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ABSTRACT
Time-dependent inactivation (TDI) of CYPs is a leading cause of clinicatdinug interactions
(DDIs). Current methods tend to oyaredict DDIs. In this study, a numerical approach was
used to model complex CYP3A TDI in human liver microsomes. Inhib&estiated include
troleandomycin (TAO), erythromycin (ERY), verapamil (VER), Paroxetine (PAR), itraconazole
(ITZ) and diltiazem (DTZ) along with primary metabolitesddmethylerythromycin (NDE),
norverapamil (NV), and Mlesmethyl diltiazem (MA). Completiés incorporated in the models
included multiple binding kinetics, quasieversible inactivation, sequential metabolism,
inhibitor depletion, and membrane partitioning. The different factors affecting TDI kinetics were
evaluated such as lipid partitiong, inhibitor depletion, presence of transporters. The inactivation
parameters obtained from numerical method were incorporated intarstatio i in-vivo
correlation (IVIVC) models to predict clinical DDIs. For 123 clinically observed Didig a
hepatic CYP3A synthesis rate constant of 0.000146time average fold difference between
observed and predicted DDIs was 2.97 for the standard replot methadséfmt thenumerical
method. Similar results were obtained using a synthesis rate constant of 0.00832hesge
results suggest that numerical methods can successfully model compigg TDI kinetics,
and that the resulting DDI predictions are more accurate thandbtsaed with the standard

replot approach.

Chapter one presents the detailed introduction along with the hypothesis and significance of the
project. Chapter 2 includes the development of bioanalytical method for quantitation of various
compounds which rludes inactivators and their primary metabolites. Chapter 3 entails the
discussion omn-vivo studies in rats involving TDI mediated DDI studies. Chapter 4 discusses

thein-vitro studies and use of numerical method for evaluation of TDI kinetics. Claptet



chapter 6 provides discussion on impact of inhibitor depletion and partitioning of TDI kinetics
and how these two could lead to misinterpretation of TDI results. Chapter 6 also provides
discussion on how transporters could affect TDI results maiobhg hepatocyte studies. Chapter

7 involves prediction of TDI mediated DDI using static modeling. Chapter 8 is a case study on

bosentan involving induction mediated DDI.
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CHAPTER 1 - INTRODUCTION

1.1. Background and Sgnificance
The major pharmacokinetic (PK) processes that determine the concentration of drugs in
the body are absorption, distribution, metabolism and excretion (ADME). These
processes are influenced by many factors including extrinsic and intrinsic factors, which
include age, gender, race, food, and disease states. Apart from these factors drug
administration can also influence the PK processes leading to PK interactions. These PK
interactions can be foedrug interactions, drugerb interactions and drigyug
interactions (DDI). One of the major classes of PK interactions is DDI, which can result
from interaction of different drugs when they areaciministered. These interactions can
be either induction or inhibition of drug metabolizing enzymes (DMES) or drug
tanporters, resulting in altered PK. Drug a
or 6objectd and the drug which causes the
The effect of these interactions can range from lack of therapeutic redpmsevere life
threatening interaction(Spinler et al., 199Dresser et al., 20000wing to this, it is

very important to identify such dragearly in the drug development process.

Cytochrome P450s (CYPs) make up an important superfamily of DWtRS7

functional genes in humaiighou and Zhou, 20Q9These enzymes catalyze endogenous
as well as xenobiotic metabolism. More than 90% of xenobiotics are metabolized by
CYP1, 2 and 3 family membefislebert and Russell, 20P2Z'he major organs where

CYPs are located are the liver (major metabolizing organ), intestines, kidney, lung and
skin. Among all the family mmbers, CYP3A family metabolizes around 60% of

therapeutic drug&Zhou, 2008. CYP3A4 accounts for 82% and 40% of the total CYP
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present in human small intestine and liver respely (Paire et al., 2006 Since CYPs
are the major DMESs, inhibition or induction of CYPs can lead to DDI. Inhibition of

DMEs can either be reversible or irreversifNagar et al., 2014a

Irreversible inhibition occurs through several molecular mechanisms ultimately resulting
in inactive proteir(Zhou et al., 2004Fontana et al., 2005Compounds which cause
irreversible inhibition can be classified as mechanism based inactivators, ddtaliyg
agents, slow tight binders and transition state analogs. Mechanism based inactivators
must be transformed by the enzyme into a species that can inactivate the enzyme by
either forming a covalent bond or a roovalent bond. Although slow tightrigers,

affinity labelling agents and transition state analogs also cause irreversible inhibition they
are not mechanism based inactivators since those compounds do not have to be
transformed to other species to inactivate the enzyme. Hence irreversibigoinlis

also referred to as mechandrased inhibition (MBI). Further since this type of

inhibition results in time dependence it is also calledilependent inhibition (TDI).

Affinity labeling agents are generally reactive (electrophilic) compotimatsalkylate or
acylateenzyme nucleophiles. Generally, thg &nd ks rates are very fast which leads to
fast equilibrium with E(E: Enzyme, I: inactivator/inhibitor, El: enzyrnehibitor
complex, EI*: activated enzyrmahibitor complex) El furtherforms EI* through

covalent modification whie is a time dependent reaction.
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A transition state analog is a generally a tight binding noncovalent inactivator whose
structure resembles an intermediate structure. Hence, the enzyme binds these compounds
exceedingly tightly, leading to very smalbk Time dependence is not evident with

transition state analog inactivators since the binding and inactivation very fast.

kOﬂ
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47— El*
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Slow, tightbinding inhibitors have relatively slow rates of binding (tbe kalues are
relatively small and d¢ rate constants are even smaller) resulting in-tieygendent
inhibition. This can happen due to a conformational change in the enzyme during
binding, a change in the protonation state of the enzyme, displacement of a water

molecuk at the active site.

E

e,
|; Ko
CYP catalyzed reactions occasionally generate molecules that are reactive and toxic to
the enzyme, apart from forming the product. When a reactive and toxic intermediate is
generated in the process of metabolism, the reactivenatkate reacts with the
nucleophiles present on the enzyme rendering the enzyme inactive. This reactive
intermediate can either diffuse out of the active site or remain in the active site and
inactivate the enzym@ent et al., 2001 If the intermediate diffuses out of the active
site, a decrease in inactivation is observed in presence of scavengeiatiithione,

superoxide dismutase (SOD) and cata{dsénson, 2008 However, this inclusion of



external scavengers should not affect the rateaativation. There are several examples
of drugs that show nonlinear accumulation and increasedifeali humans upon

multiple dosing because of autoinactivation. These include diltiazem (DTZ) (CYP3A4/5)
(Tsao et al., 1990verapamil (VER) (CYP3A4/5), paroxetine (PAR) (CYP2D6),
ticlopidine (TCP) (CYP2C9), delavirdin€ox et al., 1997Venkatakrishnan and Obach,
2007). This inactivation of CYPs can lead to D{®ackman et al., 1994Vatanabe et al.,
2007 Zhou et al., 200 There are several examples in the literature of drug withdrawal
from the market (e.g.,mibefradil, cerivastatin and soruvidine) due to drug interg&mns
and Zhang, 1994.i, 2001) mediated due to irreversible inhibition. TDI can also result in
severe adverse reactions likersades de pointéMullins et al., 1998Michalets and
Williams, 2000, rhabdomyolysigWilliams and Feely, 2002immune response against
protein adducts from due to protein inactivat{bacoeur et al., 1994 iebler and
Guengerich, 200%and organ toxicitfCohen et al., 1997

Silverman(Silverman, 199bproposed the following properties of the inactivator that

need to be satisfied to classify a molecule as TDI inactivator,

1. Time dependence of inactivation

2. Saturation of inactivator concentration
3. Substrate protection

4. Irreversibility

5. Inactivator stoichiometry

6. Involvement of catalytic step

7. Inactivation prior to release of active species



However, not all the inactivators satisfy all the criteria. For example, CYP3A4
(Kenworthy et al., 199%nd CYP2CqKumar et al., 2006are shown to have multiple

binding sites hence substrate protection might not be observed.

Although many drugs are known to be TDI inactivai{@isou et al., 2005 different

drugs have different mechanisms of CiviRctivation depending on the functional group
present on the drugdollenberg, 2002Fontana et al., 2005Functional groups that
inactivate CYPs are methylenedioxy, acetylenes, alkyl and aryl olefins, sulfur and
nitrogen containing compounds, furans and phef@isu et al., 2004Kalgutkar and

Soglia, 2005Kalgutkar et al., 2007 However not all compounds possessing these
groups are time dependent inactivators. TDI inactivators can be classified into different
groups depending on the mechanism of inactivation as folldhmu et al., 2004Zhou

et al., 2005Nagar et a).

1. Metaboliteintermediate complex (MIC) formation with heme
2. Covalent modification of apoprotein

3. Heme destruction/modification



CYP

GSH trapping

Figure 1.1 Plausible fate of a TDI inactivator
Plausible fate of a TDI inactivator. 1. Product formation, IZNbrmation with heme, 3.
Heme destruction, 4. Modification of apoprotein, 5. Release of metabolite and GSH
trapping. CYP: Cytochrome P450, D: Drug molecule which is an inactivator, P: Product,

GSH: Glutathione

MIC formation with heme

MIC formation is theformation of a quasireversible bond with the heme in the

prosthetic group rendering loss of enzyme activity. The MIC formation mechanism is
shown by drugs containing an amine group (eg. troleandomycin, gRuglen, 1985

Periti et al., 1998 a methylenedioxyphenyl group (PPT, PAR), calcium channel blockers

like VER and DTZ and antidepressants like nortripty(irershing and Franklin, 1982



Bensoussan et al., 199%nes et al., 1999The amine group is hydroxylated and further
oxidized to form a nitroso group that chelates the heme to form a more stable ferrous
form (MANSUY et al., 1977Bensoussan et al., 199khich exhibits an absorbance
maximum of 445 to 455nrgFranklin, 1977. Furthermore, the MIC is stable enough to

be isolatedMurray and Reidy, 199 Ekroos and Sjogren, 20p6The formation of MIC

with methylenedioxyphenyl group occurs withirftation of a carbene intermediate.
However, formation of electrophilic orrtho quinone has also been proposed as a possible

mechanisn{Wu et al., 199Y.

Covalent modification of apoprotein

This type of inactivation results from formation of covalent bond with apoprotein
rendering the enzyme inactiyi€algutkar et al., 2007 Protein adduct formation can be
studied using LEMS/MS (Lightning and Trager, 2002This type of mechanism is
shown by compounds like tienilic acid, lapatinib, tamoxifand raloxifene, TCP and
dihydralazingMasubuchi and Horie, 199Richter et al., 2004 Modified protein

sometimes are immunoger{Belloc et al., 19977Boitier and Beaune, 1998

Heme destruction

This is a mechasm where the inactivator or the metabolite modifies the heme in a way
that the enzyme activity is lofeterson et al., 20D0Although the pyrrole nitrogens of
heme porphyrin ring are not very nucleophilic, generation of reactive species in the
proximity of the heme prosthetic group can lead to alkylationeptirphyrin ring.
Changes in the porphyrin ring can be studied by UV/visible spectroscopy and carbon
monoxide binding studig&rab et al., 1988oti et al., 2011 This type of mechanism is

shown by drugs containing a terminal acetylene group (eg. Ethnylestradiol, gestodene)



(Guengerich, 1990and internal acetylenes (eg. Mifepristoiedroozesh et al., 199He
et al., 1999 Mibefradil (MBF) (Prueksaritanont et al., 199%oti et al., 2011and
gemfibrozil glucuronide inactivate CYP3A and CYP2CS8 respectively by destruction of

heme(Baer et al., 2009

TDI represents a major class of irreversible inhibition, which is characterized by loss of
activity with increase in time and concentration. TDI is a more severe form of inhibition
than reversible because the enzyme is permanently inactivated. In arekote the

activity of the enzymele novosynthesis is required. Because of this, the effect of
irreversible inhibition persisteven after the inactivator is removed from the b@dy

and Lu, 1998 This makes prediction of TDI liability very important in the drug

discovery. DDI resulting from TDI are more difficult to predict as compared to reversible
inhibition. The In Vitro Metablism and TransporteMediated DrugDrug Interaction

Studies guidance from UBDA suggests static mechanistic models and dynamic
physiologically based pharmacokinetic (PBPK) models to predict DDIs. DDI prediction
from the static model uses parameters likgiral degradation rate of the enzymedk

TDI parameters (Kand knacy), in-vivoinactivator concentration [I] and unbound fraction

in plasma (fp). Prediction from static model tesitb overpredict TDI mediated DDI

from in-vitro assaygFujioka et al., 201.2Kenny et al., 201 2Greenblatt, 201¢

demonstrating the inability to accurately predict TDI mediated DDI. The possible reasons
for poor predictions are improper-vitro analysis resulting in incorrect TDI parameters,
unreliablein-vivo parameters, complex biochemical mechanism and lack of consideration

of transporters.



Kinetics of TDI

K
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Scheme 1.1Schematic representation of steps involved in TDI

The kinetics of tine dependent inhibition were described in the 1980sey, 1980
Waley, 1985Escribano et al1989. Scheme 1 shows a simple kirie scheme for TDI
reactions. Briefly, enzyme and the inactivator combine to form an eninangvator
complex (EI), which further forms an intermediate (EI*). This intermediate can either
form a product or react with the enzyme to inactivate the enzigMeThe concentration
of the intermediate formed is regulated by the first order kinetic constamts:knd k.
Rate of inactive enzyme formation under steady state condition can be described by

2 ADKET AAMOEWUHEIAOT AOET P ) ) %NOAQHE I 1

where [l] is the inactivator concentratidf, is the apparent binding constant and given

by

+ Equation 1.2

kinactiS the maximum inactivation rate and is given by the equation

E —_ Equation 1.3



The maximum rate of inactivation occurs when [I]># Khe rate of inactive enzyme
formation depends upomtand active enzyme concentration. Higher theaster is

the enzymerniactivated. The mechanism shown in scherfigslthe simplest mechanism.
Although the kinetic scheme gives a good approximation of the overall mechanism, it
does not explain the complex molecular mechanisms. For example, drugs inactivating by
MIC formation(e.g.ERY) can have a complicated scheme where primary amine is
metabolized to form a nitroso group, which ultimately inactivates the en@yio@onn

et al., 2004Zhang et al., 20091n this case, Kand knactwill depend on many other

micro-rate constants.

Experimental methods to evaluate TDI

Experimental methods to evaluate TDI range from simple screening assay to assays used
for determination of TDI parameters(&nd knacy (Silverman, 1995Atkinson et al.,

2005 Obach et al., 20Q@bach et al., 20QFowler and Zhang, 2008urt & al., 2012

Yates et al., 20L1Nagar et al., 20144described in chapter 4). Often the TDI parameters
are determined from a twstep assay called the replot method. In this method the

enzyme and the inactivator are preincubated to inactivate the enzyme before taking
aliquots to add in the incubation stegntaining probe substrate to determine the

remaining activity(Silverman, 1995 To determine Kand knact, €nzyme activity is

measured at several inactivator concentrations and different preincubationTtmésy

of percent remaining activity (PRA) versus time is plotted, and the slope of each inhibitor
concentration gives the observed rate constamd,(which is further plotted with

inactivator concentration ([l]). The replot method can be used aittiea dilution step

or without the dilution step. Both forms of the assay have some inherent assuniptions
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there is negligible metabolism of inactivator, or in other words inactivator is not depleted
in the preincubation step?) negligible inactivatio occurs in the incubation step (which

is attained by either diluting the inactivator or adding very high concentration of the
probe substratel) Michaelis Menten kineti¢gl) steady stateandb) irreversibility.

These assumptions might not always hale which might lead tmaccurate

parameters. Hence, the following considerations should be made while anatyxiitig

TDI data 1) metabolism of the inactivator (either linear or timear depletion during

the preincubation step) should be consderhile modeling the data. Zhe dlution

method requires a high concentration of proteith@pre-incubation step in order to

provide enough activity in the incubation step. This makes the assessmenispeoiit
binding to microsomes important (istty for highly bound compounds). Inactivators,
especially those highly bound to microsomes can have higher unbound concentration of
the inactivator in the incubation step even after dilution of the preincubation mixture due
to shift in binding equilibrium3) Inthe nondilution method, substrate is added in the
preincubation mixture in a small volume in order to prevent dilution of the enzyme and
the inactivator. Hence, in the nalilution method the concentration of inactivator is still
high enough to attinue inactivating the enzyme. Although inactivation can be

minimized by adding high concentration of the probe substrate, complete elimination of
inactivation canat be guaranteed. Evidenceaattivation or competitive inhibition can be
seen from the ¥ntercept of the PRA plot. Hence, analysis of the data as per the study
design becomes critical because improper analysis can lead to wrong paréYiaeig st

al., 2005. 4) CYPs (mosthCYP3A) are known to have multiple binding siteading to

atypical kinetics. Hence atypical kineticsgiemultiple binding) should be accountied
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whenanalyzing TDI datasets. 5) Partial inactivation or reversibility of inactivation should
be consideredhile analyzing TDI datasets. Compounds which inactivate through MIC
formation form quasirreversible bond which is reversible over time and compounds
which inactivate through apoprotein modification can only partially inactivate the
enzyme. The partigllinactivated enzyme can still catalyze substrate metabolism. 6)
Sequential metabolism of the inactivator should also be considered to account for the
formation of the primary metabolite which is sometimes more potent inactivator than the

parent (eg. VERand DTZ).

In-vitro analysis of TDI

Estimation of Kand Knact

Ki and knactare two important paramegatetermined fronin-vitro TDI assays. A
compound with a highidect will often lead to DDI even at concentration lower than K

Nonlinear regressiors used to obtain Kand knactby using the following equation.

E S Equation 1.4

Alternatively, a plot of inactivation halife (t12inac) @gainst the reciprocal inactivator
concentration can also be used to obkaiand knact (Kitz and Wilson, 196 The ti/inact

can be obtained from

Oy — Equation 1.5

Another method for estimation ofi ind knactis plotting the reciprocal ofoksagainst the

reciprocal of inactivator concentration (figure 1.2).
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Figure 1.2. lllustrations of determination of Kand knactfor TDI inactivators by different
methods
(Kitz and Wilson, 1962a; Silverman, 1995). A. PRA plot Bsks [I] plot C. Kitz

Wilson plot of #/zinactvs 1/[1] D. plot of 1/kus vs 1/[I]

In the case of drugs inactivating the enzyme through MIC formation, absorbétice
complexat 455nm(Buening and Franklin, 197#&ranklin,1974) can be measured to
estimate kos The initial slope of a plot of the natural logarithm of the absorbance

difference against pricubation time gives an estimate efdMayhew et al., 2000

Partition ratio (r)
Partition ratio (r) is defined as the ratio of the rate of product formation to the rate of

inactive enzyme fornteon, which is given as

i — — Equation 1.6
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The r value can range from zero, where enzyme is inactivated at every cycle, to infinity,
where the enzyme is rarely inactivated. The potency of the inactivateagss as the

value of r decreases. The partition ratio is unique to an inactisabstrate pair. Partition
ratio values can be used for comparing the potency of the inactivator provided the
substrate is the same. Hence, determination of partitionb@tiomes an important step

in drug development. There are three methods that can be used for estima(kunaier

and Trager, 1993&ilverman, 1995Atkinson et al., 2004Li et al., 200%. The simplest
method is to measureakfrom Michedis-Menten (MM) kinetics experiments an@ak:

from TDI assays as described above. The next method is to titrate the enzyme with the
inactivator andneasure the number of inactivators required to inactivate the enzyme
completely. Increasing amount of iti@ator is added to a fixed amount of enzyme and
each is incubated until no more activity is observed. A plot of enzyme activity remaining
versus ratio of amount of inactivator per enzyme gives an estimate of r (figure 1.3). The
X-intercept gives the numbef inactivator molecules required to inactivate one enzyme
molecule (turn over number, assuming 1:1 stoichiometry). The partition ratio can be
determined from the Xntercept by subtracting 1 from theitercept. If the plot is non
linear, the linear pion is used to extrapolate the line teaXis. The value of r can be

estimated by using the following equation

i Y Q Equation 1.7

where Raxis the nanomoles of reactive product formed per nanomole CYP at infinity.
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Figure 1.3. Plot of percent activity remaining vs molar ratio of [I)/[E] for determination

of partition ratio

The number of reports describing thedcteristics of TDI has increased in recent years
indicating the growing knowledge and understanding of the impact ofGibrhm et al.,
2009. A number of studies have reported TDI of CYiiRsitro but limited studies have
clinical evidence for the santkiston et al., 2002Johnson, 2008 Moreover, it is shown
that not manyn-vitro TDI exhibiting drugs show clinically relema DDI (Blobaum,

2006 Fujioka et al., 201

Improper in-vitro analysis

One of thepossiblereasons for this disparity DDI predictionis improperin-vitro

analysis. As described earlier, many of these studies did not account for protein binding,
inhibitor depletionpr competitive inhibition in the incubation step, which might explain

the variability in the TDI parameters across different groups. Burt ¢Balt, et al.,

2012 developed a new method for TDI data analysis wherein inactivator concentrations
were also monitored and incorporated in the model to account for inactivator metabolism.
A comparison between the tvabep method and their progress curve method yielded
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similar parameters for MBF, DTAndritonavir (RTV). However, for ERY the

parameters were different because the reported ERY TDI parameters itsHoédl
variability. Furthermore, CYP kinetics can be complicated by non Michiigen

(MM) kinetics, biplasic kinetics and quastreversibleor partial inactivationKorzekwa

et al., 1998Atkins, 2005. CYPs are known to show multiple subsgrbinding kinetics,
cooperativity, and several ndviM kinetics which lead to naetinear PRA plot§Heydari

et al., 2004Bui et al., 2008 Although the replot method is a simphethod, it has some
limitations in predictingn-vivo effect(Blobaum, 200k Moreover, the replot method
assumes MM Kkinetics, steady state kinetics and irreversibilégpcel above mentioned
complexities cannot be included in replot method which results in poor estimates of TDI
parameter¢Silverman, 199h Further, sequential metabolism where the substrate is
metabolized to a gtabolite, which can either inactivate the enzyme or get further
metabolized can add to the complexity of predicting DZandenBrink and Isoherranen,
2010. Therefore, models incorporating the complex molecular mechanisms of CYPs will
better estimate TDI parameters. The recently publisheterical methodKorzekwa et

al., 2014 Nagar et al., 2019kwhich does not assume MM kinetics or steady state
kinetics will be able to explore the complex kinetics and better estimate TDI parameters

(Barnaba et al., 20)6

In-vitro in vivo crrelation (IVIVC)

The accuracy ahn-vitro inhibition assagand moded to predictin-vivo situation lies in

the appropriate prediction of-vivo DDI. Numerous attempts have been made to predict
in-vivo TDI mediatedDDI (Mayhew et al., 2000 However, accate quantitative

prediction of then-vivo situation is still a challenge. Static modeling is being used for
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IVIVC of many drugs. However, it has been observed that static modeling often leads to
overprediction(Vieira et al., 2011 One of the reasons for overediction is using a

static inactivator corentration (I,may, assuming inactivator concentration at steady state.
However, this is not trum-vivo where inactivator concentration changes over time.
Modifying the static model or developing dynamic models could overcome the limitation
of static moeling.

Presence of drug transporters

Drug transporters are known to influence intracellular concentration, which is the site of
action for many drug&ivisto et al., 2004Giacomini et al., 20L;Kulkarni et al., 2015/
Hence, drug transporters can influence the TDI activity of drugs by affecting drug
concentrations. Moreover, both DMEs and drug transporters share common substrates
(Kirn et al., 1999Kim, 2002, making the interplay between DMEs and drug transporters
very important. One of the reasons for the disparity between predicted DDI and actual
DDI could be lack of considetian of presence of transporters which limits the
bioavailability of the drug when given orally. For example, it has been observed that
modulators of CYP3A4 and-§p work in tandem to coordinately upregulate both the
proteins(Schuetz et al., 1996Inactivators are known to Iseibstrates for uptake
transporters (g. ERY is a substrate for OATP1B1 and OATP1B3) which can increase
the intracellular concentration and enhance inactivation. Hence, interplay of enzymes and
transportes could complicate DDI predictions. However, acciog for the interplay

could lead to more accurate DDI predictigrggure 1.4)
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The hypotheses (figure5) of this project was to evaluate use of the numerical method,
by developing mechanistic kinetic models to estimate better TDI parametersd(K

kinac) @and henc@émproveDDI predictions.

1.3. SpecificAims

Based on our hypotheses, the specific aims were desigrietioavs

i) To develop and validate HPERIS/MS methods for quantification of the study
compounds

i) To performin-vivoinactivator PK studies DDI studies in Spragbawley (SD) rats

iii) To performin-vitro TDI assays with different inactivators and correspongimdpe
substrate in rat liver micrsomes (RLM), human liver microsome (HLM) and
recombinant CYPs.

iv) To perform equilibrium dialysis for estimation of unbound fractions in different
matrices

v) To develop dynamic models for prediction of TDI mediated DDI

vi) To studyeffect of transporters on estimation of TDI parameters

A list of inactivators and corresponding probe substrates was selected for this study based

on their mechanism of inagttion (Table 1.1).
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Table 1.1. List of inactivators and substrate evaluated in this study

Mechanisms

Inactivator

Probe substrate

MIC formation

Podophyllotoxin (PPT)

Midazolam (MD2Z2)

Paroxetine (PAR)

Desipramine (DES)

Paroxetine (PAR)

Dextromethorphan (DXT)

Itraconazole (ITZ) MDZ
Amiodarone (AMD) MDZ
Troleandomycin (TAO) MDZ
MIC formation with Diltiazem (DTZ) MDZ
sequential metabolisn| N-demethyl DTZ MDZ
Verapamil (VER) MDZ
Norverapamil (NV) MDZ
Erythromycin (ERY) | MDZ
N-demethyl ERY MDZ
Heme destruction Mibefradil (MBF) MDZ
Activation Ticlopidine (TCP) MDZ
Bupropion (BUP)
Mixed Ritonavir (RTV) MDZ
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CHAPTER 2 - DEVELOPMENT AND VALIDATION OF BIO -
ANALYTICAL METHODS FOR QUANTIFICATION OF VARIOUS
COMPOUNDS
2.1. Rationale

Determination of concentrations requires a \apgcific and a sensitive bioanalytical
method. One of the main characteristics of a robust method is that it is reproducible and
stable. The aim for study was to develop and validate liquid chromatography tandem
mass spectrometric (L-@1S/MS) assays for coppunds mentioned in Table 1.1 in rat

plasma and other matrices (HLM, RLM and recombinant CYPSs).

2.2. Materials
All the solvents used for LMS/MS were obtained from Honeywell (B&J AC/HPLC
certified solvent) and were of the highest commercial available qualitynonium
acetate, hydroxy midazolam (4OH MDZ), desipramine hydrochloride (DES),
diltiazem (DTZ) hydrochloride, verapamil (VER) hydrochloride, midazolam (MDZ), 1
aminobenzotriazole ¢(ABT), and fenofibrate (FFB), ticlopidine (TCP) were obtained
from Signma Aldrich. Dexamethasone (DEX), mibefradil hydrochloride (MBF) and 1
hydroxy midazolam (DH MDZ) were purchased from Cayman Chemicals.
Norverapamil hydrochloride (NV), erythromycin lactobionate (ERY-dexnethyl
erythromycin (NDE), podophyllotoxin (PPT)D617 (verapamil metabolite), deoxy
podophyllotoxin (dPPT),®ydroxy dexamethasone-(BH DEX), N-desmethyl diltiazem
hydrochloride (NDD), N, N didesmethyl diltiazem (MD), desacetyl diltiazem (DAD),
desacetyN-desmethyHiltiazem (DDD), ritonavir (RTV), hydroxyl ritonavir (OHRTV),

desthiazoyl methyloxy carbonyl ritonavir (des RTV), itraconazole (ITAnephenytoin
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and D61 Avere purchasefiom Toronto Research Chemicals, Canada.
Dextromethorphan hydrobromide (DXT), dexfphan tartrate salt (DXO), andngdroxy
desipramine (ZOH DES) were obtained from Santacruz Biotech Inc., and paroxetine
(PAR) was purchased from Matrix Scientific. Troleandomycin (TAO) was obtained from
Enzo life sciences. Formic acid (FA) was purchdsath EMD. Sprague Dawley (SD)

rat plasma was obtained from Equitech Biotech Inc.

2.3. Assay Development

2.3.1. Preparation ofSockSolutions, @libration SandardSamples and
Quality Gontrol

For all compounds, stock solutions was prepared in dimethyl sulf@M&O) except
MDZ which was commercially available as 1mg/ml solution in methanol. Stock solutions
were always freshly prepared on the day of analysis. Standard solutions were prepared by
serial dilutions in blank rat plasma from stock solution. Standzudien for different
matrices (human plasma, rat liver microsome, human liver microsome, rat hepatocytes
and phosphate buffer) was prepared by serial dilution in respective matrices. Quality

control (QC) samples were prepared separately and were usessé&yrvalidation.

2.3.2. LC-MS/MS
Agilent 1110 series high performance liquid chromatography (HPLC) system coupled
with ABSciex API 4000 triple quadrupole MS with electrospray ionization source was
used for analysis. For all the compounds positive ionization wadaused. LIMS/MS
data was analyzed using the Analysoftware version 1.6. MS parameters were obtained

by flow injection analysis.
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The analytical column used for HPLC for all the compounds was a Luna, 3um C18(2), 30
X 2mm column (Phenomen®kcoupled vith a C18 guard column (4 X 2.0 mm). For all
compounds, the mobile phase and organic phase were different. They are described in
table 2.1. A gradient elution was used for all the compounds.

Table 2.1. Solvents used for HPLC of different compounds

Compound Aqueous phase (A) Organic phase (B)
Water with 0.1%ormic
MDZ and 40H MDZ ACN with 0.1%FA
acid FA)
1-OH MDZ Water with 0.1% FA ACN with 0.1%FA
DES and 20H DES 5mM ammonium formate| ACN with 0.1%FA

10mM ammonium acetate
DXT and DXO ACN with 0.1 %FA
with 0.1% acetic acid

DTZ, NDD, MD, DDD and DAD Water with 0.1% FA ACN with 0.1%FA

ERY and NDE Water with 0.1% FA ACN with 0.1%FA
ITZ Water with 0.1% FA ACN with 0.1%FA
PAR Waterwith 0.1% FA ACN with 0.1%FA
PPT Water with 0.1% FA ACN with 0.1%FA

RTV, hydroxyl RTV, des RTV Water with 0.1% FA ACN with 0.1%FA

VER, NV and D617 Water with 0.1% FA ACN with 0.1%FA

MBF Water with 0.1% FA ACN with 0.1%FA
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Table 2.2. HPLC gradients for all the compounds. A is the aqueous phase and B is the

organic phase

Compound Time (min) | A% | B% | Flow rate (pl/min)
0.0 90 | 10 300
0.5 5 95 300
MDZ and 40H MDZ 15 5 95 300
2.0 90 | 10 300
6.0 90 | 10 300
0.0 90 | 10 800
0.5 10 | 90 800
1-OH MDZ 11 10 | 90 800
15 90 | 10 800
3.5 90 | 10 800
0.0 90 | 10 300
0.5 5 95 300
DES and 20H DES 2.0 5 95 300
2.5 90 | 10 300
9.0 90 | 10 300
0.0 90 | 10 400
15 15 | 85 400
DXT and DXO 6.0 15 | 85 400
7.0 90 | 10 400
10.0 90 | 10 400
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Table 2.2. continued

0.0 90 | 10 300
0.5 5 95 300
DTZ, NDD, MD, DDD and DAD 15 5 95 300
2.0 90 | 10 300
9.0 90 | 10 300
0.0 95 | 5 550
1.0 5 95 550
ERY and NDE 3.0 5 | 95 550
4.0 95 | 5 550
6.0 95 | 5 550
0.0 90 | 10 550
1.0 5 95 550
PAR 2.5 5 95 550
4.0 90 | 10 550
8.0 90 | 10 550
0.0 90 | 10 250
15 5 95 250
PPT 3.0 5 | 95 250
4.5 90 | 10 250
11.0 90 | 10 250
0.0 90 | 10 250
VER, NV and D617
2.0 10 | 90 250

25



Table 2.2. continued

3.5 10 | 90 250
VER, NV and D617 6.0 90 | 10 250
11.0 90 | 10 250
0.0 90 | 10 300
0.50 90 | 10 300
1.50 5 | 95 300
RTV, OH RTV, des RTV
4.0 5 | 95 300
5.0 90 | 10 300
8.0 90 | 10 300
0.0 85 | 15 700
0.50 85 | 15 700
1.10 15 | 85 700
ITZ
3.0 15 | 85 700
3.50 85 | 15 700
6.0 85 | 15 700
0.0 90 | 10 500
0.50 90 | 10 500
1.10 10 | 90 500
MBF
2.0 10 | 90 500
2.50 90 | 10 500
6.0 90 | 10 500
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Table 2.2summarizes the gradient elution that was used for all the compounds. The
column was kept at room temperature during analysis of all the compounds. Nitrogen was
used as ion source, collision and curtain gas. All the MS parameters, declustering
potential (OP), collision energy (CE), collision exit potential (CXP) were optimized for

all the compounds. DTZ was used as IS for all the compounds except for DTZ itself for

which VER was used as IS.

2.4. AssayValidation
Method validation was performed for methods whigdre used more than once. Peak
area ratio of analyte to IS was used to construct the calibration curves with least square
regression method with a weighting factor?l(ixhere x = analyte concentration).
Concentration of QCs were calculated using y = nox Accuracy and precision were
determined for rat plasma containing known analyte concentrations. Intraday and
interday validation were performed for all the compounds. For each concentration of the

QC samples, precision was determined by following foamul

0 OAAEGEH 8pmm Equation 2.1

Accuracy was calculated using the following formula

~ o~ o~ N s o~ N

I AAOOAAY 8p mm Equation 2.2

2.5. Results
Table 2.3 summarizes the MS/MS parameters ard 2ah summarizes the HPLC
parameters which were optimized to gain good sensitivity for all the compounds.
Entrance potential (EP) was set at 10 volts for all compounds. Collision gas (CAD),
curtain gas (CUR), ion source gas (GS1), ion source gas 2 (B&)ray voltage (ISV),

and temperature were set at 10 psi, 40 psi, 40 psi, 40 psi, 4000 V, 46d@08ll the
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compounds respectively. The dwell time was 300 msec for all compounds. Injection
volume was 5yl for all the compounds except DXT and DXO foictvthe sample
volume was 2ul. Appendix J shows all the representative chromatograms. The
concentration range for calibration curves were different for different compounds
depending on the sensitivity and limit of detection of the method. Table 2.54@@ &
shows the intraday and interday validation for compounds in rat plasma matrix. The
accuracy and precision were within £ 15%.

Table 2.3. MS/MS parameters for all the compounds

DP is declusteringotential, CE is collision energy, CXP is the collision cell exit

potential
Dwell
Parent | Product DP CE CXP | Temp
Compound time
ion (Q1) | ion (Q3) | (volts) | (volts) | (volts) | (°C)
(msec)
1-OH MDZ 300 342.092 | 324.100 | 41 29 8 400
2-OH DES 300 283.060 | 72.131 51 37 4 400
4-OH MDZ 300 342.100 | 324.900 | 56 31 10 400
deoxy PPT 300 399.229 | 231.300 | 66 13 20 400
D617 300 291.220| 44.00 41 61 6 400
DAD 300 373.254 | 178.200 | 86 35 4 400
DDD 300 359.071| 178.100 | 66 31 4 400
DES 300 268.264 | 44.200 21 67 8 400
DTZ 300 415.500 | 178.400 | 41 49 34 400
DXO 300 258.113 | 199.200 | 26 37 4 400
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Table 2.3. continued

DXT 300 272.425 | 215.400 76 33 4 400
ERY 300 734.471 | 158.307 66 39 14 400
NDD 300 401.276 | 150.100 86 55 28 400
MD 300 387.147 | 178.200 | 46 33 8 400
MDZ 300 327.050 | 212.800 | 41 39 8 400
N-demethyl

300 720.553 | 144.100 86 41 14 400

ERY
NV 300 441.301 | 165.032 | 16 33 30 400
PAR 300 331.270 | 70.257 26 43 4 400
PPT 300 415.033 | 397.001 51 11 12 400
VER 300 455.367 | 165.219 | 21 39 8 400
ITZ 300 705.200 | 392.200 | 40.15| 48.27 | 13.93 400
RTV 300 721.361 | 296.300 | 42.12 | 28.34 | 8.38 400
OH-RTV 300 737.020 | 312.200 96 29 10 400
Des RTV 300 580.158 | 268.400 | 41.23 | 37.49 | 7.14 400
MBF 300 496.200 | 159.200 28 49 14 400
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Table 2.4. HPLC parameters for all the compounds. IS: internal standard

IS Total
Flow Analyte . Injection
retention run
Compound rate Retention IS . Volume .
time time
(U/min) | time (min) (uh)

(min) (min)

1-OH MDZ 800 1.3 DTZ 1.3 5 3.5
2-OH DES 300 4.6 DTZ 4.7 5 9
4-OH MDZ 300 3.7 DTz 4.2 5 8
D617 250 6.0 DTz 6.0 5 11
DAD 300 4.1 VER 4.1 5 9
DDD 300 4.1 VER 4.1 5 9
DES 300 4.8 DTz 4.7 5 9
DTZ 300 4.1 VER 4.1 5 9
DXO 400 2.7 DTz 2.9 5 10
DXT 500 2.9 DTz 2.9 5 8
ERY 550 2.7 DTz 2.7 5 6
NDD 300 4.1 VER 4.1 5 9
MD 300 4.1 VER 4.1 5 9
MDZ 300 3.7 DTZ/VER 4.2 5 8
NDE 550 2.5 DTz 2.7 5 6
NV 250 6.2 DTz 6.0 5 11
PAR 550 2.5 DTz 2.5 5 8
PPT 250 4.1 DTz 4.2 10 11
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Table 2.4. continued

VER 250 6.4 DTZ 6.0 5 11
RTV 300 4.88 DTZ 4.25 5 8
OH-RTV 300 4.6 DTZ 4.25 5 8
DesRTV 300 4.3 DTZ 4.25 5 8
ITZ 700 2.72 DTZ 2.20 5 6
MBF 500 2.93 DTZ 2.95 5 6

Table 2.5. Intraday validation results of different compounds

Compound | Nominal Concentration (ng/ml) | % Accuracy % Precision
1250 4.4 6.57
312.5 -1.28 2.14
DAD
19.53 -0.79 9.72
2.44 -4.4 2.97
1250 -2.4 7.20
3125 -2.96 7.90
DDD
19.53 -0.02 9.12
2.44 5.02 13.76
1250 -2.8 9.28
313 3.67 6.64
DES
78.1 -7.01 5.14
(n=4)
19.5 -7.56 4.97
4.88 -0.71 7.89
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Table 2.5. continued

1250 8.4 4.01
3125 1.2 1.59
DTZ
19.53 4.6 7.61
2.44 7.3 6.69
500 12.1 9.49
DXO 250 3.2 10.65
(n=4) 100 10.63 11.84
50 -0.65 4.47
1000 -4.125 14.89
500 -16.53 11.95
DXT
200 16.5 9.104
100 6.57 6.03
625 0.85 1.29
ERY 78.1 12.46 3.56
(n=4) 19.53 4.45 6.59
4.88 0.06 5.54
1250 1.6 7.07
3125 1.6 4.45
NDD
19.53 -0.79 10.59
2.44 471 7.98
1250 9.2 6.11
MD
3125 -1.76 2.90
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Table 2.5. continued

19.53 7.96 7.15
MD
2.44 -6.14 6.42
10000 -1.23 8.25
2000 4.5 3.82
MDZ 1000 5.46 8.36
(n=3) 500 2 14.38
100 2.06 3.42
31.3 0.53 8.46
500 9.4 5.70
NV
125 4.2 9.28
(n=4)
31.3 3.51 5.59
1000 6.16 15.29
PAR 500 11.8 6.90
(n=3) 250 -1.87 9.55
50 8.4 8.00
500 75 5.52
VER
125 5.2 9.62
(n=4)
31.3 -0.23 7.64
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Table 26. Inter-day validation results of different compounds

Compound | Nominal Concentration (ng/ml) % % Precision
Accuracy

DAD 1250 -6.67 3.56
312.5 -3.57 8.9

19.53 6.32 7.66

2.44 0.56 6.94

DDD 1250 -5.33 6.34
312.5 -3.30 7.24

19.53 2.90 11.96

2.44 7.24 2.10

DTZ 1250 2.13 3.53
312.5 -5.85 7.13

19.53 5.64 12.38

2.44 2.73 10.64

DXO 500 5.95 15.47

(n=4) 250 2.13 10.59

100 15 11.30

50 3 7.85

DXT 1000 -8.67 9.12
500 -6.5 8.01

200 -5.25 10.6

100 -10.8 9.93
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Table 2.6. continued

ERY 625 0.85 3.71
(n=4) 78.1 4.05 6.51
19.53 3.77 4.47

4.88 6.4 8.4

NDD 1250 0 2.88
312.5 -2.44 7.75

19.53 3.07 6.50

2.44 10.24 1.48
MDZ 10000 -2.67 14.74
(n=3) 2000 3.83 2.94
1000 1.53 9.37
500 -1.93 12.73

100 3.4 5.82

31.3 4.6 4.69

NV 500 5.4 3.59
(n=4) 125 6.6 1.89
31.3 2.07 2.57
PAR 1000 -11.43 11.00
(n=3) 500 113 10.36
250 5.2 14.81
50 5.73 12.18




Table 2.6. continued

VER 500 8.1 6.02
(n=4) 125 -1.8 3.54
31.3 2.15 4.54

2.6. Discussion and ©nclusion
LC-MS/MS method weresuccessfully developed and validated in rat plasma which
were used for analysis of plasma concentration frowivo PK studies. Results show
that the developed methekdave the desired sensitivity and atgtable for analysis of all

the compounds.

