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ABSTRACT 

Time-dependent inactivation (TDI) of CYPs is a leading cause of clinical drug-drug interactions 

(DDIs). Current methods tend to over-predict DDIs. In this study, a numerical approach was 

used to model complex CYP3A TDI in human liver microsomes. Inhibitors evaluated include 

troleandomycin (TAO), erythromycin (ERY), verapamil (VER), Paroxetine (PAR), itraconazole 

(ITZ) and diltiazem (DTZ) along with primary metabolites N-demethyl erythromycin (NDE), 

norverapamil (NV), and N-desmethyl diltiazem (MA). Complexities incorporated in the models 

included multiple binding kinetics, quasi-irreversible inactivation, sequential metabolism, 

inhibitor depletion, and membrane partitioning. The different factors affecting TDI kinetics were 

evaluated such as lipid partitioning, inhibitor depletion, presence of transporters. The inactivation 

parameters obtained from numerical method were incorporated into static in-vitro ï in-vivo 

correlation (IVIVC) models to predict clinical DDIs. For 123 clinically observed DDIs, using a 

hepatic CYP3A synthesis rate constant of 0.000146 min-1, the average fold difference between 

observed and predicted DDIs was 2.97 for the standard replot method and 1.66 for the numerical 

method. Similar results were obtained using a synthesis rate constant of 0.00032 min-1. These 

results suggest that numerical methods can successfully model complex in-vitro TDI kinetics, 

and that the resulting DDI predictions are more accurate than those obtained 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 includes inactivators and their primary metabolites. Chapter 3 entails the 

discussion on in-vivo studies in rats involving TDI mediated DDI studies. Chapter 4 discusses 

the in-vitro studies and use of numerical method for evaluation of TDI kinetics. Chapter 5 and 
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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 mainly from 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 Significance 

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 food-drug interactions, drug-herb interactions and drug-drug 

interactions (DDI). One of the major classes of PK interactions is DDI, which can result 

from interaction of different drugs when they are co-administered. These interactions can 

be either induction or inhibition of drug metabolizing enzymes (DMEs) or drug 

transporters, resulting in altered PK. Drug affected by the interaction is called a óvictimô 

or óobjectô and the drug which causes the effect is called a óperpetratorô or óprecipitantô. 

The effect of these interactions can range from lack of therapeutic response to severe life 

threatening interactions (Spinler et al., 1995; Dresser et al., 2000). Owing to this, it is 

very important to identify such drugs early in the drug development process.  

Cytochrome P450s (CYPs) make up an important superfamily of DMEs with 57 

functional genes in humans (Zhou and Zhou, 2009). These enzymes catalyze endogenous 

as well as xenobiotic metabolism. More than 90% of xenobiotics are metabolized by 

CYP1, 2 and 3 family members (Nebert and Russell, 2002). The major organs where 

CYPs are located are the liver (major metabolizing organ), intestines, kidney, lung and 

skin. Among all the family members, CYP3A family metabolizes around 60% of 

therapeutic drugs (Zhou, 2008). CYP3A4 accounts for 82% and 40% of the total CYP 
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present in human small intestine and liver respectively (Paine et al., 2006). Since CYPs 

are the major DMEs, inhibition or induction of CYPs can lead to DDI. Inhibition of 

DMEs can either be reversible or irreversible (Nagar et al., 2014a).  

Irreversible inhibition occurs through several molecular mechanisms ultimately resulting 

in inactive protein (Zhou et al., 2004; Fontana et al., 2005). Compounds which cause 

irreversible inhibition can be classified as mechanism based inactivators, affinity labeling 

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 non-covalent bond. Although slow tight binders, 

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 irreversible inhibition is 

also referred to as mechanism-based inhibition (MBI). Further since this type of 

inhibition results in time dependence it is also called time-dependent inhibition (TDI).  

Affinity labeling agents are generally reactive (electrophilic) compounds that alkylate or 

acylate enzyme nucleophiles. Generally, the kon and koff rates are very fast which leads to 

fast equilibrium with EI (E: Enzyme, I: inactivator/inhibitor, EI: enzyme-inhibitor 

complex, EI*: activated enzyme-inhibitor complex). EI further forms EI* through 

covalent modification which is a time dependent reaction. 

 

EI*EI
kon

koff

k1

I

E
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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 small koff. Time dependence is not evident with 

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

 

Slow, tight-binding inhibitors have relatively slow rates of binding (the kon, values are 

relatively small and koff rate constants are even smaller) resulting in time-dependent 

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 

molecule at the active site.  

 

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 reactive intermediate 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 enzyme (Kent et al., 2001). If the intermediate diffuses out of the active 

site, a decrease in inactivation is observed in presence of scavengers like glutathione, 

superoxide dismutase (SOD) and catalase (Johnson, 2008). However, this inclusion of 

EI*
kon

koff

I

E

EI
kon

koff

I

E
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external scavengers should not affect the rate of inactivation. There are several examples 

of drugs that show nonlinear accumulation and increased half-life in humans upon 

multiple dosing because of autoinactivation. These include diltiazem (DTZ) (CYP3A4/5) 

(Tsao et al., 1990), verapamil (VER) (CYP3A4/5), paroxetine (PAR) (CYP2D6), 

ticlopidine (TCP) (CYP2C9), delavirdine (Cox et al., 1997; Venkatakrishnan and Obach, 

2007). This inactivation of CYPs can lead to DDI (Backman et al., 1994; Watanabe et al., 

2007; Zhou et al., 2007). There are several examples in the literature of drug withdrawal 

from the market (e.g.,mibefradil, cerivastatin and soruvidine) due to drug interactions (Po 

and Zhang, 1998; Li, 2001) mediated due to irreversible inhibition.  TDI can also result in 

severe adverse reactions like Torsades de pointes (Mullins et al., 1998; Michalets and 

Williams, 2000), rhabdomyolysis (Williams and Feely, 2002), immune response against 

protein adducts from due to protein inactivation (Lecoeur et al., 1994; Liebler and 

Guengerich, 2005) and organ toxicity (Cohen et al., 1997).  

Silverman (Silverman, 1995) proposed 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 
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However, not all the inactivators satisfy all the criteria. For example, CYP3A4 

(Kenworthy et al., 1999) and CYP2C9 (Kumar et al., 2006) are shown to have multiple 

binding sites hence substrate protection might not be observed.  

Although many drugs are known to be TDI inactivators (Zhou et al., 2005), different 

drugs have different mechanisms of CYP inactivation depending on the functional group 

present on the drug (Hollenberg, 2002; Fontana et al., 2005). Functional groups that 

inactivate CYPs are methylenedioxy, acetylenes, alkyl and aryl olefins, sulfur and 

nitrogen containing compounds, furans and phenols (Zhou et al., 2004; Kalgutkar and 

Soglia, 2005; Kalgutkar 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 follows (Zhou et al., 2004; Zhou 

et al., 2005; Nagar et al.).  

1. Metabolite intermediate complex (MIC) formation with heme 

2. Covalent modification of apoprotein 

3. Heme destruction/modification  
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Figure 1.1 Plausible fate of a TDI inactivator 

Plausible fate of a TDI inactivator. 1. Product formation, 2.MIC formation 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 the formation of a quasi-irreversible 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, ERY) (Ludden, 1985; 

Periti et al., 1992), a methylenedioxyphenyl group (PPT, PAR), calcium channel blockers 

like VER and DTZ and antidepressants like nortriptyline (Pershing and Franklin, 1982; 

CYP D

D

CYP D
*

P

1
5

4

3

2
S

D

S

D

S

D

GSH trapping



7 

 

Bensoussan et al., 1995; Jones et al., 1999). The 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., 1977; Bensoussan et al., 1995) which exhibits an absorbance 

maximum of 445 to 455nm (Franklin, 1977). Furthermore, the MIC is stable enough to 

be isolated (Murray and Reidy, 1990; Ekroos and Sjögren, 2006).  The formation of MIC 

with methylenedioxyphenyl group occurs with formation of a carbene intermediate. 

However, formation of electrophilic orrtho quinone has also been proposed as a possible 

mechanism (Wu et al., 1997). 

Covalent modification of apoprotein  

This type of inactivation results from formation of covalent bond with apoprotein 

rendering the enzyme inactive (Kalgutkar et al., 2007). Protein adduct formation can be 

studied using LC-MS/MS (Lightning and Trager, 2002). This type of mechanism is 

shown by compounds like tienilic acid, lapatinib, tamoxifene and raloxifene, TCP and 

dihydralazine (Masubuchi and Horie, 1999; Richter et al., 2004). Modified protein 

sometimes are immunogenic (Belloc et al., 1997; Boitier and Beaune, 1998).   

Heme destruction 

This is a mechanism where the inactivator or the metabolite modifies the heme in a way 

that the enzyme activity is lost (Peterson et al., 2000).  Although 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 alkylation of the porphyrin ring. 

Changes in the porphyrin ring can be studied by UV/visible spectroscopy and carbon 

monoxide binding studies (Grab et al., 1988; Foti et al., 2011). This type of mechanism is 

shown by drugs containing a terminal acetylene group (eg. Ethnylestradiol, gestodene) 
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(Guengerich, 1990) and internal acetylenes (eg. Mifepristone) (Foroozesh et al., 1997; He 

et al., 1999). Mibefradil (MBF) (Prueksaritanont et al., 1999; Foti et al., 2011) and 

gemfibrozil glucuronide inactivate CYP3A and CYP2C8 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 order to restore the 

activity of the enzyme de novo synthesis is required. Because of this, the effect of 

irreversible inhibition persists even after the inactivator is removed from the body (Lin 

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 Metabolism and Transporter-Mediated Drug-Drug Interaction 

Studies guidance from US-FDA suggests static mechanistic models and dynamic 

physiologically based pharmacokinetic (PBPK) models to predict DDIs. DDI prediction 

from the static model uses parameters like natural degradation rate of the enzyme (kdeg), 

TDI parameters (KI and kinact), in-vivo inactivator concentration [I] and unbound fraction 

in plasma (fu,p). Prediction from static model tends to over-predict TDI mediated DDI 

from in-vitro assays (Fujioka et al., 2012; Kenny et al., 2012; Greenblatt, 2014) 

demonstrating the inability to accurately predict TDI mediated DDI. The possible reasons 

for poor predictions are improper in-vitro analysis resulting in incorrect TDI parameters, 

unreliable in-vivo parameters, complex biochemical mechanism and lack of consideration 

of transporters.  
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Kinetics of TDI 

 

Scheme 1.1. Schematic representation of steps involved in TDI 

The kinetics of time dependent inhibition were described in the 1980s (Waley, 1980; 

Waley, 1985; Escribano et al., 1989).  Scheme 1.1 shows a simple kinetic scheme for TDI 

reactions. Briefly, enzyme and the inactivator combine to form an enzyme-inactivator 

complex (EI), which further forms an intermediate (EI*). This intermediate can either 

form a product or react with the enzyme to inactivate the enzyme (E*). The concentration 

of the intermediate formed is regulated by the first order kinetic constants k2, kcat and k3. 

Rate of inactive enzyme formation under steady state condition can be described by 

2ÁÔÅ ÏÆ ÉÎÁÃÔÉÖÅ ÅÎÚÙÍÅ ÆÏÒÍÁÔÉÏÎË  % 
)

+ )
                 %ÑÕÁÔÉÏÎ ρȢρ 

where [I] is the inactivator concentration, K I is the apparent binding constant and given 

by 

+
   

                             Equation 1.2 

kinact is the maximum inactivation rate and is given by the equation 

Ë
 

    
                               Equation 1.3 

E + I EI*

E*

EI E + P
k1 kcat

k-1

k2
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The maximum rate of inactivation occurs when [I]>> KI.  The rate of inactive enzyme 

formation depends upon kinact and active enzyme concentration. Higher the kinact faster is 

the enzyme inactivated. The mechanism shown in scheme 1.1 is the 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 enzyme (McConn 

et al., 2004; Zhang et al., 2009). In this case, KI and kinact will 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 (KI and kinact) (Silverman, 1995; Atkinson et al., 

2005; Obach et al., 2006; Obach et al., 2007; Fowler and Zhang, 2008; Burt et al., 2012; 

Yates et al., 2012; Nagar et al., 2014a) (described in chapter 4). Often the TDI parameters 

are determined from a two-step 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 step containing probe substrate to determine the 

remaining activity (Silverman, 1995).  To determine KI and kinact, enzyme activity is 

measured at several inactivator concentrations and different preincubation times. The log 

of percent remaining activity (PRA) versus time is plotted, and the slope of each inhibitor 

concentration gives the observed rate constant (kobs), which is further plotted with 

inactivator concentration ([I]). The replot method can be used either with a dilution step 

or without the dilution step. Both forms of the assay have some inherent assumptions: 1) 
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there is negligible metabolism of inactivator, or in other words inactivator is not depleted 

in the pre-incubation step, 2) negligible inactivation occurs in the incubation step (which 

is attained by either diluting the inactivator or adding very high concentration of the 

probe substrate), 3) Michaelis Menten kinetics, 4) steady state, and 5) irreversibility. 

