal women
Valle et al. investigated the effects of formulation (suspension versus tablet) and administration of
food (i.e. fasted versus fed) on the pharmacokinetics and pharmacodynamics of exemestane. As had
already been demonstrated by previous clinical trials, oral administration of exemestane (25 mg/day)
inactivates peripheral aromatase, leading to a 85-95% decrease in basal plasma estrone, estradiol and
estrone sulphate (EIS) concentrations in post-menopausal women with advanced breast cancer.
(206],[1071[108] First, population pharmacokinetic models, consisting of a mono- or bi- exponential
absorption and three compartment distribution function, with empirical Bayesian estimates for each
individual were developed. Absorption lag times were determined for both absorption models. An
inhibitory (type I) indirect response pharmacodynamic model (see more details in section 4.1), in which
synthesis and elimination of EIS (which is indirectly related to aromatase activity) are governed by zero-
and first-order rate constants, respectively, was implemented to describe the dissociation between

plasma concentrations and the observed effect:

dCgrs
dt =ks —k, - Cgis (18)
dCgs cY
dt = kg - m — ko - Cgis CEIS(O) = Cgiso (19)

where Cgs is the plasma concentration of estrone sulphate, kg is the zero order rate constant for
synthesis and k, is the first-order rate constant for elimination, C? is the exemestane plasma
concentration, ICso represents the exemestane plasma concentration at which 50% of inhibition is
achieved and y is the Hill-coefficient. This semi-empirical, non-linear mixed-effect modeling approach

fitted the data adequately.
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A more mechanistic model, incorporating the irreversible aromatase inactivation by exemestane, was
also applied. In this model the aromatase concentration, Ar, is assumed to be the system variable
controlling the rate of synthesis of EIS. The production and elimination rate of aromatase is in turn
governed by a zero-order (kg.) and first-order (k,.) rate constant, respectively. The irreversible
inhibition of aromatase by exemestane is characterized by an increase in the elimination of aromatase
and represented by a second-order rate constant k;. Assuming that the concentration of EIS precursor
is constant and the concentration of aromatase is known, the model is fully identifiable. The rate of

concentration changes of EIS and Ar are defined by the equations:

dCs
dt

=ks-Ar —k, - Cgis  Cgis(0) = Cgiso  (20)

dAr
W = kse - koe . AT‘ - kl . CEIS . AT AT(O) - ATO (21)

where Ary is the baseline concentration of aromatase.

The adoption of a more physiological relevant mechanism of action in the model was expected to
provide better results. Nevertheless, the goodness of fit was not significantly improved over the type
| indirect response model. Despite being semi-empirical, the type | indirect-response model was able
to predict the drug effect in different scenarios (i.e. doses, dosage regimens), providing an external
validation. In a sense, the initial, indirect response type | model could be considered as a “collapsed”
form of the mechanism-based model, under the assumptions that Hill-coefficient is equal to one (y=1)
and that the aromatase dynamics equation is solved at equilibrium and then substituted in the EIS
equation. These assumptions appear to be justified in the case of exemestane, since the
pharmacodynamic parameters do not change significantly in the data range studied and a value of Hill-

coefficient 1.75 (y=1.75) has been reported. Hence, a relatively flat dose-response is implied.
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An almost 4-fold increase in the absorption rate of exemestane when administered as a suspension as
compared to a tablet was detected, while food intake decreased the absorption rate. Interestingly,
these differences were mitigated in terms of pharmacodynamic response such that the maximum
effect and time to maximum effect were not significantly different among treatment groups. The
authors concluded that even large differences in pharmacokinetics arising from formulation or

administration with food were not translated to a meaningful difference in pharmacodynamics.

The example of exemestane is interesting for two main reasons: a) it illustrates that a mechanism-
based model of irreversible pharmacodynamics can be transformed, depending on data availability or
fast equilibration, to a simplified, “collapsed” model, without influencing the outcome appreciably,
and b) observed differences in absorption patterns and food effects are not always clinically relevant,
especially when there is a long delay between plasma levels and the elicited drug response. Again,
these findings support the consideration of pharmacodynamics as well as pharmacokinetics when

determining whether two drug products or two dosing scenarios are therapeutically equivalent.