36



CHAPTER 3- IN-VIVO PHARMACOKINETIC (PK) STUDIES TO EVALUATE
TIME DEPENDENT INHIBITION
3.1. Background and Rationale

The main goal of this chapter is to evaluate the effect ofifi-@ivo by performingin-
vivo PK studies. It has been observed that most drugs exhibitingyMito do not
exhibit significant TDI effectn-vivo. Hence, the main aim of this chapter was\aluate
the effect of TDIin-vivo. The factors that influence the extent of DDI are the inactivator
plasma concentrations, unbound fraction of the inactivator in the plaggpa (f
inactivation parameters (l&and knac) and amount of enzyme (which is wdgted by the
synthesis and the degradation rate). Determination of inactivation parametansl (K
kinac) @nd unbound fraction will be discussed in chapter 4. Plasma inactivator
concentrations and the plasma substrate concentrations in the preseruseand af
inactivator will be discussed in this chaptervivo PK studies were performed with the
inactivators listed in chapter 1. Midazolam (MDZ) was used as the probe substrate for

CYP3A for the following reasons:

1. MDZ can be administered through both oral and IV route.
2. MDZ metabolism does not exhibit ndnM kinetics at the concentrations studied.
3. The fn value of MDZ metabolism for CYP3A is very high (0.93 for humans and
~0.9 for rats).
In-vivo PK studies were algperformed with paroxetine (PAR) for rat CYP2D1 with

desipramine (DES) or dextromethorphan (DXT) as the probe substrates.
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3.2. Materials
Male Sprague Dawley single jugular cannulated rats weighing326@ were ordered
from Charles River. Rats were handledadmng to the Temple IACUC protocols.
Sterile saline was ordered from Teknova. Heparin was obtained from Sagent
pharmaceuticals. Syringes and needles were obtained from Corning. Isoflurane was
ordered from Piramal Enterprises. Dexamethasone was obtaameyman
Chemicals. Corn oil was purchased from Fischer science educatiogthy}2-
pyrrolidinone (NMP) was obtained from J.T Baker.
3.3. Study Design
3.3.1. Inactivator PKSudies
The goal of performing inactivator PK studies was a) to determine the plasnia Ge
used for IVIVE and b) to determine the PK of inactivators to be used for dynamic
modeling and prediction of DDI. Multiple inactivator dosing was performed to enhance
the effect of TDI. Male Sprague Dawley rats were housed individually undeha 12
light/dark cycle. Food and water were provi@edibitum.Table 3.1 summarizes the
dose and the dosing route for all the inactivators stuthedtivator dosing regimen was
decided based on the reported Hi&df (table 3.1) Multiple inactivator dosing @as
performed to enhance the effect of TDI. All the inactivators were formulated in a similar
manner. Inactivators were initially either dissolved in NMP or dimethyl sulfoxide
(DMSO) and then diluted with saline to give the final administering solution. NMP
percentage in the administering solution was Z8% v/v depending on the solubility.
DMSO percentage in the administering solution was 10% v/v (the volume of dose was

1% of the BW of rats).
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Table 3.1. PK dose and dosing route for all the inactivators studied

Compound V. Number | Half-life Reference
Dose of in rats
(mg/Kg) | animals (t1r2)

DTZ 5 6 1-1.6 (Downing et al., 1987Tsui et al.,
hours 19949

ERY 100 4 1.262 (Duthu, 1985Shepard and Falkner,
hours 1990

NV 5 3 116 min (Lee et al., 201p

PAR 5 3 3.4hours (Li etal., 2012

PPT 1 3 37 min In-house

VER 5 3 1.62 (Todd and Abernethy, 198Thoi et
hours al., 2008 Lee et al., 201p

DTZ and PAR were dissolved in DMSO whereas all other inactivators were dissolved in
NMP. Heparin was sl as an anticoagulant. Blood samples were collected in heparin
dried micracentrifuge tubes. After administration of dose, cannula was flushed with
0.4ml heparinized saline (100 U/ml) and after each blood withdrawal 0.15 ml normal
saline was administera@drough the cannula for fluid replacement. Plasma samples were
obtained by centrifugation of the blood sample at 10000 rpm for 10 minutes. Plasma
samples were stored-&0°C until analysis. Sample preparation for all the compounds
was similar. Plasma samag fromin-vivo studies were precipitated with twice the

volume of ACN with diltiazem as the internal standard (IS). The mixture was centrifuged

at 10000 rpm for 10 minutes. Supernatant was removed and analyzed wiB/IS.
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3.3.1.1. PPT InVivo PK Sudy
Based on preliminarin-vivo studies with PPT, a dosing interval of 2 hours was chosen to
avoid accumulation of the inactivator. Since the literature reportedfbDPPT was
10mg/Kg, a dose of 1mg/kg thrice every two hours was selected. PPT was digsolve
NMP and diluted with saline to a final concentration of 0.5mg/ml. PPT 1mg/Kg was
administered to SD rats (n=3) by IV route through jugular vein cannula. Blood samples
(0.15ml) were collected at 2, 5, 10, 15, 30, 60, 90 and 120 minutes after firdoB&Z,
60 and 120 minutes after second PPT dose and 2, 5, 10, 15, 30, 60, 90, 120, 180 and 240

minutes after the third PPT dose.

3.3.1.2. VER InVivo PK Sudy
The plasma halfife (t12) of VER in rats was reported to be between 1.48 hours to 2.3
hours(Manitpisitkul and Chiou, 199%hen et al., 2008 hence a dosing interval of 2
hours was chosen. Verapamil 5mg/kg was given thrice everjijaws. VER was
dissolved in NMP and diluted with saline to 2.5mg/ml. VER 5mg/Kg was administered to
SD rats (n=3) through IV route. Blood samples were collected at 5, 10, 15, 30, 60 and
120 minutes after the first VER dose 5, 60 and 120 minutes afteet¢bed VER dose
and 5, 10, 15, 30, 60, 120, 240, 360, 540, 780 and 840 minutes after the third VER dose.
VER is metabolized to eight metabolites (four primary and four secondary metabolites)
(Tracy et al., 1999RederHilz et al.,2004 Sun et al., 2004 Therefore, plasma samples
were analyzed to detmine the concentrations of both parent VER and 2 major

metabolitesNV and D617 (molecular structures are shown in appendix A).
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3.3.1.3. NV In-Vivo PK Sudy
NV 5mg/kg was dosed thrice every two hours to mimic the VER dosing regimen. NV
was dissolved in NMP andldted with saline to 2.5mg/ml. NV 5mg/Kg was
administered to SD rats (n=4) through IV route. Blood samples were collected at 2, 5, 10,
15, 30, 60 and 120 minutes after the first NV dose, 5, 60 and 120 minutes after the second

NV dose and 5, 10, 15, 30 mites and 1, 1.5, 2, 3, 4, 6, 9, 12 hours after the third dose.

3.3.1.4. PAR InrVivo PK Sudy
The halflife of PAR was reported as 4 hours in the litera{@arder et al., 2008
Hence multiple dosing with a dosing interval of 4 hours was performed. PAR (5mg/kg)
was administered twice with an interval of 4 hours to SD rats (n=3). Blood samples were
withdrawn after 2, 5, 10, 15, 30 minutes and 1, 2, 4 hows i first dose and 5, 30
minutes and 1, 3, 6, 9, 15 and 18 hours after the second PAR dose. Plasma samples from
the first 10 minutes were dilutedf8ld for analysis with LEMS/MS.

3.3.1.5. ERYIn-VivoPK Study
The halflife for ERY was reported to be 726 mirutes(Duthu, 198%. Based on this
information a dosing interval of 2 hours was selected. ERY 100mg/kg was dosed twice
every 2 hours in SD rats (n=3). Blood samples were withdrawn at 2, 5, 10, 15, 30 minutes
and 1, 1.5 and 2 hours after first dosing and 2, 5, 10, 15, 30 sendiel, 1.5, 2, 3, 4, 6,
8, 10, 12 hours after the second dose. Plasma samples were obtained as described earlier.
Plasma samples were dilut2@fold during analysis.

3.3.1.6. DTZIn-VivoPK Study
The halflife for DTZ was reported to be 36 minutegDowning et al., 1987 Based on

this information a dosing interval of 2 hours was selected. DTZ 5mg/kg was dosed thrice
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every 2 hours in SD rats (n=3). Blood samples were withdrawn at 2, 5, 10, 15, 30, 45
minutes and 1, 1.5 and 2 hours after first dosing, 2, 60 minutes and 2 houttseafter
second dose and 2, 5, 10, 15, 30, 45 minutes and 1, 1.5 and 2, 3, 4, 5 and 6 hours after
third dosing. Plasma samples were obtained as described earlier. Samples were stored in
80PC until analysis. It is reported that DTZ and its metabolites ar@biesin plasma if
stored for more than 2 weefaillé et al., 1989Yeung et al., 1991Bonnefous et al.,
1992. Hence, plasma samples were analyzed within two days of PK study. Plasma
samples were analyzed for the parent and the metabolidssiNethyl diltiazem
hydrochloride (MA), NN didesmethyl diltiazem (MD), desacetyl diltiem (DAD),0O-
desacetyN-desmethyliltiazem (DDD).All structures are shown in appendix A

3.3.1.7. DEXIn-Vivo PK Study
It was observed in the initiah-vivo DDI studies that DEX might interfere with MDZ
metabolism. Moreover, DEX is known to be metabolized by CYPnlinson et al.,
1997 and is a wetknown inducer of CYP&Lin et al., 1999Martignoni et &, 20049.
Hence both induction of CYP (which will result in increased MDZ metabolism) and
inhibition of MDZ metabolism (since DEX is also metabolized by CYP) can occur
simultaneously. The exact mechanism and extent of CYP inhibition is not known hence
the duration of this effect cannot be determined. Further, CYP levels are known to
increase after £24 hours after treatment with DEXlartignoni et al., 2004 The goal
of this gudy was to determine the dosing regimen of the substrates to avoid CYP
inhibition and cause induction. Therefore, DEXvivo PK study was performed to
determine the PK of DEX, which can then be used to determine the dosing regimen of

MDZ. The dosing reignen for DEX was decided based on literature regdrtst al.,
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2012. DEX was dissolved in corn oil to give a solution of 15mg/ml. 100mg/Kg DEX
was administered through intraperiton@ad.) route in SD rats (n=3). Blood samples
were withdrawn at 5, 10, 20, 30 min, 1, 2, 4, 6, 8, 9, 10, 11, 14, 17, 21 hours after DEX
dosing. Plasma samples were obtained as described earlier and st8é@ antil
analysis.

3.3.2. Drug-drug Interaction (DDI)Sudies
DDl studies were performed in SD rats to determine the effect of inactiviatairs.
The timing of substrate dosing was decided based on inactivator concentrations to avoid
competitive inhibition. For all studies for CYP3A, MDZ was used as thegsubstrate.
DXT and DES were used as probe substrates for CYP2D1. MDZ (1mg/ml solution in
methanol) was dried and reconstituted for intravenous (IV) administration. MDZ was
dissolved in NMP and diluted with saline to 2.5mg/mL. DXT and DES were diskimlve
DMSO and then diluted with saline. The percentage of DMSO was 10 % v/v in the
administering solution. Blood collection and plasma sample preparations were performed
as described earlier. For each DDI study, animals were divided in two groups: taactiva
group and control group. The inactivator group received inactivator prior to substrate
while the control group received vehicle. Subsequently both groups received equal

amounts of substrate. Table 3.2 describes the details of the study design.
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Table 3.2. List of inactivatorsubstrate pairs for DDh-vivo studies

Group Inactivator Dose Substrate Dosé Dosing Number of
(mg/Kg) (mg/KQ) Route animals
DES Vehicle 5mg/Kg \Y] 5
PAR-DES 5 mg/Kg 5mg/Kg \Y] 5
DEX-MDZz? 100mg/Kg 5mg/Kg I.p. 3
MDZ Vehicle 5mg/Kg v 3
DTZ-MDZ 5mg/Kg 5mg/Kg \Y, 6
DXT Vehicle 10mg/Kg v 5
NV-MDZ 5mg/Kg 5mg/Kg v 3
PPT-MDZ 1mg/Kg 5mg/Kg v 5
VER-MDZ 5mg/Kg 5mg/Kg v 4
PAR-DXT 5mg/Kg 10mg/Kg \Y, 4
ERY-MDZ 100mg/Kg 5mg/Kg \Y, 4

a: DEX mechanism of inhibition not known.dosed 1.V.

3.3.2.1. PPT-MDZ In-Vivo DDI Study
Animals were treated with DEX 100mg/Kg for 48 hours prior to inactivator or vehicle
dosing. DEX was dosed twice every 24 hours. DEX was dissolved in corn oil (15mg/ml).
Solubility was enhanced by warming the solution teC7fdor 15 20 minutes. After 24
hours of second DEX dosing, the inhibitor treated group (n=5) was administered with
PPT every 2 hours thrice (same as the PRivo study) and in control group (n=6)
blank vehicle was administered instead of PPT. After 4 hours of third PPT (for

inactivator group) or vehicle (control group) dosing MDZ 5mg/kg was administered
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through IV route. Blood samples were collected at 2, 5,303Q minutes and 1, 2, 3, 6,
9, 12 hours after MDZ administratioim-vivo DDI studies were also performed in

absence of DEX, wherein rats were not treated with DEX prior to inactivator dosing.

3.3.2.2. VERMDZ In-Vivo DDI Study
Similar to PPTMDZ in-vivo DDI study, animals were treated with DEX. After 24 hours
of second DEX dosing, inhibitor treated group (n=6) was administered with VER every 2
hours thrice (same as the VERvivo study). In the control group (n=6), blank vehicle
was administered instead of VERfter 4 hours of third VER (for inactivator group) or
vehicle (control group) dosing, MDZ 5mg/kg was administered through IV route. Blood
samples were collected at 2, 5, 10, 15, 30 minutes and 1, 2, 3, 6, 9, 12 hours after MDZ
administrationIn-vivo DDI studies were also performed in RDEX treated rats for both

the control and the inactivator groups.

3.3.2.3.  NV-MDZ In-Vivo DDI Study
In inhibitor treated group (n=5) NV was administered every 2 hours thrice (same as the
NV in vivostudy) and in control group (85 blank vehicle was administered instead of
NV. After 5 hours of third NV (for inactivator group) or vehicle (control group) dosing
MDZ 5mg/kg was administered through IV route. Blood samples were collected at 2, 5,
10, 15, 30 minutes and 1, 2, 3, 6, 9,Hburs after MDZ administration.

3.3.2.4. PARDESandPARDXT In-Vivo DDI Study
To the inhibitor treated group (n=3), PAR was administered twice with an interval of 4
hours (same as the PARvivostudy) and in control group (n=3) blank vehicle was
administerednstead of PAR. After 6 hours of second PAR (for inactivator group) or

vehicle (control group) dosing DES 5mg/kg was administered through IV route. Blood
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samples were collected at 5, 10, 15, 30 minutes and 1, 2, 3, 6, 9, 12 and 15 hours after
DES administraon. PARDXT in-vivo DDI study was also performed. The study design
for PAR-DXT DDI study is the same as the PAFES study except the DXT 10mg/Kg

dose was administered in both the groups instead of DES.

3.3.2.5. ERY¥-MDZ In-Vivo DDI Study
Inhibitor treated group ¢4) ERY was administered twice with an interval of 2 hours
(same as the ERM vivostudy) and in control group (n=6) blank vehicle was
administered instead of ERY. After 4 hours of second ERY (for inactivator group) or
vehicle (control group) dosing MDZtg/kg was administered through IV route. Blood
samples were collected at 5, 10, 15, 30 minutes and 1, 2, 3, 6, 9, 12 hours after MDZ

administration.

3.3.2.6. DTZ-MDZ In-Vivo DDI Study
In inhibitor treated group (n=5), DTZ was administered every 2 hours thrice and
control group (n=6) blank vehicle was administered instead of DTZ. After 4 hours of
third DTZ (for inactivator group) or vehicle (control group) dosing MDZ 5mg/kg was
administered through IV route. Blood samples were collected at 2, 5, 10, 15, 30sminute
and 1, 2, 3, 6, 9, 12 hours after MDZ administration.

3.3.2.7. DEXMDZ In-Vivo DDI Study
This study was performed after comparing the MDZ PK with and without DEX pre
treatment, which indicated DEX interference with MDZ clearance as observedin PPT
MDZ in-vivo DDI study. In this study, DEX treated group (n=3) was administered with
DEX by i.p. route (similar to DEXn-vivo PK study) followed by MDZ dosing after 8

hours of DEX dosing. MDZ dosing timing was decided based on the literature reported
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TmaxOf 8 hours afteDEX dosing(Li et al., 2012. In control group (n=6) blank vehicle

(corn oil) was administered instead of DEX followed by MDZ dose. MDZ (5mg/Kg)

dose was administered through IV routdath the groups. Blood samples were collected
at 2, 5, 10, 15, 30 minutes and 1, 2, 3, 6, 9, 12 hours after MDZ administration from both

the groups and analyzed for MDZ concentration byNI&/MS.

3.4. Data Analysis
Compartmental models were used to describentuetivatorin-vivo pharmacokinetic
(PK) profiles and substrate-vivo PK profiles. Both Zcompartment (2C) and 3
comparmtment model (3C) was fit to the data to describe the PK (fig 3.1). Differential
eqguations for the models and the Mathema@iitinctions are given in appendix F and
appendix | respectively. In cases (VER and DTZ) where metabolite was also measured,
compartmental models were developed to describe the metabolite PK. In both the 2C and
3C model, drug administration and sampling was modeted the central compartment.
Akaike information criterion (AlCc) was used to determine the better model to describe
the PK. The lower the AICc value the better the m@8ehate and Steimer, 20D&\ICc
is given by following equation

¢bb p
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Where p is the number phrameters and n is the number of data points. AIC is defined

as follows

~
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where WRSS is the weighted residual sum of square. AICc appears to have better

sensitivity for models having smaller sample size (whenever n/[{Bédate and
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Steimer, 2006 Hence AICc was used as gimessof-fit criteria instead of AIC. In cases
where AICc was not conclusive or decisive, residual analysis was used to determine the
better model. A scatter plot of predicted value (abscissa) vs residual (ordinate) provided
gualitative determination andean square error was used for quantitative determination.

Mean square error (MSE) was calculated by

33 % o m i oA
- 3%T DSSSSS&B’A)NOA@EEI I

where SSE is the sum of squared errors, n is the number of data points and p is the

number of parameters to be estimated. 8Sfalculated as

33% 9 9 A8888%WNOAGET 1

whereYi s t he o0 bs eiisthedodal medieted datadethe difference
between the predicted data and observed data. Since SSE tends to decrease as the number
of parameter increasgsis a biased parameter. MSE is an unbiased estimate of the error
v ar i a’n(Bopate(@nd Steimer, 200@oth norcompartmental@alysis (NCA) and
compartmental analysis were performed. NCA was performed with Kinetica® software
package and compartmental analysis was performed with Mathematica® 10.2 software
package.
# LA " 88888wWNOAGEIT I
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Equation 3.5lescribes the 2C and equation 3.6 describes the 3C where A, B and C are

constants and U, b and o are the disposit:i

curve (AUC) was calculated using equaticdh?7 and 3.8 for 2C drBC respectively
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Figure 3.1. Schematic representation of compartmental models
A: 2-compartmental modd@: 3-compartmental model. Compartments are denoted by
number 1, 2 and 3. First order rate constants are used to describe the distribution between
compartments. ik represents the distribution rate constant from compartment 1 19 2, k
represents the distribution rate constant from compartment 2 torépkesents the
distribution rate constant from compartment 1 tos:3répresents the distribution rate

constant from compartment 3 to 1o kepresents the elimination rate constant

Non-compartmental AUC was calculated using mixed log linear trapezoitialand
extrapolated to infinity usingi&s{ & Wwhagirse tChe | ast sampling ti
elimination rate constant. AUC ratio was calculated by
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where AUGo.infinity)s,i IS the AUC of the substrate from O nuitesto infinity in presence of
inactivator and AU@.infinity)s IS the AUC is the substrate in the absence of inactivator. Both

NCA and compartmental analysis were used for calculating AUC ratios. Total plasma
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clearance (C) was calculated as D/AUfxtinity, With D as dose and AUfxsinity as the area
under the plasma concentratitme curve. For multiple dosing studies, CL was calculated
from the first dose as
$1 OA

" 1 B #
Where AUG.infinity IS area under the plasma concentratiore curve. Extraction ratio (ER)
was calculated as CLiQvhere Q is the hepatic blood flow (13.8 mL/mitesfor 2509 rat
(Davies and Morris, 1998 Non-compartmental terminal halife (t12) was estimated
from the eliminatuwenOr @928/ &0 n Gtovaspestimabech evim t d |
using o= 0. 6 9 3/ 2 ter(nined Wwamnsthe €iteng 3 compartmental model to mean
plasma concentration time profile). Compartmental volume of distribution at steady state

(Vs9 was calculated as
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and norcompartmental was calculated using
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where MRT is the mean residence time and is defined as the area under the first moment
curve AUMG.infinity divided by AUGinfinity. Statistical analysis was performading the
unpaired {testwith the software SigmaSTAT®.

Error in individual AUCs was propagated to AUC ratio as
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Where U represents the error in different

represents AUJAUC of MDZ in presence of PPT) and Y represents AUC of MDZ in
absence oihactivator
Metabolite kinetics were studied using compartmental models (eg. figure 3.5) for ERY,
VER and DTZ metabolites. Model fitting was performed using the parent and the
metaolite data. In cases where model fitting resulted in lack of convergence, simulations
were performed to capture metabolite plasrigp@files using either of the following
assumptions:
1. Elimination clearance of preformed metabolite was assumieel tilesame asn-vivo

formed metabolite
2. Elimination clearance of preformed was assumed to be dissimilar ito-¢he

formed metabolite
3. Elimination clearance and distribution of preformed metabolite were dissimitar to

vivo formed metabolite
Elimination rate onstants from the compartmental models were converted to clearance
by multiplying with the central compartment volume of distribution.

3.5. Results
3.5.1. Inactivator PK

3.5.1.1PPTIn-Vivo PK Study

Thein-vivo PK profile of PPT was best dedmed by a 2C model (figure 3.@ble 3.3).

The AICc value for 2C was 151.66 whereas for 3C it was 154. Since the difference
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between AICc is less than 4 units, 2C model was selected being the simpler model. MSE
of 3C was 210.3 whereas MSE for 2C was 311.6. The matsoconstants for HFfor
2C are described in table 3.4. The total averaggWas observed to be 2.12 pM.

Table 3.3. Goodness of fit metrics for 2C and 3C for PPT

Goodness of fit metric| 2C 3C
AlCc 151.7| 154
MSE 311.6| 210.3
BIC 152.3| 151.6
R? 0.96 | 0.97

Table 3.4. Parameter estimates of PPT for 2C, n=3

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
kiz(min?) 0.28 0.02 7.9%
ka1 (min') 0.03 0.007 23.0%
K1o(mint) 0.28 0.02 8.6 %
Va(ml) 245 19.03 7.8%
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Figure 3.2. In-vivo concentratiortime profile of PPT in SD rai$=3) after multiple IV
dosing
A: 2-compartmental model fitting: 3-compartmental model fitting. Solid line
represents the predicted profile and the dots represent the observed concentraiion from
vivo studies in SD rats.
3.5.1.2VERIn-Vivo PK Study

Thein-vivo PK profile of VER was beaslescribed by 2C (figure 3.3lle 3.5. Since the
difference in AICc values was less than 4 units, MSE and residual analysis was
performed to select the better model. MSE for 3C was 10074 and for 2C was 15055.
Since AICc, BIC and MSE values were not conclusive a simpler model was chosen.
Hence 2C model was selected as a better model. The {rateaconstants for VER for 2C
are described in table 3.Bhe total Gaxwas observed to be 36.66 uM. NV and D617 C

profiles were also measured (figure 3.4).
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Figure 3.3. In-vivo concentratioftime profile of VER in SD ratgn=3) after multiple 1V

dosing
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A: 2-compartmental model fitting: 3-compartmental model fitting. Solid line
represents the predicted profile and the dots represent the observed concentraiion from
vivostudies in SD rats.

Table 3.5. Goodness of fit metrics for 2C and 3C for VER

Goodness of fit metric 2C 3C
AlCc 273.0 | 274.2
MSE 15055 | 10074
BIC 273.7 | 271.9
R? 0.990 | 0.993
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Figure 3.4. In-vivo concentratiortime profile of VER, NV and D617 in SD rats (n=3)
after multiple 1V dosing of VER
Solid blue dots, red dots and green dots represents the plasma VER, NV and D617

concentrations respectively. Lines ammulation from model in figure 3.5
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Metabolite (NV and D617) kinetics was characterized using the compartmental model
shown in figure 3.5. Model fitting resulted in lack of convergence and poor predictions.
Hence simulations were performed using the assomgpmentioned earlier. While
performing simulations using the first assumption where clearance of the preformed and
in-vivo formed metabolite was assumed to be same, parameters were fixed at values
obtained from NV dataset model fitting. Only NV formatiate constant (k) was
optimized to capture the N\ttaorofile. This resulted ipoor predictions of the €

profile of NV. During the simulations with the second assumptidhformation and
elimination rate constants both were optimized éad lgo) to capture the observed NV
C-t profile. This improved the predictions from the first assumption but still resulted in
poor predictions. D617 €profile predictions were not performed with the first two
assumptions due to lack of availability of D617 dgsiDuring simulations using the

third assumption, formation {®, distribution (k4 and ks) and elimination rate ¢k)
constants for NV were optimized. This led to improved predictions as compared to earlier
assumptions of € profiles for NV and D617. wlume of distribution of central
compartment for VER (Mver) and NV (\e,nv) were fixed at values obtained
independently from VER and NV fitting during all simulations. VER distribution rate
constants (k and k1) were fixed at values obtained from VER awbfitting during all

the simulations. The elimination clearance of preformedrmawid/o formed NV were
calculated to be 10.18 mL/mites(obtained from fitting a 2C model to NV dosed c
profile) and 40.57 mL/miatesrespectivelyobtained from simulatins shown figure 3.4

upon VER dosing)The formation clearance of NV and D617 was found to be 4.55
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mL/minutesand 0.084 mL/miatesrespectivelyobtained from simulations shown figure

3.4 upon VER dosing)

.V
VER
k21 . k10
2k - (O
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Figure 3.5. Schematic representation of compartmental model for VER, NV and D617

Compartments are denoted by numbers. Compartments 1 and 2 represent the distribution

for VER, compartments 3 and 4 for NV and compartment 5 and 6 for D617. First order

rate constants aresed to describe the distribution between compartmentani le,
represents the first order distribution rate constant for VERgkresents the formation
rate constant for NV andikrepresents the formation rate constant for D61yakd ks

represents the distributional constant for NVselnd ks represents the distributional

constant for D617.4¢ and ko represent elimination rate constants for NV and D617

respectively
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Table 3.6. Parameter estimates of VER for 2C calculated from averagevato plasma

VER concentration time data, n=3

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
K1z (mint) 0.016 0.003 18.8 %
ka1 (min') 0.004 0.0013 325 %
k1o (min') 0.065 0.004 6.2 %
Vg (ml) 70.07 3.60 5.13 %

3.5.1.3.NVIn-Vivo PK Study
Thein-vivo PK profile of NV was best described by 2C (figure 3aBje 3.7). Since the
difference in AlCc values was less than 4 units, 2C was selected as the better model.
MSE for 3C wa 3491 and for 2C was 5160. The micate constants for NV fdC are
described in table 3.8. The average totalx@as observed to be 6.69 uM.

Table 3.7. Goodness of fit metrics for 2C and 3C for NV

Goodness of fit metric| 2C 3C
AlCc 318 | 315

MSE 5160 | 3491

BIC 321 | 316

R? 0.962| 0.977
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Table 3.8. Parameter estimates of NV for 2C calculated from average-vato NV

plasma concentratietime data, n=3

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
K1z (mint) 0.113 0.03 26.5 %

ko1 (min't) 0.036 0.009 25 %

k1o (min') 0.023 0.003 13.04 %

Va(ml) 450.79 48.21 10.7 %
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Figure 3.6. In-vivo concentratiortime profile of NV in SD rats (n=3) after multiple IV
dosing of NV
A: 2-compartmental model fittinB: 3-compartmental model fitting. Solid line
represents the predicted profile and the dots represent the observed concentraiion from
vivo studies in SD rats
3.5.1.4 PARINn-Vivo PK Study
Thein-vivo PK profile of PAR was béslescribed by 2C (figure 3.4lile 39). MSE for
3C was 1707 and for 2C was 2548. The miete constants of PAR for 2C are described

in table 3.10. The average totah4dewas observed to be 16.87 pM.
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Table 3.9. Goodness of fit metrics for 2C and 3C for PAR

Goodness of fit metric| 2C 3C
AlCc 183 | 189
MSE 2548 | 1707
BIC 179.5| 178.0
R? 0.988| 0.993

Table 3.10. Parameter estimates of PAR for 3C calculated from averagevan PAR

plasma concentratietime, data, n=3

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
K12 (mint) 0.31 0.015 4.8 %
ka1 (min') 0.036 0.005 13.9 %
kio(min?) 0.03 0.005 16.7 %
Va(ml) 257 34.2 13.3 %
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Figure 3.7. In-vivo concentratiortime profile of PAR in SD rats (n=3fter multiple IV

dosing of PAR
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A: 2-compartmental model fitting: 3-compartmental model fitting. Solid line
represents the predicted profile and the dots represent the observed concentraiion from

vivo studies in SD rats

3.5.1.5.ERYIn-Vivo PK Study
Thein-vivo PK profile of ERY was beslescribed by 2C (figure 3.&lile 311). MSE for
3C was 56186 and 83894 for 2C. The miate constants of ERY for 2C are described
in table 3.12The total average faxwas observed to be 81.63 pM. NDE (metabolite of
ERY) was also measured simultaneously with ERY. Predicted and obseryedfi
for NDE is shown in figure 3.8.

Table 3.11. Goodness of fit metrics for 2C and 3C for ERY

Goodness of fit metric, 2C 3C
AlCc 388 | 384

MSE 83894| 56186
BIC 390 | 384

R? 0.990 | 0.994

Table 3.12. Parameter estimates of ERY for 2C calculated from averagevao ERY

plasma concentration time data, n=4

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
kiz(min?) | 0.094 0.0023 2.4 %
K1 (mint) 0.031 0.0028 9.03 %
kio(min?) | 0.025 0.001 4.0 %
Va(ml) 461.6 17.47 3.8%
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A compartmental model was used to explain NDE kinetics after ERY dosing.
Simulations were performed using the model shown in figure 3.8 panel C. During
simulations, ERY distribution parametersx&nd le1) were fixed at values obtained from
model fitting of ERY dataset. NDE formation rategjkdistribution (ks and k4) and

elimination rate (ko) constants were optimized to capture the observed NDgr@file

(fig. 3.8 D).
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Figure 3.8. In-vivo plasma concentratietime profile of ERY in SD rats (n=4jfter
multiple IV dosing of ERY
A: 2-compartmental model fitting: 3-compartmental model fittingC: Schematic
representation of compartmental model for ERY and NDE. Compartments are denoted by
numbers. Compartments 1 and 2 represents the distribution for ERY, compartments 3 and

4 for NDE. First order rate constants are used to describe the distribetoeen
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compartments. ik represents the distribution rate constant from compartment 1 19 2, k
represents the distribution rate constant from compartment 2 tprépkesents the
formation rate constant for NDE anghkndkso represents the eliminatiaf rate
constant ERY and NDE respectivelys knd ks represents the distributional constant for
NDE. D: Simulation of plasma concentratidime profile of ERY and NDE from model
shown in panel C. Solid lines (Red for ERY and blue for NDE) representsatieted
profile and the dots represent the observed concentratioririrgivio studies in SD rats
3.5.1.6.DTZIn-Vivo PK Study
Thein-vivo PK profile of DTZ was best desbed by 3C (figure 3.9able 3.13). The
AICc suggested 3C as the better model. MSEB€@mwas 3465 and for 2C was 5170. The
micro-rate constants for DTZ for 3C are described in table Jid.average total fax
was observed to be 7.29 uM. DTZ metabolites were also analyzed and PK profiles for
metabolites are shown in figure 3.10 and a catnpental model (figure 3.11) was
developed to model the metabolite PK.

Table 3.13. Goodness of fit metrics for 2C and 3C for DTZ

Goodness of fit metric| 2C 3C
AlCc 293 | 283

MSE 5170 | 3465
BIC 296 | 285

R? 0.988| 0.994
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Table 3.14. Parameter estimates of DTZ for 3C calculated from averagevato DTZ

plasma concentration, data, n=3

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
K1z (mint) 0.07 0.013 18.6 %
ko1 (min't) 0.14 0.031 22.1 %
kya(min') 0.007 0.002 28.57 %
ka1 (mint) 0.004 0.004 100 %
Kio(min™) 0.04 0.002 5%
Vg (ml) 528.15 19.91 3.7%
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Figure 3.9. In-vivo concentratiortime profile of DTZ in SD rats (n=4) after multiple IV
dosing of DTZ
A: 2-compartmental model fitting: 3-compartmental model fitting. Solid line
represents the predicted profile and the dots represent the observed concentraiion from

vivo studies in SD rats
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Figure 3.10. In-vivo plasma concentratietime profile of DTZ and metabolites in SD
rats (n=6) &er multiple IV dosing of DTZ

Blue, red, green, magenta and orange diyisesenthe observed plasma DAD, DTZ,

MD, MA and DDD concentrations respectively. Lines are simulation from model in

figure 3.11

DTZ metabolites (DAD, MD, MA and DDD) kinetics were characterized using the
compartmental model shown in figure 3.11. Model fittinguteed in lack of convergence
and poor predictions. Hence simulations were performed using the assumption that
volume of distribution of metabolites are lesser than parent except for DAD for which the
reported volume of distribution is higher than D{L2e et al., 1991 While performing
simulations DTZ distribution parameters K1, ki3, ks1) and volume of distribution

were fixed at values obtained from model fitting of DTZ dataset. All other rate constants

were optimized to predict thetgrofiles of DTZand metabolites (figure 3.10).
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3.5.1.7.DEXIn-Vivo PK Study
In-vivo plasma samples were anadyl for DEX concentrations. Thendwas found to be
8 hours which is the same as literature reportged (Li et al., 2012. The DEX
metabolite OH DEX was also measured. Thadfor DEX and 60OH DEX were found
to be 42.21 and 0.61 uM respectively. The metabolite exposure was 4.6% of the parent.

The Gt profiles for DEX and 8OH DEX are shown in figure 3.12.

ppD Koo ] koo 1A
K110 Kgg
e _'
Kio11 Kgg
Ki1o kl/‘
Koy Kis

DTz

Figure 3.11. Schematic representation of compartmental model for DTZ and metabolites.
Compartments are deteal by numbers
Compartments 1,2 and 3 represents the distribution for DTZ, compartments 4 and 5 for
DAD, compartments 6 and 7 for MD, compartments 8 and 9 foraMidcompartments
10 and 11 for DDD. First order rate constants are used to describe the distribution
between compartmentsiokko1, K13 ka1 represents the distribution rate constant for DTZ,

kssandkssrepresent distribution rate constants for DAB,andkzerepresent distribution
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rate constants for MD gkandkegrepresent distribution rate constants for MAy:kand
ki11orepresent distribution rate constants for DRI, ks, kis, k110 represents the

formation rate constant for DAD, MD, MA and DDD respectively
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Figure 3.12. In-vivo concentratiortime profile of DEX after i.p dosmof 100mg/kg in
SD rats (n=3)

Blue dots are observeet profile for DEX andorange dots for-®H DEX

3.5.2. Drug-Drug Interaction Studies
Compartmental analysis was performed with 2C and 3C model for different treatment

groups (table 3.15). The best fit maglelere chosen based on AICc values.
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Table 3.15. Goodness of fit metrics for 2C and 3C for MDZ in different treatment

groups. 5mg/Kg MDZ was administered through IV route

AlCc MSE R?
Group
2C 3C 2C 3C 2C 3C
MDZ+DEX 136 222 3953 2646 0.990 0.999
MDZ 162 | 157 4090 2846 0.9%57 0.98
MDZ+PPT+DEX | 136 | 212 4434 2968 0.999 0.999
MDZ+PPT 157 | 150 4831 3264 0.986 0.999
MDZ+VER+DEX | 153 | 164 2961 1999 0.985 0.998
MDZ+VER 165 148 5290 3609 0.977 0.999
MDZ+NV 164 | 145 5246 3602 0.971 0.999
DES 109 | 128 797 535 0.993 0.999
DES+PAR 118 127 1172 786 0.994 0.999
DXT 167 155 1294 895 0.959 0.995
DXT+PAR 164 159 1942 1309 0.986 0.996
MDZ+ ERY 148 150 6680 4472 0.996 0.999
MDZ+DTZ 162 155 4923 3358 0.977 0.999

3.5.2.1. PPT-MDZ In-Vivo DDI Study
AlCc difference showed that the 3C model Wwatter for PPT treateahd controgroup
without DEX pretreatment as evident from the modéhfit (table 3.15 and figure 3.16
whereas 2C was the better model forR#El treated andontrol group with DEX

pretreatment (table 3.15)he AUC ratio for PPAMDZ in-vivo DDI study (when DEX
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was administered) was found to be6l+10.24 by NCA (table 3.6) and 1.8 + 0.33 by
compartmental analysis (table 3)1PK parameters analyzed by NCA and
compartmental analysis for both the groupsséi@vn in tables 36land table 3.1
respectivelyFigures 3.13 and 3.1show the compartmental fitting of MDZ PK in DEX

pretreated control group and DEX pretreated PPT treated group respectively.

Table 3.16. NCA analysis of MDZ in control group and PPT treated group with and

without DEX pretreatment. Values are represented as mean * standard deviation (SD)

Parameter DEX pretreatment Without DEX pretreatment

MDZ MDZ + PPT MDZ MDZ + PPT

Clearancéml/min/Kg) | 20.20 + 3.57 4.52 + 0.68 | 41.81 £6.71 | 26.54 £ 4.23

Va (MI/Kg) 6180 + 2227 3969 + 1239| 20241 * 1516§ 6325 + 1535
Vss(MIKQ) 4031 * 1267 1003 + 260 | 5000 + 2040 | 2869 + 80.73
Half-life (min) 201 +£63.1 | 259+43 |314+219 | 191+ 15.68

AUC (mg/mkmin) 0.25+0.04 (0.9 +0.05 | 012+ 0. 0.19+0.4

AUC/Dose (min/m) 0.19 +0.03 | 0.22+ 0.03 | 0.09+ 0.01 0.12 +0.03

AUC ratio --- 1.16 £ 0.24 --- 1.30+ 0.35
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Table 3.17. Compartmental analysis of MDZ in control group and PPT treated group
with and without DEX pretreatment

5mg/Kg MDZ was administered through IV route. *Statistically significant difference (P

< 0.05)
Parameter DEX pretreatment Without DEX pretreatment
MDZ MDZ+PPT MDZ MDZ+PPT

Clearance (ml/min/Kg] 21.04+ 3.03| 18.44+ 2.83| 39.08 + 7.52| 26.37 + 4.63

V4 (ml/Kg) 510+ 128 |531+143 | 350+117 | 617 +38
Vss(MI/Kg) 2466+ 2699 | 3626+ 1366| 5207 + 2837 2950 + 1563
Half-life (min) 263+ 421 |195+106 | 408+ 154 | 331092

AUC (mgml-min) 0.21+0.06 | 025+002 | 0.12+0.2 | 0.18+0.(8

AUC/Dose(min/ml) 0.16+0.04 | 0.19+0.3 | 0.09+0.2 | 0.11+0.@

AUC ratio -- 1.18+ 0.33 -- 124+ 0.3
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Figure 3.13. In-vivo concentratiortime profile of MDZ after IV dosing in SD rats

(control group, n=5) after pretreatmavith DEX
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A: 2-compartment model fittin§: 3-compartment model fitting. Solid line represents
the predicted profile and the dots represent the wvederamcentration fromn-vivo

studies in SD rats
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Figure 3.14. In-vivo concentratioftime profile of MDZ after IV dosing in SD rats (PPT
treated group, n=6) after DEX pretreatment
A: 2-compartment model fitting: 3-compartment model fitting. Solid line represents
the predicted profile and the dots represent the observed concentratian-friom

studies in SD rats

The AUC ratio for PPAMDZ in-vivo DDI study (when rats were not pretreated with
DEX) was found to be.B0 £ 0.3 by NCA and 1.2 + 0.35 by compartmental analysis
respectively (table 36land table 3.7). Figures 3.5 and 3.5 show the compartmental

fitting of MDZ in control group and PPT treated group respectively in the absence of

DEX pretreatment.
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Figure 3.15. In-vivo concentratiortime profile of MDZ after IV dosing in SD rats

(control group, n=6) inhe absence of DEX pretreatment

A: 2-compartment model fitting: 3-compartment model fitting. Solid line represents

Log Concentration (ng/mL)

the predicted profile and the dots represent the observed concentratian-friom
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Figure 3.16. In-vivo concentratioftime profile of MDZ after IV dosig in SD rats (PPT

treated group, n=6) ithe absence of DEX pretreatment

A: 3-compartment model fitting: 2-compartment model fitting. Solid line represents

the predicted profile and the dots represent the observed concentration-friom

studies inSD rats
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Figure 3.17. In-vivo concentratiortime profile of MDZin presence and absence of PPT

A: MDZ c-t profile in alsence of DEX pretreatmer&: MDZ c-t profile in presence of

DEX pretreatment. Solid line represents the predicted profile and the dots represent the
observed concentration from-vivo studies in SD rats. MDZ 5mg/Kg was administered

in both the groups

3.5.2.2. VERMDZ In-Vivo DDI Study
The AUC ratio for VERMDZ in-vivo DDI study (when DEX was administered) was
found to be 1.25 £ 0.43 by NC@able 3.18)and 1.23 + 0.43 by compartmental analysis
(table 3.1). PK parameters analyzed by NCA and compartmental analysis for both the

groups are shun in table 3.8 and table 39respectively.
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Table 3.18. NCA analysis of MDZ in control group and VER treated grough\aind
without DEX pretreatment

Values are represented as mean + staraiarition (SD)

Parameter DEX pretreatment Without DEX pretreatment

MDZ MDZ + MDZ MDZ + VER
VER

Clearance 20.20+3.57/4.39+1.19 |41.81+6.71 |7.40+0.70

(ml/min/KQ)

Vg4 (MI/KQ) 6180 + 2227 3969 + 1239 20241 + 15168 10352 + 9024

Vss(mlI/Kg) 4031 +1267 | 1537 + 416 | 5000 + 2040 | 2952+ 1341

Half-life (min) 201 +63.1 | 360125 |314+219 264 + 243

AUC (mg/mkmin) 025+0.04 |0.29+0.08 | 0.12£0.02 0.18+0.@

AUC/Dose(min/ml) 0.19+0.03 | 0.24+£0.08 | 0.09+0.01 0.14+0.01

AUC ratio - 1.26+0.4 -- 1.48 +0.27

In DEX pretreated rats, AlCc for 2C and 3C was 152.76 and 165 respectively for VER
treated group (table 3.15). The AICc with the two groups showed that 2C model was the
better model to describe MDZ PK post VER treatment for DEX pretreateénd 3C

model was better for rats not pretreated with DEX. Figures 3.18 andi®®0the 2C

and 3C fitting of MDZ PK in VER treated group without and with DEX pretreatment
respectively. Table 3.18 and 3.19 show the PK parameters of MDZ of contrdEdhd
treated group in both presence and absence of DEX pretreatment. Figure 3.20 show the

MDZ c-t profile in presence and absence of VER with or without DEX pretreatment.
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Table 3.19. Compartmental analysef MDZ in control group and VER treated group

with and without DEX pretreatment

Parameter DEX pretreatment Without DEX pretreatment
MDZ MDZ+VER MDZ MDZ+VER
Clearance (ml/min/Kg) 21.0 £3.0 |22.31+£7.06 39.08 £ 7.52| 26.29 + 3.12
Va (ml/Kg) 510 + 127 | 726+ 320 350+ 117 | 396+ 82
Vss(mlI/Kg) 4542 + 2176 5656 + 3100 5207 + 2837| 4047 + 1073
Half-life (min) 263+ 141 | 240 + 118 408 + 154 492 + 69
AUC (mg/ml-min) 0.21+0.06 |0.23+0.06 0.12+0.02 | 0.18+0.02
AUC/Dose (min/m) 0.16+0.04 | 0.19+ 0.6 0.09 £+0.02 | 0.13+0.01
AUC ratio -- 1.19+0.43 -- 1.43+0.29
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Figure 3.18. In-vivo concentratiortime profile of MDZ after IV dosing in SD rats (VER

treated group, n=4) irhé absence of DEX pretreatment
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A: 2-compartment model fittin§: 3-compartment model fitting. Solid line represents

the predicted profile and the dots represent the observed concentratian-friom
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Figure 3.19. In-vivo concentratiortime profile of MDZ after IV dosing in SD rats (VER

treated group, n=4) after DEX preatment

A: 3-compartment model fitting: 2-compartment model fitting. Solid line represents

the predicted profile and the dots represent the observed concentratian-friom
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Figure 3.20. In-vivo concentratiortime profile of MDZ in presereand absence of VER

treatment

A: MDZ c-t profile in absence of DEX pretreatment. B: MDZ rofile in presence of

DEX pretreatmentSolid line represents the predicted profile and the dots represent the
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observed concentration from-vivo studies in SD rats. MDZ 5mg/Kg was administered

in both the groups after multiple VER dosing

3.5.2.3.  NV-MDZ In-Vivo DDI Study
The observed MDZ & profile was best described by 3C model post NV treatntabte
3.15. The MSE for 3C was 3602 while for 2C was 5246 (tall&)3NCA and
compartmental analysis were performed, and the results are shown in tBbRB2
ratio of MDZ in presence and absenceé\Ndf was found to be 1.35 + 0.29 and 1.29 + 0.29
by NCA and compartmental analysis respectively (tablé &2l table 3.2).