These assumptions might not always hold true which might lead to inaccurate 

parameters. Hence, the following considerations should be made while analyzing  in-vitro 

TDI data: 1) metabolism of the inactivator (either linear or non-linear depletion during 

the preincubation step) should be considered while modeling the data. 2) The dilution 

method requires a high concentration of protein in the pre-incubation step in order to 

provide enough activity in the incubation step. This makes the assessment of non-specific 

binding to microsomes important (mostly 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 equilibrium. 3) In the non-dilution 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 non-dilution method the concentration of inactivator is still 

high enough to continue inactivating the enzyme. Although inactivation can be 

minimized by adding high concentration of the probe substrate, complete elimination of 

inactivation cannot be guaranteed. Evidence of activation or competitive inhibition can be 

seen from the Y-intercept of the PRA plot. Hence, analysis of the data as per the study 

design becomes critical because improper analysis can lead to wrong parameters (Yang et 

al., 2005). 4) CYPs (mostly CYP3A) are known to have multiple binding sites leading to 

atypical kinetics. Hence atypical kinetics (e.g. multiple binding) should be accounted for 
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when analyzing TDI datasets. 5) Partial inactivation or reversibility of inactivation should 

be considered while analyzing TDI datasets. Compounds which inactivate through MIC 

formation form quasi-irreversible bond which is reversible over time and compounds 

which inactivate through apoprotein modification can only partially inactivate the 

enzyme. The partially inactivated 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 (e.g. VER and DTZ). 

In -vitro analysis of TDI 

Estimation of KI and kinact 

K I and kinact are two important parameters determined from in-vitro TDI assays. A 

compound with a high kinact will often lead to DDI even at concentration lower than KI. 

Non-linear regression is used to obtain KI and kinact by using the following equation. 

Ë
 

                    Equation 1.4 

  Alternatively, a plot of inactivation half-life (t1/2inact) against the reciprocal inactivator 

concentration can also be used to obtain K I and kinact (Kitz and Wilson, 1962). The t1/2inact 

can be obtained from 

ÔȾ
Ȣ

                      Equation 1.5 

Another method for estimation of KI and kinact is plotting the reciprocal of kobs against the 

reciprocal of inactivator concentration (figure 1.2).  
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Figure 1.2. Illustrations of determination of KI and kinact for TDI inactivators by different 

methods 

(Kitz and Wilson, 1962a; Silverman, 1995). A. PRA plot B. kobs vs [I] plot C. Kitz-

Wilson plot of t1/2inact vs 1/[I] D. plot of 1/kobs vs 1/[I] 

In the case of drugs inactivating the enzyme through MIC formation, absorbance of the 

complex at 455nm (Buening and Franklin, 1974; Franklin, 1974) can be measured to 

estimate kobs. The initial slope of a plot of the natural logarithm of the absorbance 

difference against pre-incubation time gives an estimate of kobs (Mayhew 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 formation, which is given as 

ὶ                          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 inactivator increases as the 

value of r decreases. The partition ratio is unique to an inactivator-substrate pair. Partition 

ratio values can be used for comparing the potency of the inactivator provided the 

substrate is the same. Hence, determination of partition ratio becomes an important step 

in drug development. There are three methods that can be used for estimation of r (Kunze 

and Trager, 1993; Silverman, 1995; Atkinson et al., 2005; Li et al., 2005). The simplest 

method is to measure kcat from Michealis-Menten (MM) kinetics experiments and kinact 

from TDI assays as described above. The next method is to titrate the enzyme with the 

inactivator and measure the number of inactivators required to inactivate the enzyme 

completely. Increasing amount of inactivator 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 number of inactivator molecules required to inactivate one enzyme 

molecule (turn over number, assuming 1:1 stoichiometry). The partition ratio can be 

determined from the X-intercept by subtracting 1 from the X-intercept. If the plot is non-

linear, the linear portion is used to extrapolate the line to X-axis. The value of r can be 

estimated by using the following equation 

ὶ Ὑ  Ὡ                               Equation 1.7 

where Rmax is 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 the characteristics of TDI has increased in recent years 

indicating the growing knowledge and understanding of the impact of TDI (Grimm et al., 

2009). A number of studies have reported TDI of CYPs in-vitro but limited studies have 

clinical evidence for the same (Liston et al., 2002; Johnson, 2008). Moreover, it is shown 

that not many in-vitro TDI exhibiting drugs show clinically relevant DDI (Blobaum, 

2006; Fujioka et al., 2012).  

Improper in-vitro analysis 

One of the possible reasons for this disparity in DDI prediction is improper in-vitro 

analysis. As described earlier, many of these studies did not account for protein binding, 
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similar parameters for MBF, DTZ, and ritonavir (RTV). However, for ERY the 

parameters were different because the reported ERY TDI parameters itself had 10-fold 

variability. Furthermore, CYP kinetics can be complicated by non Michaelis-Menten 

(MM) kinetics, biphasic kinetics and quasi-irreversible, or partial inactivation (Korzekwa 

et al., 1998; Atkins, 2005). CYPs are known to show multiple substrate binding kinetics, 

cooperativity, and several non-MM kinetics which lead to non-linear PRA plots (Heydari 

et al., 2004; Bui et al., 2008). Although the replot method is a simple method, it has some 

limitations in predicting in-vivo effect (Blobaum, 2006). Moreover, the replot method 

assumes MM kinetics, steady state kinetics and irreversibility. Hence above mentioned 

complexities cannot be included in replot method which results in poor estimates of TDI 

parameters (Silverman, 1995). Further, sequential metabolism where the substrate is 

metabolized to a metabolite, which can either inactivate the enzyme or get further 

metabolized can add to the complexity of predicting DDI (VandenBrink and Isoherranen, 

2010). Therefore, models incorporating the complex molecular mechanisms of CYPs will 

better estimate TDI parameters. The recently published numerical method (Korzekwa et 

al., 2014; Nagar et al., 2014b) which 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., 2016). 

In -vitro in vivo correlation (IVIVC) 

The accuracy of in-vitro inhibition assays and models to predict in-vivo situation lies in 

the appropriate prediction of in-vivo DDI. Numerous attempts have been made to predict 

in-vivo TDI mediated DDI (Mayhew et al., 2000). However, accurate quantitative 

prediction of the in-vivo situation is still a challenge. Static modeling is being used for 



17 

 

IVIVC of many drugs. However, it has been observed that static modeling often leads to 

over-prediction (Vieira et al., 2014). One of the reasons for over-prediction is using a 

static inactivator concentration (Iu,max), assuming inactivator concentration at steady state. 

However, this is not true in-vivo where inactivator concentration changes over time. 

Modifying the static model or developing dynamic models could overcome the limitation 

of static modeling. 

Presence of drug transporters 

Drug transporters are known to influence intracellular concentration, which is the site of 

action for many drugs (Kivistö et al., 2004; Giacomini et al., 2010; Kulkarni et al., 2016). 

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., 1999; Kim, 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 consideration 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-gp work in tandem to coordinately upregulate both the 

proteins (Schuetz et al., 1996). Inactivators are known to be substrates for uptake 

transporters (e.g. ERY is a substrate for OATP1B1 and OATP1B3) which can increase 

the intracellular concentration and enhance inactivation. Hence, interplay of enzymes and 

transporters could complicate DDI predictions. However, accounting for the interplay 

could lead to more accurate DDI predictions (Figure 1.4). 
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Figure 1.4. Plausible reasons for poor IVIVC 
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The hypotheses (figure 1.5) of this project was to evaluate use of the numerical method, 

by developing mechanistic kinetic models to estimate better TDI parameters (KI and 

kinact) and hence improve DDI predictions. 

1.3. Specific Aims 

Based on our hypotheses, the specific aims were designed as follows: 

i) To develop and validate HPLC-MS/MS methods for quantification of the study 

compounds   

ii)  To perform in-vivo inactivator PK studies DDI studies in Sprague-Dawley (SD) rats 

iii)  To perform in-vitro TDI assays with different inactivators and corresponding probe 

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 study effect 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 inactivation (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 (MDZ) 

Paroxetine (PAR) Desipramine (DES) 

Paroxetine (PAR) Dextromethorphan (DXT) 

Itraconazole (ITZ) MDZ 

Amiodarone (AMD) MDZ 

Troleandomycin (TAO) MDZ 

MIC formation with 

sequential metabolism 

Diltiazem (DTZ) MDZ 

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 very specific 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 (LC-MS/MS) assays for compounds mentioned in Table 1.1 in rat 

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

2.2. Materials 

All the solvents used for LC-MS/MS were obtained from Honeywell (B&J AC/HPLC 

certified solvent) and were of the highest commercial available quality. Ammonium 

acetate, 4-hydroxy midazolam (4-OH MDZ), desipramine hydrochloride (DES), 

diltiazem (DTZ) hydrochloride, verapamil (VER) hydrochloride, midazolam (MDZ), 1-

aminobenzotriazole (1-ABT), and fenofibrate (FFB), ticlopidine (TCP) were obtained 

from Sigma Aldrich. Dexamethasone (DEX), mibefradil hydrochloride (MBF) and 1-

hydroxy midazolam (1-OH MDZ) were purchased from Cayman Chemicals. 

Norverapamil hydrochloride (NV), erythromycin lactobionate (ERY), N-demethyl 

erythromycin (NDE), podophyllotoxin (PPT), D617 (verapamil metabolite), deoxy 

podophyllotoxin (dPPT), 6-hydroxy dexamethasone (6-OH DEX), N-desmethyl diltiazem 

hydrochloride (NDD), N, N didesmethyl diltiazem (MD), desacetyl diltiazem (DAD), O-

desacetyl-N-desmethyl diltiazem (DDD), ritonavir (RTV), hydroxyl ritonavir (OH-RTV), 

desthiazoyl methyloxy carbonyl ritonavir (des RTV), itraconazole (ITZ), S-mephenytoin 
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and D617 were purchased from Toronto Research Chemicals, Canada. 

Dextromethorphan hydrobromide (DXT), dextrorphan tartrate salt (DXO), and 2-hydroxy 

desipramine (2-OH 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 purchased from EMD. Sprague Dawley (SD) 

rat plasma was obtained from Equitech Biotech Inc.  

2.3. Assay Development 

2.3.1. Preparation of Stock Solutions, Calibration Standard Samples and 

Quality Control 

For all compounds, stock solutions was prepared in dimethyl sulfoxide (DMSO) 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. Standard solution 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 used for assay validation. 

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 mode was used. LC-MS/MS 

data was analyzed using the Analyst® software 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, 3µm C18(2), 30 

X 2mm column (Phenomenex®) coupled with 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) 

MDZ and 4-OH MDZ 

Water with 0.1% formic 

acid (FA) 

ACN with 0.1% FA 

1-OH MDZ Water with 0.1% FA ACN with 0.1% FA 

DES and 2-OH DES 5mM ammonium formate ACN with 0.1% FA 

DXT and DXO 

10mM ammonium acetate 

with 0.1% acetic acid 

ACN with 0.1 % FA 

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 Water with 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 (µl/min) 

MDZ and 4-OH MDZ 

0.0 90 10 300 

0.5 5 95 300 

1.5 5 95 300 

2.0 90 10 300 

6.0 90 10 300 

1-OH MDZ 

0.0 90 10 800 

0.5 10 90 800 

1.1 10 90 800 

1.5 90 10 800 

3.5 90 10 800 

DES and 2-OH DES 

0.0 90 10 300 

0.5 5 95 300 

2.0 5 95 300 

2.5 90 10 300 

9.0 90 10 300 

DXT and DXO 

0.0 90 10 400 

1.5 15 85 400 

6.0 15 85 400 

7.0 90 10 400 

10.0 90 10 400 
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Table 2.2. continued  

DTZ, NDD, MD, DDD and DAD 

0.0 90 10 300 

0.5 5 95 300 

1.5 5 95 300 

2.0 90 10 300 

9.0 90 10 300 

ERY and NDE 

0.0 95 5 550 

1.0 5 95 550 

3.0 5 95 550 

4.0 95 5 550 

6.0 95 5 550 

PAR 

0.0 90 10 550 

1.0 5 95 550 

2.5 5 95 550 

4.0 90 10 550 

8.0 90 10 550 

PPT 

0.0 90 10 250 

1.5 5 95 250 

3.0 5 95 250 

4.5 90 10 250 

11.0 90 10 250 

VER, NV and D617 

0.0 90 10 250 

2.0 10 90 250 



26 

 

Table 2.2. continued 

VER, NV and D617 

3.5 10 90 250 

6.0 90 10 250 

11.0 90 10 250 

RTV, OH RTV, des RTV 

0.0 90 10 300 

0.50 90 10 300 

1.50 5 95 300 

4.0 5 95 300 

5.0 90 10 300 

8.0 90 10 300 

ITZ 

0.0 85 15 700 

0.50 85 15 700 

1.10 15 85 700 

3.0 15 85 700 

3.50 85 15 700 

6.0 85 15 700 

MBF 

0.0 90 10 500 

0.50 90 10 500 

1.10 10 90 500 

2.0 10 90 500 

2.50 90 10 500 

6.0 90 10 500 
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Table 2.2. summarizes 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 (DP), 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. Assay Validation 

Method validation was performed for methods which were 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 1/x2 (where x = analyte concentration). 