4 Indirect response and feedback control models

4.1 Overview

Most pharmacological targets are subject to homeostatic mechanisms, characterized by continuous
degradation on the one hand and re-synthesis of one or more biomarkers (e.g. enzymes, antibodies,
circulating proteins or inflammation factors) to compensate for elimination on the other hand, which
balance each other to maintain a stable steady-state. This is often referred to as the turnover process.
Some drugs elicit their action by perturbing the steady-state, resulting in a temporary or a more
permanent change in the marker value. Such mechanisms of actions, which do not affect the response
itself but rather influence the turnover process, are inherently indirect and the models describing their

effect-time course are usually referred to as turnover or indirect response models. These models
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typically exhibit a delay between the drug concentration-time and response-time profiles. The
amplitude of the response and the extent of the time delay are dependent on the turnover rates

(synthesis and degradation) of the pharmacological target as well as the magnitude of the effect.

4.1.1 “Basic” and “extended basic” indirect response models

Nagashima et al.l!%! were the first to implement an indirect response model, which was used to explain
the anticoagulant effect of warfarin on the activity of the prothrombin complex. In 1993, Dayneka et
al."*% introduced four basic mathematical models describing the indirect pharmacological processes,
according to which the production and loss of the response, R, are governed by zero- and first-order
rate constants, kin and kout, respectively. The drug can inhibit or stimulate the synthesis and/or the

elimination process as follows:
Model | (inhibition of ki,):

dR I -C
3=t (1 ) e R RO =Ry (22)

Model Il (inhibition of koyt):

dR

Imax - C
E=kin_kout'(1 &>-R, R(0)=R, (23)

" C+1ICs
Model Il (stimulation of kin):

dR Epar - C
—=k;, - — -k ‘R, R(0O)=R 24
T = (1 ) ko B RO =Ry (28)
Model IV (stimulation of kou):

dR
dt

EmaxC

=Kin — Kout (1 +
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where k;,, k. are the zero order production and first order elimination rate constants, C is the drug
plasma concentration, and EC5q and ICs, represent the drug plasma concentrations achieving 50% of

the maximum stimulating, E,,,4,, and inhibitory, I,,, .., effects, respectively.

These four basic models, which are illustrated in Figure 7, have been applied extensively and some
examples have been summarized by Jusko and Ko."! The inhibition of basophil trafficking by
methylprednisolone and the furosemide-mediated inhibition of water reabsorption from the tubules
and collecting duct were assessed by Model | and I, respectively, while the stimulation of the cyclic
adenosine monophosphate (cAMP)-induced bronchodilation by the B-adrenergic receptor agonist
terbutaline was described by Model lll. In a further example, it was shown that the increase in cAMP
by terbutaline activates the cellular membrane sodium-potassium pump, resulting in an increase of

efflux of potassium ions from the plasma into cells, an effect that can be described with Model IV.

These basic turnover models can be modified and/or extended to account for more complex
physiological processes such as time-dependent production (kin(t)),**! the rate of loss of cells
according to their lifespan(t*211311114 3nd capacity limited processes such as nonlinear synthesis and
degradation functions.'! Further, many physiological processes such as secretion of hormones and
gastric acid, gene expression, cardiac output and blood pressure are known to be subject to circadian
rhythms, which might influence the pharmacokinetics and pharmacodynamics of various
drugs.[H6M17LI8 Summetric circadian rhythms have been described by trigonometric functions, such
as the cosine model introduced by Lew et al.,[**®) whereas asymmetric circadian rhythms have been
modelled with the addition of exponential, dual cosine or harmonic functions.'2%111 The detailed

mathematical formalism around these functions has been summarized by Krzyzanski.*?"