Table 3.20. Parameter estimates of MDZ for 3C calculated from average-vato

MDZ plasma concentration after pretreatment with NV, data, n=4

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
k12 (min?) 0.12 0.016 13.3 %

ka1 (min'D) 0.13 0.012 9.2 %

kis(min?) | 0.013 0.002 15.4 %

ka1 (mint) 0.0028 0.0007 25 %

kio(min®) | 0.069 0.003 1.1 %

Va(ml) 117.14 4.74 4.04 %
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represented as mean + standard deviation (SD), n=4

Table 3.21. NCA analysis of MDZ in control group and NV treated group Values are

Parameter MDZ MDZ + NV
Clearance (ml/min/Kg) 41.81 +6.71 | 29.30 + 4.40
Vg4 (MI/KQ) 20241 + 15168 4455 + 2482
Vss(Ml/Kg) 5000 + 2040 | 15774 + 8122
Half-life (min) 314 £ 219 376 = 204
AUC (mg/mkmin) 0.12+ 0.02 0.17 £0.02
AUC/Dose (min/m) 0.09+ 0.01 012+ 0.2
AUC ratio - 1.35+0.29

Table 3.22. Compartmental analysis (3C) of MDZ in control group and NV treated

group. Values are represented as mean = standard deviation (SD), n=4

Parameter MDZ MDZ+NV
Clearancéml/min/Kg) | 39.08 + 7.52 30.11 + 5.27
Va (ml/Kg) 350+ 117 | 460 + 144
Vss(ml/Kg) 5207 + 2837 4015 + 2241
Half-life (min) 408 +£ 154 | 403 +£163
AUC (mg/ml-min) 0.12 £ 0.02 | 0.16 + 0.02
AUC/Dose (min/m) 0.09£ 0.2 | 012+ 0.2
AUC ratio -- 1.30+ 0.29

Figure 3.2 shows the 2C and 3C fitting. MDZ-(profile in presence and absence of

NV is shown in figure 3.21.
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Figure 3.21. In-vivo concentratiortime profile of MDZ after IV dosing in B rats (NV

treated group, n=4)

A: 3-compartment model fittin®: 2-compartment model fitting. Solid line represents

the predicted profile and the dots represent the observed concentratian-friom

studies in SD rats
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Figure 3.22. In-vivo concentratiortime profile of MDZ in presece and absence of NV

treatment

Solid line represents the predicted profile and the dots represent the observed

concentration fronin-vivo studies in SD rats. MDZ 5mg/Kg was administered in both the

groups after multiple VER dawy
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3.5.2.4.

PARDESIn-Vivo DDI Study

The 3C model was found to be a better model to describe the DES PK profile both in the

presence and absence of PA&b(e 315and figures 3.2and 3.2).

Table 3.23. Parameter estimates of DES for 3C calculated from averageviab DES

plasma concentration in the presence and absence of PAR, data, n=4

Parameter DES DES + PAR

Estimate | Standard | % Coefficient | Estimate | Standard | % (CV)

error of variation error
(CV)

K12 (mint) 0.18 0.02 111 % 0.22 0.03 13.64%
ka1 (min') 0.2 0.008 15 % 0.01 0.002 20%
k1o (min') 0.13 0.03 23% 0.15 0.05 33.3%
Vg (ml) 215 68.5 31.86% 101 39.71 | 39.3%

The estimates of 3C miciate constants are shown in table33 Bothcompartmental

and NCA was performed. PK parameters from both analyses are shown in tabbesd3.2

3.5.

AUC ratio for DESPAR in-vivo DDI study was found to be 1.6 £ 0.16 by NCA and 1.76

+ 1.01 by compartmental analysis respectively (tablé &2l table 3.2). Figure 3.24

shows the 2C and 3C fits of DES with after pretreatment with PAR.
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Table 3.24. NCA analysis of DES in control group and PAR treated group

Values are represented as mean + stahdeviation (SD)

Parameter DES DES + PAR
Clearance (ml/min/Kg] 102 £+ 33 68 £ 23

V4 (MI/KQ) 17862 + 4515 12600 * 3452
Vss(ml/Kg) 11945 + 4300 10050 * 3627
Half-life (min) 123 £ 15 130 + 24
AUC (mg/mkmin) 0.6+ 0.2 0.08+ 0.3
AUC/Dose(min/ml) 0.03£t0.009 | 0.05+0.@
AUC ratio - 1.6 +£0.16

Table 3.25. Compartmental analysi2C) of DES in contl group and PAR treated

group

Values are represented as mean + SD

Parameter DES DES + PAR
Clearancéml/min/Kg) 89+ 30 51+ 22
Va (ml/Kg) 917+688 | 320+ 239
Vss(MI/Kg) 7072+ 3710| 4776+ 2412
Half-life (min) 87+ 23 115+ 30
AUC (mg/ml-min) 0.06+0.00 | 0.09+ 0.8
AUC/Dose(min/ml) 0.04£0.009| 0.06 0.8
AUC ratio -- 1.65+0.81
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Figure 3.25s showing the DES-tprofile with and without PAR treatment.
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Figure 3.23. In-vivo concentratioftime profile of DESafter IV dosing in SD rats, n=5

A: 2-compartment model fitting: 3-compartment model fitting. Solid line represents

the predicted profile and the dots represent the observed concentratian-friom

studies in SD rats

~ 104 — =5 10%— —
e ¢ | B
S f o | E
< 1000 1 £ 10004 :
c 1; s i
® — s ~
= 100 Lo = 100¢ —
T —1_ c —1
§ 10 ~1L4 5 1 —1
[=)] (=]
3 '1 L L L 3 ‘1 L L L

0 200 400 600 800 0 200 400 600 800

Time(min) Time(min)

Figure 3.24. In-vivo concentratioftime profile of DES after IV dosg after pretreatment
with PAR in SD ratsn=5
A: 2-compartment model fitting: 3-compartment model fitting. Solid line represents
the predicted profile and the dots represent the observed concentration-friom

studies in SD rats
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Figure 3.25. In-vivo concentratioftime profile of DES in presen@nd absence of PAR
Solid line represents the predicted profile and the dots represent the observed
concentration fronmn-vivo studies in SD rats. DES 5mg/Kg was administered in both the
groups after multiple PAR dosing
3.5.2.5. PARDXT In-Vivo DDI Study

The AUC ratio for PARDXT in-vivo DDI study was found to be 1.32 £+ 0.45 by NCA
and 1.33 + 0.41 by compartmental analysis. PK paramatatgzed by NCA and
compartmental analysis for both the groups are shown in tétiedd table 27
respectivelyDXT PK was best characterized by 3C as evident from figure 3.26 and 3.27.
The AICc values for DXT for 2C and 3C are 167and 132 respecfimebontrol group
(table 3.15). The AICc for DXT in presence of PAR for 2C and 3C was 164and 147
respectively. The estimates of miaiate constants for 3C are shown in table 3.28.

Figure 3.28 shows the DXTFtgrofile with and without PAR treatment.
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Table 3.26. NCA analysis of DXT in conti group and PAR treated group

Values are represented as mean + standard deviation (SD)

Parameter

DXT

DXT + PAR

Clearance (ml/min/Kg]

172 +£45.32

124 + 38

Vg4 (MI/KQ) 33894 + 7597 22828 + 1171§
Vss(Ml/Kg) 24133 + 5949 17140 + 5381
Half-life (min) 138 + 13 125+ 29

AUC (mg/mkmin) 0.06+0.01 |0.09+0.08
AUC/Dose(min/ml) 0.02+ 0.004 | 0.03+ 0.008
AUC ratio -- 1.32 £+ 0.45

Table 3.27. Compartmental analysis (3C) of DXT in casitgroup and PAR treated

Values are represented as mean + standard deviation (SD)

group

Parameter DXT DXT + PAR
Clearance (ml/min/Kg] 171 +76 |125.7 +29.35
Va (ml/Kg) 2277 +1798 | 3182 + 2645
Vss(mI/Kg) 18872 + 6271 17928 + 7537
Half-life (min) 161 + 64 190 + 95
AUC (mg/ml-min) 0.06+0.01 | 0.08 + 0.02
AUC/Dose (mirml) 0.02+0.004 | 0.03+0.006
AUC ratio -- 1.33+0.41
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Table 3.28. Parameter estimates of DXT for 3C calculated from average-vato DXT

plasma concentration in the absence and presence of PAR, data, n=5

Parameter DXT (n=5) DXT + PAR (n=6)
Estimate| Standard % Estimate| Standard % Coefficient
error Coefficient error of variation
of variation (CV)
(CV)
Kiz(min?) 0.28 0.03 10.7 % 0.15 0.03 16.7 %
K1 (min™) 0.15 0.03 16.6 % 0.08 0.02 25%
Kiz(min') 0.03 0.005 28.7 % 0.03 0.004 13.3%
ka1 (min™) 0.007 0.002 28.6 % 0.008 0.004 50 %
Kio(min™) 0.05 0.006 12 % 0.04 0.005 125%
V4 (ml) 869.9 106.4 12.23 % 738 68.89 9.3%
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Figure 3.26. In-vivo concentratiortime profile of DXT after IV dosing in the absence of

pretreatment with PAR in SD rats=5
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A: 2-compartment model fittin§: 3-compartment model fitting. Solid line represents
the predicted profile and the dots represent the observed concentratian-friom

studies in SD rats
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Figure 3.27. In-vivo concentrabn-time profile of DXT after IV dosing after pretreatment
with PAR in SD ratsn=5
A: 2-compartment model fitting: 3-compartment model fitting. Solid line represents
the predicted profile and the dots represent the observed concentratian-friom

studies in SD rats
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Figure 3.28. In-vivo concentratioftime profile of DXT in presence and absence of PAR
Solid line represents the predicted profile and the dots represent the observed
concentration fronin-vivo studies in SD rats. DXT 10mg/Kg was administered in both

the groups after multiple PAR dosing

3.5.2.6. ERY-MDZ In-VivoDDI Study
MDZ PK in the presence of ERY was best described by 3C model (figi@@Bdfigure
3.30, althoughthe difference in AlCc values f&C and 2C was not more than 4.
Residual analysis suggested that 3C was a better model. MSE was also found to be less

for 3C than 2C (4472 vs. 6680, tablé%. Table 3.30 list the estimated kinetic rate

constants from 3C fitting.
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Table 3.29. NCA anaisis of MDZ in presence of ERY

Values are represented as mean + standard deviation (SD)

Parameter MDZ MDZ + ERY

Clearance (ml/min/Kg] 41.81 +6.71 | 19.44 +2.32

Vg4 (MI/KQ) 20241 + 15169 5323 +4674
Vss(ml/Kg) 5000 + 2040 | 1917 +860
Half-life (min) 314 £ 219 184 + 158

AUC (mg/mkmin) 0.12+ 0.02 0.26 £ 0.03

AUC/Dose (miriml) 0.09+ 0.01 0.19+0.03

AUC ratio - 2.13+0.44

Table 3.30. Parameter estimates of MDZ for 3C calculated from average-vato

MDZ plasma concentration in the presence of ERY, data, n=5

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
kiz2(minD) 0.16 0.003 1.8 %

ko1 (minD) 0.15 0.006 4%

ki(min) | 0.008 0.0008 10 %

ka1 (mint) 0.003 0.0007 23.3 %

kio(minD) 0.05 0.002 4 %

Va(ml) 101.7 2.96 2.9 %




Table 3.31. Compartmental analys(8C) of MDZ in presence of ERY

Values are represented mean * SD. $tatisticallysignificant difference (P < 0.05)

Parameter MDZ MDZ+ERY
Clearance (ml/min/Kg] 39.08 + 7.52 19.17 + 3.09
Va (ml/Kg) 350+ 117 | 360+ 88
Vss(ml/Kg) 5207 + 2837 2261 + 734
Half-life (min) 408 +£ 154 | 387 + 201
AUC (mg/ml-min) 0.12+0.02| 025+0.04
AUC/Dose (miriml) 0.09+0.02| 0.19+0.33
AUC ratio - 2.07+0.48

NCA and compartmental analysis was performed, and results are shown in28laled3.

table 3.3 respectively. The AUC ratio was calculated to be 2.12 and 2.06 by NCA and

compartmental analysis respectively.

presence and absence of ERY.
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Figure 3.29. In-vivo concentratiortime profile of MDZ after IV dosing after

pretreatment with ERY in SD rats=5
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A: 2-compartment model fittin§: 3-compartment model fitting. Solid line represents
the predicted profile and the dots represent the observed concentratian-friom

studies in SD rats
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Figure 3.30. In-vivo concentratioftime profile of MDZ in presence and sénce of ERY
Solid line represents the predicted profile and the dots represent the observed
concentration fronn-vivo studies in SD rats. MDZ 5mg/Kg was administered in both the
groups after multiple ERY dosing in the inactivator treated group
3.5.2.7. DTZ-MDZ In-Vivo DDI Study
The MDZ PK profile in the presence of DTZ was best described by a 3C model (table

3.15). The AlCc for 3C was 155 whereas for 2C it was 162.
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Table 3.32. Parameter estimates of MDZ for 3C calculated from average-vato

MDZ plasma concentration in the presence of DTZ, data, n=6

Parameter | Estimate | Standard error | % Coefficient of variation (CV)
K1z (mint) 0.11 0.01 10.9 %

ko1 (min't) 0.14 0.004 2.9 %

kia(min) 0.02 0.003 15 %

ka1 (min') 0.002 0.0009 41 %

K1o(mint) 0.05 0.004 8 %

Vg (ml) 131.3 3.80 2.9 %

Table 3.33. NCA anaysis of MDZ in presence of DTZ

Values are represented as mean + standard deviation (SD)

Parameter MDZ MDZ + DTZ

Clearance (ml/min/Kg]) 41.81 £6.71 | 28.44 +3.94

Va (MI/Kg) 20241 + 1516 10342 + 8395
Vss(MIKg) 5000 + 2040 | 3007 + 1180
Half-life (min) 314 + 219 264 + 243

AUC (mg/mkmin) 0.12£0.02 |0.18 % 0.02

AUC/Dose(min/ml) 0.09+ 0.01 0.14+ 0.2

AUC ratio -- 1.53+0.3




Log Concentration (ng/mL)

Table 3.34. Compartmentahnalysis of MDZ in presence of DTZ

Values are represented as mean + SD. *Statistically significant difference (P < 0.05).

Parameter MDZ MDZ+DTZ
Clearance (ml/min/Kg] 39.08 + 7.52 28.18 + 4.75
Vg4 (MI/KQ) 350+117 | 493 %127
Vss(mI/KQ) 5207 + 2837 5144+ 1426
Half-life (min) 408 + 154 | 456 + 110
AUC (mg/ml-min) 0.12+0.02 | 0.17+0.03
AUC/Dose (miriml) 0.09+0.02| 0.13+0.®@
AUC ratio -- 1.4 +0.36
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Figure 3.31. In-vivo concentratiortime profile of MDZ after IV dosing after

pretreatment with DTZ in SD rata=6

A: 2-compartment model fitting: 3-compartment model fitting. Solid line represents

the predicted profile and the dots represent the observed concentration-friom

studies in SD rats
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Compartmental analysis and NCA was performed and the results are shown in t&bles 3.3
and3.34. TheAUC ratio was observed to be 1.53 and 1.4 by NCA and compartmental
analysis, respectivelfables 3.33 and 3.34Figures 3.3 depictMDZ concentration

time profile in presence and absence of DTZ pretreatment.
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Figure 3.32. In-vivo concentratioftime profile of MDZin presence and absence of DTZ

Solid line represents the predicted profile and the dots represent the observed
concentration fronn-vivo studies in SD rats. MDZ 5mg/Kg was administered in both the

groups after muaiple DTZ dosing in the inactivator treated group
3.5.2.8. DEX-MDZ in-vivo DDI study

MDZ PK profile was best described by 3C both in the presence and absence of DEX
(table 3.15) Two different DDI studies were performed with DEX with different dosing
regimens. Compartmental analysis was performed on MDZ from both the DEX DDI
studies. The two DDI studies differed in the dosing regimen. In study |, DEX was
administered similar tthose in PPIDDI PK study (section 3.5.2.1). In study Il, MDZ

was administered 8 hours after single DEX treatment. The IV PK profile from study | is
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shown in figure 3.3 and the PK profile from study Il is shown in figure 8.3

Compartmental analysis is@hin in table 35.
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Figure 3.33. In-vivo concentratioftime profile of MDZ in presereand absence of DEX
(Study 1)
Solid line represents the predicted profile and the dots represent the observed
concentration fronn-vivo studies in SD rats. DEX 100mg/Kg was administered in DEX

treated groups
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Table 3.35. Compartmental amgsis of MDZ in presence of DEX
Values are represented as mean +3Bpresents study || where MDZ was administered

8 hours after DEX dosing. *Statistically significant difference (P < 0.05)

Parameter MDZ MDZ + DEX | MDZ + DEXS
(Study 1) (Study 1)
Clearance (ml/min/Kg] 39.08 + 7.52 18.45+4.3 | 27.07+5.4
Vg4 (MI/KQ) 350+ 117 | 477 +144 452 + 92
Vss(MI/Kg) 5207 + 2837 6497 + 1739 | 5918 + 1488
Half-life (min) 408 + 154 | 465+ 182 531 + 233
AUC (mg/mkmin) 0.13+0.03 | 0.28+0.06 |0.19+0.04
AUC/Dose(min/ml) 0.10+0.02 |0.2+0.04 |0.15+0.04
AUC ratio - 2.17+0.61 |1.47+0.50
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Figure 3.34. In-vivo concentratiortime profile of MDZ in presereand absence of DEX

94



Solid line represents the predicted profile and the dots represent the observed
concentration fronn-vivo studies in SD rats. DEX 10mg/Kg was administered in DEX

treated groups. MDZ 5mg/Kg was administered 8 hours after DEX dosing.

3.6.Discussion
The goal of this chapter was to obtain inactivator sutastrate plasmeoncentration time
profiles in presence andbsence of inactivator. Multiple dose inactivator PK studies were
performed with DTZ, ERY, NV, PAR, PPT and VER in rats and pharmacokinetic
parameters were calculated with both compartmental andempartmental analysis.
The average Gaxand PK profiles btained herevill be further used in chapter five for
IVIVE and DDI prediction.
Two and 3compartmental models described ihevivo PK of DTZ and PPT very well.
Althoughlinearcompartmental models were able to explain the plasma concentration
time profies of inactivatordjnearcompartmental models are not the appropriate models
since the clearance is not constant due to inactivation. Dynamic models incorporating
enzyme inactivation are better models to explain PK profiles of inactivators (dynamic
modé development is discussed in chapter 5). Further, sindenda@ compartmental
models explain tha-vivo pharmacokinetics of DTZ and PPT it suggests that both DTZ
and PPT are weak inactivatonsvivo. Being a weak inactivator results in a very little
change in the elimination clearance and hdimear first ordeicompartmental models
can explain thén-vivo PK. The weak inactivation of DTZ and PPT is evident from the
minimal changes in halffe and Groughconcentrations fromidose to 3 dose (se
figures3.2 and 3.9. The change in halffe from 15t dose to third dose for both PPT and

DTZ is minimal (halflife for first and third dose of PPT was 34 and 41 minutes
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respectively and for DTZ the hdife was 29 and 28 minutes for first and thitdse
respectively). The plasmarkagh (2 hours after the dose) concentrations for PPT were
0.01, 0.02 and 0.02 uM after first, second and third dose respectively. Similarly, DTZ
concentrations were 023, 0.34 and 0.27 uM after first, second and thirdedpsetively.
Ciroughconcentrabns for VER, NV, PAR and ERY wembserved to increase upon
multiple dosing. There was an increase of 2 andddincrease in VER and NViGugh
concentrations respectively from first dose to third dose (see fgyan®36). Similarly,
there was increase of approximatelfoll in Cyrough cOncentrations for both PAR and

ERY upon multiple dosing (figs. Band 38). The increase in fsughconcentrations upon
multiple dosing suggests accumulation. However, the dosiagrais for all the

inactivators were more than the measuredifel{t U r anged from 0. 24
no accumulation should be expected. This suggests that accumulation is the result of CYP
inactivation.

Plasma CL was calculated from the first el@$ the multiple dose study and compared
with CL from the third dose. In general, decrease in CL is observed from the first to the
last dose. Plasma clearance was observed t&.B§ 28.91, 20.83, 1201, 6807. and

4.78 mL/minutesfor DTZ, ERY, NV, PAR,PPT and VER respectively. All these values
are very similar to the values reported in the literafDghu, 1985 Shepard and

Falkner, 1990Lee et al., 1991Choi and Han, 20Q%Choi et al., 2008Choi and Burm,

2008 Choi et al., 2009Hong et al., 2009Xie et al., 2010Chen et al., 2011&hoi et al.,
2012, Hong et al., 201;1Hu et al., 2011Lee et al., 201R

Plasma metabolite concentrations were also measured durimgvivre PK studies of

the inactivators. The major metabolite for ERY measured in plasma was NDE. ERY is
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known to undergo metabolism by CYP3A in liver forming NBit formaldehyde, and
formaldehyde is further converted to formate followed by (FPassetto et al., 2007
Verapamil is metabolized to several metabolites in rats (Appendix B). Several CYP
enzymes are involved in the metabolism of VER. CYP3A is themagbabolizing

enzyme for VER which results in the formation of NV and DEIracy et al., 1999
RederHilz et al., 2004 Sun et al., 2004Thorn et al., 2011 Similar to VER, DTZ is also
metabolized to many metabolites mainly by CYP3A, CYP2D6 and esterases.
Unfortunately, metabolite standards for PPT and PAR were not available, thénefore
metabolites for PPT and PAR were not measured.

The focus on characterization of metabolite kinetics has increased in recent years with
increasing incidences of metabolite as liability for toxicity and PHung et al., 2011
Callegari et al., 201,3ru and Tweedie, 201X u et al., 205). Accordingly, regulator
agencies have also suggested characterization of metabolite kinetics. The recent FDA
DDI guidance suggests screening for structural alerts (e.g. Methylenedioxyphenyl group
as a potential for TDI mediated DDI). The guidance also suggests evaluatiovitoo

DDI potential for circulating metabolites if the metabolite exposure is at 25%
(AUCmetaboie® 0 . 2 Srentf@run@tabolites less polar than parent) or 100%
(AUCmetaboieO A pdr&aifor metabolite more polar than pareriurther, ann-vitro

study for CYP is required if a metabolite with structural alert for TDI has ankHgiite
025 % phAeklaDd an AUGetanoite© 10 % AUC o (detetmonedsby dr ugs
radioactivity) Thein-vivo exposure of metabolite in the present study were below 25%.
The exposure for NDE, NV, DAD, MD, MA and DDD were observed to be 3.46, 12.24,

18.64, 0.82, 3.59 and 22.63 % of the parent respectively, which is very close to the
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literature reported values of®% for NV (Lee et al., 2012 20% for DAD (Lee et al.,

1991, and 6% for NDELam etal., 2006 FDA@gses seaf fi@cutal ue i s ar
empirical number derived from different studies and moreover this number can vary
depending on dosing route, and whetherdbmpound hastdgh extraction ratio (ER) or

is alow ER compoundHouston and Taylor, 1984utz et al., 201 The metabolite
exposure will also depend on the number of elimination path{Rarsy, 1981
AUCetanolitdAUCparentratio will be greater for oral route than IV route for compounds
having first pass metabol i sm. FBA fgou ivdad luiens
should be obtained from-vivo studies in rats or predicted framvitro studies.

DTZ, ERY, VER and PAR have literature reported bioavailabilities of (CZk6i and

Han, 2005 Choi et al., 2011Hong et al., 201)1 ~15%(Shepard and Falkner, 1993.9

-15.6 %,(Choi et al., 2008Choi and Burm, 2008Choi et al., 2009Hu et al., 2011Lee

et al., 2012and 50% respectively. Also, the data generated in the present study suggest
that DTZ, ERY, PPT and PAR are high ER compounds (> 0.7) and VER is an
intermediate ER (0:8.7) compound. Hence, AU{Giaboitd AUCparentratio will be higher

if these compoundaregiven orally as evident from the literature reported values of 84%
to 307% for DAD(Yeung et al., 1990Choi and Han, 20Q%Choi et al., 201}, 115% for

MA (Yeung et al., 1990461% for DDD(Yeung et al., 199052 to 106 % for N\ Choi

and Burm, 2008Chaoi et al., 2009Hong et al., 2009Xie et al., 201D Based on this
evidence, then-vitro evaluation of primary metabolites for DDI potential (e.g. NV for

VER and MA for DTZ) becomes important.

These numhs can be different in humans as compared to rats e.gmAd&rdAUCparent

ratio for DAD is 3.08 in rats whereas it is 0.12 in hum@feung et al., 1990deading to
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different metabolite exposure in humans than in rats. In the present study similar to
literature reportgYeung et al., 1990Tsui et al., 199%the major metabolite formead-

vivo after DTZ dosing in rats was DDD, whereas the major metabolite reported in
humans is MAMontamat and Abernethy, 198M6glund and Nilsson, 198Jawashi et

al., 1991 Yeung et al., 1993Bianchetti et al., 1996In the present study, based on
AUCnetandte/ AUCparentratios major metabolites for DTZ were found to be DDD > DAD >
MA > MD whereas the major metabolites reported in humans are MA > DAD > DDD.
However, there are variable reports showing different sequence of major metabolites both
in rats and imans. One of the reasons for such differences could be interindividual
difference in CYP2D6 due to genetic differences. CYP2D6 was reported to metabolize
DTZ via O-demethylation(Molden et al., 2000Molden et al., 2002aviolden et al.,

20021.

AUCmetaboitdAUCparentparameter could atsbe used as@redictorof DDI. A comparative
analysis of this ratio of the substrate before and after perpetrator dosing could indicate
DDI. An increase in this ratio after perpetrator dosing would suggest induction and a
decrease in this number wouldygiest inhibition. Unfortunately, in this studyCGH

MDZ was not monitored during the-vivo DDI study to verify this change in AUC

ratios.

AUC ratios of MDZ obtained frorm-vivo DDI studies in rats ranged from 1.30 for PPT
to 2.12 for ERY. These AUC rat suggest that the studied inactivators are weak
inactivatorg(FDA, 2012 in rats. Similar observations have also besgorted earlier
(Yamano et al., 2000The AUC ratioof MDZ in presence of ERY was observed to be

2.12, similar to a reported value of 2.02 after i.p dosing of ERafmano et al., 2000
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and 2.2 after two IV doses of 5mg/Kiganazu et al., 20)2Zhang et. al also reported a
decrease of 2.3 fold im-vivointrinsic clearance of MDZ upon chronic dog of ERY

(Zhang et al., 2000An AUC ratio higher than 2 classifies ERY as moderate inactivator
as per FDAOGs classification. Unbound pl asm
administration (2 hours after the second ERY dose) was cdutabe 5.65 uM

(fraction unbound in rat plasma is 0.533 as reported in chapter 4). Further, ERY is known
to be an OATP substrafKirn et al., 1999Kurnik et al., 2006Frassetto et al., 2007
Huppertz et al., 20t 1ancaster et al., 201 Rence intracellular concentration in

hepatocyte may be higher than 5.65 pM. Unbound liver and plasma concentrations after
an IV infusion of 32.3mg/kg for 6 hours were reported t4 3@ uM and 6.34 uM
respectively, suggesting higher liver concentrations than plasma. The inhibition constant
Ki for ERY was reported to be in the range of 117 to 179¥&mano et al., 2000

Zhang et al., 200)0At the observed plasma concentrations competitive or

noncompetitive inhibition by ERY would also contribute towards increase in AUC ratio
apart from CYP inactivation.

Observed AUC ratios in humans for all the inactivators are higher than those observed in
rats, suggesting species differences between rdteamans. For example, MDZ AUC

ratio in the presence and absence of ERYjed from 1.7 to 5 in clini®LKKOLA et

al., 19943 Zimmermann et al., 199®kudaira et al., 2007As compared to 2 observed in
rats. Similarly for DTZ the observed AUC ratio for MDZ in clinic ranges from 1.7 to 4.1
(Backman et al., 199Zhang et al., 200%s compred to 1.5 or 1.6¥amano et al.,

2000 in rats. These difference in observed AUC ratios between species could be

attributed to different enzyme orthologs in rats compared to hu(Warsignoni et al.,
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2006. Species difference have also been reported in mechanism badadiia
(Aueviriyavit et al., 201] Rats are known to express cyp3al/2 which are orthologs of
human CYP3A4/5. Although there is 70% homology of amino acid sequence between rat
and human CYP3As, differences in catalytic activity, induction and inhibition have been
reportedPasanen, 2004

DDl studies with PAR suggest PAR is a moderate CYP2D inactivator. The AUC ratio for
DES in presence and absence of PAR was observed to be 1.76 whereas for DXT it was
observed to be 1.33. The differencdhie magnitude of AUC ratios may be due to the
difference in specificity of DXT and DES towards CYP2D enzyme. DXT is metabolized
by both CYP3A and CYP2D¥u and Haining, 200dwhereas DES is known to be
predominantly metabolized by CYPZon Moltke et al., 1994 Further, there was a

huge variability observed in the-vivo DDI study with PAR and DES which could result
from variable expression of different isoforms of CYP2D. Rats are known to express 6
isoforms (CYP2D315 and CYP2D18). Rat liver is known to express CYP2D1, CYP2D2,
CYP2D4 and CYP2DgSchulzUtermoehl et al., 1999

Difference in activities have been reported between human and rat CYP2D isoforms
(Hiroi et al., 2002. Genetic polymorphisms are also reported for CYP2D enzymes in
humangHasegawat al., 2013, which could contribute to variability. Clinical AUC

ratios for DXT-PAR and DESPAR were reported to be in the range of 1.46 to 5.46
(Alderman et al., 19971 aine et al., 2004Nichols et al., 2009 which are higher than

those observed in rats.

Compartmental models were developed to explain the observed metabolite kinetics for

ERY, VER and DTZ metabolites. The predicted @ofiles from these modelgere in

101



good agreement with ¢hobserved & profile (see figures3.4 for VER, 3.8 for ERY and
3.10 for DT2. However, these models assume first order kinetics which might not be
true while modeling either ERY, VER or DTZ. Since these compounds inadiivdls
which leads to decrease in clearance over multiple dosing, ultimately causthgeaon
kinetics,and lineamodels are not the correct models to describe the kinetics of both
parents and metabolites. Models with Aimear elimination are better rdels to describe
this kinetics Although linearcompartmentaiodels might not be the correct models to
describe the PK for these compounds, the fact that these models are able to capture the
observed @ profile reasonably well indicate that these compisuare not strong
inactivators. This is also evident from the observed AUC ratios. The observed AUC
ratios of MDZ in presence and absence of ERY, VER and DTZ were 2.06, 1.42 and 1.4
respectively. Furthermore, these models can be modified to more comglex a
comprehensive models for the purposes of DDI predictions, multiple dose PK
predictions, and metabolite-tprofile predictions. The utility of such modeling exercises
is that it can be used prediction purposes and also for understanding different
mechaimsms underlying observed drug disposition.

It has been observed that there are differences in kinetics of preformiedvéval

formed metabolite@Prueksaritanont et al., 200Bang et al., 20Q&haran et al., 20)2

In the present work, models developeddescribing the PK of VER, NV and D617
exemplify such scenarios. The elimination rate constant obtained from model fitting of
NV dataset could not be directly used in a more complex model (figure 3.5) to predict
NV C-t profile when VER was dosed. Furthdretdistribution rate constants from NV

dataset were also not able to predict the NV disposition after VER dosing. This shows
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that not only elimination but also distribution kinetics can be different for preformed and
in-vivo formed compoundshe predictims from model shown in figure 3.5 can predict
the VER and NV reasonably well. However, the model is unable to explain the kinetics
of D617.Metabolite kinetics usually can be described by two limiting cases, formation
rate limited (FRL) and elimination mtimited (ERL)(Houston, 198)L The predictions

from the modelndicatethat both NV and D617 show FRL kineticggk ksofor NV and

kis < keo for D617) however the observed data do not comply with the predictions. D617
plasma data cannot be classified as FRL or ERL kinetics. This could be the result of CYP
inactivation leading to increased héfé for the parent but not for the metabolite (09,
leading to deviations from FRL. Another possibility could be the lack of goed LC
MS/MS sensitivity to measure low concentrations of D617 at later time points. The limit
of quantitation for D617 was ~ 8ng/ml, which might have prevented detection GfiD61
plasma samples after 480 minutes of first VER dosing, thereby missing the last phase of
elimination. This could show an apparent deviation from FRL.

Similarly, a compartmental model was developed to describe the PK of DTZ and its
metabolite. Data fnrm metabolite dosing was not available, making it difficult to perform
model fitting. Simulations from the model shown in figure 3.10 were able to capture the
observed @ profiles of DTZ and the metabolites. The kinetics of metabolitse show FRL
kinetics (kis < kao for DAD, kie < keo for MD, kis < kgo for MA and ki10 < kioo for DDD).
Simulated data indicated that the volume of distribution of most DTZ metabolites was
less than DTZ. DAD was predicted to have a smaller volume of distribution than the

parent.
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In-vivo DDI studies were performed with DEX treated rats. The purpose of using DEX
treated rats was to induce C4Etivity andget an enhanced signal in terms of AUC ratio
of MDZ pre and post inactivator dose. However, surprisingly it was observed that MDZ
C-t AUC increased after DEX treatment. MDZ was administered 24 hours after DEX
treatment assuming 24 hours would be enough for induction of CYPs. Increase in MDZ
C-t AUC after DEX treatment could be the result of competitive inhibition as DEX is
also metholized by CYP3A1 and CYP3A2. To verify this hypothesis, MDZ was
administered 8 hours after DEX dosing (8 hours was reported to bedtferTDEX

after administration of 100mg/Kg i.p dissolved in corn(bilet al., 2013). If DEX
competitively inhibited MDZ metabolism, the AUC of MDZtGvould increase further.
However, the AUC decreased as compared to dosing MDZ after 24 hours of DEX dosing.
Although there was no statistical differermtween the AUCs in the two studies, more
in-vitro studies will be needed to explore if this is an experimental artifact or if there is

another mechanism involved other than induction causing the unexpected shift in AUC.
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CHAPTER 4- IN-VITRO STUDIES TO STUDY TDI IN RLM AND HLM
4.1. Background and rationale

Drug-drug interactions (DDI) are always a safety concern during drug development.
Time dependent inhibition (TDI) often leads to DDI, which can have wide implications
ranging from lack of therapeuticfefacy to life threatening adverse reactig@simm et
al., 2009. Early prediction of TDI liability is often performed usiimgvitro assaysln-
vitro TDI assays are one of the most challenging experiments in drug metabolism. There
are several methods reported in thertiture for evaluation of TDI inactivatofBerry
and Zhao, 200&Hollenberget al., 2008Grimm et al., 2009Parkinson et al., 201 Drr
et al., 2012Nagar et al., 2014aThese can be divided in two categories based on their
goals a) Screening assays and b) determination of kinetic constantsinFhiéseassays
involve use of multiple inactivator concentrations and multiple time points which
sometimes makes the assay difficult to perform with good accuracy and precision.
Automation or use of liquid handlers has helped to improve the robustness and quality of
the dda (Foti et al., 2011Zimmerlin et al., 2011
Screening assay
Two timepoint assay
This type of assay is frequently ds@ the pharmaceutical industry for initial screening
of inactivatorfWang etal., 2002 Grimm et al., 2000 This is a small assay where the
enzyme is incubated with one or two concentragiof inactivators. Remaining
enzymatic activity is determined at a saturating concentration of the probe substrate by

dilution. This activity is compared with the activity from another assay with same
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inactivator concentration but no preincubation with inactivator. Equation 4.1 is used
to calculate the percent activity loss.

pAAOHE & BO®U P —h“ Equation 4.1
where A represent the measured activity at time 0 and 30 mins in the presence of
inactivator. Significant activity loss will be an indication of a compound being an
inactivator. Higher inactivator concentration should be used to avoid false negative
resuls (Obach et al., 20QRiley et al., 200Y. Compound showing activity loss of 20 to
25% after 30 mintespreincubation is further evaluated for TDI kinetics.
One concentration approach
This method involves CYP activity measurement in four different assays a) preincubation
of one concentration of inactivator with enzyme and NADPH for a set duration of time
followed by probe substrate addition b) incubation of inactivator, enzyme, NAD&H a
probe substrate (without preincubation) c) preincubation of NADPH and enzyme
(without inactivator) followed by probe substrate addition d) incubation of NADPH,
enzyme and substrate (without preincubation and inactivétm) et al., 201R Activity
in @) b) and c) are normalized to d). Incubation b) is to ensure reversible inhibition is not
mistaken 6ér TDI and incubation c) is to ensure that spontaneous lack of activity is not
mistaken for TDI. There are six possible outcomes of this assay as shown in figure 4.1.
Compound 1 depicts TDI with some reversible component. Compound 2 is also a TDI
inactivabr but not a reversible inhibitor. Compound 3 is neither a TDI inactivator nor a
reversible inhibitor. Compound 4 is a reversible inhibitor. Compound 5 is a reversible

inhibitor but is depleted during the preincubation. Compound 6 is an activator.
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Figure 4.1. One concentration approach possible outcofmeslified from(Orr et al.,
2012)

ICs0 shift assay
The first step in this assay is to determine the W@lue with aset of inactivator
concentrations and a fixed substrate concentration. In the second step, anether IC
determination is made with the same set of inactivator concentrations and a fixed
substrate concentration but after preincubating the enzyme withatkvator alone. A
TDI inactivator will give dowerICsoin the second step (Figure 4.2) causing a shift in
the 1Gso (left shift of the 1Gocurve). Data obtained from #gshift assay can be used for
deciding the range of inactivator concentrationsea$ed for determination ofi knd
kinact The advantage of this assay is that it can be used for simultaneous detection of both
reversible and irreversible inhibition. However, the disadvantage is that this method
cannot distinguish whether the parentglan the metabolite is the inactivator. It was
shown by ObackObach etal., 20068 hat Oshiifnvwaelr de&€ly correl at
of kinac/Ki. However this method is empirical and depends on elements of experimental
design.lGos hi ft of O 1.5 X is used as cutoff for
inactivator(Grimm et al., 200p Although data analysis of ¢gshift assay is simple,
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interpretation of the data can becky. A shift of the curve to the right can occur if
inactivator depletion occurs, which can happen for highly metabolically unstable
compoundgFowler and Zhang, 2008Data from IGo shift assay should be interpreted
with caution. For example, a dilution step can cause a false shift in the curee due

changes in protein and enzyme concentrgfi@wler and Zhang, 2008

Inactivation step e No-Inactivation step

120

100

Percent activity remaining
Iy [} e}
o o o

N
o

o
o
=

1 InactivatorConc(uM) 10 100
Figure 4.2. Example of 1Go shift assay curves
Determination of kinetic constants
These assays are useful in characterization of inactivation kinetics for quantitative
determination of DDpotential of an inactivator. As seen in chapter 1amd knactare the
two important parameters that characterize the kinetics of an inactivator. Hence,
estimation of Kand knacthelps in quantitative determination of DDI.
Two-step approach (dilutionranondilution)
This is the most commonly used method for determination ahl knact(Grimm et al.,
2009. The preincubation step involves incubating the enzyme (hepatocytes, microsome,
and purified P450 enzymes) with the inactivator. At different time points, aliquots of the
preincubation mixture are transferred to the incubation mixture with a dilutite of

enzyme and the inactivator by 010 fold. Th
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concentration of mittdneniterthe remainiag aetivity. Oifitiofias | d K
O -foldl is designed to ensure minimal competitive inhibition by the inactivator.

The analysis aiin-vitro TDI experimental data has also evolvéte kinetics of

inactivatonwerd i r st devel oped for fAsuicide substr
describing suicide substrate inactivation was developed (as shown in scheme 1) and

further expanded (as shown in schem@/alsh et al., 1973

Ky

E—l Lk

) 7 El > E-I inactive complex
k

-1
I

Scheme 1: Minimal Kinetic Scheme for suicgléostrate inactivation

T
E+S—— ES— EP
ks
E@inactive

Scheme 2: Expanded kinetic Scheme for suicide substrate inactivation
With excess inactivator, the inactivation process is first order. This can be analyzed by
plotting Ln [enzyme activity remaining] vs time at different inactivatoncentrations.
This plot will have a slopeakpyfor each inactivator concentration. These data can be
plotted as 1/kpvs 1/[S] which will result in a Lineweavdurk type plot giving the dpp
at highest inactivator concentration and the appargribKthe inactivato{\Walsh et al.,
1978. Silverman proposed a similar analysis for determination ahlkinact The half

life of inactivation at each inactivator concentration can be plotted against 1/]l].
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Intersection of this plot on-gxis is at 0.693fkactwhich can be used to calculatga

The extrapolated line will intersect on the negatinexisat-1/K;. Such a plot can also be
used for diagnosis of two binding sites. If increase in inactivator concentration leads to an
upward deviation of the plot, then the rate of inactivation might be a functiénvbidh
indicates multiple binding sites. €lkinetic schemes (e.g. shown in scheme 2) were

solved to derive equations for BEnd knactby Waley(Waley, 1980 which was further
expanded by Tatsunami et.@fatsunami et al., 1981

The development of statistical tools helpedhia analysis of TDI kinetics. The standard
method to analyze TDI parameters is to performlivoear regression using the

following equation:

e

equation 4.2

And estimate Kand knact The initial success of this method (with its apprcadions) to
describe TDI kinetics led to its extensive use. However, this simple method was not able
to explain some of the kinetics observed with TDI of CYPs which led to further
modification of this method. Modified forms of this equation were proposestimate
Ki and ksact(Nagar et al., 2019bInhibitor concentrations along with activity
measurement (concentrations of product of substrate) have been wtilizgutove the
estimates of TDI parametgiBurt et al., 201Por 1Cso shifts(Berry et al., 2018 Yates
et. al., developed a twstep statistical approh to analyzén-vitro TDI datasets which
can very useful in determining whether a new drug is a TDI ofYaies et al., 2012
TDI kinetics can also be complicated thgn-MichaelisMenten(MM) kinetics e.g.
multiple binding quastirreversible and partial inactivatiokinetics(Korzekwa et al.,

1998 Atkins, 2005. Therefore, models incorporating complex molecular mechanisms of

110



CYPs may better estimate TDI parameters. The recentljghed numerical method
(Korzekwa et al., 2014Nagar et al., 2014khas been used &xplore complexkinetics

and better estimate TDI parameters.