Concentration of QCs were calculated using y = mx + c. 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 formula 

0ÒÅÃÉÓÉÏÎ
 

8 ρππ                    Equation 2.1 

Accuracy was calculated using the following formula  

!ÃÃÕÒÁÃÙ
 

8 ρππ         Equation 2.2 

2.5. Results 

Table 2.3 summarizes the MS/MS parameters and table 2.4 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 (GS2), ionspray voltage (ISV), 

and temperature were set at 10 psi, 40 psi, 40 psi, 40 psi, 4000 V, and 4000C for all the 
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compounds respectively. The dwell time was 300 msec for all compounds. Injection 

volume was 5µl for all the compounds except DXT and DXO for which the sample 

volume was 2µl. 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 2.5 and table 2.6 

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 declustering potential, CE is collision energy, CXP is the collision cell exit 

potential 

Compound 

Dwell 

time 

(msec) 

Parent 

ion (Q1) 

Product 

ion (Q3) 

DP 

(volts) 

CE 

(volts) 

CXP 

(volts) 

Temp 

(0C) 

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 

ERY 

300 720.553 144.100 86 41 14 400 

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 

Compound 

Flow 

rate 

(µl/min)  

Analyte 

Retention 

time (min) 

IS 

IS 

retention 

time 

(min) 

Injection 

Volume 

(µl) 

Total 

run 

time 

(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 

Des RTV 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 

DAD 

1250 4.4 6.57 

312.5 -1.28 2.14 

19.53 -0.79 9.72 

2.44 -4.4 2.97 

DDD 

1250 -2.4 7.20 

312.5 -2.96 7.90 

19.53 -0.02 9.12 

2.44 5.02 13.76 

DES 

(n=4) 

1250 -2.8 9.28 

313 3.67 6.64 

78.1 -7.01 5.14 

19.5 -7.56 4.97 

4.88 -0.71 7.89 
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Table 2.5. continued 

DTZ 

1250 8.4 4.01 

312.5 1.2 1.59 

19.53 -4.6 7.61 

2.44 -7.3 6.69 

DXO 

(n=4) 

500 12.1 9.49 

250 3.2 10.65 

100 10.63 11.84 

50 -0.65 4.47 

DXT 

1000 -4.125 14.89 

500 -16.53 11.95 

200 16.5 9.104 

100 6.57 6.03 

ERY 

(n=4) 

625 0.85 1.29 

78.1 12.46 3.56 

19.53 4.45 6.59 

4.88 0.06 5.54 

NDD 

1250 1.6 7.07 

312.5 -1.6 4.45 

19.53 -0.79 10.59 

2.44 4.71 7.98 

MD 

1250 9.2 6.11 

312.5 -1.76 2.90 
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Table 2.5. continued 

MD 

19.53 -7.96 7.15 

2.44 -6.14 6.42 

MDZ 

(n=3) 

10000 -1.23 8.25 

2000 4.5 3.82 

1000 5.46 8.36 

500 -2 14.38 

100 2.06 3.42 

31.3 0.53 8.46 

NV 

(n=4) 

500 9.4 5.70 

125 4.2 9.28 

31.3 3.51 5.59 

PAR 

(n=3) 

1000 6.16 15.29 

500 11.8 6.90 

250 -1.87 9.55 

50 8.4 8.00 

VER 

(n=4) 

500 7.5 5.52 

125 5.2 9.62 

31.3 -0.23 7.64 
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Table 2.6. Inter-day validation results of different compounds 

Compound Nominal Concentration (ng/ml) % 

Accuracy 

% Precision 

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 

(n=4) 

500 5.95 15.47 

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 

(n=4) 

625 0.85 3.71 

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 

(n=3) 

10000 -2.67 14.74 

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  

(n=4) 

500 5.4 3.59 

125 -6.6 1.89 

31.3 2.07 2.57 

PAR 

(n=3) 

1000 -11.43 11.00 

500 -1.13 10.36 

250 5.2 14.81 

50 5.73 12.18 
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Table 2.6. continued 

VER 

(n=4) 

500 8.1 6.02 

125 -1.8 3.54 

31.3 2.15 4.54 

 

2.6. Discussion and Conclusion 

LC-MS/MS methods were successfully developed and validated in rat plasma which 

were used for analysis of plasma concentration from in vivo PK studies. Results show 

that the developed methods have the desired sensitivity and are suitable for analysis of all 

the compounds. 
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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 of TDI in-vivo by performing in-

vivo PK studies. It has been observed that most drugs exhibiting TDI in vitro do not 

exhibit significant TDI effect in-vivo. Hence, the main aim of this chapter was to evaluate 

the effect of TDI in-vivo. The factors that influence the extent of DDI are the inactivator 

plasma concentrations, unbound fraction of the inactivator in the plasma (fu,p), 

inactivation parameters (KI and kinact) and amount of enzyme (which is regulated by the 

synthesis and the degradation rate). Determination of inactivation parameters (KI and 

kinact) and unbound fraction will be discussed in chapter 4. Plasma inactivator 

concentrations and the plasma substrate concentrations in the presence and absence of 

inactivator will be discussed in this chapter. In-vivo 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 non-MM kinetics at the concentrations studied. 

3. The fm value of MDZ metabolism for CYP3A is very high (0.93 for humans and 

~0.9 for rats). 

In-vivo PK studies were also performed 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 weighing 250-350g were ordered 

from Charles River. Rats were handled according 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 obtained from Cayman 

Chemicals. Corn oil was purchased from Fischer science education. 1-methyl-2-

pyrrolidinone (NMP) was obtained from J.T Baker.  

3.3. Study Design 

3.3.1. Inactivator PK Studies 

The goal of performing inactivator PK studies was a) to determine the plasma Cmax to be 

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 under a 12-h 

light/dark cycle. Food and water were provided ad libitum. Table 3.1 summarizes the 

dose and the dosing route for all the inactivators studied. Inactivator dosing regimen was 

decided based on the reported half-life (table 3.1). Multiple inactivator dosing was 

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 25%-30% 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). 



39 

 

Table 3.1. PK dose and dosing route for all the inactivators studied 

Compound I.V. 

Dose 

(mg/Kg) 

Number 

of 

animals 

Half -life 

in rats 

(t1/2)  

Reference 

DTZ 5 6 1-1.6 

hours 

(Downing et al., 1987; Tsui et al., 

1994) 

ERY 100 4 1.26-2 

hours 

(Duthu, 1985; Shepard and Falkner, 

1990) 

NV 5 3 116 min (Lee et al., 2012) 

PAR 5 3 3.4 hours (Li et al., 2014) 

PPT 1 3 37 min In-house 

VER 5 3 1.6-2 

hours 

(Todd and Abernethy, 1987; Choi et 

al., 2008; Lee et al., 2012) 

DTZ and PAR were dissolved in DMSO whereas all other inactivators were dissolved in 

NMP. Heparin was used as an anticoagulant. Blood samples were collected in heparin 

dried micro-centrifuge 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 administered through 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 at -800C until analysis. Sample preparation for all the compounds 

was similar. Plasma samples from in-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 with LC-MS/MS.  
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3.3.1.1. PPT In-Vivo PK Study 

Based on preliminary in-vivo studies with PPT, a dosing interval of 2 hours was chosen to 

avoid accumulation of the inactivator. Since the literature reported LD50 for PPT was 

10mg/Kg, a dose of 1mg/kg thrice every two hours was selected.  PPT was dissolved in 

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 first PPT dose 2, 

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 In-Vivo PK Study 

The plasma half-life (t1/2) of VER in rats was reported to be between 1.48 hours to 2.3 

hours (Manitpisitkul and Chiou, 1993; Chen et al., 2008), hence a dosing interval of 2 

hours was chosen. Verapamil 5mg/kg was given thrice every two hours.  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 after the second 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., 1999; Reder-Hilz et al., 2004; Sun et al., 2004). Therefore, plasma samples 

were analyzed to determine the concentrations of both parent VER and 2 major 

metabolites, NV and D617 (molecular structures are shown in appendix A).  
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3.3.1.3. NV In-Vivo PK Study 

NV 5mg/kg was dosed thrice every two hours to mimic the VER dosing regimen. NV 

was dissolved in NMP and diluted 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 minutes and 1, 1.5, 2, 3, 4, 6, 9, 12 hours after the third dose.   

3.3.1.4. PAR In-Vivo PK Study 

The half-life of PAR was reported as 4 hours in the literature (Gardier et al., 2003). 

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 hours after the 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 diluted 3-fold for analysis with LC-MS/MS.  

3.3.1.5. ERY In-Vivo PK Study 

The half-life for ERY was reported to be 72-76 minutes (Duthu, 1985). 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 minutes and 1, 1.5, 2, 3, 4, 6, 

8, 10, 12 hours after the second dose.  Plasma samples were obtained as described earlier. 

Plasma samples were diluted 20-fold during analysis.  

3.3.1.6. DTZ In-Vivo PK Study 

The half-life for DTZ was reported to be 30-45 minutes (Downing 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 hours after the 

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 -

800C until analysis. It is reported that DTZ and its metabolites are unstable in plasma if 

stored for more than 2 weeks (Caillé et al., 1989; Yeung et al., 1991; Bonnefous et al., 

1992). Hence, plasma samples were analyzed within two days of PK study. Plasma 

samples were analyzed for the parent and the metabolites, N-desmethyl diltiazem 

hydrochloride (MA), N-N didesmethyl diltiazem (MD), desacetyl diltiazem (DAD), O-

desacetyl-N-desmethyl diltiazem (DDD). All structures are shown in appendix A. 

3.3.1.7. DEX In-Vivo PK Study 

It was observed in the initial in-vivo DDI studies that DEX might interfere with MDZ 

metabolism. Moreover, DEX is known to be metabolized by CYP3A (Tomlinson et al., 

1997) and is a well-known inducer of CYPs (Lin et al., 1999; Martignoni et al., 2004). 

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 12-24 hours after treatment with DEX (Martignoni et al., 2004). The goal 

of this study was to determine the dosing regimen of the substrates to avoid CYP 

inhibition and cause induction.  Therefore, DEX in-vivo PK study was performed to 

determine the PK of DEX, which can then be used to determine the dosing regimen of 

MDZ. The dosing regimen for DEX was decided based on literature reports (Li et 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 intraperitoneal (i.p.) 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 stored at -800C until 

analysis. 

3.3.2. Drug-drug Interaction (DDI) Studies 

DDI studies were performed in SD rats to determine the effect of inactivators in-vivo. 

The timing of substrate dosing was decided based on inactivator concentrations to avoid 

competitive inhibition. For all studies for CYP3A, MDZ was used as the probe substrate. 

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 dissolved in 

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: inactivator 

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 inactivator-substrate pairs for DDI in-vivo studies 

Group Inactivator Dose 

(mg/Kg) 

Substrate Doseb 

(mg/Kg) 

Dosing 

Route 

Number of 

animals 

DES Vehicle 5mg/Kg IV  5 

PAR-DES 5 mg/Kg 5mg/Kg IV  5 

DEX-MDZa 100mg/Kg 5mg/Kg i.p. 3 

MDZ Vehicle 5mg/Kg IV  3 

DTZ-MDZ 5mg/Kg 5mg/Kg IV  6 

DXT Vehicle 10mg/Kg IV  5 

NV-MDZ 5mg/Kg 5mg/Kg IV  3 

PPT-MDZ 1mg/Kg 5mg/Kg IV  5 

VER-MDZ 5mg/Kg 5mg/Kg IV  4 

PAR-DXT 5mg/Kg 10mg/Kg IV  4 

ERY-MDZ 100mg/Kg 5mg/Kg IV  4 

a: DEX mechanism of inhibition not known. b: dosed I.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 to 700C for 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 PPT in-vivo 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, 10, 15, 30 minutes and 1, 2, 3, 6, 

9, 12 hours after MDZ administration. In-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. VER-MDZ In-Vivo DDI Study 

Similar to PPT-MDZ 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 VER in vivo study). In the control group (n=6), blank vehicle 

was administered instead of VER. After 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 

administration. In-vivo DDI studies were also performed in non-DEX 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 vivo study) and in control group (n=6) 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, 12 hours after MDZ administration. 

3.3.2.4. PAR-DES and PAR-DXT In-Vivo DDI Study 

To the inhibitor treated group (n=3), PAR was administered twice with an interval of 4 

hours (same as the PAR in vivo study) and in control group (n=3) blank vehicle was 

administered instead 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 administration. PAR-DXT in-vivo DDI study was also performed. The study design 

for PAR-DXT DDI study is the same as the PAR-DES 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 (n=4) ERY was administered twice with an interval of 2 hours 

(same as the ERY in vivo study) 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 MDZ 5mg/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 in 

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, 30 minutes 

and 1, 2, 3, 6, 9, 12 hours after MDZ administration. 

3.3.2.7. DEX/MDZ 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 observed in PPT-

MDZ in-vivo DDI study. In this study, DEX treated group (n=3) was administered with 

DEX by i.p. route (similar to DEX in-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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Tmax of 8 hours after DEX 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 route in both 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 by LC-MS/MS. 

3.4. Data Analysis 

Compartmental models were used to describe the inactivator in-vivo pharmacokinetic 

(PK) profiles and substrate in-vivo PK profiles. Both 2-compartment (2C) and 3-

comparmtment model (3C) was fit to the data to describe the PK (fig 3.1). Differential 

equations for the models and the Mathematica® functions are given in appendix F and 

appendix I 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 modeled from the central compartment. 