4.1.2 Signal transduction and feedback control indirect response models
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When a sequence of events takes place between receptor binding or activation and the observable
effect, this is referred to as signal transduction and can involve signaling cascades, activation or
inhibition of secondary messengers, gene up- or down-regulation and mRNA transcription to
functional proteins. By definition, every transduction process has two inherent attributes: the
transformation of the original signal and the introduction of a time-delay.*??1123] Depending on the
experimental time-scale, the time delay might or might not be discernable and in the latter case the
response is described by a transduction model with no delay, for example in the operational model of
agonism introduced by Black and Leff.’?* This model has been applied to describe the
pharmacokinetic/pharmacodynamic relationships of A; adenosine, p-opioid and 5-HTia receptor
agonists. 12511261 [1270[128L1129] However, in other cases the time delay produced by the transduction
process is significant and the mathematical models need to be adjusted accordingly. The most common
approach is the so-called transit compartment model (Fig. 8), which has been applied to the modeling
of the genomic effects of corticosteroids, in this case known as the 5™ generation model for
corticosteroids, as well as myelosuppression and hematologic toxicity in cancer

chemothera py.[130],[131],[132],[133]

Most physiological processes are subject to feedback control and belong to the so-called
autoregulation systems. The pharmacokinetic/pharmacodynamic (PK/PD) models that do not address
these auto-regulatory mechanisms fail to provide a complete insight of the drug-exposure relationship
and it has been shown that this can lead to underestimation of the drug’s potency.?¥ The feedback
control indirect response (FC IDR) models (see Figure 9) usually incorporate terms proportional to the
error signal itself, the integral and the derivative of the error signal in linear and, less commonly, in
nonlinear combinations. There are also FC IDR models which include an additional state, the
“moderator” state, which feeds back to alter the synthesis or turnover of the response.*3 Numerous
applications of PK/PD models incorporating feedback regulation mechanisms have been published in
the literature.13211135111361 The example of (S)-citalopram, a widely used selective serotonin receptor
inhibitor (SSRI), is presented in detail in section 4.3.
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4.2 Applications and case examples

4.2.1 Ibuprofen: antipyretic response

As mentioned in section 2.2.2, the antipyretic effect of ibuprofen resulting from the inhibition of
prostaglandin synthesis has been investigated in numerous clinical studies and an indirect response
model has been applied to fit the reported pharmacodynamic data. In a single-dose, placebo-
controlled, double-blind and parallel-group trial by Walson et al.,[*3”) the safety, efficacy, tolerability
and dose-effect relationships of ibuprofen products, formulated as a suspension at doses of 5 mg/kg
and 10 mg/kg to treat febrile children, were compared to liquid formulations of acetaminophen. The
patients (N=127) were split into groups according to their initial temperature and on whether
antibiotics were being administered concurrently. A positive dose-response relationship between
ibuprofen suspension 5 mg/kg and 10 mg/kg in the higher temperature (102.6-104°F), non-antibiotic
group was demonstrated, whereas in the lower temperature group (101-102.5°F) both doses were
equally effective. However, the authors pointed out that the plasma levels necessary for maximum
effective antipyresis of ibuprofen (approximately 10 mg/L) are achievable at doses even less than 5

mg/kg, implying a ceiling effect in the antipyretic response at doses of 5 mg/kg or higher.

Similar results in 178 children were observed by Wilson et al.**® In a single-dose, placebo-controlled
study, during which age and initial temperature were considered as co-variates, both the 5 and 10
mg/kg doses were significantly superior to placebo, but not different from each other in terms of
maximum reduction in temperature. However, it was concluded, based on the temperature at 6 hours
after administration, the change of temperature from the baseline value and the percentage of
efficacy, that the 10 mg/kg dose was more effective. The effect of the age and the initial temperature

value on the magnitude of the pharmacological action was also emphasized.

In a double-blind, randomized, single-dose study of 5 and 10 mg/kg ibuprofen to treat febrile children
(N=153) Brown et al.’* noted a dissociation between tms and time of maximum temperature

decrease and found no correlation between the extent of temperature change and plasma levels at
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trmax OF 6 hours post-administration. Further, there was no evidence that pretreatment with
antibiotics, race or gender influenced the antipyretic effect. By contrast, age and initial temperature
were shown to be co-variates. Interestingly, after compartmental pharmacokinetic analysis, only the
pharmacodynamic, but not the pharmacokinetic parameters related to absorption (Cmax, tmax) and
elimination (ke t1/2), were affected by the age of the child. In a subsequent paper, Brown et al. 140
implemented an effect-compartment model coupled with a sigmoid Emax pharmacodynamic model to
describe the antipyretic effect of ibuprofen in children and further elaborated the model by adding a
linear and/or sinusoidal cyclic function for the decrease in temperature as co-variates to fit their own
as well as previously reported data [*3%). Values of the estimated sigmoidicity factor (y) were 3.97 + 0.58
and 4.27 + 0.63 for ibuprofen 5 mg/kg and 10 mg/kg, respectively, implying that the dose-response

relationship for antipyresis in children might be steeper than for dental pain relief in adults.