The aim of this chapter was to determine TDI kinetic parametenKknac) for the
inactivatorsmentioned in chapter 1 both in RLM and HLM. TDI parameters were
estimated using both the replot and the numerical method. Equilibrium dialysis was also
performed to determine the unbound fraction in different matrices which will be required

for IVIVC and DDI prediction studies detailed in chapter 7.

4.2. Materials
Rat liver microsomes (RLM), human liver microsomes (HLM),IN®H solution A and
solution B werebtained from Corning life sciences. Catalase and superoxide dismutase
(SOD) wereobtained from Sigma Alith, potassium phosphate monobasic and
potassium phosphate dibasic wptechased from Fisher Scientific, rat plasma and
human plasma were purchased from Equitech Bio and US biologicals respectively and rat
hepatocytes were used fromhouse isolation.

4.3. Methods

4.3.1. Equilibrium Dialysis

A 96-well equilibrium dialysis apparatus (96 well equilibrium DIALYZEf was used
to determine the unbound fractions in rat plasma, human plasma, RLM and HLM. The
final concentration of HLM and RLM in the incubation used wasm@/ml. All matrices
were spiked with the test compound (2uM) and 200ul aliquots were loaded into-the 96
well equilibrium dialysis plate and dialyzed versus 200 pl of 0.10 M potassium phosphate

pH 7.4 buffer. Equilibrium was allowed to reach by incubativeg96well equilibrium
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dialysis apparatus for 20 h at 37°C in an incubation chamber at 5%I6©rotation

sped was set at 24 rpm. After reaching equilibrium, 180ul from each side of the
membrane (both matrix and buffer) was removed and stor88°&t until analysis.

Standard curve preparation

For standard curve preparation, standard dilutions were prepared in 0.1M potassium
phosphate buffer. Standard solution in buffer (20ul) was mixed with 20ul blank matrix
and 40ul of ACN with internal standard. This mixture was vortexed and centrifuged at
10000rpm for 10 minutes. Supernatant was transferred to HPLC vials for analysis.
Sample preparation

For sample preparation of the buffer side, 20ul sample was mixed with 20ul blank matrix
and 40ul of ACN with internal standard to yield identical matrixtdoth buffer and non
buffer samples. This mixture was vortexed and centrifuged and supernatant was analyzed
by LC-MS/MS. For sample preparation of matrix side, 20ul sample was mixed with 20pl
blank buffer and 40ul ACN with internal standard. This mixtueswortexed and

centrifuged and supernatant was analyzed b\MSIMS.

Data analysis

The unbound fraction was calculated using following equation

Q. — Equation 4.3

Where {qis the diluted unbound fraction, @ the concentratiomithe buffer and @is
the concentration in the matrix. The undilutesvas calculated using the following

equation(Cory Kalvass and Maurer, 2002

O AE 1A GAA— Equation 4.4
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Where D is the dilution factor between the matrix used for measuring the unbound
fraction andactualin-vivo matrix, f.d represents the unbound fraction obtained from
equation 4.3Equation 4.4 was used for correcting unbound fractions in HLM and RLM.

D for equation 4.4vas calculated by using the following formula

s =T Equation 4.5

Where liver density was assumed to be 1g/mL, microsomal protein per gram liver
(MPPGL) was used as 45 for bdthouston, 199%human and rat§loly et al., 975),
0.5mg/ml was the HLM and RLM concentration in the equilibrium dialysis, liver weight
(LW) was assumed to be 1800 g for human and 10 g fo(Daises and Morris, 1993
and LV is the liver volume. Hence, the value of D useelguation 4.4 was 90 for RLM
and HLM.

4.3.2. MDZ Metabolism
Km and Vmax experimenivereperformed with MDZ in HLM and RLM to get an estimate
of Km for in-vitro TDI assaysPreliminary experiments with time and protein linearity
were performed as described below.
Time and protein linearity
Time and protein linearity experiments were performed with a matrix of protein
concentrations and time points both in RLM and HLM. Taleate protein linearity,
HLM at different concentrations of 0, 0.1, 0.2, 0.25, 0.5 mg/mL and RLM at 0.05, 0.1,
0.2, 0.3 and 0.4 mg/ml were used. To evaluate time linearity, incubations were quenched
at different time points of 1, 2, 3, 4, 5 and 6 minukegch incubation was performed in
three replicates in a shaking water bath 4C37Incubations consisted of 0.1M phosphate

buffer, 1luM MDZ, 1mM EDTA and NADPH regenerating with 1.3mM NADB.3mM
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glucose ephosphate (G6P), 3.3mM Mgand 0.4 units/mL gicose ephosphate
dehydrogenase (G6PDH). Incubation reaction was started by adding NADPH and
guenched by adding ice cold ACN containing the internal standard (IS) (DTZ). MDZ was
dissolved in methanol to keep the methanol percentage less than 0.1%. éfitenigg

the incubations, the mixture was vortexed and centrifuged. Supernatant was analyzed for
1-OH MDZ concentration.

Km and Vmax assay

Results from time and protein linearity assexere used for planning of thenkand Mnax

assay. Briefly, MDZ 1-hydroxylation was investigated in incubations consisting of
0.2mg/ml HLM protein, MDZ (1, 2, 4, 8, 16, 32, 48 and 64 uM) and a NADPH
regenerating system (as mentioned above). MDZ was dissolved in methanol such that the
final concentration of organic wéess than 1% (v/v). Reactions were initiated by the
addition of NADPH and conducted for 4 rates The assay was performed in replicates

of four. After incubation in a shaking water bath set 4tG7eactions were stopped by

the addition of icecold ACN m@ntaining IS (DTZ) ice and centrifuged at 10000 rpm for

10 mirutes The supernatant was then analyzed f@H MDZ by LC-MS/MS. Kinetic

analysis was performed using least squares regression analysis with GraphPad Prism®

and Mathematica® software (versioh.1.1.0) and the following equations
6O —— £I-0 Equation 4.6

O AIGDAOEDAEGA E O Ehuation 4.7

where \haxrepresents the maximum rate of metabolismjsthe affinity constant, [S] is
the MDZ concentration, Ks the dissociation constant of the substrate to the inhibitory
site and v is the rate of@QH MDZ formation.
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4.3.3. In-Vitro TDI Studies
Preliminary experiments to determine time and protein concemntrir in-vitro TDI
assays were performed. Time and protein linearity assays were conducted as described
below.
Time and protein linearity
Time and protein linearity experiments were performed with a matrix of protein
concentrations and time points bottHhM and RLM for CYP3A substrate (MDZ). To
evaluate protein linearity, HLM at different concentrations of 2.5, 5, 10, 15, 20, 25, 30,
50 and 62.5 pg/mL and RLM at 37.5, 50 and 62.5 ug/mL were used. To evaluate time
linearity, incubations were quenched dtettent time points every 20 seconds until 4
minutes for HLM and RLM. Each incubation was performed in three replicates in a
shaking water bath at 2. Incubations consisted of 0.1M phosphate buffer, 50 pM
MDZ, 1ImM EDTA and NADPH regenerating solutiomscubation reaction was started
by adding NADPH and quenched by adding ice cold ACN containing the IS (DTZ).
MDZ was dissolved in methanol to keep the methanol percentage less than 0.1%. After
guenching the incubations, the mixture was vortexed and fegystd. Supernatant was
analyzed for 40H MDZ concentration.
For CYP2D6 substrate (DXT), time linearity assays were performed at two protein
concentrations 50 and 100 pg/mL. Incubations were quenched at evenjnlite
interval until 15 minutes. After qmehing the incubations, the mixture was vortexed and

centrifuged. Supernatant was analyzed for dextrorphan (DXO) concentration.
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Pilot in-vitro TDI assays

Preliminary TDI assays were performed using the samesteaapproach with one high
concentration<200 uM) of the inactivator in RLM. Control incubations with the

incubator were performed to assess-spacific enzyme loss. Based on the preliminary
results, if required complete-vitro TDI assays were performed.

In-vitro TDI assays

Several inactivatar (DTZ, ERY, PAR, MBF, VER, TAO) and their primary metabolites
(MA, MD, NDE, NV, D617) were tested using a standard-step approach for TDI
inhibition of CYPs using either pooled HLM or pooled RLM. Primary metabolites for

TAO and PAR were not commerchathvailable hence were not evaluated. MDZ was

used as a probe substrate for CYP3A inactivation and DXT was used as probe substrate
for CYP2DG6. Briefly, eight concentrations of inactivators prepared usfotdailution
scheme were incubated at 37°C withnag/ml suspension of HLM in 0.1 M potassium
phosphate buffer, pH 7.4 as a primary incubation. After 5 minutes of preincubation, the
reactionwas initiated by addition of NADPH regenerating system (final concentration
1.3mM NADP+, 3.3mM glucosé phosphate0.4 U/ml glucose 6phosphate

dehydrogenase and 3.3mM magnesium chloride). At specificaimes,an aliquot (7.5

el) of the primary incubation was added to
containing probe substrateand MADPHhe 50 €M M
primary incubation wasun for0-60 minutes, with data collected at a total of 12 to 15

time points. The secondary incubation was allowed to run for 2 minutes for HLM and 6
minutes for RLM for CYP3A and 10 minutes for CYP2D for both RLM &thd/

followed by quenching witiice-cold acidified acetonitrile containing DTZ as the internal
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standard. After centrifugation at 10000 rpm fanBiutes, thesupernatanivas removed

for measuring the amount ofQH MDZ in the supernatant. L@IS/MS was used for
analysis of the supernatant. Each assay was conducted in duplicate. Stock solutions of
inactivators and substrateereprepared in methanol. The final methanol cartcation in

the primary incubation was less than 0.1% (v/v). Assays were also performed without

inactivators to assess thenspecificloss of enzyme activity.

4.3.4. Literature Data
The {,mic value in HLM for TAO and ITZ was obtained from literature. For TAle
reported value of 0.93 £ 0.06 measured at 0.2mg/ml was obtained from lit¢ Zataceet
al., 2005 and converted to 0.73 at 1mg/ml using equation 4.4. For ITZ, considering that
it is a highly bound compound, four different values (0.@5aletin et al., 2005 0.075
(Rougee et al., 20),70.051(Ishigam et al., 200Jand 0.19§Isoherranen et al. 0D4))
were obtained from literature and an average value was used for this project which was
0.0152 at protein concentration at 1mg/ml of HLM.
4.3.5. ModelDevelopment
Enzyme kinetic models were developed to describenthrdro TDI datasets. The
following model assumptions were made:
A Lipid partitioning is norsaturable
Lipid partitioning/binding has 1:1 stoichiometry
Rapid equilibrium
All active enzyme species degrade with fiostler kinetics

All active enzyme specientribute towards nonspecific loss in activity

Do o Do P D>

Association is not rate limiting (fast association rates)
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Concentrations of-DH MDZ (for CYP3A) or DXO (CYP2D6) obtained from tie

vitro TDI experimentsvere converted to log percent remaining activiotp (PRA plots)

and further evaluated for model development. A majority of the inactivators evaluated in
this project are known to be MIC forming compoufidadstrom et al., 1993Jones et

al., 1999 Ma et al., 2000Wang et al., 2004ba quasiirreversible mechanisnMBF is

reported to inactivate by heme modificatidioti et al., 201lwhereas RTV is reported

to inactivate by all the three main mechanisms, MIC formation, apopmoiedification

and heme modificatio(Ernest et i, 2005 Lin et al., 2013Rock et al., 2014 Based on

the reported mechanism of inactivation for MEBarnaba et al., 20)6and the datasets
generated, kinetimodels for CYP3A TDI were developed. The concave upward

curvature is indicative of either quasieversible or partial inactivation as shown
previously(Nagar et al., 2014b Using the numerical methd#&orzekwa et al., 2014

Nagar et al., 2019bkinetic models were fit to the data and kingtarameters were
estimatedThe initial estimates of the rate constants were obtained from analyzing the
data as detailed in previous publicatigiderzekwa et al., 201/Nagar et al., 2014b

Barnaba et al., 20)6Briefly, nonspecific loss of enzyme activity was incorporated in the
mod el if activity | oss over time was obser
inactivator).The initial estimate for theateconstant for nonspecific enzyme loss) (k

was obtained by fitting first-orderd e gr adat i on model to 0O &M in
development was performed with either nonspecific enzyme loss from all enzyme species
(E, EI, Ell, EM, EMM, ES) or from just the enzyme (Elrther, a competitive mbition

model was fit to 0 minute and @0inute time point data to obtain an initial estimate for

Ki(can be complicated by dilution and partitioning, chapjeA&lifference in initial
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estimates of Kfrom 0 versus 6@ninuteswas indicative of multipldinding.As shown
previously(Barnaba et al., 20)16MIC formation is a complex muistep process
involving theformationof Fe™: carbeneandF&*: carbeneHence enzyme inactivation
was modeled with three types of rate constamtg:in Figure 4.11,dand k for Fe™:
carbene formatigrk; for re-formation of active enzyme, and for Fe*: carbene
formation.

Several models were developed, MIC(MIC refers to ametaboliteintermediate
complex and IL refers to inhibitor lipigartitioning where | and L are the inhibitor and
lipid concentrations in microsomes), MI@-IL (M refers to inhibitor depletion forming
metabolite M), MIGEII-IL (Ell refers to two molecules of inactivator binding
simultaneously in the active site), MEII-IL (Elll refers to three molecules of
inactivator binding simultaneously in the active site), MA{T-IL-M models (two

binding site model with inhibitor depletion and lipid partitioning) were developed and
evaluated. Although three binding site modais not very commonly reported, there are
reports of three binding sites for smaller compounds-@DDa such as flavones)
(Domanski et al., 20Q5chrag and Wienkers, 200Galetin et al., 2002Baas et al.,

2004 Denisov et al., 20QDenisov et al., 20QDenisov and Sligar, 201 Davydov et

al., 2013.

These models were tested individually for both the inhibitors andgheiary
metabolitessince the primary metabolites are known to be the inactivating species
(Wang et al., 2004tZhao et al., 2007&hang et al., 2009 Next, the information
obtained from the model fitting of the primary metabolites was used to build sequential

metabdism models for parent drug to capture CYP3A inactivation by the in situ formed
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metabolites upon incubation with the inhibitévhile fitting sequential (seq) metabolism

models (seeMIC-IL or segMIC-EII-IL), rate constants obtained from the primary

metabdite models were fixed in the subsequent inhibitor model. For example, while

fitting sequential metabolism models to DTZ data, fixed values for rate constants
obtainedfrom MA fits were used

Association rate constants (ki andkio) were fixed at 27@ M min'! which was

measured with PPT as a model compo{Barnaba et al., 20)6This is in the range of
association values report@dun et al., 2005Isin and Guengerich, 200Bearson et al.,

2006 for CYP3A. A sensitivity analysis of association rate constant was performed with
TAO datasewith arangeof 2to160 ol d | ower and ‘mingAorer t han
other inactivators, association constant of 27 min'twas assumed to be reasonable
starting point. For MDZ, the association)(land dissociation rate constants) (kere

fixed at "2and35@nn respestively. Lipid partitioning was also

incorporated in the models to account for microsomal partitioning. The association rate
constant for | i pi'dandwissociation tate aonstagdt &vds Galcdlde mi n

using the following equatio(Nagar and Korzekwa, 2017

Q  —— (Equation 4.8)
h

Wherekon is the association rate constaag; is the dissociation rate constant dnglic Is
the unbound fraction in the microsomes.

K| values were estimated from ratios of association and dissociation rate constants
(assuming rapid equilibriumiK, obtained fom thenumericalmethod is the same as
unbound Ky (Kiu= K)) since lipid partitioning was incorporated in the model.

Inactivation parametersifk:) were calculated using the partition method as described
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previously(Cleland, 197% for example, for the schemehigure 4.13 kinact can be

calculated as a net rate constant:

E ——— (Equation 4.9)

For TAO (Figure 4.12)and NV(Figure 4.18)kinactwas described as

E (Equation 4.10)

Parameter errors for net rate constants were calculated with error propémation

individual rate constants. Error propagation was performed using

12 28 — — for equation®

and2 9 19 8 8
12 — — for2 9 19 8 18
whereh represents the standard devheabsoluen i n ¢

value of the parameter, X and Y are the terms in the pararAé@er (Akaike, 1974 and

adjusted Rwere used to compadifferentmodels for each dataset.

4.3.6. In-Vitro TDI Data Analysis
Thein-vitro TDI datasets were analyzed by both the numerical methocharnréfilot
method(Silverman, 199% For the replot method datasets was analyzed by using only the
linear part of the PRA pldSilverman, 199% Equation 4.2 was used to obtain estesa
of Ki and knact
For comparison with the numerical meth&gd pbtained from the replot method was
corrected for microsomal partitioning by multiplying Kith fy mic to obtain K. Model
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fitting was conducted with Mathematica 11.1.1.0 (Wolfram Research, Champagne, IL).
The NonlinearModelFit function was used to fit the model to the data with PrecisionGoal
=10, finite difference derivatives with an order of 4, and 1/Y weighting.\WWhenE\ent
function was used to incorporate the dilution step in the model.
For each of the datasets, the best fit models were also fit to a truncated dataset of the
same inactivator (randomly selected time points) to evaluate the minimum number of
data pointsequired for model convergence. Datasets were truncated such that time
points were spread out across the range of preincubation time points. If early time points
were available, at least one time point was kept in order to allow the model to capture the
observed lag (if any).
Further, data analysis for each dataset was also performed with only data from last 3 or 4
time points for each dataset. Slopes at each inactivat@r gkly for last time points
were calculated and the standard replot mef{begdaion 4.2)was used for obtaining TDI
parameters and compared with those obtained from the numerical method.
4.4. Results
4.6.1. Equilibrium Dialysis Results

Table 4.1 shows the results of equilibrium dialysis for all the compounds.
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Table 4.1. Unbound fraction (§) of different compounslin four matrices

Data represented as mean + standard deviation (SD), n=5, NM: not measured

Compound | Rat plasma RLM Human HLM
plasma

DES 0.20+0.04 | 049+0.02 | 0.22+0.02 | 0.46+0.04

DXT 0.41 +0.07 NM NM NM
DTZ 0.39 £ 0.03 NM 0.30+0.03 | 0.92+0.05
ERY 0.53+0.08| 0.67+0.03| 0.29+0.01 | 0.72%0.06
MA NM NM NM 0.65 + 0.09
MDZ 0.05+0.002| 0.43+0.1 | 0.02+£0.002| 0.67 £0.09
NDE NM NM NM 0.63+0.13
NV 0.17+0.02 | 0.77+0.07 0.15+0.02 | 0.84 £0.06
PAR 0.17+0.01 | 0.33+0.02 | 0.06 +£0.006| 0.40+0.03

PPT 0.05 + 0.006 NM NM NM
RTV NM NM NM 0.06 £+ 0.01
VER 0.12+0.01| 0.60+0.17| 0.10+0.02 | 0.49+0.06

4.6.2. MDZ Metabolism
It was found that the incubation reaction (for &1d Vinax) was linear up to 4 minutes in
HLM (figure 4.3).The reaction was linear with respect to the protein from 0 to 0.25
mg/mL (figure 4.3). Based on this results protein concentration of 0.2mg/ml and reaction
time of 4 minute was selected foml&ndVmaxassays. k and Vinaxfor MDZ was

calculated to be 4.48 + 1.54 uM and 1.01 = 0.09 nmol/min/mg protein respectively when
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MM was assumed, whereas, lnd Vinaxwas found to be 9.41 + 6.41 uM and 1.57 + 0.61
nmol/min/mg protein respectively when substrat@bition was assumegdable 4.2 and
figure 4.4). Based on the Akaike information criteria (AlCc) values, the simpler MM

model was selected to describe the kinetics of MDZ metabolism in HLM.
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Figure 4.3. Time andproteinlinearity assay in HLM
A, B and C are time linearity results at protein concentration oD®5,and 0.5mg/mi

respectivelyD is the protein linearity results. Data are represented as mean + SD, n=3
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Table 4.2. Comparison of estimates of-kand Vimaxfrom MM model and substrate

inhibition model for MDZ metabolism assay in HLM

Michaelis-Menten model Substrate inhibition
model
Vmax (Nnmol/min/mg protein) 1.01 £0.09 1.57 +£0.61
Km (M) 448+15 9.41 +6.41
AlCc -174.0 -174.1

1.09

0.51

V (nmol/min/mg protein)

80

MDZ (uM)
Figure 4.4. Estimation of kn and \inaxof MDZ in HLM using MM model (A) and
substrate inhibition model (B). Data points are represented as mean = SD (n=4).
For preliminary results with RLM, it was found that the reaction was linear for 4 minutes

and with respect to protein concentration the reaction was linear from 0.05 to 0.2 mg/ml

of RLM (for Km and Vinaxexperimentfigure 4.5).
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Figure 4.5. A: Time linearity results in RLM (for Km and Vmax assays) at 0.1mg/ml,
incubation was run for 6 minwgeB: Protein linearity results
Data are represented as mean + SD, n=3.
4.6.3. In-Vitro TDI Results

It was found that incubation reaction (sedary incubation reaction fan-vitro TDI

assay) was linear until 2 minutes and it was linear at HLM protein concentrations from 0O
to 62.5 pg/ml (figure 4.6) for CYP3A inactivation assays. Consideringqithigro assay
conditions and quantitation limit of L&IS/MS, 50 ug/mL protein concentration

(primary incubation protein concentration of 1mg/mL) and 2 minutes of secondary

incubation was used fam-vitro TDI assays.
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Figure 4.6. Time linearity results at HLM 50 and 62.5 pg/mL protein concentration using

MDZ as substrate. Data are represented as mean + SD, n=3 replicates.
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Figure 4.7. (A) Time linearity for CYP2D6 substrate (DXT) in HLM at two protein
concentrations 50 and 100 pg/niB) Time linearity for CYP2D6 substrate (DXT) in

RLM at 50 pg/mL.Data are represented as mean = SD, n=3 replicates.

For CYP2D6 inactivation, assays, the reaction was found to be linear until 10 and 12
minutes in HLM and RLMespectively (figure 4.7). Based on these results the secondary

incubation forin-vitro TDI assays for CYP2D6 inactivation were run for 10 minutes and
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assays was performed at 1mg/ml (primary incubation protein concentration) for both
RLM and HLM. Further,the incubation reaction for TDI assays in RLM were linear up
to 5 minutes and with respect to protein concentration it was linear up to 62.5 pg/mli

(figure 4.8).
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Figure 4.8. A: Time linearity results in RLM (for TDI assays) at three protein
concentration 37.5, 50 and 62.5 pg/mL using MDZ as subsBatrotein linearity

results. Data are represented as mean, n=2.

Preliminary pilotin-vitro assays with RLM showed that ERY svaot an inactivator (no
decrease in activity over time), whereas VER was found to be a weak inactivator (42%
activity remaining after preincubation with 200 uM at the end of 60 minutes) (figure 4.9).
DTZ was also found not to be an inactivator (no deer@asctivity over time) but it was
found to be a good competitive inhibitor (11% activity remaining at @tegwith 200

MM DTZ). PAR was also found to be a moderate/weak inactivator (62% activity
remaining after preincubation with 40uM PAR at the en@®Mminutes) (figure 4.10).

Hence further evaluation of the TDI parameters of these inactivators (DTZ, ERY, PAR

and VER) was not performed in RLM.
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Figure 4.9. Preliminary pilotin-vitro TDI assay with DTZ (200uM), ERY (2@M) and

VER (200pM) as inactivators and buffer as control in RLM. n = 2.
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Figure 4.10. Preliminary pilotin-vitro TDI assay with PAR (40uM) as inactivator and

buffer as control in RLM. n =2
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For HLM, several kinetic models wedeveloped for each inactivator depending upon

the reported mechanism of inactivation and the observed dataset-# bexiel for

each inactivator was chosen based on AICc values. TDI parameters are reported using the

best fit model. In cases whichstdted in multiple models with equal fits (e.g. DTZ and

VER) TDI parameters from multiple models are reported.
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Figure 4.11. Kinetic models evaluated for TAO dataset

Ex*

Kinetics models evaluated for TAO are show in figure 4.11. For TAO, since there

wa s

n

0]

activity

0SS

observed

at

0

e M

incorporatednto the model. Sensitivity analysis for association rate constant was

performed by varying the association rate con2a&nt160fold lower and higher than

270¢ M min'. It was found that increasing the association rate constant did not change

the estimates of Kand knact HOwever, decreasing the association rate constant did

change the estimate of Knd knactasshown in table 4.3.

Observed PRA plots show concave upward curvature suggesting eitheiricavassible
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or partial inactivation (figure 4.12). Analysis of the observed PRA plot shows that the
different TAO concentrations plateau at different levels, ingigajuasiirreversible
mechanisms rather than partial inactivatibiagar et al., 2019bSeveral models
incorporating MIC formation along with lipid partitioning, inhibitor depletion, double
binding were developed (shown in figure 4.11 and parameters listed in tabkem.4).
MIC model with Ell fomation (MIGEII-IL) provided the best fit &ble 4.4 and figure
4.12).

Table 4.3. Estimate of TAO TDI parameters fixed at different association rate constant

(k1). Sensitivity analysis was performed wiKHC-EII-IL model

Association rate constant| Estimated Ki (¢ M | Estimated kinact (min'?)

fixedtTaint)( g

1.69 Kiiu=4.97+2.11 | 0.009 +0.0074

Kiz2u=2.32+£0.93

3.375 Ki1u=3.01+1.16 |0.008 + 0.006

Kiz2u=1.53 +0.50

6.75 Ki1u=1.69 +0.52 0.007 = 0.004

Kiz2u=1.52 +0.39

135 Ki1u=1.11+0.32 |0.007 +0.003

Kiz2u=1.71+0.36

27 Ki1,u=0.89+0.27 |0.007 +0.003

Ki2u=1.84 £0.35

54 Ki1,u=0.83+0.27 |0.007 +0.003

Ki2u=1.92 +£0.35
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Table 4.3. continued

67.5 Ki1,u=0.80+0.26 |0.007 +0.003
Ki2u=1.94+0.35
90 Ki1u=0.79+0.26 | 0.007 +0.003
Ki2u=1.96 +0.35
135 Ki1u=0.77+0.25 | 0.007 +0.003
Ki2u=1.97 £0.35
270 Ki1,u=0.76 £0.26 | 0.007 = 0.003
Ki2u=1.99£0.35
540 Ki1u=0.74+ 0.25 0.007 £ 0.003
Ki2u=2.0+0.35
810 Ki1u=0.74£0.25 | 0.007 +0.003
Ki2u=2.0+0.35
1080 Ki1,u=0.73+£0.25 |0.007 +0.003
Ki2u=2.0+0.35
1350 Ki1,u=0.73+£0.25 | 0.007 +0.003

Kiz2u=2.0%0.35
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Table 4.4. Results of differenmodel fitting to TAO dataset

kizis the rate conant for inhibitor depletion. * ssociation rate constants(ks, kiofrom

figure 4.12) parameters were fixed

Model AlCc, R? Comments
MIC-IL -613.1 0.99 All open*
MIC-M-IL Did not converge

MIC-M-IL -613.1 0.99 k1z= 0.001 (fixed)
MIC-M-IL -612.4 0.99 k1z= 0.1 (fixed)
MIC-EII-IL -632.5 0.99 All open*
MIC-EII-M-IL Did not converge

EX** 0 10 20 30 40 50 60
time (minutes)
0.08
T 0.06
£
E
£20.04
g
0.02
0.00
0 2 4 6 8 10
[Inhibitor] (M)

Figure 4.12. Kinetic scheme for CYP3A inhibition by TAO (10, 5, 2.5, 1.25, 0.625,

0.313, 0.156, O puM) in HLM
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A: Kinetic scheme for MICEII-IL model. B: Experimental (points) and MIEII-IL
model fitted (solid lines) PRA plots. C: Plotkybsversus [I] for the standard replot
method with linear data points (n=4 points). E: enzyme, |: inhilditdipid, P: product,
S:substratek: rate constants.

The concave upward curvature observed even at the highest inhibitor concentration
indicates thainhibitor depletion is not theause othe curvature in the PRA ploAn
MIC-EII-IL model with an inhibitor depletion step did not converge unless the inhibitor
depletion rate constant was fixed at < 0.001isuggesting minimal inhibitor loss.
Estimates of Ku and knactfrom thenumericaland replot methods for TAO are shown in
table 4.9 The experimental replot parameters agree with literature values (see Appendix
C). The numericainethod yields a 3.02 fold lower inactivation efficiencydi¢Ku) of

TAO than the replot method.
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Figure 4.13. Kinetic scheme for CYP3A inhibition by NDE (50, 25, 12.5, 6.25, 3.13,

1.56, 0.78, 0 uM) in HLM
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A: Kinetic scheme for MIAL-M model. B: Experimental (points) and MHIC-M model
fitted (solid lines) PRA plots. C: Plot &fsVversus [1] for the standard replot method
with linear data points (n=4 points). E: enzyme, I: inhibitodjpid, M: inhibitor

metabolite, P: product, Substratek: rate constants

For other inactivators (ERY, DTANdVER), TDI was also evaluated for their primary
metabolites (NDE for ERY, MA for DTZ, NV and D617 for VER). Primary metabolites

of TAO, MBF and PAR were not avablecommerciallyand were not evaluated. When
considering sequential metabolism, a model for the metabolite was first constructed. This
model was then incorporated into the parent TDI model.

Of all the models tested for NDE (MIIL, MIC-M-IL, MIC-EII-IL, MIC-EII-M-IL),

MIC-IL-M model (M refers to inhibitor metabolism in the model) was the-fitesiodel
(figure4.13 and table 4.5). Addition of inhibitor metabolism or inhibitor depletion step
improved the model fitting s in figure 4.13 A). Norspecificenzyme loss was observed

in the NDE dataset and hence was incorporated in this madelfigure 4.13 A).

Table 4.5. Results of different model fitting to NDE dataset

Models AICc | Adjusted R?

MIC-IL -687.4 0.994

MIC-IL-M -715.9 0.995

MIC-EII-IL Did not converge

MIC-EII-IL-M Did not converge
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Figure 4.14. Kinetic scheme for CYP3A inhibition by ERY (50, 25, 12.5, 6233,
1.56, 0.78, 0 uM) in HLM
A: Kinetic scheme for MIGIL model. B: Experimental (points) and MHIC model fitted
(solid lines) PRA plots. C: Plot é&nsversus [I] for the standard replot method with
linear data points (n=7 points). E: enzyme, I: inhibitodjpid, P: product, Ssubstrate
k: rate constants
For ERY, three models (MHKIL, MIC-M-IL and segMIC-IL) were evaluated. MIGL
gave a better fit than the s&/C-IL model based on AICc (table 4.6). Numerical and
replot modefits for ERY are shown iigure 4.14 Both datasts, NDE and ERY, show
concave upward curvature, indicating gua®versible mechanism. TDI kinetic
parameters for NDE and ERY are showiT able 4.9 The khac/Kiu values for NDE and
ERY with the numerical method were found to be approximately 7.3 2#fald lower
respectivelythan the replot method. NDE was observed to be a nfiice,t inactivator

than ERY.
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Table 4.6. Models evaluated for ERY dataset

Models AlCc, Adjusted R?
MIC-IL -795.23 0.999
MIC-IL-M Did not converge
MIC-IL with ko from only E -795.18 0.999
SegMIC-IL Did not convergg

For MA, an MIC-I.L model was evaluated:(@lenotes that MA is a metabolite of DTZ,

and itself an inhibitor). While fitting the MIJ.L model to the MA dataset, it was not

possible to parameterize due to covariance with other parameters. Therefore, a
sensitivityanalysis was performed with a range of/&lues between 0 and 0.05 rin

(table 4.7)Values greater than 0.02 ridlid notpredict the experimental data

(inactivation was overpredicted) based on visual observation and analysis of residuals
(figure 4.15). Equally good fits wére obse

Hence 0.02 mit was considered as an upper limit and 0-has the lower limit for &
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Table 4.7. Sensitivity analysis of&for modeling MA dataset

Ks K3 Ks Ke k7 Adjusted | SSE | MSE

(fixed) R?

0.05 26.35+ | 166.0 + 0.06= 0.07+0.01 | 0.99 19.80 | 4.95
0.14 14.77 0.005

0.03 2640+ |167.06+ | 0.06% 0.06= 0.999 19.81 | 4.95
0.11 12.65 0.003 0.005

0.02 26.41+ | 167.5% 0.04 + 0.4+ 0.999 19.81 | 4.95
0.10 11.70 0.002 0.003

0.015 | 2641+ |167.7 % 0.04 + 0.03 + 0.999 19.81 | 4.95
0.10 11.28 0.002 0.002

0.01 26.40+ | 168+ 0.04 + 0.03% 0.999 19.81 | 4.95
0.10 10.98 0.002 0.002

0.005 | 26.39+ | 168+ 0.4+ 0.02 + 0.999 19.81 | 4.95
0.09 10.80 0.001 0.001

0.001 |26.37+ |168. % 0.4+ 0.02% 0.999 19.81 | 4.95
0.09 10.71 0.001 0.001

0.0001| 26.37 + | 168 0.4+ 0.2+ 0.999 19.81 | 4.95
0.09 10.67 0.001 0.001

0 2636+ | 177 % 0.4+ 0.02% 0.999 19.81 | 4.95
0.09 11.08 0.001 0.00L
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Figure 4.15. Sensitivity analysis of k8 for MA dataset
MIC-I2L, MIC-M-I2L were the models evaluated for MA data8&iC- I.L model was a
better model based on AlCc. Figure 4stdws the MIGILL fit the MA dataseassuming
ks = 0.02 mint. The kactfor MA with anupperlimit of ks as 0.02 mirt was estimated to
be 0.009 + 0.001 mihusing the numerical method, and 0.036 + 0.001'uging the
replot method with linear data points. The estimates; ofd¢ MA were 0.62 + 0.04 uM

using the MIC I,L model and 1.08 £ 0.21 pM using the replot noeth
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Figure 4.16. Kinetic scheme for CYP3A inhibition by MA (10, 5, 2.5, 1.25, 0.625, 0.313,
0.156, 0 uM) in HLM
A: Kinetic scheme for MICI,L model. B: Experimental (points) and MIGL model
fitted (solid lines) PRA plots. C: Plot &fwsVversus [l] for the standard replot method
with linear data points (n=7 points). E: enzymeMetabolite inhibitorL: lipid, P:

product, Ssubstratek: rate constants

For DTZ (denoted byilin figure 4.17), of all the tested models, four models provided
equally good fits (table 4.8). These models were:I88¢-M-11L-I2L (sequential MIC
model with inhibitor depletion and with lipid partitioning, figure 4.17 A), S&¢-El1l1-
l1L-1oL (sequential MICEI1l: model with lipid partitioning, figure 4.17 C), S&4IC-
Elil1- M- 11L-12L (addition of inhibitor metabolism fromlk, figure 4.17 E) and Seq

MIC- Elil1 -MM- 11L-I2L (addition of inhibitor metabolism from both £and Hil1,

figure 4.17 G).
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Table 4.8. Models evaluated for DTZ dataset

Models AICc, | Adjusted R?
SegMIC-l1L-12L -938 0.999
SegMIC-M-I1L-1,L -950 0.999
SegMIC-Elila-11L-I2L -950 0.999

SegMIC- Elil;- M- 11L-1oL | -952 0.999

SegMIC- Elil1 -MM- l1L-I2L | -952 0.999

While fitting these sequential models to the Ddatasetthe rate constantsds ks, k7, and
kswere fixed from thenodelfitting of the MA datasetThe kg value was fixed at 0.02
min. Numerical and replot model fits to the DTZ dataset are shoWigimes 4.17 B,
4.17 D, 4.17 F and 4.17.1Hor the models witldouble binding site, the two binding
constants €,y and Kz, ranged from 7.09 to 7.75 pM and 9.62 to 15.96 pM respectively
usng the numerical method.;Kusing the replot methodag observed to be 2.98 + 0.68
(table 4.10). The estimate of kKwith the numerical method was 2.4 to 6.4 fold higher
than that from the replot method. Thedestimaterom the numerical method wa
approximately 2.50ld lower or equal to as compared to the replot method. The
inactivation efficiency of MA was found to be around 12fdi#l higher than DTZ using

the numerical method whereas it was only#l@ higher using the replot method.
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Table 4.9. TDI parameters for the inactivators with numerical and replot methods

Inactivator Numerical Method Replot Method

Kiu (SM) Kinact kinact/KI,ua Kiu Kinact kinacthI,u
(minY) [ (eM/ min- | (€M) | (min- | (eM/

Y Y min-)

ERY 5.64 +0.45 0.004 +| 0.001L + 6.06+ | 0.05+ | 0.00+

0.003 | 0.0004 0.74 |0.001 |0.001

ITZ Kizu=0.02+0.0 | 0.004 £|0.18 + 0.2+ 0.8+ | 182+
Ki2u=0.03+£0.@ | 0.004 |0.18 0.01 0.005 | 0.80

MA 0.62 +£0.04 OO0 . 0/0.014 + 1.08+ | 0.04+ | 0.03
+0.001| 0.001 0.21 |0.001 |0.00

NDE 1.94+0.35 0.004 +| 0.003 245+ 1 0.07+ | 0.03 %

0.005 | 0.004 0.85 |0.01 0.01

NV Kizu=10.13+2.6| 0.010 +£| 0.001 + 499+ 017+ |0.03

Kizu=1.85+0.33| 0.003 | 0.0004 0.72 0.0 0.01

PAR 0.61 +0.09 0.005+ | 0.008 * 0.52+ 0.19+ | 0.36 =

0.001 | 0.002 0.13 |0.005 |0.09

TAO Kizu=0.75%0.25| 0.007 £ | 0.009 * 5.30+ | 0.148 | 0.028 =

Kizu=1.98 £ 0.35| 0.003 | 0.005 0.62

I+

0.004

0.010

aFor TAO and NV, K,y was used to calculatéac/Kiu.
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Figure 4.17. Kinetic schemes for CYP3A inhibition by D140, 20, 10, 52.5, 1.25,
0.625, 0 uM) in HLM

A: kinetic scheme foBegMIC-M-11L-I>.L model. B: Experimental (points) and Seq

MIC-M-I1L-I2L model fitted (solid lines) PRA plots. C: kinetic schemeSegMIC-

Elil1-1:1L-1oL model. D: Experimental (points) and SEWC-El1l1-11L-I12L model fitted

(solid lines) PRA plots. E: Kinetic scheme for S4¢C- El1l1- M- 11L-I2L model. F:

Experimental (paits) and Sed/IC- Elil:- M- I1L-I2L model fitted (solid lines) PRA

plots. G: Kinetic scheme for S&dIC- Elil1 -MM- l1L-IoL model. H: Experimental
(points) and SetylIC- Elil1 -MM- I1L-I2L model fitted (solid lines) PRA plots. I: Plot of
kobsVversus [I] forthe standard replot method with linear data points. E: enzyniarent
inhibitor, : Metabolite inhibitorL: lipid, M: Metabolite, P: product, Substratek: rate

constants
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Table 4.10. TDI kinetic parameters for CYP3A inhibition by DTZ

Parameters Numerical Method Replot
SegMIC - SegMIC - | SegMIC- | SegMIC - Method
M-l1L-12L Elali-11L- | El1l1- M- Elil1-MM -
l2L 1L -12L [1L-12L
Kisu (EM) 19.\054|7. K53 7. R72,) 7.09+2.62]2.98+0.68
Kiz,u (EM) 9. Bl22]15.N0 66| 1477+6.2
Kinact 00110 00110 @ .10 00110 0.02 +
(minh)2 0.001 0.001 0.00 0.001 0.001
Kinact Ki1,u 0.00L £ 0.001 £ 0.001 £ 0.001 £ 0.01+
0.00% 0.0005 0.0005 0.0005 0.002
AlCc 95@. 47 94%. -952. 1 -952.26
Adjusted R 0.99¢ 0.99 0.99 0.999
MSE 4.99 3.99 3.33 3.33

Data are presented as parameter estimate + &gvas fixed at 0.02 mih MSE: Mean

square error.

NV is known to be the inactivator upon VER administrationwad characterized in

addition to VER. For NVMIC-Elzl»-1.L model was found to be the best fit model of five

other models that were evaluated (MIC MIC -M-IL, MIC-EII-IL, MIC-EII-M-IL,

MIC-Ell-MM-IL) (table 4.11).
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Table 4.11. Models evaluated for NV dataset

Models AlCc, | Adjusted R?
MIC-IoL -765 0.998
MIC-M- |2l -811 0.998

MIC- El2l2- I2L -873 0.999

MIC- El2l>-M- 2L | -874 0.999

MIC-El212-MM- [2L | -871 0.999

Ki1,u and Knact Obtained from the numerical method were 10.2 + 2.54 uM and 0.01 +
0.003 mint respectively. Ky and knact obtained from the replot method were 4.99 + 0.72
UM and 0.174 + 0.007 mitrespectively (table 4.9). Thenk:/ K4 value using the
numerical method was 35 fold lower than the replot methadMIC-Elzl2-1oL model
(figure 4.18 A) captured the observed concave upward curvature anchbkypatics in

the NV dataset {gure 4.18 B).
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Figure 4.18. Kinetic scheme for CYP3A inhibition by NV (40, 20, 10,255, 1.25,
0.625, 0 uM) in HLM
A: Kinetic scheme foMIC-El2l2-1oL model. B: Experimental (points) ahtiC-Elal»-1oL
model fitted (solid lines) PRA plots. C: Plotkhsversus [I] for the standard replot
method with linear data points (n=4 points). E: enzymeéyiétabolite inhibitorL: lipid,

P: product, Ssubstratek: rate constants.

For VER, five different modslwere evaluated (table 4.12), S44C-Elol>-11L-IoL
(sequential MIC forming with lipid partitioning and double binding #r $egMIC-M-
Ello-11L-12L (sequential MIC forming with lipid partitioning, inhibitor depletion and
double binding for4, figure4.19 A), SeeMIC-Elil1- El2l2-11L-I2L (sequential MIC
forming double binding site foi nd b with lipid partitioning, figuret.19 C), SeeMIC-
Elil1-M-El2l2-11L-12L (sequential MIC forming double binding site farand b with lipid

partitioning andnhibitor loss from El, figure4.19 E), SeeMIC- Elil1-El2l>-MM- 111 -
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I.L (sequential MIC forming double binding site farand b with lipid partitioning and

inhibitor loss from El and Ell4, figure4.19 G).