Akaike information criterion (AICc) was used to determine the better model to describe 

the PK. The lower the AICc value the better the model (Bonate and Steimer, 2006). AICc 

is given by following equation  
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Where p is the number of parameters 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/p<40) (Bonate and 
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Steimer, 2006). Hence AICc was used as goodness-of-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 

qualitative determination and mean square error was used for quantitative determination. 

Mean square error (MSE) was calculated by  

-3%
33%

Î Ð
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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. SSE is calculated as 

33% 9 9 Åȣȣȣȣ%ÑÕÁÔÉÏÎ σȢτ 

where Yi is the observed data and ȑi is the model predicted data. ei is the difference 

between the predicted data and observed data. Since SSE tends to decrease as the number 

of parameter increases, it is a biased parameter. MSE is an unbiased estimate of the error 

variance (ů2) (Bonate and Steimer, 2006). Both non-compartmental analysis (NCA) and 

compartmental analysis were performed. NCA was performed with Kinetica® software 

package and compartmental analysis was performed with Mathematica® 10.2 software 

package.  
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Equation 3.5 describes the 2C and equation 3.6 describes the 3C where A, B and C are 

constants and Ŭ, ɓ and ɔ are the disposition rate constants. Compartmental area under 

curve (AUC) was calculated using equations 3.7 and 3.8 for 2C and 3C respectively  



49 

 

!5# 
!

ɻ

"

ɼ
ȣȣȣȣȣȢȢ%ÑÕÁÔÉÏÎ σȢχ 

!5# 
!

ɻ

"

ɼ

#

ɾ
ȣȣȣȣȣȢȢ%ÑÕÁÔÉÏÎ σȢψ 

 

Figure 3.1. Schematic representation of compartmental models  

A: 2-compartmental model B: 3-compartmental model. Compartments are denoted by 

number 1, 2 and 3. First order rate constants are used to describe the distribution between 

compartments. k12 represents the distribution rate constant from compartment 1 to 2, k21 

represents the distribution rate constant from compartment 2 to 1, k13 represents the 

distribution rate constant from compartment 1 to 3, k31 represents the distribution rate 

constant from compartment 3 to 1, k10 represents the elimination rate constant 

 

Non-compartmental AUC was calculated using mixed log linear trapezoidal rule and 

extrapolated to infinity using Clast/ɚ where Clast is the last sampling time point and ɚ is the 

elimination rate constant. AUC ratio was calculated by  
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where AUC(0-infinity)s,i is the AUC of the substrate from 0 minutes to infinity in presence of 

inactivator and AUC(0-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 (CL) was calculated as D/AUC0-infinity, with D as dose and AUC0-infinity as the area 

under the plasma concentration-time curve. For multiple dosing studies, CL was calculated 

from the first dose as  

#,
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Where AUC0-infinity is area under the plasma concentration-time curve. Extraction ratio (ER) 

was calculated as CL/Qh where Qh is the hepatic blood flow (13.8 mL/minutes for 250g rat 

(Davies and Morris, 1993)). Non-compartmental terminal half-life (t1/2) was estimated 

from the elimination rate constant ɚ with t1/2= 0.693/ɚ. Compartmental t1/2 was estimated 

using t1/2=0.693/ɔ (ɔ was determined from the fitting 3 compartmental model to mean 

plasma concentration time profile). Compartmental volume of distribution at steady state 

(Vss) was calculated as  
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and non-compartmental Vss was calculated using  

6
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 where MRT is the mean residence time and is defined as the area under the first moment 

curve AUMC0-infinity divided by AUC0-infinity. Statistical analysis was performed using the 

unpaired t-test with the software SigmaSTAT®. 

Error in individual AUCs was propagated to AUC ratio as 
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Where ŭ represents the error in different terms. R represents mean value of AUC ratio, X 

represents AUCi (AUC of MDZ in presence of PPT) and Y represents AUC of MDZ in 

absence of inactivator. 

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 

metabolite data. In cases where model fitting resulted in lack of convergence, simulations 

were performed to capture metabolite plasma C-t profiles using either of the following 

assumptions: 

1. Elimination clearance of preformed metabolite was assumed to be the same as in-vivo 

formed metabolite 

2. Elimination clearance of preformed was assumed to be dissimilar to the in-vivo 

formed metabolite 

3. Elimination clearance and distribution of preformed metabolite were dissimilar to in-

vivo formed metabolite 

Elimination rate constants 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 

3.5.1.1.PPT In-Vivo PK Study 

The in-vivo PK profile of PPT was best described by a 2C model (figure 3.2, table 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 micro-rate constants for PPT for 

2C are described in table 3.4. The total average Cmax was observed to be 2.12 µM.  

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

Goodness of fit metric 2C 3C 

AICc 151.7 154 

MSE 311.6 210.3 

BIC 152.3 151.6 

R2 0.96 0.97 

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

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.28 0.02 7.9 % 

k21 (min-1) 0.03 0.007 23.0 % 

k10 (min-1) 0.28 0.02 8.6 % 

Vd (ml) 245 19.03 7.8 % 

 

 

A B
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Figure 3.2. In-vivo concentration-time profile of PPT in SD rats (n=3) after multiple IV 

dosing 

 A:  2-compartmental model fitting B: 3-compartmental model fitting. Solid line 

represents the predicted profile and the dots represent the observed concentration from in-

vivo studies in SD rats. 

3.5.1.2. VER In-Vivo PK Study 

The in-vivo PK profile of VER was best described by 2C (figure 3.3, table 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 micro-rate constants for VER for 2C 

are described in table 3.6. The total Cmax was observed to be 36.66 µM. NV and D617 C-t 

profiles were also measured (figure 3.4).   

 

Figure 3.3. In-vivo concentration-time profile of VER in SD rats (n=3) after multiple IV 

dosing 

A B
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 A:  2-compartmental model fitting B: 3-compartmental model fitting. Solid line 

represents the predicted profile and the dots represent the observed concentration from in-

vivo studies in SD rats. 

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

Goodness of fit metric 2C 3C 

AICc 273.0 274.2 

MSE 15055 10074 

BIC 273.7 271.9 

R2 0.990 0.993 

 

 

Figure 3.4. In-vivo concentration-time profile of VER, NV and D617 in SD rats (n=3) 

after multiple IV dosing of VER 

Solid blue dots, red dots and green dots represents the plasma VER, NV and D617 

concentrations respectively. Lines are simulation 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 assumptions mentioned 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 formation rate constant (k13) was 

optimized to capture the NV c-t profile. This resulted in poor predictions of the C-t 

profile of NV. During the simulations with the second assumption, NV formation and 

elimination rate constants both were optimized (k13 and k30) to capture the observed NV 

C-t profile. This improved the predictions from the first assumption but still resulted in 

poor predictions. D617 C-t profile predictions were not performed with the first two 

assumptions due to lack of availability of D617 dosing. During simulations using the 

third assumption, formation (k13), distribution (k34 and k43) and elimination rate (k30) 

constants for NV were optimized. This led to improved predictions as compared to earlier 

assumptions of C-t profiles for NV and D617. Volume of distribution of central 

compartment for VER (Vc,VER) and NV (Vc,NV) were fixed at values obtained 

independently from VER and NV fitting during all simulations. VER distribution rate 

constants (k12 and k21) were fixed at values obtained from VER model fitting during all 

the simulations. The elimination clearance of preformed and in-vivo formed NV were 

calculated to be 10.18 mL/minutes (obtained from fitting a 2C model to NV dosed c-t 

profile) and 40.57 mL/minutes respectively (obtained from simulations 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/minutes and 0.084 mL/minutes respectively (obtained from simulations shown figure 

3.4 upon VER dosing). 

 

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 are used to describe the distribution between compartments. k12 and k21 

represents the first order distribution rate constant for VER, k13 represents the formation 

rate constant for NV and k15 represents the formation rate constant for D617. k43 and k43 

represents the distributional constant for NV. K56 and k65 represents the distributional 

constant for D617. k30 and k60 represent elimination rate constants for NV and D617 

respectively 
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Table 3.6. Parameter estimates of VER for 2C calculated from average rat in-vivo plasma 

VER concentration time data, n=3 

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.016 0.003 18.8 % 

k21 (min-1) 0.004 0.0013 32.5 % 

k10 (min-1) 0.065 0.004 6.2 % 

Vd (ml) 70.07 3.60 5.13 % 

 

3.5.1.3. NV In-Vivo PK Study 

The in-vivo PK profile of NV was best described by 2C (figure 3.6, table 3.7). Since the 

difference in AICc values was less than 4 units, 2C was selected as the better model. 

MSE for 3C was 3491 and for 2C was 5160. The micro-rate constants for NV for 2C are 

described in table 3.8. The average total Cmax was observed to be 6.69 µM. 

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

Goodness of fit metric 2C 3C 

AICc 318 315 

MSE 5160 3491 

BIC 321 316 

R2 0.962 0.977 
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Table 3.8. Parameter estimates of NV for 2C calculated from average rat in-vivo NV 

plasma concentration-time data, n=3 

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.113 0.03 26.5 % 

k21 (min-1) 0.036 0.009 25 % 

k10 (min-1) 0.023 0.003 13.04 % 

Vd (ml) 450.79 48.21 10.7 % 

 

 

Figure 3.6. In-vivo concentration-time profile of NV in SD rats (n=3) after multiple IV 

dosing of NV 

A:  2-compartmental model fitting B: 3-compartmental model fitting. Solid line 

represents the predicted profile and the dots represent the observed concentration from in-

vivo studies in SD rats 

3.5.1.4. PAR In-Vivo PK Study 

The in-vivo PK profile of PAR was best described by 2C (figure 3.7, table 3.9). MSE for 

3C was 1707 and for 2C was 2548. The micro-rate constants of PAR for 2C are described 

in table 3.10. The average total Cmax was observed to be 16.87 µM. 

A B
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Table 3.9.  Goodness of fit metrics for 2C and 3C for PAR 

Goodness of fit metric 2C 3C 

AICc 183 189 

MSE 2548 1707 

BIC 179.5 178.0 

R2 0.988 0.993 

 

Table 3.10. Parameter estimates of PAR for 3C calculated from average rat in-vivo PAR 

plasma concentration-time, data, n=3 

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.31 0.015 4.8 % 

k21 (min-1) 0.036 0.005 13.9 % 

k10 (min-1) 0.03 0.005 16.7 % 

Vd (ml) 257 34.2 13.3 % 

 

 

Figure 3.7. In-vivo concentration-time profile of PAR in SD rats (n=3) after multiple IV 

dosing of PAR 

A B
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A:  2-compartmental model fitting B: 3-compartmental model fitting. Solid line 

represents the predicted profile and the dots represent the observed concentration from in-

vivo studies in SD rats 

3.5.1.5. ERY In-Vivo PK Study 

The in-vivo PK profile of ERY was best described by 2C (figure 3.8, table 3.11). MSE for 

3C was 56186 and 83894 for 2C. The micro-rate constants of ERY for 2C are described 

in table 3.12. The total average Cmax was observed to be 81.63 µM. NDE (metabolite of 

ERY) was also measured simultaneously with ERY. Predicted and observed PK profile 

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 

AICc 388 384 

MSE 83894 56186 

BIC 390 384 

R2 0.990 0.994 

Table 3.12. Parameter estimates of ERY for 2C calculated from average rat in-vivo ERY 

plasma concentration time data, n=4 

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.094 0.0023 2.4 % 

k21 (min-1) 0.031 0.0028 9.03 % 

k10 (min-1) 0.025 0.001 4.0 % 

Vd (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 parameters (k12 and k21) were fixed at values obtained from 

model fitting of ERY dataset. NDE formation rate (k13), distribution (k43 and k34) and 

elimination rate (k30) constants were optimized to capture the observed NDE C-t profile 

(fig. 3.8 D). 