Troconiz et al.*”! reported a temporal disconnection between tma.x after administration to febrile
children of 7 mg/kg ibuprofen as a suspension or as effervescent granules dosed at 200 or 400 mg (0.5
for the suspension and 1.9 hours for the effervescent granules) and time of maximum decrease in body
temperature (3 hours in both cases), suggesting that the formulation and its pharmacokinetic behavior
has little impact on the antipyretic effect of ibuprofen. The antipyretic response of non-steroidal anti-
inflammatory drugs (NSAIDs) has been attributed to their ability to inhibit the synthetic pathway of
prostaglandins, particularly of prostaglandin E, (PGE;), via an indirect mechanism.#% The following

equation was derived to describe the pharmacodynamics of antipyresis by this mechanism:

ar k (1 E ¢ ) k T (26)
7 — Rsyn* T LCmax "~ o~y | Mout”
dt CY + EC,,

where dT /dt represents the rate of body temperature change with time, k,,, and k,, are the zero-
order and first-order rate constants for synthesis and degradation of the inflammation mediator (i.e.

PGE,), respectively, T is the body temperature, E,;,x is the maximum antipyretic effect, ECs, is the
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drug plasma concentration (C) required to achieve half of the maximum effect and y is the sigmoidicity

factor.

The proposed pharmacokinetic-pharmacodynamic model fitted the antipyretic profiles well. The
estimated ECs, and k,,,; parameters were in agreement with those previously reported by Garg and
Jusko (6.18 versus 10.2 mg/L for ECsy and 1.17 versus 0.89 h for k,,;), who had also applied an
indirect response model.**? The sigmoidicity factor was calculated to be 2.71 + 0.18, suggesting a
relatively flat dose-response curve. In contrast to previous studies, however, age and initial

temperature did not elicit covariate effects. 13811431

Based solely on the differences in Cmax and tmax between the suspension and the effervescent granule
formulations, a delayed onset of drug action would be expected for the effervescent granules.
Nevertheless, the maximum antipyretic effect was similar and occurred at the same time for both
formulations. Importantly, an almost identical mean effect time course of 200 and 400mg of Ibuprofen
effervescent granules in febrile children was observed, implying that at least for this formulation there
was no significant clinical benefit with a dose increase (Fig. 10). Therefore, the authors concluded that
the formulation-dependent pharmacokinetic differences are mitigated by the response mechanism,

leading to similar pharmacodynamic responses for both formulations at both doses in febrile children.

Using a verified PBPK/PD model Cristofoletti and Dressman simulated the antipyretic response with
virtual trials of 2, 5, 7 or 10 mg/kg dosing of Ibuprofen suspension to 100 febrile children per trial in
the age range of 2-11 years.® In terms of maximum decrease in temperature from the baseline value,
the 5, 7 and 10 mg/kg doses were proven to be significantly superior to 2 mg/kg but not statistically
different from one another. A rather flat dose-response curve (with ECsp=6.18 mg/L) was confirmed
for the antipyretic effect in children. Under the assumption that the 7 and 10 mg/kg dose represent
the test and reference products, respectively, the test product would be bioinequivalent to the
reference in terms of Cmax and AUC ratios (Cmax1/Cmaxk and AUCmax1/AUCmaxr around 0.7), but still

therapeutically equivalent in children. This conclusion is supported by the data from Troconiz et al.[*”,
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whose clinical trial demonstrated superimposable antipyretic profiles between ibuprofen suspension
7 mg/kg and effervescent granules 400 mg (normalized by children mean body weight as 11.8 mg/kg)

after administration to febrile children.