Table 4.12. Models evaluated for VER datasets

Models AlCc, | Adjusted R?
SegMIC-Elal-11L-12L -702 0.999
SegMIC-M-Elalz-11L-1oL -753 0.999
SegMIC-Elili-Elal2-11L-12L -743 0.999
SegMIC-Elili-M-Elal-11L-IoL -755 0.999
SegMIC-Elil1--MM- Elal2-liL-l2L | 753 0.999

Three of the models showed comparable fits-BéQ-M-Elzl2- 11L-12L, SegMIC-

Elili-M-Elzl2-11L-12L and SeeMIC- Elil1-Elal>-MM - [1L-12L. While fitting thedifferent

models to the VERlatasetthe rate constantsik ksq, k14, ks, k7, and g were not

parameterized and the estimates were fixed at values obtained from model fitting of NV

datasetModels incorporating inhibitor loss (S&4C-El2l2-M- I1L-12L, SegMIC- Elql1-

Elolo-M- 11L-1oL and SegMIC- Elili-El212-MM- 11L-15L) gave better fit than models not

incorporating inhibitor loss (SeMIC-El2l2-11L-12L and SegMIC- Elil1-El2l2-11L-I2L

models). However, all the three inhibitor loss models gave similar fits and similar AlCc (

752.9,-755.1 and753.3 respectively, tables 4.12 and 4.13).
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Table 4.13. TDI parameters for VER by numeriaalethod for four models and also by

replot method. Data are presented as parameter estimate + S.D.

Parameters Numerical Method Replot
SegMIC - | SegMIC- | SegMIC - SegMIC - Method
M-El2l 2- Elil1-El2l2- | Elal1-El2l2- | Elal1-El2l 2-
[1L-12L 1L -12L M-1iL-l2L | MM - 110120

Kizu (€M) 3.80+0.51|5.65+256|533+2.13 |5.05+1.95 1.79+0.45

Kiz,u (EM) - 1.54 + 0.58 | 5.40 + 3.00 | 6.13 + 4.14 -

Kinact (min) | 0.01 + 0.01+ 0.01+ 0.003 | 0.010 + 0.003| 0.07 £ 0.01
0.003 0.003

Kinact Ki1,u 0.003 0.002 £ 0.002 £ 0.002 £0.001| 0.04 £ 0.01
0.001 0.001 0.001
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Figure 4.19. Kinetic schemes for CYP3A inhibition by VER (40, 20, 1025, 1.25,
0.625, 0 uM) in HLM
A: kinetic scheme for SeMIC- Elil1-El2l2- l1L-1oL model. B:Experimental (points) and
SegMIC- Elil1-Elal2- I1L-1oL model fitted (solid lines) PRA plots. C: Kinetic scheme for
SegMIC- Elil1-El2l>-M- I1L-12L model. D: Experimental (points) and SEU4C- Elils-
El2l>-M- 11L-1oL model fitted (solid lines) PRA plots. Kinetic scheme for SelylIC-
Elili-El2l>-MM - 11L-I2L model. F: Experimental (points) and S&dC- El1l1-El2l>-MM -
l1L-12L model fitted (solid lines) PRA plots. G: Plot kfssversus [I] for the standard
replot method with linear data points. E: enzymeParent inhibitor,2 Metabolite

inhibitor, L: lipid, M: Metabolite, P: product, Substratek: rate constants

100 pM © 50 uM © 25 uM © 12.5 uM © 6.25 uM © 3.125 uMe 0.156 pMe 0

5
e 0 0o 0] Q
&E 4.5 000 (0] e e e
o 4
[
- 35
0 10 20 30 40 50 60

Preincubation time (minutes)

Figure 4.20. Ln PRA vs preincubation plot for D617
The K1,y and K,y estimates for VER ranged from 3.80 to 5.65 pM and 1.54 to 6.13 uM
respectively. K, was estimated to be 1.79 + 0.45 uM using the replot method. The
estimate of Ky with the numerical method was 2.1 to 3.2 fold higher than the replot
method, whereasrk.was 7.4 fold lower as compared to the replot method (table 4.13).

The knact/ Ki,u value of NV was 2fold lower as compared to VER using the numerical
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method whereas it was @ld lower using the replot method. D617 was also evaluated
for its TDI potential. It was not found to be an inactivator of CYP3A (figure 4.20).

For PAR, four models were evaluated. MMGIL was best fit model (table 4.14). MIC

M-IL model was able to capture the concave upward curvature in the dataset (figure
4.21). Using the mmerical method, K and knactestimates of PAR were 0.61 + 0.09 uM
and 0.005 + 0.001 mitrespectively. Models incorporating double binding site did not
converge. Further, inactivation efficiency of PAR was estimated to be 0.36 = 0.09 using

the replotmethod which was ~45 fold higher than thenerical method (table 4.9).
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Figure 4.21. Kinetic scheme for CYP2D6 inhibition by PAR (40, 20, 1025, 1.25,
0.625, 0 uM) in HLM
A: Kinetic scheme foMIC-M-IL model. B: Experimental (points) aMiC-M-IL model
fitted (solid lines) PRA plots. C: Experimental (points) &t -M-IL model fitted (solid

lines) inhibitor depletion plots. D: Plot &bnsversus [lI] for the standard replot method
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with linear data poirst (n=4 points). E: enzyme, I: Inhibitdr; lipid, M: Metabolite, P:
product, Ssubstratek: rate constants

Table 4.14. Models evaluated for PAR dataset

Model AICc | R?
MIC-IL -718 | 0.997
MIC-M-IL -762 | 0.998

MIC-EIlI-IL -728 | 0.998

MIC-EII-M-IL | -758 | 0.998

Sensitivity analysis was performed with the association rate constant for ITZ models.
Since ITZ is known to be a very high affinity ligand, to simulate rapid equilibrium
kinetics higher associatiaates would be needed. It was found that a higher association
rate constant was needed to model ITZ dataset. 8Tdmi! was found to be the
optimum association rate constant.

Several modelwereevaluated for ITZ datasets (table 4.15). MEG-M-IL (MIC

forming with double binding and inhibitor depletion) model gave the best fit with an
AICc value 0f-972. The K, and knactwas estimated to be 0.015 + 0.006 and 0.027 +
0.005 using the replot ntead. Numerical method yielded twaq,K0.02 + 0.005 and

0.034 + 0.015 pM andictwas estimated to be 0.004 = 0.004. The inactivation
efficiency using the replot method wasfbld higher than the numerical method (table
4.9). MIC-EIlI-M-IL model was al# to capture the competitive inhibition (evident from
the yintercept of figure 4.22 B) and also the concave upward curvature of the observed

data (figure 4.22).
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The estimated rate constants for the best fit neddehll inactivators is given in

appendix K.

Table 4.15. Models evaluated for ITZ dataset

Models AlCc | R?

MM -IL -823 0.998
MM-IL-M -899 0.999
Ell-IL -859 | 0.999
Ell-IL-M Did not converge
MIC-IL -913 | 0.999
MIC-IL-M -958 | 0.999
MIC-Ell-IL | -939 | 0.999
MIC-EII-M-IL | -972 0.999

154



£ —o  Ell g4
| 542
k z
IklO r]il klz %40
% 3.8
B — £l B e 90
Kis kf/ e K 0 10 20 30 40 50 60
7, time (minutes)
IL M | . .
S 0.020
Kot ] E <_—'K_ ES
Kon ‘ W -—I'; 0015F
Ks E
' P ko = 0.010f
I g
E™ B+ 0.005f
000
[Inhibitor] (M)

Figure 4.22. Kinetic scheme for CYP3A inhibition by ITZ (5, 2.5, 1.26625,0.3125,
0.156, 0.078, 0 uM) in HLM
A: Kinetic scheme foMIC-EII-M-IL model. B: Experimental (points) anlC-EIl-M-
IL model fitted (solid lines) PRA plots. C: Plotlahsversus [l] for the standard replot
method with linear data points €7 points). E: enzyme, I: Inhibitot,: lipid, M:
Metabolite, P: product, Substate k: rate constants
4.5. Discussion and conclusion
The aim of this chapter was to develop new kinetic models and estimate TDI parameters
using the numerical methobh-vitro TDI assays were performed with RLM and HLM
with inactivators having different meatiams of inactivation. TAO, ERY, VER, ITZ,
PAR and DTZ inactivate CYP3A by forming MIC. The tertiary amine of TAO, ERY,
VER and DTZ gets metabolized to nitroso which then forms a guesersible bond
with the Fe(Lindstrom et al., 1993Jones et al., 199%ang et al., 2005 PAR

inactivates CYP3A by formopMIC through a carbene intermediéBertelsen et al.,
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2003. PAR is also known for formation of covalent bond with microsomes &d S
fraction(Zhao et al., 2007bITZ is known to form coordinates with heme iron through

the triazole grougPeng et al., 20)2These MICs require sequential metabolism, and

when available, primary metabolites were additionally evaluated. Further, mechanistic
kinetic models were developed to account for different phenomena includiagitigef

the MIC whidh is critical in thedeterminatiorof kinact (Barnaba et al., 20)6atypical

kinetics, norspecific partitioning into microsomes, and inhibitor depletion during the
inactivation phase. Since this modeling approach does not assesngstatekinetics

and irreversibility, the curvature observed in PRA plots for Nd€ning inactivators can

be modeled. For VER and DTZ, the models were also successful in capturing the lag due
to sequential metabolism observed in the PRA plots.

One d the assumptions while modeling was that the association rate constant is not the
rate limiting step. Association rate constant of 270 ukin which was experimentally
obtained using podophyllotoxin as a model compound was a good starting point to
optimize the association rate constant. Small molecule protein interactions are typically
observed within the range of 200* M s (Fersht, 201). The first step of such

interactions is the diffusional encounters which should yield rate constants in the range of
1019 M1 s, This disparity ariss from the fact that processes such as hydrodynamic
interactions, orientational encounters, steric hindrance and electrostatic factors also
contribute towards CYHRrug interactior{Antosiewicz and McCammon, 199%/ade et

al., 1998 Kingsley and Lill, 201k Further, association rate constant is also affected by
viscosity of the medium, and shape and radius of the molecule. Although association rate

constant o270 uM?! mintis on the higher end of the range of the observed and seems
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fast, it can be rate limiting ifk/Km is very high or comparable to the association rate
constant. TAO dataset was used to optimize the association rate constant. It was found
that 270 uM* mintwas optimum for the association rate constant. However, for the
higher affinity binding inactivator ITZ, a higher association rate constant was required to
simulate rapid equilibrium kinetics. A higher association rate constant (8T0nilt)
established rapid equilibrium which was evident from the fact that parameter estimates
did not change with increase in the association rate constant above 81ipi

It was also assumed that all active enzyme species contribute towassisarifin loss in
activity during the assay. This assumption might not always hold true. It was shown
earlier that specific CYP3AL ligands or substrates protect CYPs from degradation
(Eliasson et al., 19940ne of tle mechanisms of CYP degradation is phosphorylation of
CYPs by microsomal cAMP dependent protein kin@areia, 2003Wang et al., 200p
Specific ligands like ERY, oleandomycin, clotrimazole prevented CYP3AL1 from
phosphorylation and hence prevented degradation of CYPs in rat microsomes and rat
hepatocytes. This phenomenon can also be CYP specific. For example, pylaiphor

of CYP3A1Set?®and CYP2E1Sé? predisposes these CYPs for degradation via
ubiquitination but not the similarly phosphorylated CYPZBiang et al., 2009 Future
studies might be needed to evaluate if there is differential degradation from different
enzyme species (e.g. degradation rate from EI vs Ell in a double binding model).
Moreover, the more enzyme species the model has, the more difficult it will be to
parametize those rate constants. This further becomes complicated by the fact that the
degradation rate is highly dependent on assay conditions and the quality of microsomal

batch used for assays, which is evident from the variability observed in the estignated k
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values. The degradation rate constasi ifkthe present datasets range from 0 (for TAO)

to 0.012 min' (for NDE) based on the assumption that degradation is a monoexponential
process. Considering the complexity involved, it was reasonable to assume that all
species contribute towards enzyme degradation and that it a monoexponential process.
Datasets werdso analyzed with models in which only the free enzyme ([E]) contributes
towards nonspecific loss in activity. There was no difference in the estimateamd K

kinact between the two models (data not shown).

In all models developed, nepecific micr@omal partitioning was modeled to provide
accurate unbound inhibitor concentrations. While there are reports for multiple binding to
phospholipid bilayer using Nanodis@dath et al., 200)/it was assumed that lipid has a
single binding site and lipid portioning/bindimgas assumed to be ngaturable. The
advantage of dynamic modeling of microsomal partitioning is predominantly seen for
highly partitioned compounds. There is a shift in the equilibrium after dilution, which can
lead to inconsistent inactivator concentast in the secondary incubation. This shift in

the equilibrium can be accounted for by incorporating dynamic partitioning in the model.
Moreover, since the estimates for &nd k# (equation 3) are obtained from

measurement of, kic and fixed during thenodeling process, it does not impact the

number of parameters to be estimated from the model (for more discussion on impact of
lipid partitioning on TDI kinetics, see chapter 6).

The kinetic models developed in this chapter range from simple MM modasnjplex
sequential models with multiple binding. Model fitting of such complex models can
sometimes lead to either structural or numerical identifiability issues. The present

modeling exercise did not encounter structural identifiable issues. One réasibins
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was that some of the parameters were fixed (egnét k) based on either experimental
observations or assumptions, rendering the models structurally identifiable. Further,
numerical identifiability was resolved by varying the initial estimafaéb® parameters to
be estimated. By varying the initial estimates and allowing the model to run without any
constraints resulted in either lack of convergence or convergence at one parameter
estimate. This process resulted in a unique set of parameggesting a single solution

to that pair of model and dataset. However, this did not work for the MA dataset.
Numerical identifiability was a problem with the MA dataset where the model was not
able to parameterizeskHence, sensitivity analysis was penfied to resolve the

numerical identifiability issue for MA. There was lack of model identifiability with some
datasets/models. To resolve the lack of model identifiability, more data in terms of
inactivator concentration will be needed. Inactivator conaéntrs will help to

distinguish between models. For example, double binding site models and inhibitor
depletion model for DTZ and VER essentially give the same fit. Both models tend to
decrease the free inhibitor concentration in the system which impiteeréis The double
binding model diverts the free inhibitor concentration to bound form (EIl) while the
inhibitor depletion model depletes the free inhibitor concentration by metabolizing the
inhibitor. Another concern that arises while fitting complexdeie with many

parameters is overfitting. Overfitting will prevent the general use of a developed model.
In the present modeling exercise, overfitting was avoided by making sure the ratio of
number of data points amdinber of parameters to estimat@ds nore than 1{Harrell

et al., 1984Harrell et al., 1996
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CYPs, especially CYP3A, akmown for showing atypical kineti¢gorzekwa et al.,

1998 Hutzler and Tracy, 20QAtkins, 2005 Tracy, 2006 Denisov and Sligar, 20}2
There has been significant development in terms of m&tiaunderstanding and
accounting for atypical kinetics in-vitro in-vivo extrapolation(Houston and

Kenworthy, 2000Kenworthy et al., 2001Galetin et al., 2003Houston and Galetin,

2005 Davydov and Halpert, 2008 ang et al., 2012 However, the effect of atypical
kinetics on irreversible kinetics has mostly been ignored and there has not been much
development to account for atypical Kiles. The standard replot method does not
consider atypical kinetics shown by CYPs because of its inherent assumptions. The Hill
coefficient has been used to describe the measure of cooperétiitl{y1910). A

modified replot method incorporating the Hill coefficient has been proposed to account
for atypical behavior in CYP inactivatigiNagar et al., 2014bAtypical behavior can be
diagnosed in the plot obis Vs [I] if the plot deviates from the typical hyperbolic curve.
The problem with such ahyais is that since only the linear part of the PRA plot is used
for calculation of kpsthe atypical behavior is masked in the plot @fks [I] and it is
difficult to clearly diagnose atypical kinetics. PRs could be good diagnostic plots

for atypical kinetics. Asymmetric PRA plots suggest atypical kinetics. For example, for
the range of inactivator concentrations which afel@ diluted, the distribution of the
percent activity remaining will be asymmetric with respect to concentratiorpitaty
kinetics is involved. Atypical kinetics could result from any of the following reasons:
inhibitor depletion, multiple bindingsimultaneous activation and inactivation, protein
heterogeneity and extensive lipid partitioning (further discussion dbitoihdepletion

and lipid partitioning is in chapters 5 and 6 respectively). The numerical method offers a
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good way of analyzing the impact of all these different phenomena on TDI kinetics and
estimate better K and knactby accounting for many of tke factors.

A disadvantage of using the numerical method is the complexity of the models and the
number of data points required for developing complex models. In the present study, the
total number of time points for various inactivators ranged from 18 té\nalysis was

also performed with fewer data points. Similar parameters were obtained with
comparable errors with an 8 x 8 matrix (8 inhibitor concentration gimde8points) as
compared to 8 x 12 or 8 x15 matrices (table 4.16). Generating an 8 xi8 onaore

might be challenging in the early drug discovery phase. However, an 8 x 8 matrix was
sufficient to solve the models presented here. Both very early time points (<5 minutes)
and longer primary incubation time points (> 30 minutes) are requiregpture the lag

in activation, such as that observed with sequential metabolism and the aging of the MIC
respectively

Table 4.16. In-vitro TDI dataset@nalyzedusing numerical methodith lesser data pot

Compounds | Parameters | All data 8 data 6 data 5 data
points points points points

TAO K|,u (HM) K|1,u =0.75 K|1,u =0.73 K|1,u = K|1,u =
+0.25 +0.30 0.83+£0.43| 0.75+£0.39

Kizu=198| Kpu=1.84 | Kpu=2.56 | Kpu=

+0.35 +0.47 +0.83 286+1.1

Kinact(min®) | 0.007 + 0.008 + 0.008 + 0.008 +

0.003 0.004 0.005 0.005
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Table 4.16. continued

NDE Kiu (UM) 1.94 + 0.35| Negative | Did not Did not
) estimates | converge | converge
kinact(mln'l) 0.005 £ 9 9
0.005
ERY Kiu (LM) 5.64 + 0.45| 5.36+ 0.54 | 5.35 + 0.66 | Did not
) converge
Kinat(mind) | 0.004+ | 0.006+ | 0.005=+ verg
0.003 0.003 0.004
MA Kiu (UM) 0.62 £ 0.04( 0.61 £0.05| 0.63 +0.07| 0.61 £0.07
Kinact(min) |00 . 01| 00. 01 |00. 01 |00.01
0.001 0.001 0.001 0.001
DTZ Kiu (HM) Kiiu=7.72 | Kpu=7.63 | Kizu=9.26 | Kipu=
+3.29 +3.80 +5.62 7.06 £4.35
Kiu=6.66| Kpu=4.49 | Kpu=3.57 | Kpu=
+1.97 +1.81 +1.91 3.85+2.15
Kinact(min™) | O0 . 00{00. 00¢00. 00900.00
0.001 0.001 0.001 0.001
NV Kiu (UM) Kitu=10.2| Kipu=10.3 | Kpu=9.16 | Kpu=
+2.54 +3.3 +3.12 9.66 = 3.7
Kieu=1.85| Kpu=1.78 | Kpu=2.0 Kiu=2.3
+0.33 +0.43 +0.5 +0.7
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Table 4.16. continued

Kinact(min'?) | 0.01 + 0.01 + 0.01 + 0.01+
NV
0.004 0.004 0.004 0.005
VER Kiu (UM) Kitu=5.31| Kipu=6.52 | Ki1u=7.16 | Did not
+2.11 +4.32 *+6.63 Converge
Kou=5.44| Kpu=4.32 | K2u=4.08
+3.03 +2.13 + 3.59
Kinact(min) | 0.01 + 0.01+ 0.01 +
0.003 0.004 0.004
Kiu (LM) 0.43+0.08| 0.43 £0.11| Did not Did not
PAR Knac(min®) | 0.0L% 0.0L+ converge [converge
0.002 0.004
Kiu (UM) Ki,u=0.02 | Kj1,,=0.03 | Did not Did not
+ 0.005 +0.01 converge [converge
Ki2,u=0.03 | Kp,u=0.02
ITZ
+0.@ +0.01
kinact(min-l) 0004 + 0004 +
0.004 0.005
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Table 4.17. Analysis with last time points

Compoun Last time point analysis Numerical method Kinact/K1,u
d Kiu Kinact (Min~ | Kinact/ | Ki,u (UM) Kinact Kinact | fold
uM) | Kiu (mint) | /Kiu | differenc
e
ERY 1.22+ | 0.009 0.007| 5.64 +£0.45/ 0.004+|0.00 |1
0.16 0.0002 0.003 |1
DTZ 126+ |0.01+ 0.007|19.05+4.58/ 0.00+ |0.00 |14
0.26 0.0 0.001 |1
ITZ 0.03+ |0.01+ 0.41 | Kiu=0.02 [0.004 +|0.18 | 2.28
0.02 0.005 +0.01 0.004
Kiz,u=0.03
+0.02
MA 050+ | 0.01+ 0.009| 0.62+0.04 |0.00+ |0.01 |0.64
0.22 0.001 0.001
NDE 141+ | 0.015+ 0.005|1.94 +0.35 | 0.004 £ | 0.00 | 1.67
1.0 0.003 0.005 |3
NV Cannot be performed Kiz,u=10.13| 0.01 £ | 0.00
+255 0.003 |1
Kiz,u=1.85
+0.33
PAR Cannot beperformed 0.43+0.08 | 0.006 +| 0.01
0.002 |3
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Table 4.17. continued

TAO 0.34 + | 0.009 0.02 | Kipu=0.75 | 0.007 +£| 0.00 | 2.22
0.20 0.001 +0.25 0.003 |9
Kizu=1.98
+0.35
VER 090+ | 0.01+ 0.005|/3.80+0.51 |0.01+ |0.00 |1.67
0.43 0.0@ 0.003 |3

Thecomplexities of the model can be reduced by obtaining experimental values for some
parameters and fixing them while modeling. For example, surface plasma resonance
studies can be performed to obtain experimental data for binding of inactivators. To
reducethe complexity of data analysis of such datasets, another analysis method was
tested in which the last few time points were analyzed (table 4.17). Slopgsvéte

obtained from the PRA plot using only from last 3 to 4 time points for each inactivator
concentration and the standard replot method was used to oltankhac. The fold
difference estimated in the inactivation efficiency ranged from 14 for DTZ to 0.64 for
MA, suggesting that analyzing only the later time points could result inisgmiferrors.

In principle, last time point analysis would result in a comparable estimatgafer k
However, this kind of analysis uses limited time points, which can result in marked error
in estimating kact Calculation of ky,sfrom just 3-4 pointsmakes it vulnerable to errors
which could be the reason for 1 tddd errors in kactestimation with the two methods

of analysis. Further, this method will also cause errors in estimaiingiKinactivators
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which show atypical kinetics. However,ayzing the last time points could be a good

way for getting initial estimates fork:for model fitting.

It was shown by Barnaba et.@Barnaba et al., 20)@hat the aging of the MIC is critical

in determining the rate of inactition. It was observed that¥ecarbene intermediate

can either get reduced to¥=ecarbene which is terminally inactive, or it can release the
carbene to free the active enzyme, resulting in a branched pathway,(kz@rd kin

all kinetic models)For inactivators known to form MIC, agireg MIC was incorporated

in the respective kinetic models. Further, sequential metabolism was incorporated in the
models to account for tifermationof the primary metabolite . However, for ERY it

was observe that simpler models gave a better fit than sequential models. In the absence
of TAO metabolite data, a sequential model was not evaluated. Sequential metabolism is
required to form the MIC for both TAO and ERY, but a lag in inactivation (initially
concae downward PRA plots) is not observed. This suggests that sequential metabolism
may occur without theeleaseof metabolite intermediates.

In the case of TAO, a twbinding site model was able to capture the competitive

inhibition (~8% decrease in activigt 10uM), resulting in a better fit than the single

binding site model. Competitive inhibition is evident from than¥rcept of the PRA

plot (figure4.12. The use of an Ell model was also supported by deviation in the
competitive Kand inactivation K Although TAO is a large molecule (molecular weight
814), it is known that CYP3A4 is capablesnibstraténducedconformational changes.

For instance, binding of ERY dramatically expan{&grawal et al., 201xhe substrate
binding pocket from ~520 %o ~2000 A&. Also, much larger moleces, e.g.

cyclosporine (MW 1203) are metabolized by CYP3A4. Hence, it is possible that two
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molecules of TAO can bind to CYP3A4. It is also possible that more complex kinetic
events such as enzyre@zyme interactions are responsible for the observed kinetic
behavior. However, Ell is the simplest model that captures the observed kinetics.

In the case of ERY, TDI kinetics for the metabolite NDE was also studied in order to
characterize ERY inactivation kinetics. Although the primary metabolite of ERY (NDE)
hasto be formed in order to inactivate CYP3A, a simpler model @UCyave a better

fit to the ERY data than the sequential models. The sequential models, which allow for
the formation of the primary metabolite, did not improve the model fit. Again, the
absnce of a lag time suggests that NDE predominantly stays in the active site where it
inactivates CYP3A. Although a literature report suggests the possibility of multiple
binding of ERY(Ekroos and Sjogren, 20Qénultiple binding events could not be
observed in this study.

PAR, which is known to inactivate CYPs by formation of carbene intermediate, was
observed to be a typical MIC forming inactivator showing concave upward curvature in
the PRA plot. An MIGM-IL model was the best fit model to describe PAR inactivation.
Two-binding model also gave a reasonable fit to the data. However, inhibitor depletion is
the main reason for the atypical behavior observed in the PRA plot. It is also evident
from the fact that the AICc improves markedly when an inhibitor depletion stedesd ad

to a multiple binding model. Moreover, CYP2B6es not usuallghow multiple binding
kinetics(McMasters et al., 2007PAR concentrations were measurethi

preincubation phase. Further discussion on the use of PAR concentrations in estimation

of Ki and kaactis included in chapter 5.
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ITZ is a potent inhibitor and type Il binder of CYfdgoltke et al., 1996Wang et al.,

1999 Galetin et al., 2003sin and Guengerich, 200Foti et al., 201D The PRA plot
generated in this study also showed that ITZ is a very strong competitive inhibitor and an
inactivator. Atypical behavior was evident from the PRA plot. A model with combination
of multiple binding and inhibitor depletion gave the best fit model. ITZ is known to show
multiple binding kinetic§Pearson et al., 200Bocuson et al., 20Q7ITZ metabolites are
also reported to be CYP3A inactivatdlsoherranen et al., 20p4However, there was no

lag observed in the PRA plot, suggesting that metabolites are not as potent as ITZ. The
association rate constiz using surface plasma resonance (SkeRdrted for ITZ are

lower (~100 fold) than that used for in this proj@@earson et al., 20D6A value of 810

UM mint was optimized based on a rapid equilibrium assumption. One reason for this
discrepancy could be th&8PRstudies are performed in the absence of lipids. Moreover,
ITZ is a very highly partitioned compouffidhigam et al., 20Q1Galetin et al., 2005

Rougee et al., 20)7ITZ was found to have multiple binding sites in this project which is
similar to the parallel trajectory model used earlier to describe ITZ kin@@&smson et

al., 200§. Instead of sequential binding, a parallel trajectory model has a parallel binding
mode with different binding constants for two modes.

For VER and DTZ, a lag in inactivation was observed, suggesting that the primary
metabolites fie actual inactivators) are released from the active site. The sequential
models were able to capture the lagniactivation asvell as the atypical kinetics

observed during inactivation. VER is known to exhibit atypical kinetic behéSlun et

al., 2004, and atypical behaat (multiple inhibitor binding) could be observed from the

PRA plots infigure 4.19. For both VER and DTZ, of all the models developed, three
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models were able to explain the observed data by accounting for sequential metabolism,
atypical kineticsandinhibitor depletion. Allmodels gave equally good fits to the data.

The deviation from hyperbolic saturation kinetics observed in the PRA plot (e.g.
sigmoidal saturation curve figure 7G) could be a result of multiple binding, inhibitor
depletion, or both. ie models shown for DTZ and VER include both multiple binding

and inhibitor depletion. To further refine the models, more data (e.g. inhibitor
concentrations during the preincubation phase) will be required. Since inhibitor loss data
was not measured eithior DTZ or for VER, model identifiability was not possible.
Measurement of inhibitor loss during the inactivation phase is important, as evident from
studies where inactivation phase inhibitor concentrations were measured and used to
characterize the THinetics. Burt. et al(Burt et al., 201Rused the progress curve

method where inhibitor concentrations were used in a mechanistic model to estimate TDI
parameters. Zhao et. éZhao et al., 2007jaused a static timaveraged inhibitor
concentration while estimaty TDI parameters for DTZ. Berry et@erry et al., 2018
measured inhibitor losand corrected the Kgshift with inhibitor loss data. It is evident

from these examples that use of inhibitor concentrations will improve the TDI parameter
estimatega discussion on the impact of inhibitor depletion on TDI kinetics is included in
chapte 5).

To our knowledge, this is the first effort to model TDI due to sequential metabolism with
a numerical method. The models developed in this study can successfully capture the
observed lag in inactivation for the parent inhibitor. Parent and metabwlittivation

data were used together in order to develop a single model for sequential metabolism and

inactivation. The kactestimates from the numerical method are Zdid (for DTZ) to
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21.1fold (for TAO) lower than the replot method. Further, sitteereplot method
assumes Michaelis Menten kinetics, it is unable to account for atypical kinetics. The
estimates of K, for inactivators that show Michaelis Menten kinetics (NDE, ERY, MA)
are similar with both numerical and replot methods, whereagadativators that show
nonMichaelis Menten kinetics (NV, DTZ, VER, TAO), estimates are 0.14 fold (for
TAO) to 3 fold (for VER) lower using the numerical method. Chapter 7 discusses the
differences observed in DDI predictions using TDI parameters fronr ¢itb@umerical
method or the replot method.

It should be noted that there might be other factors that contribute to the atypical kinetics
observed in the PRA plots which were not accounted for in the present models.
Conformational change or induced fit deds, protein heterogeneity models, and parallel
binding models are another set of models which could explain atypical kinetics. Two
populations of the same enzymes having different kinetics are reported to be present,
which could also contribute towardadterism(Davydov and Halpert, 200®avydov et

al., 2013. It is worth mentioning that all these processes are not exclusive acel he
different components of different models might be contributing toward atypical kinetics.
This can in fact be observed in cases where multiple models provide similar fits to a
dataset. Different models giving similar fits also suggest that best fitlscale vary
depending on the quality of the data. This can sometimes lead to different results.
However, since the models giving similar fits aegy similar parameter estimates is not

expected to be significantly different from one another.
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Species dierence between rat and human was also observed with CYP inactivation.
ERY was an inactivator in HLM while it was not found to be an inactivator in RLM. This
result aligns very well with the literatu(dueviriyavit et al., 201Pwhere it was

observed that ERY was a very weak inactivataiat liver microsomesLike ERY, VER

was also observed to be a weak inactivator in RLM as compared to HLM. This species
difference was also observedvivo as evident from AUC ratios with MDZ (chapter 3).
Similarly, a speciespecific difference was also olrged for CYP2D, where PAR was
found to be a weaker inactivator in RLM than in HLM. The PRA at the end of 3@tesin
with preincubation of 40uM PAR in RLM was 64% while it was 23 % at the end of 30
minuteswith preincubation of 10 uM PAR in HLM. This coulsk because of

orthologous CYPs in humans and rats. Species difference in catalytic selectivity and
activity has been known for decad&uengerich, 199/Pasanen, 2004Hence
extrapolation of CYP inhibition from rats to human should be done with caution. CYP
humanized mouse models developed in early 2000s can be a good model to #valuate
vivodrug interactiongGonzalez and Yu, 200€&elmlee et al., 20Q8Holmstock et al.,

2013. Although humanized mouse models have shown promise, there are still limitations
with these model@Viuruganandan and Sinal, 2Q0&1ore studies in the future will be
needed to validate the use ofhfanized mouse models.

'Reproduced in part' with permission from Molecular Pharmaceuticsimproved
Predictions of Drugi Drug Interactions Mediated by Time-Dependent Inhibition of

CYP3A, 15, 5, 19791995. Copyright 2018 American Chemical Society
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CHAPTER 5- IMPACT OF INHIBITOR DEPLETION ON TDI KINETICS
5.1.Introduction

In-vitro TDI assays are performed using the standard two step approach either with or
without dilution. Hi storically, an O0ideal 0
have minimalmhibitor depletion (<10 %) by designing short incubation times and a high
ratio of inhibitor to enzyme. However, evaluation of TDI usually involves-a 30
preincubation either with I§g shift assay or the-8tep assay for determination of &d
kinact INncubations for such a long time could result in inactivator consumption of more
than 10 to 30%. The decrease in inactivator concentration over time could impact the
estimates of 16y or K; and knact It was shown by Parkinson et. al, that more than 30% of
the inactivator is consumed or metabolized during-an8tutespreincubatior{Parkinson
et al., 201} I1Cso shift assays are performed for the initial screen for détation of
TDI. A compound causingleft shift in the 1Go curve is considered an inactivator.
Inhibitor depletion could causerght shift in the 1Go curve(Fowler and Zhang, 2008
The ratio of IG/Km of an inactivator is important in this case. A high ratio will result in
a low shift in 1Go, and a low ratio will result in a high shift. Hence for compounds like
ritonavir that are potent inactivators, and also have high metabolic intrinsic clearance
(CLint), the shift in the 16 curve might not be large. Ignorance of inhibitor data could
therefae result in a false negative interpretation. Berry at. al evaluated the effect of
i nhibitor depl est6i cam do s htohwe do & hhiaftt adh hli® i t or
30 mirutespreincubation could result in af@ld increase in the shifted $g&(Berry et al.,
2013. Burt et. al analyzed the TDI dataset using the progress curwsiagnaherein

inhibitor depletion data was also used to simultaneously fit both the inhibitor and probe
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substrate metabolite data to estimat@ud kact. It was shown that use of inhibitor data
resulted in improved fitting. However, Michaelis Menten (Miietics was assumed
while model fitting for all the inactivator®urt et al., 2012
The aim of this chapter is to evaluate the effect of inhibitor depletion on TDI kinetics.
vitro TDI assays were performed with VER and DTZ in recombinant CYP3A4
(rCYP3A4) and PAR in HLM. Primary metabolites for VER and DTZ were also
evaluated for their TDI potency with rCYP3A4. Inactivator and primary metabolite
concentrations in the primary inculmats were measured. The measured inactivator
concentrations along with the substrate metabolite concentrations were used during
model fitting. Model fitting was also performed without the use of inactivator
concentrations to assess the impact of inhilditda on modeling. The goals of this
chapter were:

1. To evaluate the impact of inhibitor depletion on the estimates afitKknact

2. To evaluate if use of inhibitor depletion data in the preincubation phase could

simplify the models developed in chapter 4.
3. To determine the reproducibility of the TDI kinetics generated with HLM in
chapter 4 and to evaluate inrstem differences.
5.2.Materials and Methods
5.1.1. Materials

HLM, rCYP3A4, NADPH solution A and solution B were obtained from Corning life
Sciences, an@otassium phosphate monobasic and potassium phosphate dibasic were
purchased from Fisher Scientific. Diltiazem hydrochloride (DTZ), verapamil

hydrochloride (VER), and midazolam (MDZ), were obtained from Sigma Aldrich. 1
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hydroxy midazolam (DH MDZ) was puchased from Cayman Chemicals.
Norverapamil hydrochloride (NV) and-tlesmethyl diltiazem hydrochloride (MA)ere

purchasedrom Toronto Research Chemicals, Canada.

5.1.2. In-Vitro Incubations
Preliminary experiments to determine time and protein concentratiamygro TDI
assays in rCYP3A4 were performed. Time and protein linearity assays were conducted as
described below.
Time and protein linearity
Time and protein linearity experiment was performed with a matm€¥P3A protein
concentrations and tingoints using MDZ as substrate. To evaluate the protein linearity,
rCYP3A4 at six different concentrations of 1.25, 2.50, 3.75, 5.0, 7.50 and 10 pmole/mL
were used. To evaluate the time linearity, incubations were quenched at different time
points every 2@econds until ~3 minutes. Each incubation was performed in three
replicates in a shaking water bath a@7 Incubations consisted of 0.1M phosphate
buffer, 50 uM MDZ, and NADPH regenerating solutions. Incubation reaction was started
by adding NADPH andiuenched by adding ice cold acetonitdtentaining the IS (DTZ).
MDZ was dissolved in methanol to keep the methanol percentage less than 0.1%. After
guenching the incubations, the mixture was vortexed and centrifuged. Supernatant was
analyzed for substrataeetabolite concentrations.
In-vitro TDI assays
In-vitro TDI assays with HLM ereperformed as described in chapter 4. For rCYP3A4,
DTZ and VER and their primary metabolites MA and NV were tested using a standard

two-step approach for TDI inhibition of ¥ using rCYP3A4 as described in chapter 4.
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MDZ was used as a probe substrate. Briefly, eight concentrations of inactivators prepared
using 2fold dilution scheme were incubated at 37°C with a 0.125 mg/ml suspension of
rCYP3A4 in 0.1 M potassium phosphdegffer, pH 7.4 as a primary incubation. After 5
minutes of preincubation, threactionwas initiated by addition of NADPH regenerating
system (final concentration 1.3mM NADP+, 3.3mM glucégeghosphate, 0.4 U/ml
glucose 6 phosphate dehydrogenase and 3.3m&gjnesium chloride). At specific time
pointsan aliquot (7.5 €l) of the primary incu
incubation (142.5 ¢l) containing probe sub
NADPH. The primary incubation waan for0-60 minues, with data collected at a total
of 12 to 15 time points. The secondary incubation was allowed to run for 2 minutes
followed by quenching witice-cold acidified acetonitrile containing DTZ as the internal
standard. VER was used an internal standarcdlneZ was the inactivator. After
centrifugation at 10000 rpm forrBinutes, thesupernatanivas removed for measuring
the amount of probe substrate metabolite (dextrorphan (DXO) for CYP2D6 and 1
hydroxy midazolam (DH MDZ) for CYP3A4) and inactivator irhe supernatant. L-C
MS/MS was used for analysis of the supernatant. Each assay was conducted in duplicate.
Stock solutions of inactivators and substraezeprepared in methanol. The final
methanol concentration in the primary incubation was less than(@/¢Yo0Assays were
also performed without inactivators to assessthrespecificloss of enzyme activity.

5.1.3. ModelDevelopmenand Fitting
Basic kinetic models were adopted from chapter 4 and further modified if required. The
models developed in chapter 4 were fit to the data from rCYP3A4 without the lipid

partitioning component. The amount of phospholipid present in rCYP3A4 is less as
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compaed to HLM hence significant lipid partitioning is not expedieltMasters et al.,
2007). The assumptions of the model in this chapter are the same as thoseeadeint
chapter 4. Both inhibitor concentrations and probe substrate metabolite concentrations
were used simultaneously for model fittingu End knact Were estimated using the replot
method and numerical method described earlier in chapter 4.

5.3.Results
It was found that the incubation reaction (secondary incubation reactionviomo TDI
assay) was linear until 2 minutes and it was linear at rCYP3A4 protein concentrations
from 1.25 to 10 pmole/mL (figure 5.1). Based on these resdtstro TDI asays were
performed at 125 pmole/mL protein concentration (primary incubation protein
concentration) and 2 minutes of secondary incubation was usiedvitno TDI assays

with rCYP3A4.
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Figure 5.1. (A) Time linearity for MDZ in rCYP3A4 at protein concentrations of 1.25,
2.5, 3.75, 5.0, 7.50 and 10 pmole/niB) Protein linearity for MDZ in rCYP3A4. Data
are represented as mean = SD, n=3 replicates.
PAR depletion was found to be concentration depandé 0.625 uM 60% PAR was
depleted whereas at 10 uM 28 % depletion was observed at the end of 50 minutes. Four

models evaluated in chapter 4 were reanalyzed with the use of PAR concentrations from
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the primary incubation. MI@/-IL was found to the besttfimodel (table 5.1 and figure
5.2) when analyzed along with use of PAR concentrations. The use of PAR
concentrations during model fitting changed the estimates afidknactby 1.41 and
0.83fold respectively (table 5.2). The estimated inactivatiortiefficy was increased by
1.7-fold when PAR concentrations were also used for model fitting (table 5.2).

Table 5.1. Models evaluated for PAR dataset with and without use if inhibitor data.

Parameters withoutse of inhibitor data were obtained from chapter 4. DNC: did not

converge.

Model Without inhibitor data | With inhibitor data
AlCc R2 AlCc R2

MIC -717 0.997 DNC

MIC-M -762 0.998 -1258 0.995

MIC-EII =727 0.998 DNC

MIC-EII-M -758 0.998 DNC
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Table 5.2. Estimates of K, and knact for different inactivators with and withouse if

inhibitor depletion data

a: models used for numerical method, b: from chapter 4, c: assay performed with HLM,

d: SegMIC-M model without inhibitor data and S&4-MIC-M for with inhibitor data

model fitting. DNC: did not converge

Inactivator | Model? | Without inhibitor data With inhibitor Replot Method
data

Kiu (UM) Kinact Kiu Kinact Kiu Kinact

(minY) | (uM) | (min?) | (M) | (min)

PARPC MIC-M 0.62 + 0.09 0.005+| 044+| 001+ | 052+ 0.19=%
0.001 0.08 0.002 0.13 0.01

NV MIC-M 7.12+1.81 0.03+| 587+ 004+ | 640+ 082+
0.01 0.87 0.01 0.90 0.05

VER¢ Seg 20.72+3.39 | 0.03+£| 970+ | 0.04+ |12.17+| 0.34+
MIC-M 0.01 1.38 0.01 3.08 0.04

MA MIC- | Ki1=6.49+3.07| 0.02+ | DNC DNC 434+| 024+
ElI-M | Ki1=0.85%+0.44, 0.01 0.74 0.01

DTz DNC DNC DNC DNC 135+ 014+
0.49 0.01
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Figure 5.2. Model fits for PAR dataset with MK model with and without use of
inhibitor data for model fitting
Kinetic scheme for CYP2D6 inhibition by PAR (40, 20, 10, 5, 2.5, 1.25, 0.625, 0 uM) is
shown in figure 4.21. A: Experimental (points) avitC-M model fitied (solid lines)
PRA plots without the use of PAR concentrations for model fitting. B: Experimental
(points) andMIC-M model predicted (solid lines) PAR concentration. C: Experimental
(points) anadMIC-M model fitted (solid lines) PRA plots with the use of PAR
concentrations for model fitting. D: Experimental (points) BHE-M model fitted (solid

lines) inhibitor depletion plots.

NV was found to be 30% depleted at 20 uM and 70% depleted at 5 UM atitloé &
minutes. The NV dataset was analyzed withfiv'eemodels using the numerical method
as shown in chapter 4. MiWl and MIGEII-M were the best fit models when NV

concentrations were not used for model fitting whereas single binding modelMMIC
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modd) was a better model than the double binding models ¢(EItG or EkI>-M) when
inhibitor concentrations were used during model fit{itadple 5.3) The K and knact

estimated using MI@1 model were 5.87 + 0.87 uM and 0.039 + 0.008 tivhen the
inhibitor data was used for model fitting whereas it was 7.12 + 1.81 uM and 0.032 + 0.01
min! respectively when inhibitor data was not used (table 5.2). The inactivation
efficiency changed by 1-fold when inhibitor concentrations were used while model

fitting. The inactivation efficiency using the replot method was ~ 20 tfm@Shigher

than the numerical method.

Table 5.3. Models evaluated for NV dataset. DNC: did not converge.