 

Figure 3.8. In-vivo plasma concentration-time profile of ERY in SD rats (n=4) after 

multiple IV dosing of ERY 

A:  2-compartmental model fitting B: 3-compartmental model fitting. C: 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 distribution between 
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compartments. k12 represents the distribution rate constant from compartment 1 to 2, k21 

represents the distribution rate constant from compartment 2 to 1, k13 represents the 

formation rate constant for NDE and k10 and k30 represents the elimination of rate 

constant ERY and NDE respectively. k34 and k43 represents the distributional constant for 

NDE. D: Simulation of plasma concentration-time profile of ERY and NDE from model 

shown in panel C. Solid lines (Red for ERY and blue for NDE) represents the predicted 

profile and the dots represent the observed concentration from in-vivo studies in SD rats 

3.5.1.6. DTZ In-Vivo PK Study 

The in-vivo PK profile of DTZ was best described by 3C (figure 3.9, table 3.13). The 

AICc suggested 3C as the better model. MSE for 3C was 3465 and for 2C was 5170. The 

micro-rate constants for DTZ for 3C are described in table 3.14. The average total Cmax 

was observed to be 7.29 µM. DTZ metabolites were also analyzed and PK profiles for 

metabolites are shown in figure 3.10 and a compartmental 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 

AICc 293 283 

MSE 5170 3465 

BIC 296 285 

R2 0.988 0.994 
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Table 3.14. Parameter estimates of DTZ for 3C calculated from average rat in-vivo DTZ 

plasma concentration, data, n=3 

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.07 0.013 18.6 % 

k21 (min-1) 0.14 0.031 22.1 % 

k13(min-1) 0.007 0.002 28.57 % 

k31 (min-1) 0.004 0.004 100 % 

k10 (min-1) 0.04 0.002 5 % 

Vd (ml) 528.15 19.91 3.7 % 

 

 

Figure 3.9. In-vivo concentration-time profile of DTZ in SD rats (n=4) after multiple IV 

dosing of DTZ 

A:  2-compartmental model fitting B: 3-compartmental model fitting. Solid line 

represents the predicted profile and the dots represent the observed concentration from in-

vivo studies in SD rats 

A B
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Figure 3.10. In-vivo plasma concentration-time profile of DTZ and metabolites in SD 

rats (n=6) after multiple IV dosing of DTZ 

Blue, red, green, magenta and orange dots represent the 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 fitting resulted 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 DTZ (Lee et al., 1991). While performing 

simulations DTZ distribution parameters (k12, k21, k13, k31) and volume of distribution 

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

were optimized to predict the c-t profiles of DTZ and metabolites (figure 3.10).  
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3.5.1.7. DEX In-Vivo PK Study 

In-vivo plasma samples were analyzed for DEX concentrations. The Tmax was found to be 

8 hours which is the same as literature reported Tmax  (Li et al., 2012). The DEX 

metabolite 6-OH DEX was also measured. The Cmax for DEX and 6-OH DEX were found 

to be 42.21 and 0.61 µM respectively. The metabolite exposure was 4.6% of the parent. 

The C-t profiles for DEX and 6-OH DEX are shown in figure 3.12.  

 

Figure 3.11. Schematic representation of compartmental model for DTZ and metabolites. 

Compartments are denoted 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 for MA and compartments 

10 and 11 for DDD. First order rate constants are used to describe the distribution 

between compartments. k12, k21, k13, k31 represents the distribution rate constant for DTZ, 

k45 and k54 represent distribution rate constants for DAD, k67 and k76 represent distribution 
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rate constants for MD, k89 and k98 represent distribution rate constants for MA, k1011 and 

k1110 represent distribution rate constants for DDD. k14, k16, k18, k110 represents the 

formation rate constant for DAD, MD, MA and DDD respectively 

 

Figure 3.12. In-vivo concentration-time profile of DEX after i.p dosing of 100mg/kg in 

SD rats (n=3) 

Blue dots are observed c-t profile for DEX and orange dots for 6-OH 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 models were 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 

Group 

AICc MSE R2 

2C 3C 2C 3C 2C 3C 

MDZ+DEX 136 222 3953 2646 0.990 0.999 

MDZ 162 157 4090 2846 0.957 0.998 

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 

AICc difference showed that the 3C model was better for PPT treated and control group 

without DEX pretreatment as evident from the model fitting (table 3.15 and figure 3.16) 

whereas 2C was the better model for the PPT treated and control group with DEX 

pretreatment (table 3.15). The AUC ratio for PPT-MDZ in-vivo DDI study (when DEX 
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was administered) was found to be 1.16 ± 0.24 by NCA (table 3.16) and 1.18 ± 0.33 by 

compartmental analysis (table 3.17). PK parameters analyzed by NCA and 

compartmental analysis for both the groups are shown in tables 3.16 and table 3.17 

respectively. Figures 3.13 and 3.14 show 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 

Clearance (ml/min/Kg) 20.20 ± 3.57 4.52 ± 0.68 41.81 ± 6.71 26.54 ± 4.23 

Vd (ml/Kg) 6180 ± 2227 3969 ± 1239 20241 ± 15168 6325 ± 1535 

Vss (ml/Kg) 4031 ± 1267 1003 ± 260 5000 ± 2040 2869 ± 80.73 

Half-life (min) 201 ± 63.1 259 ± 43 314 ± 219 191 ± 15.68 

AUC (mg/ml-min) 0.25 ± 0.04 0.29 ± 0.05 0.12 ± 0.02 0.19 ± 0.04 

AUC/Dose (min/ml) 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*  

Vd (ml/Kg) 510 ± 128 531 ± 143 350 ± 117 617 ± 38 

Vss (ml/Kg) 2466 ± 2699 3626 ± 1366 5207 ± 2837 2950 ± 1563 

Half-life (min) 263 ± 421 195 ± 106 408 ± 154 331 ± 92 

AUC (mg/ml-min) 0.21 ± 0.06 0.25 ± 0.02 0.12 ± 0.02 0.18 ± 0.03 

AUC/Dose (min/ml) 0.16 ± 0.04 0.19 ± 0.03 0.09 ± 0.02 0.11 ± 0.02 

AUC ratio -- 1.18 ± 0.33 -- 1.24 ± 0.35 

 

Figure 3.13. In-vivo concentration-time profile of MDZ after IV dosing in SD rats 

(control group, n=5) after pretreatment with DEX 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.14. In-vivo concentration-time profile of MDZ after IV dosing in SD rats (PPT 

treated group, n=6) after DEX pretreatment 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

The AUC ratio for PPT-MDZ in-vivo DDI study (when rats were not pretreated with 

DEX) was found to be 1.30 ± 0.35 by NCA and 1.24 ± 0.35 by compartmental analysis 

respectively (table 3.16 and table 3.17). Figures 3.15 and 3.16 show the compartmental 

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

DEX pretreatment. 

A B
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Figure 3.15. In-vivo concentration-time profile of MDZ after IV dosing in SD rats 

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

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.16. In-vivo concentration-time profile of MDZ after IV dosing in SD rats (PPT 

treated group, n=6) in the absence of DEX pretreatment  

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

A B

A B
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Figure 3.17. In-vivo concentration-time profile of MDZ in presence and absence of PPT 

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

DEX pretreatment. Solid line represents the predicted profile and the dots represent the 

observed concentration from in-vivo studies in SD rats. MDZ 5mg/Kg was administered 

in both the groups 

3.5.2.2. VER-MDZ In-Vivo DDI Study 

The AUC ratio for VER-MDZ in-vivo DDI study (when DEX was administered) was 

found to be 1.25 ± 0.43 by NCA (table 3.18) and 1.23 ± 0.43 by compartmental analysis 

(table 3.19). PK parameters analyzed by NCA and compartmental analysis for both the 

groups are shown in table 3.18 and table 3.19 respectively.  
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Table 3.18. NCA analysis of MDZ in control group and VER treated group with and 

without DEX pretreatment 

Values are represented as mean ± standard deviation (SD) 

Parameter DEX pretreatment Without DEX pretreatment  

MDZ  MDZ + 

VER 

MDZ  MDZ + VER  

Clearance 

(ml/min/Kg) 

20.20 ± 3.57 4.39 ± 1.19 41.81 ± 6.71 7.40 ± 0.70 

Vd (ml/Kg) 6180 ± 2227 3969 ± 1239 20241 ± 15168 10352 ± 9024 

Vss (ml/Kg) 4031 ± 1267 1537 ± 416 5000 ± 2040 2952± 1341 

Half-life (min) 201 ± 63.1 360 ± 125 314 ± 219 264 ± 243 

AUC (mg/ml-min) 0.25 ± 0.04 0.29 ± 0.08 0.12 ± 0.02 0.18 ± 0.02 

AUC/Dose (min/ml) 0.19 ± 0.03 0.24 ± 0.08 0.09 ± 0.01 0.14 ± 0.01 

AUC ratio -- 1.26 ± 0.44 -- 1.48 ± 0.27 

 

In DEX pretreated rats, AICc 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 pretreated rats and 3C 

model was better for rats not pretreated with DEX.  Figures 3.18 and 3.19 show the 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 control and VER 

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. 



74 

 

Table 3.19. Compartmental analysis of 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 

Vd (ml/Kg) 510 ± 127 726 ± 320 350 ± 117 396± 82 

Vss (ml/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/ml) 0.16 ± 0.04 0.19 ± 0.05 0.09 ± 0.02 0.13 ± 0.01 

AUC ratio -- 1.19 ± 0.43 -- 1.43 ± 0.29 

  

Figure 3.18. In-vivo concentration-time profile of MDZ after IV dosing in SD rats (VER 

treated group, n=4) in the absence of DEX pretreatment 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats. 

 

Figure 3.19. In-vivo concentration-time profile of MDZ after IV dosing in SD rats (VER 

treated group, n=4) after DEX pretreatment 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.20. In-vivo concentration-time profile of MDZ in presence and absence of VER 

treatment 

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

DEX pretreatment. Solid line represents the predicted profile and the dots represent the 

BA

A B
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observed concentration from in-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 C-t profile was best described by 3C model post NV treatment (table 

3.15).  The MSE for 3C was 3602 while for 2C was 5246 (table 3.15). NCA and 

compartmental analysis were performed, and the results are shown in table 3.20. AUC 

ratio of MDZ in presence and absence of NV was found to be 1.35 ± 0.29 and 1.29 ± 0.29 

by NCA and compartmental analysis respectively (table 3.21 and table 3.22). 

Table 3.20. Parameter estimates of MDZ for 3C calculated from average rat in-vivo 

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

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.12 0.016 13.3 % 

k21 (min-1) 0.13 0.012 9.2 % 

k13(min-1) 0.013 0.002  15.4 % 

k31 (min-1) 0.0028 0.0007 25 % 

k10 (min-1) 0.069 0.003 1.1 % 

Vd (ml) 117.14 4.74 4.04 % 
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Table 3.21. NCA analysis of MDZ in control group and NV treated group Values are 

represented as mean ± standard deviation (SD), n=4 

Parameter MDZ  MDZ + NV  

Clearance (ml/min/Kg) 41.81 ± 6.71 29.30 ± 4.40 

Vd (ml/Kg) 20241 ± 15168 4455 ± 2482 

Vss (ml/Kg) 5000 ± 2040 15774 ± 8122 

Half-life (min) 314 ± 219 376 ± 204 

AUC (mg/ml-min) 0.12 ± 0.02 0.17 ± 0.02 

AUC/Dose (min/ml) 0.09 ± 0.01 0.12 ± 0.02 

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  

Clearance (ml/min/Kg) 39.08 ± 7.52 30.11 ± 5.27 

Vd (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/ml) 0.09 ± 0.02 0.12 ± 0.02 

AUC ratio -- 1.30 ± 0.29 

  Figure 3.21 shows the 2C and 3C fitting. MDZ C-t profile in presence and absence of 

NV is shown in figure 3.21. 
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Figure 3.21. In-vivo concentration-time profile of MDZ after IV dosing in SD rats (NV 

treated group, n=4) 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.22. In-vivo concentration-time profile of MDZ in presence and absence of NV 

treatment  

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

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

groups after multiple VER dosing 

A B
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3.5.2.4. PAR-DES In-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 PAR (table 3.15 and figures 3.23 and 3.24).  

Table 3.23. Parameter estimates of DES for 3C calculated from average rat in-vivo DES 

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

Parameter DES DES + PAR 

Estimate Standard 

error  

% Coefficient 

of variation 

(CV) 

Estimate Standard 

error  

% (CV)  

k12 (min-1) 0.18 0.02 11.1 % 0.22 0.03 13.64 % 

k21 (min-1) 0.02 0.003 15 % 0.01 0.002 20 % 

k10 (min-1) 0.13 0.03 23 % 0.15 0.05 33.3 % 

Vd (ml) 215 68.5 31.86 % 101 39.71 39.3 % 

The estimates of 3C micro-rate constants are shown in table 3.23. Both compartmental 

and NCA was performed. PK parameters from both analyses are shown in tables 3.24 and 

3.25. 

AUC ratio for DES-PAR in-vivo DDI study was found to be 1.6 ± 0.16 by NCA and 1.76 

± 1.01 by compartmental analysis respectively (table 3.24 and table 3.25).  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 ± standard deviation (SD) 

Parameter DES DES + PAR 

Clearance (ml/min/Kg) 102 ± 33 68 ± 23 

Vd (ml/Kg) 17862 ± 4515 12600 ± 3452 

Vss (ml/Kg) 11945 ± 4300 10050 ± 3627 

Half-life (min) 123 ± 15 130 ± 24 

AUC (mg/ml-min) 0.05± 0.02 0.08 ± 0.03 

AUC/Dose (min/ml) 0.03± 0.009 0.05 ± 0.02 

AUC ratio -- 1.6 ± 0.16 

 

Table 3.25. Compartmental analysis (2C) of DES in control group and PAR treated 

group 

Values are represented as mean ± SD 

Parameter DES DES + PAR 

Clearance (ml/min/Kg) 89 ± 30 51 ± 22 

Vd (ml/Kg) 917 ± 688 320 ± 239 

Vss (ml/Kg) 7072 ± 3710 4776 ± 2412 

Half-life (min) 87 ± 23 115 ± 30 

AUC (mg/ml-min) 0.06 ± 0.01 0.09 ± 0.03 

AUC/Dose (min/ml) 0.04 ± 0.009 0.06 ± 0.03 

AUC ratio -- 1.65 ± 0.81 
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Figure 3.25 is showing the DES c-t profile with and without PAR treatment.  