4.2.2 Rosuvastatin

Of the currently available 3-hydroxy-3-methylglutaryl coenzyme A reductase (HMG-CoA reductase)
inhibitors, rosuvastatin is one of the most effective at lowering the low density lipoprotein (LDL)
cholesterol. Mevalonic acid synthesis, which takes place in the liver, is catalyzed by HMG-CoA

reductase and is the first irreversible stage of the cholesterol biosynthetic pathway. 1441143111461

A pharmacokinetic/pharmacodynamic model was developed to predict the response of rosuvastatin
to different dosage regimens and identify differences in response between morning (at 07:00 a.m.)
and evening (at 06:00 p.m.) administration. For this purpose, Aoyama et al.'*”! used a two-
compartment pharmacokinetic model with first order absorption and elimination from the central
compartment, which was then linked to a modified inhibitory indirect response pharmacodynamic
model describing the plasma concentrations of mevalonic acid (MVA). The model was further extended
by incorporating a time-dependent periodic function in the zero-order synthesis rate constant of
mevalonic acid to account for the circadian rhythm, as introduced by Krzyzanski et al.[**8114°) The model
is presented in Figure 11 and described by the following equations:

dR cy
ar "k (1 | T kow R (27)

=7 Y
Cp + ICp50

where R is the response, k;;, is the time-dependent zero order rate constant for the increase in plasma
MVA concentration, k,,; is the first order rate constant for the decrease in plasma MVA
concentration, C, represents the plasma concentration of rosuvastatin, IC,5, is the plasma
concentration at which k;;, is reduced 50% and y is the sigmoidicity factor. The time-dependent k;;, to

account for the circadian rhythm is defined as follows
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kin = km + kgmp - cos(2 - n(t —tz)/24) (28)

where k,, and kg, represent the mean MVA synthesis and its amplitude rate constants, respectively,
and tz is the acrophase time, during which MVA is synthesized at the maximum rate. The following

function to describe the circadian rhythm of k,,, was proposed by Krzyzanski et al.[%!;

Kamp - Koue 2.1 (tz) 2-m 2-m- (tz)
ke = kgue - 1€ — ——22_—0ut - csin|[ ——2)] (29
meo Ko + Qrj2ay %\ "2z ) ™ ) @

where IC is the initial plasma MVA concentration measured at 6 a.m., set to 4.32 ng/ml.

Application of the time course of rosuvastatin and mevalonic acid plasma concentration to the model
enabled an adequate prediction of the clinical data reported by Martin et al.[*>* A higher reduction
ratio of 7.7% in the area under the plasma MVA concentration—time curves over 24 hours at steady
state (AUECo.24) was observed after administration in the evening. Furthermore, sensitivity analysis on
the pharmacokinetic parameters showed that changes in the pharmacokinetics have a greater effect
on the AUECo.24 reduction ratio after morning than after evening administration. This was attributed
to the circadian rhythm, with the acrophase time estimated to be 15.5 hours. The authors concluded
that evening administration of rosuvastatin might be useful in clinical practice.l**”? The main limitation
of the model is that it is based only on the mean plasma pharmacokinetic and pharmacodynamic data.
Therefore, it does not address the concentration at the effect site, which is the liver and not the
plasma, or the inter-subject variability. Most importantly, the use of only one mean PK/PD data set
raises questions about the identifiability of the estimated parameters and caution should be exercised

in drawing conclusions about the validity of this model.

Since the liver is the effect site for the statins, uptake into the liver is an important factor in their
efficacy. Multiple transporters of the family of the organic anion transporting polypeptide (OATP)
family are abundant in the liver, facilitating the active hepatic uptake of endogenous substances and
xenobiotics, including statins, from sinusoidal blood.[t>1152L153LI54L155] Rosyvastatin is a substrate of

the organic anion transporting polypeptide 1B1, 1B2, 1B3, 1A2 and the sodium-dependent
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taurocholate co-transporting polypeptide.'>!V1156] The expression of OATP1B1 on the sinusoidal
membrane of human hepatocytes is encoded by the gene SLCO1B1, which is subjected to single-
nucleotide polymorphisms (SNPs). As already demonstrated for paravastatin, pitavastatin and
simvastatin, such polymorphisms are associated with reduced OATP1B1 in vitro activity and markedly
increased plasma concentrations.[t>7V158LI159LI160LI61] paggnen et al.l'*® jnvestigated the effect of
SLCO1B1 polymorphism on the pharmacokinetics of atorvastatin and rosuvastatin, after oral
administration in 32 healthy volunteers, with the following genotypes: SLCO1B1 c.521CC (n=4),
SLCO1B1 c.521CT (n=12), SLCO1B1 c.521TT (wild type, n=16). Significant increases in the AUCo.4sn and
Cmax (65% and 79%, respectively) in SLCO1B1 ¢.521CC subjects compared to the reference genotype,
SLCO1B1 c.521TT, were observed. By contrast, increases in the AUCo.4sh (144% increase), but not the
Cmax, Were reported after administration of atorvastatin. This study implies that the reduced OATP1B1-
mediated hepatic uptake of rosuvastatin due to SLCO1B1 polymorphism results in an increased risk of
a reduced cholesterol-lowering effect as well as adverse effects such as myopathy and/or