Models Without inhibitor data | With inhibitor data
AICc, | Adjusted R? | AlCc, | Adjusted R?
MIC DNC DNC
MIC-M -403 0.9/ -771 0.990
MIC- Elal2 DNC DNC
MIC- El2[>-M | -399 0.97 DNC
MIC-El2l>-MM | -678 0.998 DNC

For VER, sequential models (S&C-M, SegM-MIC-M, SegEII-MIC-M, SegElI-M-
MIC-M, figure 5.3) were evaluated since a lag in inactivation was observedl Seq

MIC-M was the best fit model when VER concentrations were also used for model fitting
whereas Se$/1IC-M model was the best fit model when onDH MDZ concentratios

was used for model fitting (figure 5.4). Seventy seven percent VER depletion was
observed at the end of 60 ratesincubation with 40uM. The percent-situ formed NV

concentrations decreased with decreasing concentrations of VER. The measured NV
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concetrations were 11.58, 5.40, 1.80 uM at the eh@0 minutesincubation with 40,

20, 10 uM of VER respectively. The ldnd knactestimated using SeldIC-M model

were 9.70 + 1.38 uM and 0.039 + 0.008 rhighen the inhibitor data was used for model
fitting whereas it was 20.72 + 3.39 pM and 0.032 + 0.0 'méspectively when

inhibitor data was not used (table 5.2). Thekd khactestimated using replot method
was 12.17 + 3.08 uM and 0.34 + 0.04 rhirespectivelyThe inactivation efficiency

using the replot method was ~ 7 tofb®l higher than the numerical method.
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Figure 5.3. Model fits for NV dataset with MI&V model with and without use of
inhibitor data for model fting
Kinetic scheme for rCYP3A4 inhibition by NV (20, 10, 5, 2.5, 1.25, 0.625, 0.313, 0 uM)
in shown in figure 4.11 except the lipid partitioning component A: Experimental (points)
andMIC-M model fitted (solid lines) PRA plots without the use of NV concentrations for

model fitting. B: Experimental (points) ahiC-M model predicted (solid lines) PAR
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concentration. C: Experimental (points) avitC-M model fitted (solid lines) PRA plots
with the use of NV concentrations for model fitting. D: Experimental (pointshiad
M model fitted (solid lines) inhibitor depletion plots. E: Plokefsversus [I] for the
standard replot method with linear data points (n = 5 points).
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Figure 5.4. Kinetic schemes evaluated for VER dataset.

For MA, four models were evaluated, MIC, MIZ, MIC-EIl and MIGEII-M. None of

the models converged when MA concentrations were used for model fittingENHKZ

was found to be the best fitodel when only OH MDZ was used for model fitting
(figure 5.5). K and knactobtained from the replot method were 4.34 + 0.74 pM and 0.24
+ 0.01 min' respectively whereas using the numerical method tlee& knactwere
estimated to be 6.49 + 3.07 pAnd 0.019 + 0.008 mih
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Figure 5.5. Model fits for VER dataset with and without use miibitor data for model
fitting

Kinetic scheme for rCYP3A4 inhibition by VER (40, 20, 10, 5, 2.5, 1.25, 0.625, 0 uM) in

shown infigure 5.3 A: Experimental (points) and SEHC-M model fitted (solid lines)
PRA plots without the use of VER concentrations for model fitting. B: Experimental

(points) and SetIC-M model predicted (solid lines) VER concentrations. C:

Experimental (poinfsand SeeMIC-M model predicted (solid lines) NV concentrations.
D: Experimental (points) and S&4-MIC-M model fitted (solid lines) PRA plots with
the use of VER concentrations for model fitting. E: Experimental (points) antSeq

MIC-M model fitted (solil lines) VER depletion plots. F: Experimental (points) and Seq

M-MIC-M model predicted (solid lines) NV concentrations. G: Pldt.gfversus [I] for

the standard replot method with linear data points (n = 5 points).
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Figure 5.6. Model fits for MA dataset without the use of inhibitor data for model fitting.

Kinetic scheme for rCYP3A4 inhibition by MA (40, 20, 10, 5, 2.5, 1.25, 0.625, 0 uM) in

shown in figure 4.11 A: Experimental (points) avitC-Ell-M model fitted (solid lies)

PRA plots without the use of MA concentrations for model fitting. B: Experimental

(points) anadMIC-EII-M model predicted (solid lines) MA concentrations. C: Pldt.g$
versus [I] for the standard replot method with linear data points (n = 4 points).

DTZ was found to be depleted by 33% at the end of 6@itesmcubation with 40uM.

For DTZ, SegMIC-EMM-M and SegMIC-M were evaluated with and without the use

of DTZ concentrations. None of the models converged. HenaadKkiactcould not be

calculated using the numerical method. Theakd kact estimated using replot method

was 12.17 + 3.08 uM and 0.34 + 0.04 rhirespectively.
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5.4.Discussion
One goal of this chapter was to evaluate intersystem differences between rCYPs and
HLM. Recombinant CYPs have been known to have differences in terms of activity,
expression of accessory proteins. There are differences reported in lipid composition
between rCYPs and HLM. Further, the lipid composition can influence the activity and
the expession levels. These differences have led to development of relative activity
factors. In general, rCYPs tend to have a higher activity and less partitioning as compared
to HLM (Venkatakrishnan et al., 200Rakajima et al., 20QZ5aletin et al., 2004
Proctor et al., 20QZ&moto et al., 20065tringer et al., 20Q%arkinson et al., 2010
Crewe et al., 2001In the present study, it was observed that rCYPs had higher activity
and were less stable than HLM. The averagghs in the models) fromCYP3A4 assays
was found to be ~55 mitkes! whereas it was ~ 32 mites! from HLM (from chapter 4).
Further, the norspecific loss in activity was higher in rCYPs than in HLM, represented
by the rate constant kn kinetic schemedshe averagedestimaed from rCYPs and
HLM was 0.014 ({2 = ~ 48 minuteg and 0.0053 mit (t12 = ~ 131 mimteg
respectively. These differences could be due to the different ratios of cytochrome P450
reductase (OR)/CYP ratios in both the systems. The ratio of OR/CYP érasdported
to be critical for CYP activityVenkatakrishnan et al., 2008akajima et al., 2002
Galetin et al., 2004 Unfortunately, this information was not characterizetonse.
Further, it has been observed that kinetic parameters obtained from rCYPs tend to more
potent. Similar to literature reportatkinson et al., 2005Wang et al., 200%Zhou and
Zhou, 2009Rock et al.2014), the inactivatio efficiency of inactivators were found to

be 1.6 (MA) fold to ~15 fold (DTZ) higher in rCYPs than HLM.
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Berry et. al and Parkinson et.al. have shown that inhibitor depletion is critical in the
interpretation of 1o shift data. It was shown that inhibitor depletion can range from 12%
(for tienilic acid) to 100% for (mibefradil). In the present study, inhibitor depletion
increased with decreasing inhibitor concentration. For, PAR, 60% depletion was
observed at the eraf 50 minute at 0.625 pM. Inactivators studied with rCYP3A4 also
showed significant depletion (77%, 35%, 33% and 32% for VER, MA, DTZ and NV
respectively at the end of 60 minutes at the highest incubated concentration tested for
each inhibitor). Model fting was performed both with and without the use of inhibitor
concentrations. The goal of using the inhibitor concentration along with the substrate
metabolite concentrations for model fitting was to evaluate whether use of inhibitor
concentrations woulomprove the fitting and thereby result in better estimates fankd
kinact FOr PAR, the inhibitor concentrations are reasonably well predicted (figure 5.1 B)
as compared to observed (figure 5.1 B) when PAR concentrations were not used for
model fitting. This suggested that use of inhibitor concentrations for model fitting would
not improve the model fitting significantly. However, use of inhibitor concentrations
resulted in 1.7old change in the inactivation efficiency. Also, PAR predicted
concentrations from the model fittings are slightly overpredicted as compared to the
observed suggesting other metabolic pathways of PAR which are not inhibited. PAR is
known to be metabolized by several enzymes. Approximately 5% of PAR is metabolized
by nonrCYP2D6 patbways(Jornil et al., 201

In chapter 4, it was found that MHEII-IL, MIC-EII-M-IL and MIC-EIlI-MM -IL models
were the best fit models for NV. Since the AICc difference was not matkedimplest

model i.e. MICEII-IL was chosen as the best fit model. In this chapter, the NV dataset
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was generated with rCYP3A4 and modeled either using only-@id MDZ

concentration or using bothQH MDZ and NV concentrations. It was found that two
models, MIGM and MIG-EII-M, were found to be the best fit models when onlyH

MDZ concentration was used for model fitting. The AICc difference was less than 4
between the two models. This result is similar to the model fitting results using HLM in
chaper 4. A significant inhibitor depletion was observed for NV (32% at 20uM and 70%
at 5 uM) using rCYP3A4. Hence, a model not having an inhibitor depletion step (MIC
Ell) did not converge. Inhibitor depletion could result in concave upward curvature and
asynmetric distribution (with respect to concentration) in the PRA plots. Further, double
binding everd lead taatypical kinetic{Korzekwa et al., 1998eaulting in asymmetry in

the PRA plot. Double binding also results in decrease of the free inactivator concentration
as some fraction of inhibitor is bound to enzyme as EIll complex. Hence incorporating
either inhibitor depletion or double binding step tolA Kinetic model will improve the
model fitting. Since both these events have similar effects on TDI kinetics it might not be
possible to differentiate between the two types of model in the absence of inhibitor
depletion data (as seen in chapter 4 for NWases where multiple models have similar
fits, use of inhibitor concentrations from the inactivation phase would result in
simplifying the model complexities as evident from the NV dataset. Inhibitor
concentrations also simplified the model for VERagat as compared to the model from
HLM. A single binding model for VER with depletion was found to be the best fit model.
In chapter 4, a double binding model was required to explain the kinetics of inactivation
of VER. The reason for this discrepancy ebié due to lipid partitioning in HLM and

more activity in rCYPs. The unbound fraction of VER in HLM is 0.32. Further, the
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activity of rCYPs was found to be higher than HLM, which could lead to increased VER
depletion in rCYPs. A decreased partitioning@YPs and increased metabolism led to a
simpler model. An effect of less partitioning could also be observed from the lag time
observed in the PRA plots of VER. The lag time observed in rCYPs is less than that
observed in HLM.

For MA, a double binding nmael was found to be the better model as opposed to a single
binding model in HLM (chapter 4). The inactivation efficiency was also found to be 1.6
fold higher in rCYPs than HLM. The difference in the kinetics could be the result of
decreased lipid partitiong. Lipid partitioning in HLM could have masked the double
binding kinetics observed in rCYPs. Furthermore, lipid composition is also reported to
be different in rCYPs than HLM. The difference in lipid composition could also influence
the kinetics. FODTZ, none of the sequential models evaluated converged, and further
modeling efforts might be required in order to fit the models. A different model fitting
process might be needed for using inhibitor data for model fitting in terms of fixing of
some paramters for allowing the model to converge, or weighting the data By 1/y
instead of 1/y. In this project, inhibitor depletion was modeled as a linear process.
Although modeling using the linear process is simple, it is not able to capture the kinetics
of the examples studied. It was found that the inhibitor concentrations were over
predicted in some cases (e.g. MA). In such cases, modeling inhibitor depletion as a
saturable process would improve the fitting. Modeling the atypical metabolism of
inhibitor would also improve the model fitting. Future modeling efforts might be needed

to model the inhibitor depletion with a saturable process.
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In summary, it was found that data generated using HLM was reproducible with rCYPs
with some changes observed in the kiretFurther, there was significant inhibitor
depletion observed during the inactivation phase, suggesting that monitoring inhibitor
depletion could be useful and can be used for estimating better parameters. The use of
inhibitor concentrations while modfdting was able for simplify the complex kinetic

TDI models (VER and NV).
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CHAPTER 6- IMPACT OF PARTITIONING AND TRANSPORTERS ON TDI
KINETICS
TDI kinetics may be influenced by lipid partitioning, leading to misinterpretation of TDI
data. Further, for irdivators that have poor permeability, transporters (both uptake and
efflux) could confound the TDI parameters obtained from hepatocytes. The aim of this
chapter is to evaluate the effects of partitioning and permeability of TDI kinetics. The
chapter is diided into two parts. Part | is a discussion on lipid partitioning and part Il is a
discussion on transporters.
6.1. Impact of lipid partitioning on TDI kinetics
6.1.1. Introduction
Microsomes have been routinely used as a drug metabolism enzyme source for evaluation
of metabolic parameters for decadébang et al., 203 Xnights et al., 2016
Microsomes are endoplasmic reticul@ractions containing a high amount of
phospholipids. Human liver microsome (HLM) and rat liver microsome (RLM)
compositions are simildiWard and Pollak, 196 askell et al., 1982 HLM and RLM
have a total of 1032 pug and 610 ug lipid per mg protein respecti@elyc, 1993
Phospholipid is reported to be around 0.51 mg per mg protein in ([Ekhster et al.,
1962. A high quantity of phospholipids in microsomes leads to nonspecific microsomal
partitioning of drugs in membran@glargolis and Obach, 200Blagar and Korzekwa,
2012.
Partitioning of drugs in membranes decreases the free drug concentration, which
necessdtes measurement of unbound fraction in microsonogg) (Parameters obtained

from in vitro metabolism assays need to be corrected for binding/partitioning to obtain
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unbound parameters (e.g.uX There are several studies reported in the literature
denonstrating the importance of correction of microsomal binding and its effect on
predicted pharmacokinetic paramet@bach, 19970bach, 1999McLure et al., 2000
Kalvass etl., 2001 Austin et al., 2002Margolis and Obach, 2008lagar and
Korzekwa, 2012 Drugs can range from very highly partitioned compounds, e.g.
itraconazole and amiodarofishigam et al., 20Q1dsoherranen et al., 200&aletin et al.,
2005 to minimally partitioned compounds, e.g. diclofenac and ibupr@@rach, 19998
depending on their plsjochemical properties. Compounds with higher Log P tend to

highly partition in microsome@Nagar and Korzekwa, 20)2

Cytochrome P450s (CYPs) are major drug metabolizing enzfiedsert and Russell,
2002. Inhibition of CYPs can lead to significant drdgug interactions (DDI). Time
dependent inhibition (TDI) is an irreversible form of inhibition which can cause severe
pharmacokinetic interactions and adverse reac{iéoken et al., 199Mullins et al.,

1998 Galetin et al., 20080bach et al., 20Q6reo et al., 2011 (Venkatakrishnan and
Obach, 2007Watanabe et al., 20QZhou et al., 200/ The most commonly used

vitro method is a standard twstep method to evaluate TDI as described in chapter 4.
This assay can be performed with either dilution or-ditution step(Grimm et al.,

2009. There has been considerable discussion in the literature regarding the advantages
and disadvantages of using either dilution or nondilution met{Ralkinson et al., 2011
Nagar et al., 2014aA prerequisite of the dilution method is the o$a high

concentration of microsomal protein (usually >0.5mg/ml) in the preincubation phase.
This can cause significant microsomal binding or lipid partitioning, decreasing the free

inactivator concentrations, and ultimately causing an error in estinatkon Although
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the FDA, in its most recent DDI guidance, does not recommend using unbofand K

TDI mediate DDI predictioneDDI predictions should be performed using Kstead of

K. DDI predictions catbe significantly different, especially for compounds that are

highly partitioned (eg. Amiodarone K 7.9 uM versus K, = 3.16 nM(Rougee et al.,

2017).

Microsomal binding or partitioning can be mdéekkin two ways, static and dynamic. In

the static approach, total Kan be multiplied by unbound fractions in microsongi¢f

to yield an unbound KKiu). In the dynamic approach, microsomal binding can be
corrected by adding a dynamic step (figare) to the scheme (similar to protein binding)
where inactivator 6106 forms a reversible

forming IL. Free lipid concentration could be assumed to be constiafut = 0).

Lk
L = |

Koft ﬂL

v

Figure 6.1. Scheme showminactivator binding to lipid
I: Inactivator, L: Lipid, IL-Inactivatorlipid complex, kn: association rate constanggk
dissociation rate constant.

In the traditional twestep with dilution method ah vitro TDI evaluation, aliquat of the
preincubation mixture are added to the secondary incubation mixture containing NADPH
and probe substrate. The dilution step causes a shift in the equilibrium of free and bound
inactivator concentrations. The degree of shift depends on the déginearactivator
partitioning. The higher the microsomal binding, the greater is the shift in equilibrium

towards increasing free inactivator concentrations in the secondary incubations (figure
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6.2). Simulations in a typical&epin-vitro TDI assay at e inactivator concentration
(10uM) are shown in figure 6.2. A dilution step was simulated at 10 minutes. Panel A of
figure 6.2 shows that if the lipid partitioning is not modeled explicitly, free inactivator
concentrations do not show any shift in equilim. On the other hand, panels B and C
show the free inactivator concentration with dynamic lipid partitioning.fe¢ &f 0.95

and 0.01 respectively. It can be observed from panel B of figure 6.2 that minimal
partitioning and negligible shift in equililbm is observed for compounds with minimal
partitioning (tmic 0.95 in this case). In panel C of figure 6.2, it can be seen that for
compounds which partition highly in lipids, there is a significant shift in equilibrium
during the dilution step. It carlsa be observed that at time 0, the free inactivator
concentration is 0.1 pM. Panel D of figure 6.2 shows the difference between the expected
and actual fold dilution. For example, for an inactivator withwa 6f 0.2, the fold

dilution will be only 5fold when the expected fold dilution is-2@ld. This will increase

the free inactivator concentration byfald in the secondary incubation. For a potent
inactivator like MBF, RTV and ITZ, an increase ofald in inactivator concentration

might violate theassumption of no inactivation in the secondary incubation. This can lead
to errors in evaluation of TDI kinetics and estimation of TDI parameteran@ knacy

and therefore errors in DDI prediction.
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Figure 6.2. Modelingof shift in equilibrium
For a simulated assay with 10uM inactivator concentration affdl@@lilution at 10
minutes. A: Lipid partitioning without IL. B: Lipid partitioning modeled dynamically
with a fumic of 0.95. C: Lipid partitioning modeled dynamilyalith a fumic of 0.01. D:

difference in expected and observed fold dilution at differesmy

CYPs have been known to exhibit atypical kinefldatzler and Tracy, 2002'oon et al.,
2004 Atkins, 2005 Tracy, 2008. It has also been shown in previous studies how
atypical kinetics influence TDI kineti¢&orzekwa et al., 201Nagar et al., 2014b

Barnaba et al., 201&adav et al., 2018 Atypical kinetics(either timedependent or
concentation dependent or bathsually resukiin nonlinear percent remaining activity
(PRA)plots There are several methods reported for diagnosis of non Michaelis Menten
(MM) kinetics or atypical kineticgEadie, 1942Hofstee, 1952Segel, 1979 These

methods can be utilized for diagnosis of atypical kinetics in TDI gk [I] data.

However, as shown earlier, replotting the datacgs/k [I] involves assumptions which
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might not hold true and atypical kinetics could be magKenzekwa et al., 203,4Nagar

et al., 2014h PRA plots generated from-vitro TDI assays are more useful to diagnose
deviations from MM kinetics than to obtain kifeestimates. Atypical kinetics can be
diagnosed in the PRA plots by analyzing the asymmetry spread in the PRA plots.
Atypical kinetics in TDI can result from either multiple binding evdfisher et al.,

197Q Korzekwa et al., 1998 nontequilibrating enzyme populatioiBearson et al.,

2006 Davydov and Halpert, 2008ligomerization of different CYP@enisov et al.,

2009 Davydov et al., 20LPavydov et al., 2015, saturable or nonsaturable inactivator
depletion during preincubatiqiYadav et al., 2013 extensive lipid partitioning, or due to

a combination of thesreasons.

Arguably theequilibrium dialysis (ED) is &etter methodhan other methods (eg.
ultracentrifugation, ultrafiltrationor measirement of unbound fractioriRiccardi et al.,
2015 Di et al., 2017 especially for highly bound compounds. Recently, there was a new
variation of EDi a flux dialysis method was published for measuring unbound fractions
for highly bound compound¥alvass et al., 20)8Although these methods (ED, flux
dialysis) are experimentally preferred methods, variability is stifirecern. In this

chapter, we also hypothesize thatdfcan be estimated from-vitro TDI datasets with
considerable accuracy.

The aims of this chapter were:

1. To evaluate the difference in static vs. dynamic correction of partitioning,
2. To evaluate the ingt of lipid partitioning on interpretation and estimation of
TDI kinetics, and

3. To estimate fmic from in-vitro TDI datasets.
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TDI simulations were performed to generate datasets for evaluation of impact of lipid
partitioning, and experimentad-vitro TDI datasets generated in chapter 4 with
itraconazole (ITZ) and paroxetine (PAR) were evaluated for lipid partitioning. The
experimental TDI dtasets generated in chapter 4 wase used to estimatenfc and

compared with the observed values.
6.1.2. Materials andmethods

Dataset simulations

To evaluate the difference in static vs. dynamic correction of partitioning, simulations
were performed with four modelsvIM -IL (Michaelis Menten model with lipid
partitioning), EIHL (two binding site model with lipid part@ning), MIC-IL (Metabolite
intermediate complex with lipid partitioning) and MEI-IL (Metabolite intermediate
complex with double binding and lipid partitioning). A single dataset was simulated from
each model with an error of 0.01% at differepfdfvalues (0.01 to 0.9) with a Z0Id
dilution. Unbound Kwas calculated using the static approach @s=Kumic Ki. In the
dynamic approach, lipid partitioning was added to models as shown in figure 6.3. TDI
simulations were conducted with two combinai@f parameter values (table 6.1) to
determine if the differences between static and dynamic partitioning correction is data
dependent. For the first combination, all simulations were performed wyikb, ks, ks

and lkas 27 M itj 1850 mint, 36 min't, 270 M itj 2@min' L respectivelyThe
other parametenserefixed as follows: k= 0.1min"! for MM-IL model (figure 6.3 A),
ke=0.1min'%, k;= 270 M Atjke= 0.25min' *for Ell-IL model (figure 6.3 B) ke =
0.3min"%, k; = 0.05 nin'%, ks = 0.02min" * for MIC-IL model (figure 6.3 C) ks = 0.05

min'%, kz = 0.1min' %, ks = 0.05min' %, ki1 = 270min' %, k12 = 0.3min' * for MIC-EII-IL
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(figure 6.3 D) For the second combination, all model simulations were performed with

ki, ko, ks, ks and ks as 27¢ M j 1850 mint, 36 min't, 270e M At 1600min'?!

respectivelyTheother parametenserefixed as follows: k = 0.3min'* for MM-IL

model (figure 6.3 A), k= 0.21min'%, k; = 1500e M  ij ko= 0.2min" *for EIll-IL

model(figure 6.3 B) ke = 0.3min'%, k7 = 0.05 nin' %, ks = 0.02min’  for MIC-IL model

(figure 6.3 C)ks = 0.3min'%, k7 = 0.05min' %, ks = 0.02min' %, ki1 =

1 5 0rain' ‘e ki

= 0.3min' *for MIC-EII-IL (figure 6.3 D) Lipid partitioning was modeled dynamically

as an unsatubde process with akof 2000e M miiamd ks« was fixed usingequation

6.1.

Q

h

h

Equation 6.1

Models with static (without IL component) and dynamic lipid partitioning (with IL

component) were fit to the respectiatasets and the estimated TDI parametersafid

Kinac) Were compared.

Table 6.1. Initial values of parameters used for simulations

Models MM -IL Ell -IL MIC -IL MIC -Ell -IL
Combination 1 | K;y=0.1 Ki1=0.1 Kiu=0.1 Kiu1=0.1
Kinact= 0.1 Kiuz=1.0 Kinact= 0.16 Kiu2=1.0

Kinact= 0.14 Kinact= 0.032

Combination 2 | K|y =3.7 Kiu1=3.703 Kiu=3.704 Kiui=3.704
Kinact= 0.21 Kiu2 = 5.56 Kinact= 0.016 Kiu2=1.0

Kinact= 0.204 Kinact= 0.027
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Figure 6.3. Enzyme kinetic models used for simulating virtual TDI datasets with 0.01%

error.A: MM -IL model. B: EIFIL model. C: MIGIL model. D: MIG-EII-IL model.

To evaluate impact of lipid partitioning on interpretation and estimation of TDI kinetics,
four models were evaluated, MM, MM (Michaelis Menten model without lipid
partitioning), Ell (two binding site model), EIL (figure 6.4). Ordinary differential
equations were constructed for all the models.

TDI simulations were performed with the two models (MiMand EIFIL) with 20-fold
dilution at four different fmic 0.02, 0.1, 0.5 and 0.9. Datasets were generated with log
normal distributed 5% error. Fifiyatasets were generated with both the MMnd EI-

IL models.TDI simulations were performed for ML with a Ky of 0.1 uM (ks = 270

e M tiamd ks = 27 min), and kactof 0.1min'L. TDI simulations for twebinding site
model, EIHL were performedvithka= 2 7 0 ¢, M =a7imim?, ks = 0.02 mint, k

= 270 'dandlegd n0 . 2 5 "!eskentially with &1 of 0.1 uM, Kiu2 of 1 pM,
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Kinactof 0.14min'L. k= 2 7 0 ¢, M= t850nmintand k = 36 min! were same for

both the single andouble binding model.
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Figure 6.4. Enzyme kinetic models used for simulating virtual TDI datasets with 5%

error.A: Ell-IL model. B: Ell model. C: MMIL model. D: MM model

The initial inactivator concentrations used wieedween 0 and 10 uM (with afald

dilution scheme), and preincubation times were between 0 and 60 minutes with 10 time
points for all the models. Initial enzyme and substrate concentration was set at 0.08 and
50 uM respectively. All the four models werdividually fit to each dataset generated

from ElI-IL and MM-IL model at differentdmic. While fitting incorrect models, initial
estimates were varied to allow the model to converge to an incorrect model. For example,

while fitting EIl model to MMIL dataset initial estimates forskand k were varied.
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To evaluate ifn-vitro TDI datasets could be used for estimation.etfdatasets were
generated with MM, Ell, MML and EIFIL models. Of these model four models, MM

and Ell model did not have lipid gaioning component (i.e ukic =1) whereas MML

and EIHL models have high lipid partitioningugic = 0.02). These models represented
two extreme cases, high lipid partitioning and no lipid partitioning. TDI simulations were
performed to generate 100tual TDI datasets with all four models (MM, Ell, ML

and EIHL). These datasets were generated with the same parameters as mentioned
earlier and with 5% error. Model fitting was performed with all the four models to each
of the 100 datasets simulatedm MM and Ell models. For datasets generated from
MM-IL and EIFIL with fumic of 0.02, only models having lipid partitioning (MM and

Ell-IL) were fit. While fitting lipid partitioning models (MML and EIF}IL) to either
datasets, ¢ was parametrizkto estimateyhic. AICc values were used for comparison of
different modelgAkaike, 1973.

All the simulated datasets were generated using the NDSolve function in Mathematica
11.1.1.0 (Wolfram Research, Campaign, IL). The errors incorporated in the datasets were
log normally distributed.

Model fitting

Model fitting was performed with Mathemedi 11.1.1.0 (Wolfram Research,
Champagnédl). The NonlinearModelFit function was used to fit the model to the data
with PrecisionGoal 42, finite difference derivatives with an erdof 3, and 1/Y

weighting.
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Data analysis

The datasets and the data gatedt from model fitting (probe substrate metabolite
concentrations,grameter estimates, parameter errors, and Akaike information criterion
values) were stored for each run. Average values of parameters and parameter errors were
calculated and reportednbound K (Ki.u) was obtained directly from the models

incorporating dynamic lipid partitioning as/ks for the first binding site anklz/ks for

the second binding si{@sing rapid equilibrium assumption). For static models, unbound

K, (Ki,u) wasobtained by multiplying the total |Kvith fumic.

The resultant kact for double binding models was calculated by using the net rate

constant conceffCleland, 197k The equatiomsed for calculating netnkcfor two

binding site models in figures 6.3 B, 6.4 A and 6.4 B was

E equation 6.2

Wherekd i s d&i ven by

The equation used for calculating netdfor two binding #e model in figure 6.3 D was

E equation 6.3

Wherekod i s d&i ven—hkod i s d&i venkbdy i s d&i ven by

The inactivation efficiencyor two binding models was calculated by using thefét

the first binding event and the resultantd
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Experimental data
The datasets generated for different inactivators in chapter 4 were also analyzed with and
without lipid partitioning to providexperimental evidence to the hypothesis of this

chapter.

6.1.3. Results
Single datasets were simulated with 0.01% error with four different models using two
different combinations. It was observed that there could be differences in parameter
estimation betweerhe two methods of accounting for lipid partitioning. 3ebserved
differencesin parameter estimated were data independent. For thdLMitaset
generated with combination 1, there was afald difference in kac/Kiu with the two
methods of lipid prtitioning correction whereas only 1.2% difference was observed for
MM -IL dataset generated with combination 2. However, it was observed that double
binding models tend to have greater fold differences in parameter estimates as compared
to single bindingnodels with the two methods. A higher fold difference was found
between the two methods for MHEII-IL datasets. For combination 1, the maximum fold
difference was 3-3old at fumic of 0.1 whereas for combination 2, the maximum fold
difference was 3-3old at fumic Of 0.01. Irrespective of the model angi value, dynamic
lipid partitioning models always were better compared to static models in terms of

estimating the correcic/ Kiu (figure 6.5 and figure 6.6).
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Figure 6.5. Comparison of the static and dynamic lipid partitioning with four daffier
models using combination 1
A: MM-IL model, B: EIHL model, C: MIGIL model, D: MIGEII-IL model. Blue line:
Blue, orange and grey lines represent simulated, dynamic estimated from model fitting

and static estimation ofk/K, at different fumic respectively.
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Figure 6.6. Comparison of the static and dynamic lipid partitioning with four different

models using combination 2

A: MM-IL model, B: EIFL model, C: MIGIL model, D: MIGEII-IL model. Blue line:

Blue, orange and grey lines represent simulated, dynamic estimatedidel fitting

and static estimation ofk/Ku at different fumic respectively.

Experimentain-vitro TDI datasets generated in chapter 4 were also analyzed using the

static and dynamic lipid partitioning approach. Similar to simulated datasetiuhke

binding model had a greater fold difference in kinetic parameters than the single binding

model. For example, VER and DTZ were analyzed with two models (model 1 is a single

binding model and model 2 is a double binding model in table 6.2). Thdiftdcence in

Kiu with model 2 was 1.64 and 2.78 for DTZ and VER respectively, whereas with model

1 the difference was 0.75 and 1.02. The greatest fold differenog mas observed with

ITZ (31.6 fold). The fold difference for ITZ inids{ Kiu was 0027.
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Table 6.2. Comparison of estimates of iKand knact by static and dynamic mettis

For DTZ, model 1: SetyliIC-M-11L-I>L, model 2: SeeMIC-Elil1- I1L-I2L. For VER,

model 1: SeeMIC-M-Elzl>-11L-IoL, model 2: SeeMIC- Elil1-El2l2-M- I1L-12L. *Double

binding models. i1 used for calculation of inactivation efficiency.

fumic | Compound | Static (Ki X fumic) Dynamic Kiu Fold | Kinact/
Kiu Kinact Kiu Kinact (min- | difference | Kiu
(UM) (min-1) h fold
0.85 DTZz* 2535+ 0.01+ 19.05 0.01+ 0.75 1.31
(model 1) 8.65 0.0004 | +4.58 0.001
0.85 DTZz* 4.74 + 0.01+ 7.75 + 0.01+ 1.64 0.61
(model 2) 1.50 0.0004 3.02 0.001
0.73 TAO* 0.56 + 0.01+ 0.76 + 0.01+ 1.36 0.86
0.20 0.002 0.26 0.003
0.71 NV* 7.40 0.01 + 10.13 0.011 + 1.37 0.80
1.95 0.003 | £2.55 0.003
0.56 ERY 584+ | 0.004+ | 564+| 0.004+ 0.96 0.96
0.76 0.003 0.45 0.003
0.55 MA 0.64 + 0.01+ 0.62 + 0.01+ 0.97 1.01
0.11 0.0004 | 0.04 0.001
0.51 NDE 1.30 0.01L+ 1.50 = 0.004 + 1.15 0.58
0.39 0.005 0.25 0.005
0.32 VER* 3.72 + 001+ | 3.80+ 0.011 + 1.02 1.15
(model 1) 0.76 0.003 0.51 0.003
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Table 6.2. continued

0.32 VER* 1.92 + 001+ | 533+ 0.01 + 2.78 0.41
(model 2) 0.77 0.003 2.13 0.003

0.24 PAR 111+ 0.01 + 0.62 + 0.005 * 0.56 1.50
0.21 0.002 0.09 0.001

0.009 ITZ* 0.0007 +| 0.005* | 0.022 0.004 + 31.62 0.027
0.0001 0.003 +0.01 0.004

Table 6.3. Results for model fittingat MM-IL datasets with 5% error

All four models were fit to the all the datasets with differgpif* K, was calculated as

Ki X fumic
Simulated
Parameters| MM -IL MM* Ell* Ell -IL
with
Kiu1=0.08 +
Kiu1=0.01 £ 0.00 0.01
Kiu 0.1 £0.07{0.13 £ 0.01
K= 0.11 £ 0.04 K,u>=8.66 %
MM -IL
7.97
fumic = 0.02
Kinact 0.1+0.01{0.12 £0.01{ 0.023 +£0.0036| 0.12+0.08
Ki,u=0.1
kinacl/KI,ulz 3.47 kinac{KI,ulz 1.54
Kinact= 0.1 Kinacf Kiu 1.00 0.94
kinac{Kl,uzz 0.21 kinac{KI,u2= 0.01
%
100 100 100 4
convergence
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Table 6.3. continued

Average
-526 -496 -523 -516
AlCc
Average f 0.998 0.997 0.998 0.998
Kiu= 0.1+ 0.01
Kiu1= 0.2 + 0.00z2
Kiu 0.1 £0.07/0.14 £ 0.01 Kiu=7.92 +
Kiuz=0.13 + 0.0
5.35
Kinact 0.1 £0.0010.12 £ 0.01 0.063 = 0.007 0.11+£0.01
MM -IL
kinac{Kl,ulz 3.47 kinac‘/KI,ulz 1.13
fumic=0.1 | Kinac! Kiu 1.00 0.86
kinac{KI,UZ: 0.47 kinac‘/KI,UZ: 0.01
Kl,u: Ol
%
Kinact= 0.1 100 100 100 58
convergence
Average
-579 -499 -575 -578
AlCc
Average f 0.9%8 0.993 0.98 0.98
Kiu=0.1%0.01
Kiu=0.08 £ 0.0]
Kiu 0.1 £0.00§ 0.1 £0.01 Kiu2= 13.66 +
MM -IL Kiu2= 0.55 + 0.15
6.68
fumic: 0.5
0.10 =
Kiu=0.1 Kinact 0.1 £ 0.00] 0.12+0.01 0.11 £ 0.004
0.002
Kinact= 0.1
Kinac/ Kiu1= 1.57 | Kinac/Kiu1=1.1
kinac[/KIu 100 106

kinac{KI,uz =0.22

kinac{KI,uz =0.01
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Table 6.3. continued

%

100 100 56 96
convergencs
Average
-636 -579 -631 -632
AlCc
Average f 0.998 0.995 0.998 0.998
Kiuui=0.1#
Kiwi=0.1+£0.0
0.003
K 0.1+£0.aj0.1+x0a Kiu2=43.51
Kiu2=18.59 +
21.92
1.48
0.10 +
MM-IL Kinact  |0.1 £ 0.00: 0.1140.002 | 0.10 % 0.002
0.001
fumic=0.9
kinacl/KI,ul: 1.07 kinac{KI,ulz 1.08
K|,u =0.1 Kinac/Ku 1.01 1.05
kinac{KI,uzz 0.002 kinac{KI,UZ: 0.0L
Kinact= 0.1
%
100 100 36 100
convergencs
Average
-647 -645 -640 -639
AlCc
Average f 0.98 0.998 0.998 0.998

MM -IL datasets were generated with 5% error at four differgnrtals described in
methods. All the four models were fit to the data and results shown in table 6.3. The MM
IL model is indistinguishable with different models at differentcf At fumic of 0.02,
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MM-IL and Ell models were indistinguishable. But the estimates@fé&nd K., were
different for both the models. The inactivation efficiency.£kK ) was 3.47 for Ell
model whereas it was 1.00 for the MM model. It was observed that as thad
increases, MML and Ell become distinguishable. Atfc of 0.9, model fitting leads to
the correct model (MML has the lowest AICc =647.18). Although at intermediatenfc
(0.1 and 0.5) MMIL and EIFIL models are indistinguishable, the inactivatigtficiency

is very similar, 1.0 vs 1.13 afqfic of 0.1 and 1.0 vs 1.1 atqfic of 0.5. However, it should
be noted that percentage convergence is less than 100%-farr&didel at both fmic
values.

Like MM-IL datasets, EHL datasets were alsgenerated with 5% error at four different
fumic (0.02, 0.1, 0.5 and 0.9). The results for model fitting telEldatasets are shown in
table 6.4. Surprisingly it was observed that percent convergence ftir lBbdel was

low, only 26% afumic of 0.02. Wlereas the convergence was 100% for all othes f
values. Also, atufic of 0.02 Ell gave a better model fit (AlCc for Ell wés3.56 as
opposed t6497.39 for ERIL). However, the percent convergence was only 6% for EII.
At all other fimic values, EHIL was the better model. It was also observed that asithe f
increases both Ell and EIL model gave similar fits and became indistinguishable. At
the lowest §mic (0.02), MM and MMIL models did not converge. The percent converge
of MM and MM-IL increase to 100 % at highamdc but EIl-IL was still the best model.
Although the model fits for Ell and EIL for Ell-IL datasets were similar, the estimate
of kinac/Kiu1 was different atdnic of 0.02. As thedmic increased the estimate ofk/Kiu1
also became similar. The estimates igfckKu1 at fumic 0of 0.02 for Ell and EHIL model

were 1.15 and 0.73 respectively whereasna ¢f 0.9 the estimates were 1.51 and 1.40
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for Ell and EIHL model respectivelyEll-IL datasets atufnic of 0.02 werealso simulated
with a lower percentage error of 0.01 % and model fitting was performed with all the
same four models. It was observed that for datasets with lesser error, convergence for
Ell-IL model increased to 100% fardic of 0.02. Moreover, EHL model was also
clearly distinguishable from Ell model at lower percentage error. AlCc felLEtodel
was-1116.57 whereas AICc for Ell model w#67.14 (table 6.5).

Table 6.4. Results for model fitting t&ll-1L datasets with 5% error
All four models were fit to the all the datasets with differani.f* K,y was calculated as

Ki X fumic. DNC: did not converge.

Simulated
Parameters | MM -IL MM* EIll* Ell -IL
with
Kiu=0.14 £
Kju1=0.005 +
0.05
Kiu DNC DNC 0.001
Ell-IL Kiuz=0.73 £
Kiuz=1.14 + 0.7¢
fumic = 0.69
0.02 Kinact DNC DNC 0.01+0.01 0.1 £0.04
K|7u1: 0.1 DNC DNC kinac{Kl,u]_: 1.15 kinac{KI,ulz 0.73
kinac{KI,u
Kiuwz=1 Kinac{ Ki,u2 = 0.009 Kinac{K,u2= 0.14
Kinact= %
0 0 6 26
0.14 | convergence
Average AICq DNC DNC -504 -497
Average f DNC DNC 0.98 0.98
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Table 64. continued

Kiui=0.01 + Kiuui=0.14%
Kiu 4.67 £2.3]6.58 + 4.4] 0.001 0.001
Ell-IL Kiuz=1.26 + 0.4 K;ui2=1+0.21
fumc= 0.1  Kinact 1+0.45[137+08f 00200 0.14 + 0.04
Kiui=0.1 Kinac/ Ki,u1= 2.19|Kinac{Kiu1= 1.39
kinac{KI,u 0.21 £0.140.21 + 0.1¢
Kiuwz=1 Kinac{ K1,u2= 0.02| Kinac{Kiu2= 0.14
Kinact= %
100 88 100 100
0.14 | convergencs
Average AIC( -464 -461 -559 -560
Average f 0.92 0.9 0.98 0.98
Kiui=0.04 +
Kiu1=0.1+0.
Kiu 2.14 +£0.212.24 + 0.27 0.003
Kiu=1 % 0.07
Ell-IL Kiu2= 1.04 + 0.0¢
fumic= 0.5 Kinact 0.43+0.040.44+£0.04 0.09z0.a 0.14+£0.01
K|,u1: 0.1 kinaclKl,ulz 2.08 kinac{KI,ulz 1.40
Kinac/ Ki1,u 0.2 +0.03 0.2 +0.03
Kiuz=1 Kinac/ Ki,u2= 0.09| kinac{Kiu2= 0.14
Kinact= %
100 100 100 100
0.14 | convergence
Average AIC{ -530 -527 -666 -667
Average f 0.987 0.986 0.98 0.998
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Table 64. continued

Kiu1i=0.09 £ 0.0]1K;4,1=0.1 £ 0.0
Kiu 1.98+0.190 2.0+ 0.20
Kiuz=1.0+0.08 K;u2=1+0.04
Ell-IL
Kinact 0.38+0.010.38+0.04 0.13+0.01 0.14 +0.01
fumic= 0.9
kinac{KI,ulz 151 kinac{KI,ul: 1.40
Kiuz=0.1] Kinac/Kiu 0.2+0.04 0.2 +0.02
kinac{KI,u2: 0.13 kinac{KI,uzz 0.14
Kiuz=1
%
Kinact= 100 100 100 100
convergence
0.14
Average AIC( -558 -557 -709 -709
Average f 0.98% 0.984 0.98 0.98

The experimental datasets were also analyzed without dynamic lipid partitioning. It was
observed that double binding model gave comparable fits as compared to single binding
model with lipid partitioning. For PAR, the two models (MIC-M and MIGEII-M)

were indistinguishable (table 6.6). Similarly, for ITZ, the two models (L@ and
MIC-EII-M) gave comparable fits. However, the AICc difference was more than 4 units.
For NV, the two models gave clearly different fits as evident from the large AICc
difference {810.6 vs-882.5). Similarly, for VER and DTZ, lipid partitioning models

gave simiar fits as compared to double binding models without lipid partitioning. For the
present VER and DTZ datasets, the AICc difference was more than 4 units between the

two models (table 6.6).
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Table 6.5. Results for model fitting to EIL datasets with 5% and 0.01% error

* Ku was calculated as| fumic. DNC: did not converge.