 

Figure 3.23. In-vivo concentration-time profile of DES after IV dosing in SD rats, n=5  

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.24. In-vivo concentration-time profile of DES after IV dosing after pretreatment 

with PAR in SD rats, n=5 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

A B

A B



82 

 

 

Figure 3.25. In-vivo concentration-time profile of DES in presence and absence of PAR 

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

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

groups after multiple PAR dosing 

3.5.2.5. PAR-DXT In-Vivo DDI Study 

The AUC ratio for PAR-DXT in-vivo DDI study was found to be 1.32 ± 0.45 by NCA 

and 1.33 ± 0.41 by compartmental analysis. PK parameters analyzed by NCA and 

compartmental analysis for both the groups are shown in table 3.26 and table 3.27 

respectively. DXT 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 respectively for control group 

(table 3.15). The AICc for DXT in presence of PAR for 2C and 3C was 164and 147 

respectively. The estimates of micro-rate constants for 3C are shown in table 3.28.  

Figure 3.28 shows the DXT c-t profile with and without PAR treatment.  
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Table 3.26. NCA analysis of DXT in control 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 

Vd (ml/Kg) 33894 ± 7592 22828 ± 11718 

Vss (ml/Kg) 24133 ± 5949 17140 ± 5381 

Half-life (min) 138 ± 13 125 ± 29 

AUC (mg/ml-min) 0.06 ± 0.01 0.09 ± 0.03 

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 control group and PAR treated 

group 

Values are represented as mean ± standard deviation (SD) 

Parameter DXT DXT + PAR 

Clearance (ml/min/Kg) 171 ± 76 125.7 ± 29.35 

Vd (ml/Kg) 2277 ± 1798 3182 ± 2645 

Vss (ml/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 (min/ml) 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 rat in-vivo DXT 

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

Parameter DXT (n=5) DXT + PAR (n=6) 

Estimate Standard 

error 

% 

Coefficient 

of variation 

(CV) 

Estimate Standard 

error 

% Coefficient 

of variation 

(CV) 

k12 (min-1) 0.28 0.03 10.7 % 0.15 0.03 16.7 % 

k21 (min-1) 0.15 0.03 16.6 % 0.08 0.02 25 % 

k13(min-1) 0.03 0.005 28.7 % 0.03 0.004  13.3 % 

k31 (min-1) 0.007 0.002 28.6 % 0.008 0.004 50 % 

k10 (min-1) 0.05 0.006 12 % 0.04 0.005 12.5 % 

Vd (ml) 869.9 106.4 12.23 % 738 68.89 9.3 % 

 

 

Figure 3.26. In-vivo concentration-time profile of DXT after IV dosing in the absence of 

pretreatment with PAR in SD rats, n=5 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.27. In-vivo concentration-time profile of DXT after IV dosing after pretreatment 

with PAR in SD rats, n=5  

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

 

 

 

A B



86 

 

 

Figure 3.28. In-vivo concentration-time profile of DXT in presence and absence of PAR   

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

concentration from in-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-Vivo DDI Study 

MDZ PK in the presence of ERY was best described by 3C model (figure 3.29 and figure 

3.30), although the difference in AICc values for 3C 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, table 3.15). Table 3.30 list the estimated kinetic rate 

constants from 3C fitting. 
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Table 3.29. NCA analysis 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 

Vd (ml/Kg) 20241 ± 15168 5323 ± 4674 

Vss (ml/Kg) 5000 ± 2040 1917 ± 860 

Half-life (min) 314 ± 219 184 ± 158 

AUC (mg/ml-min) 0.12 ± 0.02 0.26 ± 0.03 

AUC/Dose (min/ml)  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 rat in-vivo 

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

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.16 0.003 1.8 % 

k21 (min-1) 0.15 0.006 4 % 

k13(min-1) 0.008 0.0008  10 % 

k31 (min-1) 0.003 0.0007 23.3 % 

k10 (min-1) 0.05 0.002 4 % 

Vd (ml) 101.7 2.96 2.9 % 
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Table 3.31. Compartmental analysis (3C) of MDZ in presence of ERY 

Values are represented as mean ± SD. * statistically significant difference (P < 0.05) 

Parameter MDZ  MDZ+ERY  

Clearance (ml/min/Kg) 39.08 ± 7.52 19.17 ± 3.09*  

Vd (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 0.25 ± 0.04 

AUC/Dose (min/ml) 0.09 ± 0.02 0.19 ± 0.03 

AUC ratio -- 2.07 ± 0.48 

NCA and compartmental analysis was performed, and results are shown in table 3.29 and 

table 3.31 respectively. The AUC ratio was calculated to be 2.12 and 2.06 by NCA and 

compartmental analysis respectively. Figure 3.30 shows the MDZ PK profile in the 

presence and absence of ERY. 

 

Figure 3.29. In-vivo concentration-time profile of MDZ after IV dosing after 

pretreatment with ERY in SD rats, n=5 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

 

Figure 3.30. In-vivo concentration-time profile of MDZ in presence and absence of ERY 

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

concentration from in-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 AICc 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 rat in-vivo 

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

Parameter Estimate Standard error % Coefficient of variation (CV)  

k12 (min-1) 0.11 0.01 10.9 % 

k21 (min-1) 0.14 0.004 2.9 % 

k13(min-1) 0.02 0.003  15 % 

k31 (min-1) 0.002 0.0009 41 % 

k10 (min-1) 0.05 0.004 8 % 

Vd (ml) 131.3 3.80 2.9 % 

Table 3.33. NCA analysis 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 

Vd (ml/Kg) 20241 ± 15168 10342 ± 8395 

Vss (ml/Kg) 5000 ± 2040 3007 ± 1180 

Half-life (min) 314 ± 219 264 ± 243 

AUC (mg/ml-min) 0.12 ± 0.02 0.18 ± 0.02 

AUC/Dose (min/ml) 0.09 ± 0.01 0.14 ± 0.02 

AUC ratio -- 1.53 ± 0.3 
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Table 3.34. Compartmental analysis 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*  

Vd (ml/Kg) 350 ± 117 493 ± 127 

Vss (ml/Kg) 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 (min/ml) 0.09 ± 0.02 0.13 ± 0.02 

AUC ratio -- 1.4 ± 0.36 

 

Figure 3.31. In-vivo concentration-time profile of MDZ after IV dosing after 

pretreatment with DTZ in SD rats, n=6 

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

the predicted profile and the dots represent the observed concentration from in-vivo 

studies in SD rats 

A B
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Compartmental analysis and NCA was performed and the results are shown in tables 3.33 

and 3.34. The AUC ratio was observed to be 1.53 and 1.4 by NCA and compartmental 

analysis, respectively (tables 3.33 and 3.34).  Figures 3.32 depict MDZ concentration 

time profile in presence and absence of DTZ pretreatment. 

 

Figure 3.32. In-vivo concentration-time profile of MDZ in presence and absence of DTZ 

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

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

groups after multiple 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 I, DEX was 

administered similar to those in PPT-DDI PK study (section 3.5.2.1). In study II, MDZ 

was administered 8 hours after single DEX treatment. The IV PK profile from study I is 
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shown in figure 3.33 and the PK profile from study II is shown in figure 3.34. 

Compartmental analysis is shown in table 3.35. 

 

Figure 3.33. In-vivo concentration-time profile of MDZ in presence and absence of DEX 

(Study I) 

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

concentration from in-vivo studies in SD rats. DEX 100mg/Kg was administered in DEX 

treated groups 
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Table 3.35. Compartmental analysis of MDZ in presence of DEX  

Values are represented as mean ± SD. § represents study II where MDZ was administered 

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

Parameter MDZ  MDZ + DEX  

(Study I) 

MDZ + DEX § 

(Study II)  

Clearance (ml/min/Kg) 39.08 ± 7.52 18.45 ± 4.3 27.07 ± 5.4*  

Vd (ml/Kg) 350 ± 117 477 ± 144 452 ± 92 

Vss (ml/Kg) 5207 ± 2837 6497 ± 1739 5918 ± 1488 

Half-life (min) 408 ± 154 465 ± 182 531 ± 233 

AUC (mg/ml-min) 0.13 ± 0.03 0.28 ± 0.06 0.19 ± 0.04 

AUC/Dose (min/ml) 0.10 ± 0.02 0.22 ± 0.04 0.15 ± 0.04 

AUC ratio -- 2.17 ± 0.61 1.47 ± 0.50 

 

Figure 3.34. In-vivo concentration-time profile of MDZ in presence and absence of DEX 

(Study II) 
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Solid line represents the predicted profile and the dots represent the observed 

concentration from in-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 and substrate plasma concentration time 

profiles in presence and absence 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 and non-compartmental analysis. 

The average Cmax and PK profiles obtained here will be further used in chapter five for 

IVIVE and DDI prediction.  

Two and 3-compartmental models described the in-vivo PK of DTZ and PPT very well. 

Although linear compartmental models were able to explain the plasma concentration-

time profiles of inactivators, linear compartmental 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 

model development is discussed in chapter 5). Further, since the linear compartmental 

models explain the in-vivo pharmacokinetics of DTZ and PPT it suggests that both DTZ 

and PPT are weak inactivators in-vivo. Being a weak inactivator results in a very little 

change in the elimination clearance and hence linear first order compartmental models 

can explain the in-vivo PK. The weak inactivation of DTZ and PPT is evident from the 

minimal changes in half-life and Ctrough concentrations from 1st dose to 3rd dose (see 

figures 3.2 and 3.9). The change in half-life from 1st dose to third dose for both PPT and 

DTZ is minimal (half-life for first and third dose of PPT was 34 and 41 minutes 
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respectively and for DTZ the half-life was 29 and 28 minutes for first and third dose 

respectively). The plasma Ctrough (2 hours after the dose) concentrations for PPT were 

0.01, 0.02 and 0.02 µM after first, second and third dose respectively. Similarly, DTZ 

concentrations were 023, 0.34 and 0.27 µM after first, second and third dose respectively. 

Ctrough concentrations for VER, NV, PAR and ERY were observed to increase upon 

multiple dosing. There was an increase of 2 and 3.3-fold increase in VER and NV Ctrough 

concentrations respectively from first dose to third dose (see figs. 3.3 and 3.6). Similarly, 

there was increase of approximately 2-fold in Ctrough concentrations for both PAR and 

ERY upon multiple dosing (figs. 3.7 and 3.8). The increase in Ctrough concentrations upon 

multiple dosing suggests accumulation. However, the dosing intervals for all the 

inactivators were more than the measured half-life (t1/2/Ű ranged from 0.24 to 0.53), and 

no accumulation should be expected. This suggests that accumulation is the result of CYP 

inactivation. 

Plasma CL was calculated from the first dose of 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 to be 21.88, 18.91, 20.83, 12.01, 68.07. and 

4.78 mL/minutes for DTZ, ERY, NV, PAR, PPT and VER respectively. All these values 

are very similar to the values reported in the literature (Duthu, 1985; Shepard and 

Falkner, 1990; Lee et al., 1991; Choi and Han, 2005; Choi et al., 2008; Choi and Burm, 

2008; Choi et al., 2009; Hong et al., 2009; Xie et al., 2010; Chen et al., 2011a; Choi et al., 

2011; Hong et al., 2011; Hu et al., 2011; Lee et al., 2012). 

Plasma metabolite concentrations were also measured during the in-vivo 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 NDE and formaldehyde, and 

formaldehyde is further converted to formate followed by CO2 (Frassetto 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 the major metabolizing 

enzyme for VER which results in the formation of NV and D617 (Tracy et al., 1999; 

Reder-Hilz et al., 2004; Sun et al., 2004; Thörn 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, therefore the 

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 DDI (Yeung et al., 2011; 

Callegari et al., 2013; Yu and Tweedie, 2013; Yu et al., 2015). Accordingly, regulatory 

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 evaluation for in-vitro 

DDI potential for circulating metabolites if the metabolite exposure is at 25% 

(AUCmetabolie Ó 0.25 AUCparent for metabolites less polar than parent) or 100% 

(AUCmetabolie Ó AUCparent for metabolite more polar than parent). Further, an in-vitro 

study for CYP is required if a metabolite with structural alert for TDI has an AUCmetabolite 

Ó25% AUCparent and an AUCmetabolite Ó 10% AUC of total drugs (determined by 

radioactivity). The in-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 8.6% for NV (Lee et al., 2012), 20% for DAD (Lee et al., 

1991), and 6% for NDE (Lam et al., 2006). FDAôs suggested ñcut-offò value is an 

empirical number derived from different studies and moreover this number can vary 

depending on dosing route, and whether the compound has a high extraction ratio (ER) or 

is a low ER compound (Houston and Taylor, 1984; Lutz et al., 2010). The metabolite 

exposure will also depend on the number of elimination pathways (Pang, 1981). 

AUCmetabolite/AUCparent ratio will be greater for oral route than IV route for compounds 

having first pass metabolism. FDA guidelines do not specify whether the ñcut-offò values 

should be obtained from in-vivo studies in rats or predicted from in-vitro studies.  

DTZ, ERY, VER and PAR have literature reported bioavailabilities of  ~7% (Choi and 

Han, 2005; Choi et al., 2011; Hong et al., 2011),  ~15% (Shepard and Falkner, 1990), 3.9 

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

et al., 2012) and 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 (0.3-0.7) compound. Hence, AUCmetabolite/AUCparent ratio will be higher 

if these compounds are given orally as evident from the literature reported values of 84% 

to 307% for DAD (Yeung et al., 1990; Choi and Han, 2005; Choi et al., 2011), 115% for 

MA (Yeung et al., 1990), 461% for DDD (Yeung et al., 1990), 52 to 106 % for NV (Choi 

and Burm, 2008; Choi et al., 2009; Hong et al., 2009; Xie et al., 2010). Based on this 

evidence, the in-vitro evaluation of primary metabolites for DDI potential (e.g. NV for 

VER and MA for DTZ) becomes important.  