rhabdomyolysis.

Based on the model of Aoyama et al.,*”! a full PBPK/PD model was built in the SimCyp Simulator® by
Rose et al.'%? to investigate the impact of polymorphic hepatic uptake (OATP1A1, OATP1B4) and efflux
transposers (BcRP, MRP2) on the disposition, pharmacologic and toxic effects of rosuvastatin. First,
plasma concentrations were linked to the cholesterol-lowering effect of rosuvastatin, according to the
plasma AUC of MVA. The simulations performed with the PBPK/PD model showed a large increase in
the mean plasma AUC infinity (AUC-) of rosuvastatin by 63% and 111% for the SLCO1B1 ¢.521CT and
SLCO1B1 ¢.521CC, respectively, compared to the wild type (SLCO1B1 ¢.521TT). Similarly, a significant
increase in MVA plasma AUC of 30% and 35% for the same genotypes was observed. However, the
hepatic unbound intracellular water concentration (Cuw) of rosuvastatin, which was predicted by a
permeability limited liver model, was considered to be a more relevant driver of its pharmacodynamic
effect. Interestingly, only a slight decrease in Cuw based AUC. of 5.7% and 9.6%, with a parallel
decrease in MVA plasma AUC of 3.1% and 5.8% were reported for the heterozygote and homozygote,
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respectively. The latter findings are in agreement with a number of studies showing that OATP1B1
¢.521T>C SNP has either no or only a slight effect on the cholesterol-lowering response to
statins, 1631164111651 and that when plasma concentrations were used as the input, the results were

misleading.

With regard to toxic effects, the effect of genetic polymorphism on rosuvastatin-mediated myopathy
was investigated by prediction of muscle concentrations using a perfusion-limited model. A strong
correlation between plasma concentrations and the risk of muscle-related adverse effects was
observed. Thus, in contrast to the results for the cholesterol-lowering effect of rosuvastatin, the
plasma concentration appears to be a good surrogate for the concentration at the muscle when
assessing the risk of statin-induced muscle toxicity in individuals with polymorphic hepatic uptake

transporter activity. This result was also in agreement with an already published study.[*¢¢!

High inter-individual variability among the different genotypes, limited availability of accurate in vitro
data and/or published clinical studies at different dose levels as well as incomplete understanding of
the impact of transporters on pharmacokinetics and/or pharmacodynamics, are some of the
limitations which restrict the robustness of the models for rosuvastatin and their confidence in
simulating different clinical scenarios. Despite these limitations, rosuvastatin serves as a useful case
example to demonstrate the potential of linking PBPK with PD model to enhance physiological
understanding and improve the ability to assess the impact of transporters on the pharmacologic
and/or toxic response. Of particular importance was the finding that, in some instances, parameters
other than the plasma concentration are appropriate indicators of the therapeutic and/or toxic effect.
This example illustrates that implementation of (PB)PK/PD models (even on an exploratory basis) can
provide valuable information during clinical drug development and significantly contribute to the

clinical ramifications of genetic polymorphism and facilitate an optimal dosing regimen.