Simulated MM -
Parameters MM* Ell* Ell -IL
with IL
Kiu1=0.01 £ 0.001, |K;u1=0.14 + 0.0§
Kiu DNC | DNC
Kiuz=1.13+0.78 |Kju2>=0.73 = 0.6¢4
Ell-IL
Kinact DNC | DNC 0.01+0.01 0.1 £0.04
fumic: 002
kinac{Kl,ulz 1.15 kinac‘/KI,ulz 0.73
Kl,u1: 0.1, kinac{KI,u DNC DNC
kinac{Kl,uzz 0.01 kinac‘/KI,uzz 0.14
Kiuz=1
convergencd O 0 6 26
kinact: 014
Average
Error = 5% DNC| DNC -504 -497
AlCc
Average f | DNC| DNC 0.98 0.98
Ki,u1= 0.006 = 0.001|K, 1= 0.1 £ 0.00!
Kiu DNC | DNC
Ell-IL KI,UZ: 327 + 029 K|,u2: 1+ 004
fumic = 0.02 Kinact DNC | DNC 0.01 + 0.001 0.14+£0.01
Kiu1=0.1, Kinac/Ki,u1=1 Kinac{ Kiu1= 1.4
kinac{KI,u DNC DNC
Kiuz=1 Kinac{K1,u2= 0.002 Kinac{Ki,u2= 0.14
Kinact= 0.14 | convergenc{ O 0 100 100
Error = Average
DNC | DNC -967 -1116
0.01% AlCc
Averagef | DNC| DNC 0.999 0.999
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Table 6.6. Models evaluated for different inactivators with and without dynamic lipid

partitioning
Compound Models AlCc | R?
ITZ MIC-EII-M -951 | 0.999
MIC-IL-M -958 | 0.999
MIC-EII-M-IL -972 | 0.999
PAR MIC-M-IL -762 | 0.998
MIC-EII-M -758 | 0.998
NV MIC-IL-M -810 | 0.99
MIC-EII-M -883 | 0.999
VER SegMIC-M-Ello-11L-1oL | -753 |0 . D
SegMIC- Elil1-M-Elal2 | -764 | 0.99
DTZ SegMIC-M-I1L-I7L -950 | 0.999
SegMIC- Elil1i-M -956 | 0.999

Further, to determine if.fic can be predicted from the-vitro TDI datasets, 100 virtual
datasets were generated with 5% error with MM and EIl models (no lipid partitioning,
fumic = 1) and with MMIL and EIFIL (with high lipid partitioning, fmic = 0.02). It was
observed that for MM dataset, MMl model estimated &umic of 0.94 + 0.40 (table 6.7).
There was 100 % convergence observed with all models except EllLmldveas
estimated to be 0.92 + 0.31 with #l0 model for MM dataset. Further with Ell datasets,
MM-IL model estimated aic of 0.03 £ 0.00 whereadEIL model estimated aic of

0.55 + 0.06. The convergence of MM model was very low at 6%. Both Ell and L
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were better models than MM or MM for Ell datasets. For the dataset simulated with
Ell-IL model with fimic of 0.02, model convergence wa$s for both MMIL and EIFIL
model. For the dataset simulated with MMmodel with {mic of 0.02, the percentage
convergence for MML model was 100% with the estimate gfif of 0.02 £ 0.009

whereas the percentage convergence was 0% fdL Bibdel.

Experimentain-vitro TDI datasets were also used to estimaie (table 6.8). It was

found that models used for estimation of TDI parameters were also able to esiimate f
along with TDI parameters. There was minimal change in the estimate of TdDhgiars
when timic was parameterized simultaneously with TDI parameters. However, it was not
possible to estimatedic for all the inactivators. For TAO, MA, DTZ, VER and ITZ
models did not converge whegtkvas open for parameterization. For PAR, ERDE

and NV, models did converge and the estimatedwas within 1.5fold of the measured

fumic-
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Table 6.7. Results for model fitting of MM and EIl datasets with 8¥or

All four models were fit to the both thatasets. §& was parameterized anghk

determined. DNC: did not converge. DNC: did not converge

Simulated with| Parameters | MM -IL & Ell-ILS
Kiu 0.1 £+ 0.005| Kju=0.1+0.01, Kuo=12.12 + 4.05
Kinact 0.1 + 0.002 0.11 +0.003
MM kinac{KI,u 104 * 006 kinac{KLu]_: 11, K’IaCl/KLUZ: 001
Kiu=0.1 |% convergeng 100 100
Kinact= 0.1 [Average AICq  -636 -632
Average f 0.997 0.997
fumic 0.94 + 0.40 0.92+0.31
Kiu 0.03+0.004 K;u1=0.12 £ 0.01K,u2= 0.54 £ 0.04
Kinact 0.26 £ 0.01 0.19+£0.02
Ell
Kinac{ K1,u 8.75+0.61 Kinac{K1,u1= 1.53. knac/Kiu2= 0.34
K|,u1: 0.1
% convergend 6 100
Kiuz=1
Average AlCd -694 -710
kinact: 0.14
Average f 0.997 0.9%8
fumic 0.03 +0.00 0.55 % 0.06
MM -IL Kiu 0.1+0.04 DNC
Kiu=0.1 Kinact 0.1+£0.01 DNC
kinact: 01 kinac{KI,u 1.2 +0.52 DNC
fumic=0.02 |96 convergend 100 0
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Table 6.7 continued

Average AICd -526 DNC
Average f 0.998 DNC
fumic 0.02+0.01 DNC
Kiu DNC DNC
Ell-IL

kinact DNC DNC

Kiuz=0.1
kinac{KI,u DNC DNC

Kiuz=1
% convergend 0 0

kinact: 0.14
Average AlCd DNC DNC

fumic =0.02
Average f DNC DNC

Table 6.8. Predicted fmic from thein-vitro TDI dataset€ompared with measureghfc

DNC: did not converga\A: not applicable

Compound fumic measured fumic estimated | Estimated/observed

DTz 0.85 DNC NA

ERY 0.563 0.98 + 0.001 1.74

ITZ 0.009 DNC NA

MA 0.55 DNC NA
MDE 0.51 0.75+0.15 1.47

NV 0.71 0.88 + 0.001 1.2

PAR 0.24 0.23 0.96
TAO 0.442 DNC NA

VER 0.32 DNC NA
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6.1.4. Discussion
Lipid partitioning can be corrected either by multiplying totabl{ fumic or by adding a
lipid partitioning component to the model (figure 6.1). The advantage of modeling lipid
partitioning explicitly is that any shift in the edjbrium is captured, as evident from
figure 6.2. Modeling lipid partitioning dynamically captures the free inactivator
concentratiorwhereashe static wayloes notThis will lead to over prediction of
inactivation efficiency. The overprediction of inaetiion efficiency will be more
pronounced for highly partitioned inactivators (example ITZ in table 6.2). Further, itis
evident from both simulated (figure 6.5 and 6.6) and experimental data (table 6.2) and
that the difference in estimation afd/Kl,u is more with double binding models than
the single binding model. In the case of VER, two models;NBE}M-Elalo-11L-12L
(single binding model) and S&@dIC-El1l1-El2l>-M-11L-12L (double binding model) gave
similar fits to the data (chapter 4). These twodels were also fit to the VER dataset
without lipid partitioning. The fold difference with the double binding model was higher
(0.41-fold) than the single binding model (1-1&d) with and without lipid partitioning.
Similarly, for DTZ the fold differace was 0.61 and 1.31 with the double and single
binding model respectively. Although the fold differenceiigck<iuis not very big
(figure 6.5 and 6.6), it will depend on the quality of data. In general, the dynamic method
of lipid partitioningaccurately estimates theds/Kw (figure 6.5 and 6.6) irrespective of
the {imic values.
Another disadvantage of not using the dynamic method is that the PRA plot will appear
asymmetric (for highly partitioned inactivators) and will give a false imprassi

double binding kinetics, as evident from table 6.3. AICc for MMnd Ell model fits to
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MM-IL (fumic 0.02) datasets wer826.01 and523.005 respectively, showing that the
models were indistinguishable. This could result in incorrect model faimagerrors in
parameter estimation. Theds/K,u1ratios for EIl model and MML model were 3.47

and 1.003 respectively {8ld difference). This can further lead to overprediction of TDI
mediated DDI. Asymmetric appearance of the PRA plots will natdserved for less
partitioned inactivators if the inactivator inherently does not have multiple binding
kinetics. The AICc for MMIL and EIl model fits were647.2 and639.6 for MMHL

dataset withgmic of 0.9. Moreover, the percent convergence of Ell eh@glonly 36%. In
other words, lipid binding appears as a second binding event. This is also evident from
experimentain-vitro TDI data. In the case of PAR, both MNZ-IL and MIC-EII-M

models gave similar fits (AICc for MK -IL and MIC-EII-M model were-762.3 and
757.8 respectively). However, the AlCc difference between the two models was more
than 4 suggesting MK®8-IL model as the better model. Moreover, CYP2D6 is not
known b show double binding kinetigMcMasters et al., 20071n principle, both the
double binding model and the lipid partitioning model are decreasing the free inhibitor
concentrations, resulting in similar fits. The distinguishabilityveen the models will
depend on various factors such as the quality of the data, mechanistic knowledge of
inherent double binding kinetics of the inactivator, membrane/solvent partition
coefficient of the inactivator, and the relative affinity of the inator between lipid and
CYP3A4. For example, in the case of NV, AlICc for the model fit for MIEGL was-
810.6 whereas for MIKEII-M was-882.49, clearly suggesting double binding model as

the better model. NV is known to exhibit atypical kine{iken et al., 2004
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Both kinetic phenomenaddble binding and lipid partitioning) are independent events
and can happen simultaneously depending upon the physiochemical properties of the
compound. Models may not be able to distinguish between the two phenomena for high
partitioned compounds due tagh covariance. It can be seen from table 6.4 that the
percentage convergence of fillmodel was only 26% for EIL dataset of fmic of 0.02.

The percentage convergence increases to 100% fdék Bibdel for the EHIL with fumic

of 0.1 dataset. Furthdgll-IL was always the best fit model (100% convergence) to the
TDI simulations with 0.01% error (table 6.5). This suggested that even at 5% error,
inactivators showing multiple binding kinetics and high lipid partitioning (like 1TZ)
parameterization mighte difficult to model. The reason for the low convergence of the
correct model atufic of 0.02 is becauseland kg in figure 6.4 A and B are highly

correlated (>0.98). Hence model fitting was not able to parameterize the second binding
in the presencefdigh lipid partitioning (a third binding event if lipid is considered as a
binding site). Model fitting procedures for such datasets might be challenging and might
require fixing of a few parameters.

Although multiple binding and lipid partitioning arkighly correlated, the two events are
not always indistinguishable. In the case of ITZ, models incorporating both the events
(MIC-EII-M-IL) were the best fit models (table 6.6). For ITZ, The AICc was the lowest
for the MIGEII-M-IL model. In general, it aabe observed from the simulated data

(table 6.3) and the experimental data (table 6.6) that lipid partitioning can be
misinterpreted as a double binding event. Hence, while development of kinetic models,

lipid partitioning should be accounted for expligit
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Determination of fmic was performed with virtual and experimerntalitro TDI datasets.
Models representing two extreme cases were chosen to simulate datasets, one with high
partitioning (MM-IL and EIFIL each with fimic of 0.02), and the second maaethout

lipid partitioning (MM or EIl). MM-IL and EIFIL models were fit to each of the datasets
(table 6.7). For the MM dataseimk was determined to be 0.94 £ 0.4 and 0.92 + 0.31
with MM-IL and EIFIL models respectively. The estimategif valuesof 0.94 + 0.4 and
0.92 + 0.31is close to theyhicof 1 which was used for generating datasette average
estimated fmic would never result infic of 1. The reason for this is thiie virtual

datasets generated will always hakewed distributiomf fumic which will result in a
skewed mean of 0.94 or 0.92 instead of 1. For the Ell datasetnifestimated with the
MM -IL model was 0.03 £ 0.@WO01 This case is similar to the fitting of EIl model to
MM-IL dataset witha truefumic of 0.02 and coroborates the earlier discussion that high
lipid partitioning could be mistaken as double binding. Surprisingly, the estimatgcof f
with the EIFHL model for Ell dataset was 0.55 + 0.b8tead of close to. The Ell

dataset used for generating data$etd admic = 1. This estimatedufnic was 1.8fold less
than the actualhic of 1. The fimic estimation for high lipid partitioning datasets (MM

and EIHL with fumic = 0.02) was 0.02 with the MNL model for the MMIL dataset.

Ell-IL model did not onverge for EHIL and MM-IL datasetSimilarly, models MMIL

and EIHL for Ell-IL datasets did not converge. Lack of convergence oflEtd the EIF

IL dataset with fmic 0.02 supports the previous discussion that double binding and high
lipid partitioning are highly covariant and hence could not be parametrized. For similar
reasons,uhic estimation using thm-vitro dataset was not possible for the ITZ dataset,

which shows both double binding kinetics and has high lipid partitioning (table 6.8). In
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general, it was possible to estimateif for compounds having single binding kinetics.
For compounds showing double binding kinetics, the models did not converge and hence

fumic could not be estimated.
6.2. Effect of transporters on TDI kinetics

6.2.1. Introduction
More than 400 membrane transporters have been identified in the human genome
(Giacomini et al., 2010 and are classified into two m&emilies: the ATP binding
cassette (ABC) family and the solute carrier protein (SLC) fa(flgcomini et al.,
2010. The role of transprters in drug ADME is appreciated in preclinical species and
also in humangSzakacs et al., 2008hugarts and Benet, 2009 hese transporters can
either be uptake transporters that transfer thg cholecule ito the cell or efflux
transporter which transfer the molecule outside the cell. Hence, an uptake transporter
increases the intracellular concentration whereas an efflux transporter and DMEs
decrease the intracellular concentration. Theretbesinterplay between DMEs and
transporters plays a very important role to determine the intracellular concentration at the
site of action for TDI. Moreover, it has been observed that DMEs and transporters often
have common substrates. For example, Did ¥ER both are substrates for both
CYP3A4 and Rylycoprotein (Pgp) (Yusa and Tsuruo, 198SSimilarly, ERY is known
to be a substrate for organic anion transporter protein (OATP)gitduPnik et al.,
2006. Hence, interpretation @fi-vitro data from hepatocytes while excluding the
presence dfransporters can be misleading.
Hepatocytes are good models to study the interplay between transporters and DMEs

(Zhao, 2008 Although microsomes and recombinant enzymes provide a convenient
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matrix for TDI assays, they do not representitheévo situation. Hepatocytes have the
advantage of having all the metabolic machinery including phase Il metabolic enzymes
ard transporters. Several studies have reported over prediction of TDI mediated DDI
based on microsomal or recombinant CYP data. DDI predictions using TDI parameters
obtained from hepatocytes tend to be bétiao et al., 2011Mao et al., 201p It is
observed that the Kand knact parameters which are obtained from microsomes are
different than those from hepatocy{®cGinnity et al., 2006P Li and Doshi, 2011

The inactivation efficiency (kc/Kiu) estimated from hepatocytes is 2 tofb@ lower

than that obtained from microsomes (table 6.9).

There could be many possible reasons for the discrepancy in estimation of inactivation
efficiency between micrasnes and hepatocytes: nonspecific binding to hepatocytes,
intracellular concentrations different from media concentrations, assay conditions, and
inherent variability in hepatocyte assays. Moreover, while conducting data analysis of
hepatocyte TDI data, nd& inhibitor concentrations are used for calculatinghd knact

For compounds like ERY and RTV, which are uptake transporter substrates, use of media
inhibitor concentrations for calculation of TDI parameters might lead to errors. {The K
for ERY in ra hepatocytes was reported to be ~ 30 to 40(hdn et al., 2006Yabe et

al., 201). The range of ERY concentrat®nsed for estimating TDI potency of ERY in
human hepatocytes is 0 to 300 |{®hen et al., 201)bTo our knowledge, Kfor ERY

is not reported for any uptake transporter in human hepatocytes. In the absence of
reported k, value for ERY in human lpatocytes, assuming similamKkrom rat

hepatocytes uptake will be saturated at higher concentrations typically used for TDI
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assays. This could result in lower inactivation and hence lower estimation of inactivation

efficiency from hepatocytes.

Table 6.9. Comparison of kKac/K| from HLM and hepatocytes. Data frai@hen et al.,

20119
Kinact/K|
Compound Fold difference
HLM Hepatocytes
DTZ 0.016 £ 0.001 0.0031 5.16
VER 0.024 £ 0.003 0.0116 15
ERY 0.013 £ 0.005 0.0013 10
TAO 0.205+0.18 0.079 2.6

6.2.2. Future Studies

The goal of this projeatasto evaluate the effect of transporters on TDI kinetics. To
determine the effect of transporters on TDI kinetics, the following experiments could be
performed with inactivators that are substrates for uptake and transporters and efflux
transporters, ERYKirn et al., 1999Frassetto et al., 200Auppertz et al., 2011
Lancaster et al., 20)12nd ritonavir (RTV)Lee et al., 1998Parker andHouston, 2008
Both ERY and RTV are substrates for OATP angilbPHence both the uptake and efflux
transporter could be evaluated for each drug.

a) In-vitro uptake experiments with ERY and RTV to determine the uptake

parameters (Km and Vmax) in sandwiclitared rat hepatocytes
b) In vitro efflux assays to determine the efflux parameters of ERY and RTV

c) In-vitro TDI assays in sandwich culture hepatocytes
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d) Develop a mechanistic modgg. figure 6.7using the uptake and efflux
parameters determined in (a) gl for prediction of intracellular concentrations
of the inactivator. This intracellular concentration then could be used to predict K
and knactusing data from experiment c)
e) In-vitro TDI assays with recombinant CYPs
f) In-vitro TDI assays in sandwich culie hepatocytes in presence of uptake
transporter inhibitor (Rosuvastatin).
These sets of experiments will be helpful to determine if the model is able to predict
intracellular concentrations and thereby predicaifd knact The mechanistic model
could henbe combined with compartmental model for prediction ofithévo
concentratiortime profile.
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Figure 6.7. Mechanistic model used for prediction ofdd khactin hepatocytes
This project will give an insight of whether presence of transporter influence the TDI
kinetics. The advantage of the proposed model is that it involves all the dynamic process
known for the disposition of the inactivator. Moreover, if intracellular comagons

predicted from the model are used for estimation of TDI parameters the estimates of TDI
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parameters would be close to the real number. Therefore, this might help to improve the
prediction of TDI based DDIs. Comparison of the three sets of TDI gdeasnobtained

from in-vitro assays will be able to explain if presence of transparn#uencesthe

kinetics of inactivation. If transporters are the reason for discrepancy between microsome
and hepatocyte predicted TDI parameters, then model pre#ictetl knact values

should match the Kand knactfrom recombinant CYPs. If these two sets of TDI

parameters do not match other reasons for disparity need to be explored. The other reason
for this disparity could be nespecific binding, metabolitbasednactivation.

Inhibition of uptake and inhibition of metabolism is known to cause DDI independently.
Therefore, simultaneous inhibition of uptake and metabolism can result in either lessen
the DDI or worsen the DDI. Furthermore, it depends on the dnagt{vator in this case)
whether it is an uptake limited drug or metabolism limited drug. Inhibition of metabolism
will not cause any significant change or lead to DDI for an uptake limited drug (eg.
Atorvastatinitraconazole DDI). Similarly, metabolisnmlited drug will not be

significantly influenced by inhibition of uptak®DZ-rifampicin DDI). These two
examplegepresent limiting cases. However, for drugs which cannot be classified as
uptake limited or metabolism limited, the effect of simultaneohibition of uptake and
metabolism will depend on the relative contribution of uptake clearance and metabolic
clearance in the overall clearance of the drug. Therefore, prediction of DDI will also be
complicated. The mechanistic model proposed here coulddzbto evaluate complex

DDIs involving both transporters and enzymes. A relatively simpler model extended net

effect mode(Varma et al., 2014could be used for prediction of DDIs involving both
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transporters and enzymes. However, the extended net effect model being static in nature
would not represent thia-vivo situation and would not predict DDI accurately.

In summary TDI kinetics could bénfluenced by various factors including partitioning

and transporterg hese factors if not accounted could lead to errors in estimation of K

and knact In this chapter simulation studiere performed as a proof of concept along

with experimental studs to describe how the lipid partitioning could be misinterpreted

as atypical kinetics. Further, it was shown that modeling lipid partitioning in a dynamic
would better model the free inactivators concentrations and hence would lead to better

estimates oK, and Knact
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CHAPTER 7- DRUG-DRUG INTERACTION PREDICTIONS

7.1. Introduction
DDl predictions are performed by predictimgvivo AUC ratio of the victim drug in the
presence and absence of the inactivator basé@uwtro data. Predictions of TDI
mediatedDDI often result in overpredictiofito et al., 2004Venkatakrishnan and
Obach, 2005Galetin et al., 2006 The [IJ/K; approach hebeen successfully used for
DDl predictions due to reversible inhibitidio et al., 2004RostamiHodjegan and
Tucker, 200%. However, this approach is only digpble for reversible inhibition, which
led to the development of more comprehensive models for TDI mediated DDI
predictions. There are various static models used in the literature for prediction of TDI
mediated DD(Kanamitsu et al., 2000Blanchard et al., 20Q08rown et al., 2006
Galetin et al., 20080hno et al., 200§c These models range from basic models to
complex mechanistic models. The ratio pfd{K, is usually used as indicator of potency
in in-vitro studieg(Obach et al., 20Q7%Grime et al., 200Zimmerlin et al., 2011
Prediction of DDI fromin-vitro data involves estimatn of different parameters such as
Kdeg Ki, Kinact, fm (for drugs dosed with IV route) and @for drugs dosed through oral
route). kiegis the first order degradation rate constaniskhe apparent inactivation
constant, kactis the maximal inactiv#on rate, f is the fraction of systemic clearance of
the substrate mediated by CYP, agdsRhe fraction available after intestinal
metabolism. The values fokdgcan either be obtained from-vitro or in-vivo studies
(Yang et al., 2008Ramsden et al., 2015The variability in the reported values e4for
each CYP is significant and adds to the complexity of accurate predictions. Moreover,

kdegvalues have a marked impactqdfvalue is high, as shown by Galetin et(&aletin et
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al., 2006 and Venkatakrishnan et @enkatakrishnan and Obach, 200Although kieg

and kyn (synthesis rate constant) is assumed to stay constant in presence of ivetanact
(Mayhew et al., 2000Fahmi et al., 2008 it is known to be influenced by inactivators
(Gillum et al., 1993Chien et al., 1997

It was shown by Mayhe\iMayhew et al., 2000that static mdeling can be used for
prediction of DDIs. The authors developed a static model for DDI predictions (equation

7.1) with a few assumptions

' 5 # equation 7.1

where AUCT is the ratio of area under the plasma concenti@ti@ncurve in the
presence and absence of inactivator.

The assumptions for the model (equation 7.1) are:

1. Well stirred model conditions are met
2. Only hepatic elimination occurs hence only hep#tst pass metabolism is
affected by inactivator

3. There is complete absorption from gastrointestinal tract

4. kgegand kynremain constant and do not change in presence of inactivator

5. The victim drug is a low extraction ratio (ER) drug
The model in equatiori.1 was the first model to predict TDI mediated DDI. However,
the predictions were higher than the observed DDI. Warang et al., 2004further
modified the model to include gut metabolism for prediction of TDI mediated DDI. The
predictions showed that predicting TDI mediated DDI assuming reversible inhibition is

not the corect way of predicting DDI. Moreover, predicting DDI by incorporating TDI
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yielded a comparable result as compared to clinically reported DDI with verapamil.
However, the model still over predicted the AUC ratios assuming verapamil has no effect
on degradi@on or synthesis rate of the enzyme. Further, inactivator concentration in the
portal vein was not considered while predicting DDI.

Predictions can also be made by estimating (Ralf maximal inhibitory concentrations)
values, where shifted Kgvaluesare used for predictior{®bach et al., 200@bach et

al., 2007:

I 5#0 8 equation 7.2.

8
Fahmi et.a[Fahmi et al., 20068ahmi et al., 200%urther modified the model and
developed a net effect model which incorporated diffamethanisms like reversible

inhibition, irreversible inhibition and induction (equation 7.3).

I 5#0 8 Equation 7.3

Where subscript g represents gut and h represents liver, asprésents the fractiayf
systemic clearance of the substrate mediated by the CYP enzyme that is subject to

inhibition or induction.
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The terms A, B and C are defined as follows:

Gut Liver
Reversible inhibition | p | P

' ) ' )

P - P =
Time-dependent . E & . E &

) ) 8E . ) B8E
inhibition E f S5 En 5+
Induction A% ) A% )

# p — # —_—
) %# ) %#

Where, K is the apparent inactivation constantadis the maximal inactivation rate, and
Kdegis the first order rate constant for degradation of the particular CYP which is
calculated fromn-vivo andin-vitro studies(Yang et al., 2008Ramsden et al., 2015

[1]uhand [llg are given by the following equations.
) A ) 5 &+ —— (Kanamitsu et al., 2000#o0 et al.,2002 Equation
7.4

) & E —— (RostamiHodjegan and Tucker, 20pEquation 7.5

In these equations,,§is unbound fraction in blood, fihx,bis the maximal total inhibitor
concentration in blood at steady statgisRhe fraction absorbed after oral administration,
kais the first order absorption rate constianwivo, and Qn (18 L/hr/Kg) and @

(97L/hr/Kg) are the blood flow through enterocytes and liver respeciiYelyg et al.,

20073.
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Predictions using either kgor K and ksacthave yielded predictions thare within 23
fold of the actual DDI (fig 7.1jLamberg et al., 19980bach et al., 20Q6-ahmi et al.,

2009 Xu et al., 2009
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Figure 7.1. Predicted vs observed DDI
Predictiongperformed with TDI parameters obtained using replot methdsl. | i ne of

unity, (b b) 1.25 f olLderature dam pbtajnés fréf§®bach A b) 2

et al., 2007Fahmi et al., 2008ahmi ¢ al., 2009 Xu et al., 2009G Wong, 201}

The model shown iequation 7.3s based on the assumption that the victim drug is a low
ER drug. The probe substrates for different enzyme are either low ER or moderate ER

compounds (table 7.1).
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Table 7.1. ExtractionRatio for probe substrates for different CYPs

Compound | Enzyme ER Reference
Amodiaquine| CYP2C8 ~1 (Li et al., 2003
Bupropion | CYP2B6 | 0.14 (Sager et al., 2016
0.48
Desipramine| CYP2D6 | 0.56 (Ciraulo et al., 1985Ciraulo et al., 1988
Diclofenac | CYP2C9 0.2 (Willis et al., 1979

Metoprolol | CYP2D6 | 0.64- | (Regardh and Johnsson, 1986 et al., 199%

0.7
Midazolam | CYP3A 0.44 (Thummel et al., 1996
Phenacetin | CYP1A2 | 0.59- (Inaba et al., 1979
0.78
Testosterong CYP3A | ~0.5 (Wang et al., 2004a

Kirby and UnadkatKirby and Unadkat, 20)Gurther modifiedthe modekhown in

equation 7.3to equation 7.6

equation 7.6
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Where EH is the extraction ratig, fis the fraction of the hepatic clearance of the victim

drug that is the result of the nth enzyme, is the fraction of hepatic intrinsic
clearance remaining as a result & .the net

CLint). £ s the product of the fraction of intrinsic clearance remaining as a result of
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inactivation (equation 7.7), induction (equation 7.8) and inhibition (equation 7.9) which

are similar to A, B and C in equation 7.3.

£ ———equation 7.7
e —— equation 7.8
/E ——equation 7.9

Static modeling

Table 7.2ists the different models used for prediction of TDI based DDIRD@ and
European medicines agency (EMA) prefer differendels to evaluate TDI based DDI

(FDA, 2012. Basic TDI gut models suggested by FDA and EMA usg: ik the

inactivata concentration which is calculated using equation(Zitang et al., 2008a

Vieira et al., 2013

Basic models calculate R values, defined as the ratio of intrinsic clearance in the presence

(CLintj) and absence of inactivator (@) (Vieira et al., 2014

2 —"Pequation 7.10

Basic models calculate R values assuming imhibition mechanism at a time. For
multiple mechanisms, different R values need to be calculated separately for each
mechanism. U&DA and EMA suggest a mechanistic static model (or a net effect
model) for predictingn vivo DDI which is described asliows.

The f, value can be calculated fromvitro inhibition studies of the target enzyme,

which is given by the following equation:
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£ p —— equation 7.11

Where AUG, is the AUC of the substrate in the presence of the inactivator and AUC is
the AUC of the substrate in the absence of the inactivator.
Fqis the fraction available from intestinal metabolism, which can be determined by

& p % -equation7.12
Where Eutis the extraction ratio of the drug by CYPs in enterocytgsaf be estimated
by back calculating from IV administration of the CYP3A metabolized drug (assuming

the liver is the only eliminating organ after IV administration):
#., h T8t p TIAR;, ——— equation 7.13
where 0.0106 represents the total amount of CYP3A4 in liver, whichfisl®@4igher

than in the intestin€flThummel and Wilkinson, 1998F; can also be estimated fram

vitro HLM data by(Zhou and Zhou, 2009
& p —hh equation 7.14

or it can be calculated assuming complete inhibition of intestinal metab@ialetin et

al., 200§. Fy can also be estimated using the well stirred modéYang et al., 2007b
& — equation 7.15

where Qutis given as
1 —— equation 7.16

where Clermis given by Bk X A, where Ry is the effective permeability clearance, A is
the cylindrical surface area of small intestine (0.66mhumans), and @ is the blood

flow to intestinal villi. (Yang et al., 2007b
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Table 7.2. Models used for prediction of DDI from-vitro assays

Model | Regula | Algorithm Cut-off criteria
tory (https://www.fda.gov/downloads/Drugs/@ances/
body UCM581965.pdf

Basic FDA 2 R>1.25

TDI EMA E E

E
E
E L )
+ LT
TDI gut | EMA Y R O 1.25
E E
E
e
E T )
T )

Mechani| FDA Equation 7.3 | 0.8 > AUCR > 1.25

stic

static

R: ratio of intrinsic clearance in the presence and absence of a perpetrator, AUCr: AUC

ratio of substrate in presence and absence of perpetrator

FDA suggests to use a value of 1, 0.1 and 0.014{deRnd f,» respectively if the data
arenot availablglto etal., 1998. For the purposes of TDI based DDI prediction

equation 7.3vill reduce to
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I 5#0 8 Equation 7.17

The accuracy of static models (Equation 7.17) is determined by different factors involved
in the DD prediction. One of the important factors is the use of inactivator concentration.
There are many options that can be used as the inactivator concentration sygh as [l]
which is the average systemic concentratiomafvhich is the maximum steady stat
concentration, [ which is the hepatic portal vein concentration available to hepatocytes,
or [I]g which is the concentration available to enterocytes,uwas given by the

following equation(Gibaldi and Perrier, 1982
) i Q; —— (Equation 7.18)
wher e U iistervialhkes eltnmationmage constant which is calculated by the
following equation
E — (Equation 7.19)
where Clsis the systemic clearance angkig the volume of distribution at steady state.
Isysis the average systemic inactivator concerdrati
) —— (Equation 7.20)
where F is the bioavailability.
Isys,uwas calculated using the following equation
) n ) % (Equation 7.21)

Since unbound inactivator concentrations are more relevant for DDI, the regulatory
agencies (U$DA and EMA) suggest using unbound plasma concentrations. As evident
from equations 7.18 to 7.20 there are several concentrations that can be used as

inactivato concentrations. All these concentrations have been used in the literature
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(Obach et al., 20Q7or DDI prediction using static modeling. However,fhhx Which is

the unbound maximum steady state concentration, is the most relevant and appropriate
concentration to be used for inactivator doseith W route as exemplified by Obach
(Obach et al 2007. For inactivators dosed via the oral routey,J&nd [lJu,n, unbound
concentration available for enterocyte and unbound concentration available for
hepatocytes respectively, are more appropriate for DDI calculation.

Dynamic modeling

Althoughstatic model offers a simple mechanistic approach for predicting TDI based
DD, it often leads to over predictidgfrahmi et al., 2008ahmi et al., 2009Xu et al.,

2009 Zhou and Zhou, 20Q9Moreover, it is not able to distinghi®etween dosing
regimens. Several owsimplifying assumptions such #suse of constant inactivator
concentration, which in reality changes with time, absence of transporters in the static
model, and Mibaelis Menten kinetics, possibéxplain the laclof prediction with static
models. Hence, many groups have developed dynamic models for predictiryd|

et al.,2008 Vieira et al., 201

It has been shown that dynamic modeling predictions are better than static modeling
(Vieira et al., 2014 Since dynamic modeling takes into consideratiortithe-dependent
nature of the inactivator concentrations and enzyme levels, it gives a better picture of the
in-vivo situation. Dynamic models can be simple compartmental models or more
complicated physiologically based pharmacokinetic models (PBPK).

Sever&recent literature reports suggest that compartmental models can be a better
substitute for static models for DDI predictig@hang et al., 203,Bekiguchi et al.,

20117). Although it requires optimization dfifferent parameters simultaneously,
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compartmental modeling still does better in predicting DDI. One of the advantages of
compartmental modeling is that it does not require numerous physiological parameters as
input and at the same time it accounts fertimedependent nature of the inactivator and
enzyme level¢Zhang et al., 2009

PBPK models hee recently gained importance due to its reliable and accurate
predictiongKato et al., 2008Quinney et al., 2000 Although PBPK models requires a
significant number of physiological parameters as input, the accuracy of prediction is
quite high and precis@/ieira et al., 2012Yamazaki et al., 20)50ne of the main
advantages of PBPK models is that time varying tissue concentrations can be obtained.
Also, PBPK models can incorporate variability and genetic polymorph{3asg et al.,

2005 Wang, 2019 Moreover, pharmacokinetic processes like uptake, metabolism,
inhibition, and induction can be incorporated simultaneously, thereby incorporating
parallel metabolism and simultaneous competitive and irreversible inhipftemnet al.,

2010 . Different models can be integrated together to understand the interplay of
different processes. UBDA also suggests use ofrthmic modeling for DDI predictions.
Figure 7.2 highlights the recommendation of US FDA for using dynamic models

(https://www.fda.gov/downloads/Drugs/Guidances/UCM58196%. pdf
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Figure 7.2. Useof PBPK model for exploring DDI

((https//www.fda.gov/downloads/Drugs/Guidances/UCM581965)df
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The aim of this chapter is to predict TDI mediated DDI using parameters obtained
through the numerical and replot methods from chapter 4. Equation 7.3 was used for
static DDI predictions.

7.2.Liter ature clinical data
DDl predictions using Ks and knactobtained from either the replot or the numerical
method were performed using the following static equatibabmi et al., 2009
Equation 7.22 was used when the probe substrate was dosed through intravenous route

and equation 7.23 was used when probe substrate was dosed orally.

v &y
& = (Equation 7.22)
i
(0 h R o
oy &y
& % (Equation
h h h
(0 h R o)
7.23)

whereAUC; and AUC are thareasunder the plasma concentratibme curve of the

probe substrate in the presence and absence of the inactivator respectively. The values
used for CYBA Kaegh andKdegg Were0.000146 mirt or 0.00032 mint(Renwick et al.,

2000 and0.000481 mirt (Greenblatt et al., 2003espectively. It was assumed that K

and knactwere the same for both hepatic and gut enzyfies.equations recommended

by the FDA do not recommend use of unboundHowever, an unbound, KK, ) is

more appropriate to use, hence for DDI predictionswas used. Different values were

used for inactivator concentration depending on the studgrdda cases where the
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probe substrate was given orallysl/land [I]y,u were used for inhibitor concentrations

which are given by equations 7.4 and (Obach et al., 2006In cases where probe

substrate was given through intravenous route, maximum unbound concengation |

and average unbound systemic conceiotndsys,uwere used as inactivator concentrations

for DDI predictions. haxuwas given by the equation 7.{@8ibaldi and Perrier, 1932nd

Isys,ulS given by equation 7.2The literaturaeported values and-imouse calculated

values for substrate dependent parameteran(@fm) are listed irtade 7.3

Table 7.3. Fg and , parameters used for DDI predictions

Compound Fg | fmcypsa
Almotriptan(Jansat et al., 200®1cEwen et al.2004 McEnroe and | 0.82| 0.12
Fleishaker, 2008
Aliskiren (Waldmeier et al., 20Q*aidyanathan et al., 2008b 0.58] 0.15
Alprazolam(Brown et al., 2006Yang et al., 2007a 0.86| 0.83
Antipyrine (Danhof et al., 198Zngel et al., 1996Sharer and 1 0.38
Wrighton, 1996 Varma et al., 2010
Atenolol (Kirch and Goérg, 1982Varma et al., 201)¢ 1 0.05
Atorvastatin(Louie and ShouOhno et al., 2008cGertz et al.,, 2000 | 0.24| 0.64
Brotizolam(Bechtel, 1983Evers et al., 1983ochemsen et al., 0.76| 0.92
1983a Jochemsen et al., 1983Benda et al., 1997
Budenosid€Ryrfeldt et al., 1984J6nsson et al., 1995zefler, 1999 | 0.83| 0.9
Donnelly and Seale, 200Dilger et al., 2009Raje et al., 2007~
Buspirong(Shou et al., 20085aletin et al.2010 0.21/0.94
CerivastatinOhno et al., 2008d¢/arma et al., 2010 0.69|0.18
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Table 7.3. continued

Cobimetinib(Takahashi et al., 2016 0.37] 0.64
Cyclosporin(Louie and ShouGertz et al., 2008 0.65] 0.8
Dabigatran(Blech et al., 200;7Stangier et al., 2008 1 0.02
Diazepam(Louie and Shouvarma et al., 2010 1 0.24
Digoxin (Marcus et al., 1964illy et al., 1975 lisalo, 1977F 2 0.86| 0.15
Felodipine(Brown et al., 2005Galetin et al., 2010 0.45] 0.81
FexofenadingLappin et al., 2010 0.4 |0.18
Flunitrazepan(Dettli, 1984 DroueZ-oassolo et al., 1996lesse et | 0.91| 0.85
al., 20032

Fluvastatin(Tse et al., 1992ain et al., 1993Scripture and Pieper, | 0.79| 0.35
20012

Imidafenacin(Kanayama et al., 200®©hno et al., 2009& 1 0.86
Imipramine(Xu et al., 2009 1 0.02
Lignocaine(Beckett et al., 1966erucca and Richens, 19Tusack | 1 0.42
et al., 1985Bargetzi et al., 1989Vang et al., 200dsohanni, 20097
Losartan(Stearns et al., 199%varma et al., 2003 0.66| 0.1
Lovastatin(Wang et al., 1991 ennernas and Fager, 19%arma et | 0.22| 0.6
al., 20102

Metoprolol (Xu et al., 2009Varma et al., 2010 0.84] 0.15
Midazolam(Paine et al., 199@Nguyen et al., 2016 0.57]0.93
Nifedipine (Ohno et al., 2008cGaletin et al., 2010 0.78] 0.78
Nitrazepam 09 | 0.6
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Table 7.3. continued

Pravastatir{Jacobsen et al., 199datanaka, 2000varma et al., 0.8 | 0.22

20102

Propranolo(Masubuchi et al., 1994 oshimoto et al., 1995/arma | 0.5 | 0.17

et al., 201p?

Quinidine(Brown et al., 2005Galetin et al., 2010 0.91]0.76
RepaglinidgHatorp et al., 1998lum et al., 2000Hinton et al., 0.88| 0.49
2008

RisperidongVenkatakrishnan and Obach, 20@&arma et al., 2013 | 0.85| 0.11

RopivacaingLee et al., 198%kstrom and Gunnarsson, 1996 0.45

Halldin et al., 199%*

RosuvastatirfOlsson et al., 2002Martin et al., 2003aMartin etal., | 0.6 | 0.07

2003h Luvai et al., 201¢

Sildenafil (Galetin etal., 2010 0.54| 0.85
SimvastatinfGaletin et al., 20L,6hardlow et al., 20)1 0.66| 0.92
TerfenadingdGaletin et al., 2006Gertz et al., 2008 04 |0.74
Theophylling(Tjia et al., 1996Varma et al., 2013 0.99|0.14
Triazolam(Brown et al., 2005Galetin et al., 2008 0.75] 0.92
Zolpidem(Thénot, 19880hno et al., 2009¢c 0.88| 0.4

Zopiclone(Varma et al., 201,dga and Kiriyama, 2017 0.93| 0.5

4calculated irfhouse based upon literature valugsvalues calculated by I1V/oral method
as described belown tyraacalculated ifhouse based upon literature reported

disposition of drug upon intravenous dosing, and CYP reaction phenotyping
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Fg and fn values were calculated-tmouse for substrates for which literature values were

not available. Fwas calculated using the 1V/Oral approach using the following

eqguations:
2 | 5 # $__'|'QA
I 5#%1 OA
& p %2
#.5 1 %2
.
& p 1“

& & & &

Where kralis oral bioavailability, AUGra and AUGy is area under the plasma
concentration curve after oral and intravenous dosing respectively, ER is the hepatic
extraction ratio, Chy is the hepatic blood clearance, £3lis the total lbbod clearance

and Cl is renal blood clearance.

fm,cypzawas calculated either using reaction phenotyping data or using inhibition data.
Inactivator pharmacokinetic parameters (including experimentally measwedrfd f,
values) used for calculath ofin-vivo plasma inactivator concentrations are listed in the
table 7.4

DDI predictions were also performed with other substrates assuming that there is no
substrate specific interaction. Clinical DDI studies in which the inactivator and substrate
were coadministered were not considered for DDI predictions. In all the DDI studies

with PAR, PAR was cadministered with the substrate, therefore DDI predictions for
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PAR were not performed. DDI predictions using parameters from both numerical or
replot meéhod were compared to the observed DDI.

The bias of the prediction models was assessed by calculating the geometric mean fold
error (GMFE) or the average fold error (AFE) which was calculated as

B
- &%p TT

Accuracyor the absolute average fold error (AAREAs calculatedsing the following

equation:

Bs
' &% 1t

an

Precisionor root mean square error (RMSEs calculated by calculating root mean

square error:

BOOAABABOAAOAGSAA

- 0 ~ ~ 7 Tl ~ .. 7~ A7 oA P
2-3% I O AIABDOAAEAOQEIT T O

Table 7.4. PK parameters used for DDI predictions

30btained from the literatur@ assumed to be 1. BP: blood to plasma partition ritige

amgmi and f,p values were obtained from chapter 4.

Inhibitor fu,mic (tmg/mi) fup PK Values

TAO (Genazzani, 1975 | 0.730 0.038 Ka (hrt) = 0.46
Imax (UM) = 2.44
FaFg=1°

lsys (UM) = 1.76

BP =P
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Table 7.4. continued

VER (Freedman et al., 0.320 0.104 + 0.017| ka(hrt) = 1.93

1981, McAllister and FaFg=0.71

Kirsten, 1982John et al., F=0.18

1992 Obach, 1999Gertz CLs(L/hr) =51.6

et al., 2008Yau et al., Vss(L) = 267

2017 BP =0.77

NV 0.710 0.145 £ 0.023

DTZ (Hermann et al., 0.852 0.299 + 0.027| ka (hrt) = 1.04

1983 Ochs and Kniichel, FaFg=0.45

1984 Kurosawa et al., F=0.42

199Q Obach, 1999Varma CLs(L/hr) =48.3

etal., 201p Vss(L) = 777
BP=1

NDD 0.550

ERY (Sun et al., 2010 0.563 0.285 + 0.010 ka(hr') =0.66
FaFg=0.33
F=0.15
CLs(L/hr) = 39.8
Vss(L) = 55.5
BP=1.3

NDE 0.510
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Table 7.4. continued

ITZ (Heykants et al., 1989 Ka(hrt) = 2.05
FaFg=0.71
F=0.55
CLs(L/hr) = 21.42
Vss(L) = 749

BP =0.3

7.3. Results
DDI predictionswereperformed using the standard static model as recommended by the
FDA. Since there is wide range ofkgegh Values reported in the literatufeichard et al.,
1992 Fromm et al., 199@ahr et al., 1998Renwick et al., 2000Greenblatt et al., 2003
Yang et al., 2008Chan et al., 20%7Takahashi et al., 20),Awo different values fokdegn
(ranging from 0.0004nin"tt0 0.0000825 mir) were used for DDI prediction. Results for
the twokgegh values Kdegh = 0.000146 mir, anaverage of than-vivo reported values,
andKgegh = 0.00032 mirt, a commonly used value in the literature) are listed in appendix
E. In cases where multiple-vitro TDI models gave similar fits (VER and DTZ, see
Chapterd), DDI predictions were performed only usinguand knact from the simplest
of the modelsDDI predictions using K and knact from the replot method were higher
than when using K and knactfrom thenumericalmethod.
The average fold difference between observed and predicted was 2.24 for the replot
method and 1.41 for theumericalmethod using a hepatiadgvalue of 0.000146

minutes! (table 7.5). The average fold difference between observed and predicted was
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1.98 for the replot method and 1.14 for thenericalmethod using a hepatiadgvalue
of 0.00032minutes!. Figure7.3 shows the plot of observed versus predicted clinical
interactions with CYP3A substrates. A total of 124 clinical DDI predictions were

performed (details iappendix E).