These numbers can be different in humans as compared to rats e.g. AUCmetabolite/AUCparent 

ratio for DAD is 3.08 in rats whereas it is 0.12 in humans (Yeung et al., 1990) leading to 
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different metabolite exposure in humans than in rats. In the present study similar to 

literature reports (Yeung et al., 1990; Tsui et al., 1994) the major metabolite formed in-

vivo after DTZ dosing in rats was DDD, whereas the major metabolite reported in 

humans is MA (Montamat and Abernethy, 1987; Höglund and Nilsson, 1989; Tawashi et 

al., 1991; Yeung et al., 1993; Bianchetti et al., 1996). In the present study, based on 

AUCmetabolite/AUCparent ratios 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 humans. 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., 2000; Molden et al., 2002a; Molden et al., 

2002b).  

AUCmetabolite/AUCparent parameter could also be used as a predictor of 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 would suggest inhibition. Unfortunately, in this study 4-OH 

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

ratios. 

AUC ratios of MDZ obtained from in-vivo DDI studies in rats ranged from 1.30 for PPT 

to 2.12 for ERY. These AUC ratios suggest that the studied inactivators are weak 

inactivators (FDA, 2012) in rats. Similar observations have also been reported earlier 

(Yamano et al., 2000). The AUC ratio of MDZ in presence of ERY was observed to be 

2.12, similar  to a reported value of 2.02 after i.p dosing of ERY (Yamano et al., 2000) 
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and 2.2 after two IV doses of 5mg/Kg (Kanazu et al., 2012). Zhang et. al also reported a 

decrease of 2.3 fold in in-vivo intrinsic clearance of MDZ upon chronic dosing of ERY 

(Zhang et al., 2010). An AUC ratio higher than 2 classifies ERY as moderate inactivator 

as per FDAôs classification. Unbound plasma ERY concentration at the time of MDZ 

administration (2 hours after the second ERY dose) was calculated to be 5.65 µM 

(fraction unbound in rat plasma is 0.533 as reported in chapter 4). Further, ERY is known 

to be an OATP substrate (Kirn et al., 1999; Kurnik et al., 2006; Frassetto et al., 2007; 

Huppertz et al., 2011; Lancaster et al., 2012) hence intracellular concentration in 

hepatocyte may be higher than 5.65 µM. Unbound liver and plasma concentrations after 

an IV infusion of 32.3mg/kg for 6 hours were reported to be 130 µM and 6.34 µM 

respectively, suggesting higher liver concentrations than plasma. The inhibition constant 

K i for ERY was reported to be in the range of 117 to 179 µM (Yamano et al., 2000; 

Zhang et al., 2010). At 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 rats and humans. For example, MDZ AUC 

ratio in the presence and absence of ERY ranged from 1.7 to 5 in clinic (OLKKOLA et 

al., 1994a; Zimmermann et al., 1996; Okudaira et al., 2007) as 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., 1994; Zhang et al., 2009) as compared to 1.5 or 1.6 (Yamano et al., 

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

attributed to different enzyme orthologs in rats compared to humans (Martignoni et al., 
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2006). Species difference have also been reported in mechanism based inactivation 

(Aueviriyavit et al., 2010). Rats are known to express cyp3a1/2 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 

reported (Pasanen, 2004).  

DDI 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 difference in the 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 (Yu and Haining, 2001) whereas DES is known to be 

predominantly metabolized by CYP2D (von Moltke et al., 1994). Further, there was a 

huge variability observed in the in-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 (CYP2D1-5 and CYP2D18). Rat liver is known to express CYP2D1, CYP2D2, 

CYP2D4 and CYP2D5 (Schulz-Utermoehl 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 

humans (Hasegawa et al., 2014), which could contribute to variability. Clinical AUC 

ratios for DXT-PAR and DES-PAR were reported to be in the range of 1.46 to 5.46 

(Alderman et al., 1997; Laine et al., 2004; Nichols 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 C-t profiles from these models were in 
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good agreement with the observed C-t profile (see figures. 3.4 for VER, 3.8 for ERY and 

3.10 for DTZ). However, these models assume first order kinetics which might not be 

true while modeling either ERY, VER or DTZ. Since these compounds inactivate CYPs 

which leads to decrease in clearance over multiple dosing, ultimately causing non-linear 

kinetics, and linear models are not the correct models to describe the kinetics of both 

parents and metabolites. Models with non-linear elimination are better models to describe 

this kinetics. Although linear compartmental models might not be the correct models to 

describe the PK for these compounds, the fact that these models are able to capture the 

observed C-t profile reasonably well indicate that these compounds are 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 complex and 

comprehensive models for the purposes of DDI predictions, multiple dose PK 

predictions, and metabolite C-t profile predictions. The utility of such modeling exercises 

is that it can be used prediction purposes and also for understanding different 

mechanisms underlying observed drug disposition.  

It has been observed that there are differences in kinetics of preformed and in-vivo 

formed metabolites (Prueksaritanont et al., 2006; Pang et al., 2008; Sharan et al., 2012). 

In the present work, models developed for describing 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. Further, the distribution 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 compounds. The predictions 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 rate limited (ERL) (Houston, 1981). The predictions 

from the model indicate that both NV and D617 show FRL kinetics (k15 < k50 for NV and 

k16 < k60 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 half-life for the parent but not for the metabolite (D617), 

leading to deviations from FRL. Another possibility could be the lack of good 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 of D617 in 

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 from 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 C-t profiles of DTZ and the metabolites. The kinetics of metabolitse show FRL 

kinetics (k14 < k40 for DAD, k16 < k60 for MD, k18 < k80 for MA and k110 < k100 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 CYP activity and get 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 metabolized by CYP3A1 and CYP3A2. To verify this hypothesis, MDZ was 

administered 8 hours after DEX dosing (8 hours was reported to be the Tmax for DEX 

after administration of 100mg/Kg i.p dissolved in corn oil (Li et al., 2012)). If DEX 

competitively inhibited MDZ metabolism, the AUC of MDZ C-t would increase further. 

However, the AUC decreased as compared to dosing MDZ after 24 hours of DEX dosing. 

Although there was no statistical difference between 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 therapeutic efficacy to life threatening adverse reactions (Grimm et 

al., 2009). Early prediction of TDI liability is often performed using in-vitro assays. In-

vitro TDI assays are one of the most challenging experiments in drug metabolism. There 

are several methods reported in the literature for evaluation of TDI inactivators (Berry 

and Zhao, 2008; Hollenberg et al., 2008; Grimm et al., 2009; Parkinson et al., 2011; Orr 

et al., 2012; Nagar et al., 2014a). These can be divided in two categories based on their 

goals a) Screening assays and b) determination of kinetic constants. These in-vitro assays 

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 data (Foti et al., 2011; Zimmerlin et al., 2011).   

Screening assay 

Two time-point assay 

This type of assay is frequently used in the pharmaceutical industry for initial screening 

of inactivators (Wang et al., 2002; Grimm et al., 2009). This is a small assay where the 

enzyme is incubated with one or two concentrations of 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 the inactivator. Equation 4.1 is used 

to calculate the percent activity loss. 

ϷÁÃÔÉÖÉÔÙ ÌÏÓÓρππ ρ ȟ

ȟ
            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 

results (Obach et al., 2007; Riley et al., 2007). Compound showing activity loss of 20 to 

25% after 30 minutes preincubation 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, NADPH and 

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 inactivator)  (Orr et al., 2012). Activity 

in a) b) and c) are normalized to d).  Incubation b) is to ensure reversible inhibition is not 

mistaken for 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 

inactivator 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 outcomes (modified from (Orr et al., 

2012)) 

IC50 shift assay 

The first step in this assay is to determine the IC50 value with a set of inactivator 

concentrations and a fixed substrate concentration. In the second step, another IC50 

determination is made with the same set of inactivator concentrations and a fixed 

substrate concentration but after preincubating the enzyme with the inactivator alone. A 

TDI inactivator will give a lower IC50 in the second step (Figure 4.2) causing a shift in 

the IC50 (left shift of the IC50 curve). Data obtained from IC50 shift assay can be used for 

deciding the range of inactivator concentrations to be used for determination of KI and 

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 parent drug or the metabolite is the inactivator. It was 

shown by Obach (Obach et al., 2006) that óshifted IC50ô inversely correlated with the ratio 

of kinact/KI. However, this method is empirical and depends on elements of experimental 

design.IC50 shift of Ó 1.5 X is used as cutoff for identifying a compound as TDI 

inactivator (Grimm et al., 2009).  Although data analysis of IC50 shift assay is simple, 
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interpretation of the data can be tricky. A shift of the curve to the right can occur if 

inactivator depletion occurs, which can happen for highly metabolically unstable 

compounds (Fowler and Zhang, 2008). Data from IC50 shift assay should be interpreted 

with caution. For example, a dilution step can cause a false shift in the curve due to 

changes in protein and enzyme concentration (Fowler and Zhang, 2008). 

 

Figure 4.2. Example of IC50 shift assay curves 

Determination of kinetic constants 

These assays are useful in characterization of inactivation kinetics for quantitative 

determination of DDI potential of an inactivator. As seen in chapter 1, KI and kinact are the 

two important parameters that characterize the kinetics of an inactivator. Hence, 

estimation of KI and kinact helps in quantitative determination of DDI. 

Two-step approach (dilution or nondilution) 

This is the most commonly used method for determination of KI and kinact (Grimm et al., 

2009). The pre-incubation 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 dilution of the 

enzyme and the inactivator by Ó10 fold. The incubation mixture has saturating 
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concentration of the substrate (Ó5 fold Km) to monitor the remaining activity. Dilution of 

Ó 10-fold is designed to ensure minimal competitive inhibition by the inactivator.  

The analysis of in-vitro TDI experimental data has also evolved. The kinetics of 

inactivation were first developed for ñsuicide substratesò. A minimal kinetic scheme for 

describing suicide substrate inactivation was developed (as shown in scheme 1) and 

further expanded (as shown in scheme 2) (Walsh et al., 1978). 

 

Scheme 1: Minimal Kinetic Scheme for suicide substrate inactivation 

 

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 inactivator concentrations. 

This plot will have a slope kapp for each inactivator concentration. These data can be 

plotted as 1/kapp vs 1/[S] which will result in a Lineweaver-Burk type plot giving the kapp 

at highest inactivator concentration and the apparent Km for the inactivator (Walsh et al., 

1978). Silverman proposed a similar analysis for determination of KI and kinact. The half-

life of inactivation at each inactivator concentration can be plotted against 1/[I]. 
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Intersection of this plot on y-axis is at 0.693/kinact which can be used to calculate kinact. 

The extrapolated line will intersect on the negative x-axis at -1/KI. 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 function of I2 which 

indicates multiple binding sites. The kinetic schemes (e.g. shown in scheme 2) were 

solved to derive equations for KI and kinact by Waley (Waley, 1980) which was further 

expanded by Tatsunami et.al. (Tatsunami et al., 1981).   

The development of statistical tools helped in the analysis of TDI kinetics. The standard 

method to analyze TDI parameters is to perform non-linear regression using the 

following equation:  

Ë
 
  equation 4.2 

And estimate KI and kinact. The initial success of this method (with its approximations) 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 proposed to estimate 

K I and kinact (Nagar et al., 2014b). Inhibitor concentrations along with activity 

measurement (concentrations of product of substrate) have been utilized to improve the 

estimates of TDI parameters (Burt et al., 2012) or IC50 shifts (Berry et al., 2013). Yates 

et. al., developed a two-step statistical approach to analyze in-vitro TDI datasets which 

can very useful in determining whether a new drug is a TDI or not (Yates et al., 2012). 

TDI kinetics can also be complicated by non-Michaelis-Menten (MM) kinetics e.g. 

multiple binding, quasi-irreversible, and partial inactivation kinetics (Korzekwa et al., 

1998; Atkins, 2005). Therefore, models incorporating complex molecular mechanisms of 
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CYPs may better estimate TDI parameters. The recently published numerical method 

(Korzekwa et al., 2014; Nagar et al., 2014b) has been used to explore complex kinetics 

and better estimate TDI parameters.  

The aim of this chapter was to determine TDI kinetic parameters (KI and kinact) for the 

inactivators mentioned 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), NADPH solution A and 

solution B were obtained from Corning life sciences. Catalase and superoxide dismutase 

(SOD) were obtained from Sigma Aldrich, potassium phosphate monobasic and 

potassium phosphate dibasic were purchased from Fisher Scientific, rat plasma and 

human plasma were purchased from Equitech Bio and US biologicals respectively and rat 

hepatocytes were used from in-house isolation.  