4.2.3 Escitalopram
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Selective serotonin reuptake inhibitors (SSRIs), such as escitalopram, block the neuronal reuptake of
serotonin (5-HT), resulting in increased neurotransmitter concentration at the terminal and somato-
dendritic areas. However, the auto-receptors 5-HT1a and 5-HT1s, which regulate the 5-HT release from
neurons by negative feedback control, are also situated at the terminal and somato-dendritic neuronal
parts, respectively (Fig. 12).1%7) Intracerebral microdialysis can be used to measure the extracellular

concentration of 5-HT and thus its concentration at the site of action.[1681116]

Bundgaard et al.l'’?! developed an indirect response PK/PD model for escitalopram, including a
moderator state (tolerance model) to account for the auto-inhibitory feedback. For this purpose,
different doses of escitalopram were administered intravenously at a constant infusion rate over 60
minutes in four groups (vehicle, 2.5, 5 and 10 mg/kg) of six male Sprague-Dawley rats and the response
was expressed as the change in extracellular 5-HT concentration. A two-compartment
pharmacokinetic model with first order elimination from the main compartment was used to fit the
individual mean unbound plasma concentration-time profiles for each dose group and the predicted
profiles were used as the input to drive the pharmacodynamic model. A type Il basic indirect response
model was implemented to describe the inhibition of 5-HT reuptake. In this model, the increase in the
response, R, over the baseline value Ry, feeds back to the moderator compartment and stimulates the
production of the moderator, M. As a simplifying approximation, the rates in and out of M are
described by a first-order rate constant kiwi. An increase in M induces a negative feedback on the
generation of the response and thus enables the baseline value to be reestablished. The model is

illustrated in Figure 13 and described by the following equations:

dR ki,
E:ﬁ—kout R I(Cp) (30)
dM
E: kot * R — ket - M (31)
Lnayx - C{Jl
I(Cp) == 1 - m (32)
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where R, M and C, represent the response, the moderator and the escitalopram unbound plasma
concentration respectively, Imax, ICso and n are the maximum inhibitory effect, the potency and
sigmoidicity factor respectively, and k;,,, ko, and k;,; represent the turnover rate, fractional turnover
rate and feedback rate constants, respectively (see Fig.13). By setting equations 30 and 31 equal to

zero, the initial baseline conditions are obtained:

kin = kout - Rg (33)

_ _ kin
Ry=My= 7=~ (39)
ou

The feedback control model fitted the response-time data well. Between unbound plasma
concentration and 5-HT response, a distinct time-delay was observed for all doses, leading to a
counter-clockwise hysteresis loop. The development of tolerance was confirmed by the fact that the
terminal phases of the hysteresis loops were not superimposable as a function of dose: the higher dose
groups exhibited a lower response at the same concentration. Based on one-way analysis of variance
(ANOVA) and post hoc analysis, maximal increases in 5-HT extracellular levels reached 337%, 424% and
456% of the baseline and the levels remained elevated for 135, 175 and 235 minutes at the 2.5, 5 and
10 mg/kg doses, respectively. Despite the significant differences in plasma concentrations, the basal
response value was recovered within 360 min following the administration of all tested doses. In fact,
neither the duration nor the magnitude of the response increased when the dose was increased from
5 to 10 mg/kg. These findings are in agreement with previous studies in rats, in which increasing the
dose of escitalopram exhibited a ceiling effect in the extracellular levels of 5-HT in the frontal cortex,

as measured by microdialysis.[*71172]

The results from this study established the high potency (ICso= 4.4 pg/L) of escitalopram, with almost
complete (Imax= 0.9) inhibition of reuptake. A fast neuronal 5-HT reuptake with a half-life of less than 5

minutes (t1/2kout) was reported, whereas the half-life for the development of tolerance, t1/2ktol was

estimated at 10 hours. The importance of incorporating a moderator state to account for the
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physiological homeostatic autoregulation mechanisms was demonstrated by comparison of the
pharmacodynamic parameters of this more mechanistic model with the conventional effect-
compartment model. The effect-compartment model predicted higher ECso values at increased doses,
which was inconsistent with the physiological response. In addition, Zhang and D’Argenio!?®! used the
same data sets to compare the performance of the basic model Il inhibitory model with and without
the addition of proportional and proportional-plus-integral feedback gain. When the feedback was
omitted, the drug’s potency was underestimated, while the model with the proportional-plus-integral

feedback gain performed the best (lowest Akaike information criterion value).