Table 7.5. Comparison of DDI predictions usingfiéirent kiegvalues

Predicted DDI Predicted DDI
Parameters (Kdeg= 0.000146 min') | (Kdeg= 0.00032 mint)
Numerical Replot | Numerical Replot
AFE (Average fold error) 1.41 2.24 1.14 1.98
AAFE (Absolute average fold error 1.61 2.44 1.47 2.17
RMSE (Rootmean square error) 5.27 12.52 3.93 10.14
% Success (fpldedi 73.39 41.13 85.48 50.81

CYP3A half life- 79 hours

CYP3A half life- 36 hours
100 P 100 e
50+ ’ " - -7 :;.,-"‘:’_."‘:.",_- 50
8 e 5
2 1 e - 3 . e ‘
B g 10p ¢ et e + Numerical Method
o . * = 2
& sl s L ] E 5 - - Replot Method
R Predicted fold difference Predicted fold difference
S 1.66N1.14 1.31N0.81
] B 2.97N2.53 3 8 2 54R2.13
1 5 10 50 100 E 5 10 50 100
Observed DDI Observed DDI

Figure 7.3. Observed DDI versus predicted DDI with different hepladig
A: Kdgeg= 0.00015 mintest (tiz = 79 hours). B: fg= 0.00032 mintes? (t12 = 36 hours).
(b I'ine of wunity, (b b) 1Thénimbéra thefigira n e ,

shows the average + standard deviation predicted fold difference with both the methods.
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7.4.Discussion and conclusion
DDI predictions were performed using FDA guidelinds seen from théigure 7.3, the
TDI parameters obtained from the numerical method were able to predict the observed
DDI with CYP3A substrates withianaverage ofL.66fold as compared to 2.96ld
with the replot method. Otheesearch groupsave also shown that TDI parameters from
the replot method tend to overpredict DBBhmi et al., 2008&ahmi et al., 200Peters
et al., 2012Vieira et al., 2013 A possible reason forghoverprediction is that the replot
method is unable to capture the curvature in the PRA plots, leading to an overestimation
Of kinact The knactestimates from the numerical method aifeld (for NDD) to 22.4fold
(for TAO) lower than the replot methodurther, since the replot method assumes
Michaelis Menten kinetics, it is unable to account for atypical kinetics. Since the
numerical method does not require these assumptions, it is able to capture the non
linearity and atypical kinetics. This leadsdifferences in estimates ofi i The estimates
of K, for inactivators that show Michaelis Menten kinetics (NDE, ERY, NDD) are
similar with both numerical and replot methods, whereas for inactivators thansimow
Michaelis Menten kinetics (NV, DTZ, VER,AQ), estimates are 0.12 fold (for TAO) to
4 fold (for VER) lower using the numerical method.
DDI predictions were calculated for n = 124 observed CYP3A4 vipgnpetrator drug
pairs. A majority of DDI predictions are withirfald by using parametersdm the
numerical method. However, 29 out of 124 DDI interactions weeepredictedy more
than 2fold, and 4 interactions were underpredicted by more tHatd2In general,
overprediction or underprediction could be due to one or more of the following reasons:

static inactivator concentrations, involvement of transporters (uptadéor), substrate
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specific interaction, and incorrect (different for different dosage form). Overprediction
in some of the 29 ovepredicted studies could be the due to the high absorption rate
constant (K used for estimating hepatic and gut inhibitoncentrations. In these clinical
DDI studies, theénhibitor was administered orally either as a capsule formulation,
sustained release ocantrolledrelease formulation. Since for sustained or control
release formulations was not reporteg(1k04h for DTZ and 1.93 # for VER) from
immediate release formulation studvesreused. Similarly, ITZ absorption is influenced
by the dosage form and food and has been modeled using transit compartments
(Heykants et al., 198%buhelwa et al., 2008 The value of kof 2.05 hout* which is a
transit absorption rate constgAbuhelwa et al., 20)5vas used in the absence of a true
absorption rate constant.

In thecase of ERY atorvastatin, ER¥simvastatin and VERisperidone interactions, the
disparity between the observed and predicted DDI interactions could be attributed to
transporters. Both statins and ERY are known to be OATP, CY&3-glycoprotein
(P-gp) substrate¢Kirn et al., 1999Wu et al., 2000Benet and Cummins, 2001
Hochman et al., 200Kameyama et al., 200&rube et al., 20Q6-rassetto et al., 2007
Franke et al., 2008Huppertz et al., 201 1Lancaster et al., 20)2nhibition of these
proteins could lead to complex DDIs. Underprediction of simvastatin DDI due to ERY
could be explained by the fact ttemvastatin is an extended clearance model (ECM)
class 3 drugCamenisch et al., 20 ,5hence OATP inhibition along with CYP3A
inhibition could cause a higher DDI than with only CYP3A inhibition. Overprediction of
atorvastatin DDI with ERY could be a resultiohibition of multiple pathwagy.

Atorvastatin is an ECM class [{Camenisch et al., 2018rug hence the resultant DDI
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will be driven by inhibition of many processes (uptake, metabolism and efflux). In case
of VER-risperidone and VERIabigatran etexilate interactions, both dabigatran and
risperidone are known to liegp substrate¢Boulton et al., 2002ishimoto et al., 2014
Zhao and Hu, 20)sence undergdiction could belue toP-gp inhibition by VER

(Jouan et al., 2036ITZ is knownto be a Rgp inhibitor, which could be the reason for
underprediction of DDI with substrates aliskiren and dabigatran, since both aliskiren and
dabigatran areJgp substratef/aidyanathan et al., 200Ba

The interactionsvith certain substrates like buspirone and triazolam are generally
overpredicted irrespective of the inactivator (VER, DTZ, ERY and ITZ). These
interactions could be substrate dependent, leadingligparitybetween observed DDI

and predicted DDI. Buspine and triazolam display atypical kinetics (triazolam displays
substrate inhibitiorfPatki et al., 2008kinetics andouspironalisplays biphasic kinetics
(Zhu et al., 2005. Tofurther explore these interactions furtlséudiesneed to be
performed with specific substrates.

The enzyme synthesis rate constanégdand kiegg areimportant parameters in the DDI
prediction equation. One reason for the lack of IVIVE could be the use of inaccurate
Kdeg,n,andkdeg,gvalues. There is wide variability in the reported values deyrin the
literature.The estimates for these rate stamts can either be derived framvitro or in-

vivo studies (table 7.6).
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Table 7.6. kqegvalues reported in the literature for human CYP3A

Half Life (hr) | kdeg(hrt) | System or Method References
36.6 0.0189 In-vitro (Chan et al., 2007
40.5 0.0171 In-vitro
28.9 0.0240 In-vitro (Ramsden et al., 2015
29.6 0.0023 In-vitro (Takahashi et al., 20}7

44 0.0158 In-vitro (Pichard et al., 1992
40 0.0173 In-vitro

36 0.0193 In-vitro (Renwick et al., 2000
79 0.0088 In-vitro

40.5 0.0171 In-vitro (Chan et al., 2018
49.5 0.0140 In-vitro

26 0.0267 In-vitro (Maurel, 1996

26.6 0.0261 In-vitro (Dixit et al., 2015

49 0.0141 In-vitro

21.5 0.0322 In-vitro

43 0.0161 In-vitro

31.1 0.023 In-vitro

56 0.012 In-vitro
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Table 7.6. continued

140 .00 l+wivo [Bahr et) al ., 1
914 .00 |l wivo |(Rostdhaodj egan et
. 0-1 ¢ l+wivo [Fromm et) al .,
3650. 4
.01
36 .01 | +vi vo
85 .00 l+wivo |[Hsu et )al ., 19
70 .00 lwi vo |[(Magnusson )et a
96 .00 |l wivo |(Yang et)al ., 2
72 . 00 | wi vo
86. 6 .00 lwi vo |(Reitman gt al

The kieghvalues derived fronm-vitro systems (e.g. hepatocytes or HepatoPac) tend to be

lower (~ t2 36 hours)Pichard et al., 1992 Ramsden et al., 201&han et al., 2017

Takahashi et al., 20} Avhereas thedggnvalues derived fronm-vivo studies are higher

(~ t275 hoursYFromm et al., 1996Hsu et al., 1997/Bahr et al., 1998Rostamz,

Hodjegan et al., 1999indicating system/methapecific bias in the estimates etk

The values obtained from-vitro systems assumes thatwol@vo synthesis during the

evaluation is negligible. Further, cell viability and culture media constituents could

influence the regulation of CYRkeCluyse et al., 1999Alternatively, kegvalues are

also obtained fronm-vivo studies which involve recovery of enzyme activity either after
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induction or inhibition(Yang et al., 2008 The literature reported values for CYP3A
half-life range from 28 to 140 hours. An average/ivo Kqeghvalue of 79 hours

(Renwick et al., 2000was chosen for the present study. Recent literature répatimi

et al., 2008Mao et al., 201]1Peters et al., 20)have used values fourdg,n of half-life
26-36 hours (keg= 0.00032 mintes?). Althoughin-vivo Kqeghmeasurement also suffer
from caveats, it is better to usgknvalues fromin-vivo studies. Analysis of the static
equation for DDI prediction reveals that increasiag kwill decrease the error in DDI
prediction. Wang reported that 0.03 Wwhich caresponds to hafife of 23 hours

predicts better TDI mediated DIWVang, 201). Since TDI parameters obtained from
replot analysis often overpredict DDI, use of a shorterlifalivould mitigate the
overprediction. Hence there has been tendency to use a highdokDDI predictions.

In general, it wasbserved that kinetic models (developed in chapter 4) were able to
capture complex CYP kinetics, including multiple binding, atypical kinetics, and
sequential metabolism, which led to improvement in DDI predictions. One advantage of
using the numerical nieod for modeling of metabolite TDI based DDI is that formation
of metabolite and inactivation can be modeled simultaneously. With the static IVIVE
method, DDI predictions can be performed without the knowledgewfo plasma (or,
more accurately, intcellular) metabolite concentrations. It is assumed that the ratio of
the concentratiorof metabolite to parent is same batkvitro andin-vivo. Measurement
of intracellular metabolite concentration can be challenging. Although plasma metabolite
concentration can be a good substitute, it might not always be a true reflection of the
intracellular concentratio(Prueksaritanont et aR006. Static methods suffer from the

following deficiencies. 1) Static models utilize a single drug concentration instead of the
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concentratiortime profile, 2) static models are not able to differentiate between different
inactivator dosing regimen3) for sequential metabolism, metabolite concentrations
cannot be included in static IVIVC methods, and 4) models of the complexity described
in this work (e.g. multiple binding sites) are not easily incorporated into static equations.
Another issue witlall IVIVC methods is the difference in drug and metabolite
dispositionin-vitro compared to thanh-vivo. | n ain-dto Inculsatod, @Gompounds
are restricted to the incubation volume for the duration of the experimarito, the
6opend lewg wricempounadldistribution out of the hepatocytes and enterocytes,

and for irreversible elimination by multiple pathways.

Although these issues cannot be easily resolved, dynamic models can begin to
incorporate some of these complexities into the eting process. Dynamic models like
PBPK and serAPBPK models can be used to incorporate target site concentrations of the
parent and/or the primary metabolite when predicting-ifietiated DDI. There are
several reports in the literature using PBPK and g&8#K models for DDI prediction
(Galetin et al., 2006Zhang et al., 20QQuinney et al., 2010reo et al., 2010Vieira et

al., 2012. However all the reported models assume Michaelis Menten kinetics to
incorporate TDI parameters. Incorporation of complex TDI schemes into dynamic DDI
models with the numerical method is in fact facile, since both PBPK models and
numerical TDI models consist obltections of ordinary differential equations.

Finally, the categorization of CYP3A inhibitors (weak, moderate, strong) in the current
FDA guidance is based on Bnd knact values from the rept method. It is obvious from

figure 7.3 that the numerical thed can result in improved categorization of DDI
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prediction. However, changes in regulatory guidelines will require additional studies to

support incorporation of lipid partitioning, ndM kinetics, and sequential metabolism.

'Reproduced in part' with p ermission from Molecular Pharmaceuticsimproved
Predictions of Drugi Drug Interactions Mediated by Time-Dependent Inhibition of

CYP3A, 15, 5, 19791995. Copyright 2018 American Chemical Society
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CHAPTER 8- DRUG-DRUG INTERACTION PREDICTION DUE TO ENZYME

INDUCTION WITH BOSENTAN: A CASE STUDY

8.1. Background and rationale
Cytochrome P450 (CYP) induction is a process where the enzyme level increases due to
transcriptional induction and this has clinical implicati@ing, 2006 Chu et al., 2009
The phenomenon of enzyme induction has been known for de@atasey et al., 1956
Conney, 196). The implications of enzyme induction range from loss of
pharmacological activityMODDRY et al., 1985Hebert et al., 199Backman et al.,
1996 Hebert et al., 1999due to decrease in drug exposure) to increase in toxicity (due
to production of reactive metabad)(Beresford, 1993Lin and Lu, 1998Judge et al.,
2010). It can also lead to potentiation of therapeutic effect by higher conversion-of pro
drug to active drugJudge et al., 20)0Furthermore, enzyme induction can lead to drug
drug interactions (DDIJLi et al., 1997. Several mechanisms have been reported for
CYP induction(Tompkins and Wallace, 20D 7Transcription process and the factors
regulating transcription drive CYP inductidduclear reeptorssuch as constitutive
androstane receptor (CAR), pregnaneekeptor (PXR), peroxisome proliferator
activated receptor (PPARS), aryl hydrocarbon receptor (Adi&estrate theduction
processiue to xenobioticéHandschin and Meyer, 2002hu, 2010. In generalthere are
five classes of inducerslofibrate type, ethanol isoniazid type, dexamethasone type,
phenobarbital typand polycyclic aromatic hydrocarbons type. The different classes have
significant overlap in terms of CYP induction. For eg. CYP3A is induced by both

phenobarbital type and dexamethasone type ind@darsdschin and Meyer, 2003
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CYP3A4 is a major enzyme for drug metaboli€gduengerich, 2006 induction of which

can lead to DD{Lehmann et al., 1998Vestphal, 2000 Hence, it is very important to
guantitatively evaluate the effect of induction at early stages of drug development. The
prediction of effect of CYP induction therefore becomes a critical step during drug
developmen{Smith, 2000. Several different models have been reported in the literature
for quantitative prediction of inductigiiKato et al., 2005Ripp et al., 2006Einolf, 2007
Shou et al., 20Q8'empleton et al., 201 Einolf et al., 201% The standard concentration
response model used in the literature is:

% % )|A88888>/NC)A"'|'T
° %# )1 A 0 S

where Eaxis the maximum response (net maximum fold increasey), iE@he

concentration at 50%nfx, [Ind] is the inducer concentration and n is the sigmoidicity of
the curve.

Bosentan (Fig. 7.2) is a potent rpeptide, and a specific and dual antagonist at both
endothelin receptors (&RTand EE) (Clozel et al., 1994Prakash and Perry, 2002 he
therapeutic doses of bosentan range from 62.5 mg to 125 mg. Bosentan is metabolized by
CYP3A4 and CYP2C%Clozel et al., 1994Dingemanse and vani&sbergen, 2004
producing three metabolites. The three metabolites identifidd@é8634 (4tert-
butyl-N-[6-(2-hydroxy-ethoxy)}5-(2-hydroxy-phenoxy)2 , -Rigyrimidin-4-yl] -
benzenesulfonamide), formed byd@methylation, Ro 48033 (4(2-hydroxy-1,1-
dimethylethyl}»N-[6-(2-hydroxy-ethoxy}5-(2-methoxyphenoxy)2 , -Bigyrimidin-4-
yl]-benzenesulfonamide), formed by hydroxylation and the secondary metabolite, Ro 64

1056 (4(2-hydroxy-1,1-dimethytethyl}N-[6-(2-hydroxy-ethoxy)}5-(2-hydroxy

261



phenoxyj2,26bipyrimidin-4-yl]-benzenesulfonamide), formed by the combination-of O

demethylation and hydroxylatiofigures8.1) (Weber et al., 1999b

» Bosentan

OATP1B1 g
Uptake (1) ofTPIs II\D/I?RPPZ (3 Efflux
OATP2B1 (:)
NTCP
Metabolism

Phase | Phase Il

CYP3A4
CYP2C9 UGT1Al

Ro 485033 Bosentan glucuronide
Ro 641056
\ Ro 478634

Figure 8.1. Disposition pathways of bosentan

1. Uptake of bosentan through OATP and NTCP uptake transporters. 2. Metaifolism

bosentan through CYP3A4 and CYP2C9. 3. Efflux of bosentan throgghand MRP2
in bile

Hepatic metabolism is the major route of elimination of bosentan both ifUtaéaud et
al., 1995 and humangWeber et al., 1999bAn average of 0.9 %nd 3.7 % of
unchanged drug was excreted in urine and feces respectively upon intravenous (1.V.)
dosing(Weber et al., 1999bwhereas 2.8 and 94.5 % drug was excreted unchanged in
urine and feces respectively upon oral dosing in hur&ieber et al., 1999bThe
bioavailability (F) of bosentan after an oral dose is around p0/éber et al., 1999b
when given as oral suspensj@md decreases above doses of 60Q0Mgper et al.,
19999. Bosentan has awosystemic plasma clearance of approximately 7 to 8 L/h and a
volume of distribution of 0.2L/kg at IV dose of 250 to 500 (Weber et al., 1999c
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However, volume of distribution was found to be #imiear with respect to dose upon IV
dosing(Weber et al., 1996

Bosentan is known to be a CYP3A4 indupeaan Giersbergen et al., 2002n multiple
dosing with 62.5 mg twice daily, the daily exposure of bosentan decreased Hy&3%
Giersbergen et al., 200RBosentan has been shown to increase the urinary excretion of
6 Ehydroxycortisol, an endogenous marker of CYP3A4 activity, by 1.7(tbleber et

al., 1999¢. DDI studies of bosentan with other drugs with healthy volunteers indicate
autoinduction of CYPs by bosentdWeber et al., 19998inet et al., 2000Giersbergen

et al., 2002 Pregnane X receptor (PXR) was shown tinelved in induction of CYPs

by bosentan and Ro 4634. The effect of bosentan on PXR was concentration
dependent, with an Egof 19.9 £ 0.9 uM (van Giersbergen et al., 2002Bosentan was
found to be a legsotent inducer than rifampicin (E€of 19.9 uM for bosentan versus

1.9 uM for rifampicin)(van Giersbergen et al., 2002&he EGo for CYP3A4 mRNA in
human hepatocytes was found to be 1.07 and 5.78 uM (from two different hepatocyte
donors). The E&f or acti vity ( measur ed-hydrgxyldtiany mat i on
was calculated to be 0.78 and 1.13 uM (from two different heptaonors)Shou et

al., 2008. The Enaxwas found to be 11.40 and 17.76 (from two different hepatocyte
donors) for mRNA and 14 -hydsoxyttionactitysldu f or t e
et al., 2008 The plasma concentration is about 2uM at 125mg dose twice a day
(Dingemanse et al., 2003vhich is 16fold lower than the E£€ for PXR receptor.

Moreover, bosentan is highly plasma protein bound (96 to 99% b{iLenh et al., 1996
Weber et al., 1999®ingemanse and van Giersbergen, 2@Hbu et al., 20Q8ones et

al., 2012, hence the maximum unbound plasma concentratigg,(ds very low (0.04
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MM). Moreover, bosentan is also known toabgsubstrate for various uptake transporters
like OATP1B1, OATP1B3, OATP2B1, and NTQPeslie et al., 2007Treiber et al.,
2007). Therefore, using unboumdasma concentrations for prediction of induction might
lead to underprediction of effect of induction. Hence, determination of unbound
intracellular concentrations, which is the site of action (for induction) of bosentan
becomes critical in order to pretithe induction effect of bosentan. Several experimental
techniques have been used in the literature to determine the intracellular concentration
(Chu et al., 2013Pfeifer et al., 2018 However, developing mechanistic models which
can incorporate all the process (uptake, metabolism and induction) is a better approach to
determine the intracellular concentratigulkarni et al., 2015
The overall goal of this project ie predict DDI due to induction of CYPs. One of the
other goals of this project is to compare the static and dynamic models used for
prediction of DDI due to enzyme induction. For this study, the following literature
reported clinical DDI studies with bestan as perpetrator drug were selected with
different drugs as victim drug:

a) Bosentan and estradiol

b) Bosentan and sildenafil

c) Bosentan and vardenafil

d) Bosentan and norethisterone

8.2. Model development
Top-down and bottorup approaches were used for model development for CYP

induction by bosentan. Clinical data for bosentan pharmacokinetics and DDI studies was
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obtained from the literature (talBel). Semiphysiologically based pharmacokinetic

model (PBK) was used for the modeling process using Mathematica® 10.1.1.0.

The functions used in Mathematica® are described in appendix H. Differential equations
for the final model are described in appendix E. The values used for simulation and
model developmerdre given in tabl&.2. The following steps were used for model
development.

Table 8.1. Clinical studies used for DDI prediction

Study Reference

Bosentan PK (IV and oral) (Weber et al., 1996

Bosentan and sildenafil DDI study | (Burgess et al., 2008

Bosentan and vardenafil DDI study | (Sandgvist et al., 20)3

Bosentan and norethisterone DDI sty (Van Giersbergen et al., 200

Bosentan and estradiol DBiludy (Van Giersbergen et al., 200

1. Plasma concentratieiime profile of bosentan after IV dosing was used (after
digitalization using WebPIlotDigitizer application) for determination of number of
distribution compartments in¢hcompartment model. Since bosentan showed non
linear kinetic{Weber et al., 1996three IV doseslQ mg, ®mg and 250mg) (figure
8.2) which covered the therapeutic range were used. Initially, botmipartment (2
C) and 3compartment models {B) were used to fit the 10mg dose dataset. AlCc

values were used to determine the better model.
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Figure 8.2. Human plasma concentratitime profile of bosentan at IV doset10, 50,
250, 500 and 750 mg
Data obtained fronjWeber et al., 1996 Healthy subjects (n=6) at each dose were

randomized to receive bosentan.

2. In order to iorporate the saturable uptake, metabolism and efflux, a liver
compartment was added to the compartment model from step (1). All the

pharmacokinetic process were incorporated to mimiatvevo procesgfigure 8.3.
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Figure 8.3. Compartmental model used for modeling the clinicalivo plasma

concentrabn-time profile for IV dosing
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kizand ks are the distribution rate constants between central and peripheral compartment
1, ki and ke are the ditribution rate constants between central and peripheral
compartment 2, s the blood flow to the liver. Gl uptakeiS the uptake clearance, CL
and Clo is the diffusional clearance in and out of the membrane respectivelyn GL
the metabolic cleance, Clatefiux and Clinteffiuxt iS the intrinsic efflux clearance from the
cell and the apical membrane respectivelyie @ the bile flow.
3. Further, literature values were used for intrinsic uptake clearance Jfakg,
intrinsic metabolic cle@ance (Clxn) and efflux intrinsic clearance (Glefiux) as initial
estimates for the model (afterating up to organ level)(tabled. Hepatocellularity
(HPGL) of 120 x 18cells per gram of livefiwatsubo et al., 199Favas used for
scaling up the intrinsic clearance to organ level.Kddrvariability is reported in the
HPGL. Hence the number used in this model is the average of all the values reported
in the literature (appendix I). Based on therktkevalue, the liver compartment
was split into liver tissue and liver plasma comipeents (since the uptake clearance
was > 1.5 L/min, which is more than hepatic blood flow) (figBi.
4. Membrane compartments were added to the model, which was shown to be a better
model for prediction of intracellular concentratigéorzekwa and Nagar, 2014
Nagar ¢ al., 2014¢Kulkarni et al., 201p(figure 8.3). CLint,u,uptakevas calculated
from Km,u,uptakeANd Vax,uptake Apical efflux was modeled from both apical membrane
compartment and cell compammt, since bosentan is reported to be a substrate of
bile salt efflux protein (BSERJattinger et al., 200Mano et al., 200) p-
glycoprotein (Pgp)Lepist et al., 2014and multidrug resistance prote2(MRP-

2)(Lepist et al., 2014Kenna et al., 2005 The ratio of efflux intrinsic clearance from
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the cell (Clintef) and efflux intrinsic clearance from the apios@mbrane (Ch efr1)
compartment waBxed at213.

. A10 mg IV dose was used in simulatiorssng the model shown in figure 8.3
Scaling factors (SFs) for Gkuptake CLintm @and Clintett Were used in order to predict
the observed plasma concentrationdiprofile. Sensitivity analysis was performed
to get an estimate of SFs. During sensitivity analysis the microrate constakts, k
kiz and ki values obtained frorthe 3C fitting were fixed Several different
combinations of scaling factors (Skegre used for all the intrinsic clearances in
order to simulate the observed concentration time profile. The SF fauakewas
optimized based on the simulated and observed plasma profiles. The Sinfer CL
and Clint,m Was decided based on thechanged drug observed in the feces upon IV

dosing, which was observed to be around(¥¥éber et al., 1999b

Table 8.2. Literature reported values used for simulation and model development

Parameter Value Reference

Fraction unbound in plasmayyf 0.02¢ (Lave et al., 1996
Weber et al., 1999c
Dingemanse and var
Gierdergen, 2004
Shou et al., 2008

Jones et al., 20)2

Unbound fraction in HLM (fHLwm) 0.87 (Jones et al., 20)2
V max,uptak{ Human hepatocytes) 402 pmol/min/10cells | (Ménochet et al.,
Km,u,uptake 22.5 uM 2012
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Table 8.2. continued

Vmax.0atP1f (Pmol/min/ug protein) 1.32 £ 0.05 (Treiber et al., 2007
Km,u,0aTP1B1° 44 +5 uM

Vmax,0aTP182° (PmMol/min/ug protein) 3.21+0.4

Km.u,0atP182° (PmMol/min/ug protein) 141 + 17 pM

V max,0ATP281" 2.27 £ 0.69

Km,u,0aTP281° 202 £ 107 pM

Vmax,NTcP® (pmol/min/mg protein) 814 + 278 (Leslie et al., 200)7
Km,uNTCP® 21+1.4uM

Km,HLM 13 uM (Ubeaud et al1995
V max,HLM 250 pmol/min/mg

protein

CLint,ubile(Human hepatocytes)

7.4 pl/min/million cells

(Jones et al., 20)2

CLint,ubile(Human hepatocytes)

2 pl/min/million cells

(Varma et al., 2014

B/P coefficient 0.480.66 (Varma et al., 2014
Oral bioavailability (F) 43-50% (Weber et al., 1999b
Weber et al., 1999c
Fraction escaping gut wall 0.98 (Varma et al., 2014
fmcypsaa 1 (Varma et al., 2014

CLintu,m(Metabolic clearancé)

19-22 pl/min/mg

protein

(Ubeaud et al., 1995
Lave et al., 1996

Jones et al., 20)2
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Table 8.2. continued

Qn (Blood flow to livery 21 ml/min/Kg (Davies and Motris,
1993
Quile 620 ml/day (Esteller, 2008
Liver weight (LW) 1800 g for 70Kg (Davies and Motris,
human 1993
Liver Volume (LV) 1690 ml for70Kg
human
Hepatocyte volume (Y 3.4 x 10° ml (McManus and
Mitchell, 2014)
Apical membrane volume W) 5% of \; Assumed
Basolateral membrane volumengy 5 % of & Assumed
Volume of plasma () 6080 ml Optimized from 3C
model
Volume of liver plasma (¥) 10.5 % of liver volume| (Kjekshus et al.,
1997)
Volume of bile (\f) 0.4 % of liver volume | (McManus and
Mitchell, 2014
Hematocrit (%) 44 (Davies and Morris,
1993

a: average value was used from all thgorted values 0.007@,019,0.0053,0.037,

0.043,0.03 b: Chinese hamster ovary (CHO) cells transfected with human OATPs. c:
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HEK293 cells transfected with human NTCP. d: Intrinsic calculated from HLM. e:

corrected to plasma flow by multiplying with-{lematocrit).
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Y
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Figure 8.4. Compartmental model used for modeling the clinicalivo plasma
concentratiortime profile for oral dosing
kizand k; are the distribution rate constants between central and peripheral compartment
1, kiz and le1 are the distribution rate constants between central and peripheral
compartment 2, Qs the blood flow to the liver. Gk uptakelS the uptake clearance, CL
and CL, is the diffusional clearance in and out of the membrane respectivehy, GL
the metabolic clearance, Gidefiux and Clinteffiuxt IS the intrinsic efflux clearance from the
cell and the apical membrane respectivelyie @@ the bile flow, F$ the fraction

bioavailibiltiy, ka is the rate of absorptioneks the elimination from the gut.
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For modeling of oral plasma concentration time profile, a gut compartment was added to

the model developed in step (4) (fig@&d).

8.3. Results and discussion
Bosentan plasma concentratitime (Gt) profile data was ditalized and 2C and 3C
model werdit to describe the pharmacokinetics (PK). A 3C model was found to better
describe theV C-t profile (figure 8.5. Since the AlCc values were not significantly
different, BIC and MSE values were used to choose the model &8plé-or modeling
of oral PK, a 100mg oral dose was chosen since it was the closest to the therapeutic dose
(125mg). Bosentan-Cprofile after oral dosing was better described by 3C &isu
inspection) (figure8.6). Howeverboth 2C and 3C modetlid not converge Hence the
parameters obtained after fitting of oral data were not reliable. However, it served as a

good starting point for future simulations.

10% 104

-
o
o
o

1000

100

Concentration (ng/mL)
=]
S
Concentration (ng/mL

-
o
-
o

0 5 10 15 20 0 5 10 15 20
Time(hr) Time(hr)

Figure 8.5. In-vivo concentratiortime profile of bosentan in healthy voleets (n=6)
after 10 mg IV dose
A: 2-compartmental model fitting: 3-compartmental model fitting. Solid line

represents the predicted profile and the dots represent the observed concentrations.
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Figure 8.6. In-vivo concentratiortime profile of bosentan in healthy volunte@ns6)

after 1@ mg oral doseA: 2-compartmental model fitting: 3-compartmental model

fitting. Solid line represents the predicted profile and the dots represent the observed
concentrations

Table 83. Goodness of fit metrics for I.V. dos@d p.o. dose

Goodness of fit metric| p.o. dose I.V. dose
2C | 3C | 2C | 3C

AlCc 108 | 163 | 69 | 69

MSE 1219| 872 | 740 | 498

BIC 89 94 64 51
R? 0.91 | 0.915| 0.98| 0.996

Micro-rate constants obtained from fitting of 3C model to I.V. data was used in the model
shown in figureB.4. Initial simulation showed that SFs were needed to improve the
predictions (data not shown). Moreover, the unchanged bosentan excreted irsbile wa
predicted® be 14.15% (case 1 in table Bwhereas it was observed that only 4% of

bosentan is excreted unchanged in feces after I.V. dosing.
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Hence SFs were used for fikptake CLintm @and Clintett. Sensitivity analysis done with
these three paramet@dependently showed that GiluptakelS @ very sensitive parameter
that can significantly influence the predicted plasma PK profile (fi§ie It was also
observed from the sensitivity analysis thatland Clantes Significantly influence the
percentage of unchanged drug excreted in bile but did not affect the plasprafie.
Hence, SFs for these two parametersui@land Cliatu.efiux had be optimized, for which
percentage of unchanged drug excreted in bile served as the end poinergent p
excretion of unchanged drug in bile was obtained by either increasing the metabolic
clearance (Ck,m) or by decreasing the efflux clearance {fleriux). It was observed
that SF of 0.27 for Ghks,uemuxand SF of 3.755 for Giemwas optimun for 4% of
unchanged drug to be excreted ilelfcase 2 and case 3 in tablé)8However, the

plasma & profile was still ovetpredicted (Clearance was underpredicted).

-
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Figure 8.7. In-vivo concentratiortime profile of bosentan in healthy voleets (n=6)
after 10 mg IV dose
Solid line represents the predicted profile and the dots represent the observed

concentrations. Five different scaling factor fori{cL,uptakewas used sensitivity analysis.
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Sensitivity analysis with Gk uptakeShowed that an SF of 2.5 wagtimizedto be best to
predictthe plasma PK profile (figure 8.However, the unchanged bosentan excreted in
bile was predicted to be 13.46% (case 4bid8.4) with no SF used for Gkm and

ClLinteft. Hence a combination of SFs was used for all the three clearances.

A combination of SFs was used for igLptakeNd Clintm and optimized to yield the
desired result of 4 % unchanged drug excretion indrtbgood plasma-Cprofile
prediction (Case 5 in tab®&4). Further, a combination of SFs was used forGlakeand
CLintettand optimized to yield the desired result (Case 6 in @lle A combination of
SFs for all the three clearances was alswlated. Case 5 and case 6 in tédeare the
resultant selectioof all the combination of SFs. The combination of SFs in case 5 and
case 6 both predict the plasmaprofile and percentage of unchanged drug excreted in
bile most accurately (figur.8). Metabolite plasma €data (which was not available for
10 mg IV dose) would be required to narrow the combinations of SFs. Case 5 and case 6
were selected to be taken further in the projéoivas also observed that the
distributional micrerate @nstants obtained from model fitting of 2C and 3C are not
similar at different doses (data not shown) indicating-limoar kinetics as observed

clinically.
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Table 84. Optimization of SFs for the three parametersGpake CLintm and Clinteff

Different combination of scaling factors was tried resulting in six different cases.

Case Scaling factor Bile Kpuw at | Comments
CLintuuptake | CLintm | CLintefflux | €XCretion | steady
% state

1 1 1 1 14.15% 1 Plasma & profile
overpredicted

2 1 1 0.27 4.05% 1.75 | Plasma profiles
overpredicted

3 1 3.755 1 3.99% 0.48 | Plasma profiles
overpredicted

4 2.5 1 1 13.46% 2.9 Better plasma profile
prediction and intracellular
concentrations higher thar
unbound plasma

5 2.5 5.48 1 4.00% 0.9 Unbound plasma
concentrations higher thar
intracellular and good
plasma profile prediction

6 2.5 1 0.183 4.02% 4.71 | Good plasma profile

prediction and intracellular
concentration more than

unbound plasma
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Figure 8.8. In-vivo concentratiortime profile of bosentan in healthy voleets (n=6)
after 10 mg IV dose
Solid line represents the predicted profile and the dots represent the observed

concentrationsA: Predicted @ profile with case 5B: Predicted & profile with case 6.

8.4. Future studies
The model developed by the aforementioned steps was able to describe the observed
plasma concentratietime profile of bosentan after an IV dose of 10mg. But the model
was not able to capture the nlimearity observedlinically. Hence future modeling
exercises aim to model the observed nonlinearity with respect to dose. Modeling

exercises to be performed in future are as follows:

1. Model to incorporate the ndimear behavior of bosentan.
2. Expanding the model to predittet observed oral-€profile.
3. Development of models to describe the PK profiles of substrates (mentioned

previously).
4. Modeling of enzyme induction by bosentan.

5. Comparison of static modeling and dynamic modeling for prediction of enzyme

induction based DDI.
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CHAPTER 9- SUMMARY AND FUTURE DIRECTIONS
The present research project was intended to evaluate numerical methods toianalyze
vitro TDI datasets. New kinetic models were developed and evaluated for different
inactivators. A numerical methodas used to wdel complex CYP3A TDI in human
liver microsomes and rCYP3A. Several Mi@ming TDIs and sequential metabolites
were evaluatedComplexities incorporated in the models included multiple binding
kinetics, quasirreversible inactivation, and for the fitsine, sequential metabolism,
inhibitor depletion, and membrane partitioning. The resulting inactivation parameters
were incorporated into statiis-vitro i in-vivo correlation (IVIVC) models to predict
clinical DDIs. Most of the predicted DDIs were preditiwithin 2fold of the observed
using the numerical method@hese results suggest that numerical methods can
successfully model complex-vitro TDI kinetics, and that the resulting DDI predictions

are more accurate than those obtained with the starefscd approach.

It was observed from the present study that inhibitor depletion and lipid partitioning
could |l ead to misinterpretation adnvitré RA
TDI data using atypical models (e.g. multiple binding models, protein heterogeneity)
result in different estimates ofi ind knactwhen compared to those obtained from the
replot methodin the present study, predominantly MIC forming compounds that
inadivated CYP3A were studied. Futures studies need to be performed to evaluate a

numerical approach for inactivators inactivating by different mechanisms like heme

destruction or apoprotein modification. Inactivators inactivating by multiple mechanisms

pl o

alsoneed to be studied. The numerical method could also be used to predict the possible

mechanism. Further, if possible, mechanistic studies to verify the predicted mechanism
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can be performed (for example absorbance spectra for MIC}YON®BA inactivators do
not exhibit atypical kinetics very often, hence TDI mediated DDI are reasonably
predicted with TDI parameters obtained from the replot method. However, the replot
method has its limitations because of its inherent assumptions. The numerical method
could beused to explore the kinetics of inactivation of flO¥iP3A enzymes like
CYP2C8, CYP2D6, CYP2C19. Although gemfibrozil glucuronide (CYP2C8 inactivator)
and 2phenyl2-(1-piperidinyl) propane (CYP2B6 inactivator) were evaluated using the
numerical method ia previous stud{Korzekwa et al., 204 further studies with nen
CYP3A inactivators need to be performed.

The numerical method can also be very usef@valuating inactivators which inactivate
multiple enzymes, for example amiodarone and its metalf@tigama et al., 2000a
Ohyama et al., 2000bUse of the numerical method to simultaneously evaluate the
inactivation kinetics of all CYPs would be challenging. However, evaluating such
inactivators with the numerical method would better estimate kinetic parameters.
Although cocktail substrate assdysve been performed in the literature to evaluate TDI
kinetics(Dierks et al., 2001Tolonen efl., 2007 Kozakai et al., 201,4_ee and Kim,

2013 Kozakai et al., 2014Chen et al., 20D)6these studies have used either the replot
method for estimating Kand knactor measured shifted ¥& Since the numerical method
can provide better estimates ofu§ng the IGo data(Nagar et al., 2014bit will be

useful to use in early drug discovery.

In chapter 5 the impact of inhibitor depletion on estimates; ahld knactwas discussed.
Inhibitor depletion was used in addition to the probe substrate metabolite data to

characterize TDI kinetics andtasate K and knact It would be interesting if only the
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inhibitor depletion and inhibitor metabolite formation data could be used to estimate K
and knact, €.9. monitoring ERY depletion and formation of NDE over time (figure 9.1).
Measurement of inhibitr (I) concentration and product concentration (P) over time

would be required for such analysis.

E** <k8— E*

k; Ke

Ik

Figure 9.1. Kinetic scheme for analyzing inhibitor depletion and inactivation
simultaneously

The advantage of such analysisuld be that it would estimate End khact along with
inhibitor depletion simultaneously. The present method to analyze inhibitor depletion is
to use a mono exponential equation. The depletion rate constant obtained from this
analysis to use to incorpate inhibitor depletion while estimating End knact Although
this method is simple, it suffers from the disadvantage that inactivation and metabolism
(depletion) occurs simultaneously. Hence both the process should be characterized
simultaneously. Fuiner, characterizing metabolism and inactivation simultaneously
would also allow to estimate ofpkand Vimax for inactivators. Future experimental or
modeling studies need to be performed to evaluate this hypothesis. It should be noted that
in early drug disovery, metabolite standards and full metabolite profile might not be

available, which would prevent such analysis.
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Hepatocytes as an-vitro metabolic tool offer the advantage of having all the metabolic
machinery and being more relevanirevivo condtions. Human or rat hepatocytes,

bei ng an 0open o6 in-giysohddioms moseiclosely. Girmeedepenaent
inhibition assays have also been performed in both human hepat@ihyeset al., 2005
McGinnity et al., 2006Chen et al., 2011 Li and Doshi, 201;IMao et al., 201pand

rat hepatocyte@Phamet al., 201y with different variations of the standaresep TDI

assay. Estimates ofiléind k.acthave been reported to be different in hepatocytes and
microsomes, thereby estimating a lower inactivation efficiency in hepatocytes. This was
evaluatedn Chapter 6 using simulations as a proof of concept. Experimental studies need
to be performed to evaluate the effects of transporters. Experimental data from
hepatocytes would be necessary to evaluate the model shown in chapter 6. The numerical
method ofers the advantage of incorporating different mechanisms and processes that
influence the kinetics and hence the parameter estimates are more accurate. The use of
numerical method would allow integration of uptake, inactivation, lipid binding, inhibitor
metabolism, and efflux, and characterize all these processes together. It might be
challenging to integrate all these processes in one model.

Lipid binding/partitioning was incorporated in the kinetic models developed in this
project. Simplistically it wasssumed that the binding stoichiometry with lipid was 1:1

and that lipid partitioning was unsaturable. However, Nath et al developed models using
phospholipid bilayer nanodiscs and showed that multiple molecules can bind to lipid
(Nath et al., 200)/ Further studies nedd be performed to evaluate this and its impact on

TDI kinetics. Chapter 6 described briefly how this could impact TDI kinetics. However,
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further studies need to be performed with highly partitioned compounds to evaluate if

there is a cooperativity invodd in lipid binding, and its influence on TDI kinetics.

In this project DDI predictions were not performed for those clinical studies where
inactivator was cadministered with the substrate. DDI predictions can easily be
performed for compounds which feagimultaneous competitive inhibition and
inactivation. Unfortunately, competitive inhibition assays were not performed for the
inactivators in this project. Moreover, significant competitive inhibition would not be
expected as the literature reportedat€ higher than tha-vivo plasma concentrations

for the VER, DTZ, TAO and ERYJurimaRomet et al., 1994Narg et al., 1999Zhang

et al., 2008bKosugi et al., 2012 However, ITZ, PAR, RTV and MBF are known to be
strong competitive inhibitor@Nielsen et al., 199€@agling et al., 1997ribarne et al.,

1998 Wang et al., 1999Granfors et al., 20Q6/andenBrink et al., 20)2nd

inactivators. Future studies on competitive inhibition for these inactivators need to be
performed and evaluated using the numerical approach. Further DDI predictions with
both competitive inhibition and inactivation could also be performed with the net effect
model(Fahmi et al., 2008

In future work, dynamic models like sefABPK or compartmental models could be
developed and used for DDI predictions (similar to figure 9.2). The complex kinetic
models developed in this project could be incorporated into dyrn&tv€ models and
evaluated for DDI predictions. In figure 9.2 a preliminargd@npartment serf?BPK

model was developed to describe the PK of VER. The compartmental model essentially
consisted on a central, peripheral and liver compartment. The kinetimeadn liver

compartment was adopted from chapter 4.
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