These findings not only highlight the usefulness of implementing feedback control mechanisms in
pharmacodynamic models, but also the importance of assessing the PK/PD at multiple doses. It is
evident that when the autoregulation of the pharmacodynamic response is not taken into account, the
evaluation of in vivo potency can lead to an underestimation of drug’s potency and application of
unnecessarily high doses. Additionally, feedback control models may be useful for the comparison of
the pharmacodynamic behavior among SSRls, to improve understanding of their antidepressant

effects and as a guide to set effective plasma concentrations in clinical practice.

5 Outlook and concluding remarks

This review describes the large variety of pharmacokinetic/pharmacodynamic modeling approaches
available to predict dose-concentration-effect relationships and to simulate various clinical scenarios.
Models incorporating a physiological understanding of the underlying mechanism(s) of action of the
drug and progression of disease can serve as powerful tools for exploring and predicting clinical drug
product performance. Provided such models are adequately validated, they can also be implemented
with confidence to drive model-informed decisions during drug development as well as at the

regulatory level.

An even more complete understanding of a drug’s therapeutic value would be possible if dose-

concentration-adverse reactions relationships were to be simultaneously established through
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toxicokinetic/toxicodynamic models, so that not only efficacy, but also safety can be evaluated. This is
important, since dose-response curves may differ significantly between the therapeutic and adverse

effects in different patient populations as well as among different indications of the same drug.

A current limitation of mechanistic models is that their complexity often leads to issues of identifiability
and reproducibility of parameters. The commercially available physiologically based pharmacokinetic
models are often implemented with mostly (or only) literature data. In these models the number of
parameters is often far greater than would be required for application of classical compartmental
models and it may be difficult to acquire reliable values for some parameters. The advent of more
sophisticated analytical techniques such as microdialysis will promote a better understanding of the
time profile of drug concentration at the effect site. In the meantime, to ensure maximum quality and
to facilitate the interpretation of PK/PD models, transparency in the parameter values applied in the
model, as well as in the underlying assumptions and the derived equations, together with

harmonization based on good coding practice (GCP), is essential.

Once there is enough confidence in the translatability, estimation and prediction of preclinical and
clinical PK/PD and systems pharmacology models, a move towards linking them with biorelevant in
vitro tools to guarantee therapeutic equivalence will be another key step forward in the drive to link
the laboratory to the patient, which seems not only promising, but also imminent. Bridging the gap
between in vitro, in vivo and in silico methods by applying the Quality by Design (QbD) and the
Biopharmaceutics Risk Assessment Roadmap (BioRAM),* 731741 will allow pharmaceutical scientists to
correctly assess the relative impact of formulation, dose and dosing interval during development of

new drugs.

For the formulation scientist, modeling and simulation used in this way will assist in the selection of
the most appropriate dosage form and to set formulation targets, knowing to what extent the
formulation can be expected to steer the in vivo performance of the drug product. For the clinician,

the approach helps to identify the dosing strategy which optimizes the efficacy/safety ratio.
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For the analyst, modeling and simulation can provide guidance in setting clinically relevant dissolution
specifications, taking into account not only which formulation factors steer the drug plasma
concentration (critical quality attributes) but also how any differences in these will translate in the
clinical outcome. In this context, robust PK/PD modeling approaches will play an essential role in

model-informed drug development.

Finally, from a regulatory decision-making point of view, a seamless description of the relationship
between the pharmacokinetic and pharmacodynamic characteristics of a drug together with a
knowledge of how, and to what extent, formulation and formulation performance can influence the
PK and PD, provides an excellent, clinically relevant basis for an integrated approach to assessing
applications for drug approval. Currently, pharmacodynamics considerations are taken into account
in the approval of labeling of new drug products, for example, whether taking the drug before vs. after
a meal will influence efficacy. There is also a thrust towards virtual bioequivalence, for example using
PBPK modeling to determine whether a change in the dissolution characteristics will impact the plasma
profile significantly. A logical further step would be to combine these two approaches to optimize the
approval process. Foreseen is a scenario in which the release testing in the laboratory reflects the
release in the target patient population(s), the data are combined with verified PBPK models tailored
to the target population(s) and then translated with PK/PD modeling into a prediction of the clinical
outcome. This scenario would not only provide sponsors as well as the regulatory authority with more
flexibility in the approval procedure, without sacrificing efficacy or safety, but also be a way forward

to move effectively towards a more personalized medicine concept.
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