4.3. Methods 

4.3.1. Equilibrium Dialysis 

A 96-well equilibrium dialysis apparatus (96 well equilibrium DIALYZERTM) 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 was 0.5mg/ml. All matrices 

were spiked with the test compound (2µM) and 200µl aliquots were loaded into the 96-

well equilibrium dialysis plate and dialyzed versus 200 µl of 0.10 M potassium phosphate 

pH 7.4 buffer. Equilibrium was allowed to reach by incubating the 96-well equilibrium 
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dialysis apparatus for 20 h at 37°C in an incubation chamber at 5% CO2. The rotation 

sped was set at 24 rpm. After reaching equilibrium, 180µl from each side of the 

membrane (both matrix and buffer) was removed and stored at -800C until analysis.  

Standard curve preparation 

For standard curve preparation, standard dilutions were prepared in 0.1M potassium 

phosphate buffer. Standard solution in buffer (20µl) was mixed with 20µl blank matrix 

and 40µl 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, 20µl sample was mixed with 20µl blank matrix 

and 40µl of ACN with internal standard to yield identical matrix for both 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, 20µl sample was mixed with 20µl 

blank buffer and 40µl ACN with internal standard. This mixture was vortexed and 

centrifuged and supernatant was analyzed by LC-MS/MS. 

Data analysis 

The unbound fraction was calculated using following equation 

Ὢ                Equation 4.3 

Where fud is the diluted unbound fraction, Cb is the concentration in the buffer and Cm is 

the concentration in the matrix. The undiluted fu was calculated using the following 

equation (Cory Kalvass and Maurer, 2002) 

ÕÎÄÉÌÕÔÅÄ Æ                Equation 4.4 
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Where D is the dilution factor between the matrix used for measuring the unbound 

fraction and actual in-vivo matrix, fud represents the unbound fraction obtained from 

equation 4.3. Equation 4.4 was used for correcting unbound fractions in HLM and RLM. 

D for equation 4.4 was calculated by using the following formula  

$
Ȣ Ⱦ

            Equation 4.5 

Where liver density was assumed to be 1g/mL, microsomal protein per gram liver 

(MPPGL) was used as 45 for both (Houston, 1994) human and rats (Joly et al., 1975), 

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 for rats (Davies and Morris, 1993) 

and LV is the liver volume. Hence, the value of D used in equation 4.4 was 90 for RLM 

and HLM.  

4.3.2. MDZ Metabolism  

Km and Vmax experiment were performed with MDZ in HLM and RLM to get an estimate 

of Km for in-vitro TDI assays. Preliminary 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. To evaluate 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 minutes. Each incubation was performed in 

three replicates in a shaking water bath at 370C.  Incubations consisted of 0.1M phosphate 

buffer, 1µM MDZ, 1mM EDTA and NADPH regenerating with 1.3mM NADP+, 3.3mM 
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glucose 6-phosphate (G6P), 3.3mM MgCl2 and 0.4 units/mL glucose 6-phosphate 

dehydrogenase (G6PDH). Incubation reaction was started by adding NADPH and 

quenched 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%. After quenching 

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 assays were used for planning of the Km and Vmax 

assays. 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 µM) and a NADPH 

regenerating system (as mentioned above). MDZ was dissolved in methanol such that the 

final concentration of organic was less than 1% (v/v). Reactions were initiated by the 

addition of NADPH and conducted for 4 minutes. The assay was performed in replicates 

of four. After incubation in a shaking water bath set at 370 C reactions were stopped by 

the addition of ice-cold ACN containing IS (DTZ) ice and centrifuged at 10000 rpm for 

10 minutes. The supernatant was then analyzed for 1-OH MDZ by LC-MS/MS. Kinetic 

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

and Mathematica® software (version 11.1.1.0) and the following equations 

Ö
 
 ÆÏÒ --                Equation 4.6 

Ö
 
  ÆÏÒ ÓÕÂÓÔÒÁÔÅ ÉÎÈÉÂÉÔÉÏÎ           Equation 4.7 

where Vmax represents the maximum rate of metabolism, Km is the affinity constant, [S] is 

the MDZ concentration, Ki is the dissociation constant of the substrate to the inhibitory 

site and v is the rate of 1-OH MDZ formation. 
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4.3.3. In-Vitro TDI Studies 

Preliminary experiments to determine time and protein concentration for 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 both in HLM 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 µg/mL and RLM at 37.5, 50 and 62.5 µg/mL were used. To evaluate time 

linearity, incubations were quenched at different 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 370C.  Incubations consisted of 0.1M phosphate buffer, 50 µM 

MDZ, 1mM EDTA and NADPH regenerating solutions. Incubation 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 

quenching the incubations, the mixture was vortexed and centrifuged. Supernatant was 

analyzed for 1-OH MDZ concentration.  

For CYP2D6 substrate (DXT), time linearity assays were performed at two protein 

concentrations - 50 and 100 µg/mL. Incubations were quenched at every 1-minute 

interval until 15 minutes. After quenching 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 same two-step approach with one high 

concentration (~200 µM) of the inactivator in RLM. Control incubations with the 

incubator were performed to assess non-specific enzyme loss. Based on the preliminary 

results, if required complete in-vitro TDI assays were performed. 

In -vitro TDI assays 

Several inactivators (DTZ, ERY, PAR, MBF, VER, TAO) and their primary metabolites 

(MA, MD, NDE, NV, D617) were tested using a standard two-step approach for TDI 

inhibition of CYPs using either pooled HLM or pooled RLM. Primary metabolites for 

TAO and PAR were not commercially available hence were not evaluated. MDZ was 

used as a probe substrate for CYP3A inactivation and DXT was used as probe substrate 

for CYP2D6. Briefly, eight concentrations of inactivators prepared using 2-fold dilution 

scheme were incubated at 37°C with a 1mg/ml suspension of HLM in 0.1 M potassium 

phosphate buffer, pH 7.4 as a primary incubation. After 5 minutes of preincubation, the 

reaction was initiated by addition of NADPH regenerating system (final concentration 

1.3mM NADP+, 3.3mM glucose-6 phosphate, 0.4 U/ml glucose 6- phosphate 

dehydrogenase and 3.3mM magnesium chloride). At specific time points, an aliquot (7.5 

ɛl) of the primary incubation was added to the secondary incubation (142.5 ɛl) 

containing probe substrate (either 50 ɛM MDZ or 75 ɛM DXT) and NADPH. The 

primary incubation was run for 0-60 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 and HLM 

followed by quenching with ice-cold acidified acetonitrile containing DTZ as the internal 
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standard. After centrifugation at 10000 rpm for 8 minutes, the supernatant was removed 

for measuring the amount of 1-OH MDZ in the supernatant. LC-MS/MS was used for 

analysis of the supernatant. Each assay was conducted in duplicate. Stock solutions of 

inactivators and substrate were prepared in methanol. The final methanol concentration in 

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

inactivators to assess the non-specific loss of enzyme activity.  

4.3.4. Literature Data 

The fu,mic value in HLM for TAO and ITZ was obtained from literature. For TAO, the 

reported value of 0.93 ± 0.06 measured at 0.2mg/ml was obtained from literature (Zhao et 

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 (0.056 (Galetin et al., 2005), 0.075 

(Rougee et al., 2017), 0.051 (Ishigam et al., 2001) and 0.196 (Isoherranen et al., 2004)) 

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. Model Development 

Enzyme kinetic models were developed to describe the in-vitro TDI datasets. The 

following model assumptions were made: 

Å Lipid partitioning is non-saturable 

Å Lipid partitioning/binding has 1:1 stoichiometry 

Å Rapid equilibrium 

Å All active enzyme species degrade with first-order kinetics 

Å All active enzyme species contribute towards nonspecific loss in activity 

Å Association is not rate limiting (fast association rates)  
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 Concentrations of 1-OH MDZ (for CYP3A) or DXO (CYP2D6) obtained from the in 

vitro TDI experiments were converted to log percent remaining activity plots (PRA plots) 

and further evaluated for model development. A majority of the inactivators evaluated in 

this project are known to be MIC forming compounds (Lindstrom et al., 1993; Jones et 

al., 1999; Ma et al., 2000; Wang et al., 2004b), a quasi-irreversible mechanism. MBF is 

reported to inactivate by heme modification (Foti et al., 2011) whereas RTV is reported 

to inactivate by all the three main mechanisms, MIC formation, apoprotein modification 

and heme modification (Ernest et al., 2005; Lin et al., 2013; Rock et al., 2014). Based on 

the reported mechanism of inactivation for MIC (Barnaba et al., 2016), and the datasets 

generated, kinetic models for CYP3A TDI were developed. The concave upward 

curvature is indicative of either quasi-irreversible or partial inactivation as shown 

previously (Nagar et al., 2014b).  Using the numerical method (Korzekwa et al., 2014; 

Nagar et al., 2014b), kinetic models were fit to the data and kinetic parameters were 

estimated. The initial estimates of the rate constants were obtained from analyzing the 

data as detailed in previous publications (Korzekwa et al., 2014; Nagar et al., 2014b; 

Barnaba et al., 2016). Briefly, nonspecific loss of enzyme activity was incorporated in the 

model if activity loss over time was observed in the absence of inactivator (0 ɛM 

inactivator). The initial estimate for the rate constant for nonspecific enzyme loss (k9) 

was obtained by fitting a first-order degradation model to 0 ɛM inactivator data. Model 

development was performed with either nonspecific enzyme loss from all enzyme species 

(E, EI, EII, EM, EMM, ES) or from just the enzyme (E). Further, a competitive inhibition 

model was fit to 0 minute and 60-minute time point data to obtain an initial estimate for 

K I (can be complicated by dilution and partitioning, chapter 6). A difference in initial 
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estimates of KI from 0 versus 60 minutes was indicative of multiple binding. As shown 

previously (Barnaba et al., 2016), MIC formation is a complex multi-step process 

involving the formation of Fe+3: carbene and Fe2+: carbene. Hence enzyme inactivation 

was modeled with three types of rate constants: e.g. in Figure 4.11, k6 and k12 for Fe+3: 

carbene formation, k7 for re-formation of active enzyme, and k8 for Fe2+: carbene 

formation.  

Several models were developed, MIC-IL (MIC refers to a metabolite-intermediate 

complex and IL refers to inhibitor lipid partitioning where I and L are the inhibitor and 

lipid concentrations in microsomes), MIC-M-IL (M refers to inhibitor depletion forming 

metabolite M), MIC-EII-IL (EII refers to two molecules of inactivator binding 

simultaneously in the active site), MIC-EIII -IL (EIII refers to three molecules of 

inactivator binding simultaneously in the active site), MIC-EII-IL-M models (two 

binding site model with inhibitor depletion and lipid partitioning) were developed  and 

evaluated. Although three binding site models are not very commonly reported, there are 

reports of three binding sites for smaller compounds (200-300 Da such as flavones) 

(Domanski et al., 2001; Schrag and Wienkers, 2001; Galetin et al., 2002; Baas et al., 

2004; Denisov et al., 2007; Denisov et al., 2009; Denisov and Sligar, 2012; Davydov et 

al., 2013).  

These models were tested individually for both the inhibitors and their primary 

metabolites, since the primary metabolites are known to be the inactivating species 

(Wang et al., 2004b; Zhao et al., 2007a; Zhang et al., 2009). Next, the information 

obtained from the model fitting of the primary metabolites was used to build sequential 

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

models (seq-MIC-IL or seq-MIC-EII-IL), rate constants obtained from the primary 

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

fitting sequential metabolism models to DTZ data, fixed values for rate constants 

obtained from MA fits were used.  

Association rate constants (k1, k4, and k10) were fixed at 270 ɛM-1 minī1 which was 

measured with PPT as a model compound (Barnaba et al., 2016). This is in the range of 

association values reported (Yun et al., 2005; Isin and Guengerich, 2006; Pearson et al., 

2006) for CYP3A. A sensitivity analysis of association rate constant was performed with 

TAO dataset with a range of 2 to 160-fold lower and higher than 270 ɛM-1 minī1. For 

other inactivators, association constant of 270 ɛM-1 minī1 was assumed to be reasonable 

starting point. For MDZ, the association (k1) and dissociation rate constants (k2) were 

fixed at 270 ɛM minī1 and 1350 minī1 respectively. Lipid partitioning was also 

incorporated in the models to account for microsomal partitioning. The association rate 

constant for lipid was set at 2000 ɛM minī1 and dissociation rate constant was calculated 

using the following equation (Nagar and Korzekwa, 2017) 

Ὧ ȟ  

ȟ
 (Equation 4.8) 

Where kon is the association rate constant, koff is the dissociation rate constant and fu,mic is 

the unbound fraction in the microsomes.  

K I values were estimated from ratios of association and dissociation rate constants 

(assuming rapid equilibrium). K I obtained from the numerical method is the same as 

unbound KI,u (K I,u= KI) since lipid partitioning was incorporated in the model. 

Inactivation parameters (kinact) were calculated using the partition method as described 
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previously (Cleland, 1975); for example, for the scheme in Figure 4.13, kinact can be 

calculated as a net rate constant: 

Ë
 

      (Equation 4.9) 

For TAO (Figure 4.12) and NV (Figure 4.18), kinact was described as  

Ë
    

 
      

         (Equation 4.10) 

where  

Ë ,  Ë   

  
, Ë

 

  
 

Parameter errors for net rate constants were calculated with error propagation for 

individual rate constants. Error propagation was performed using 

 ɿ2 2 Ȣ  for equations 2
   

  
 and 2 9  ɿ9  8  ɿ8 

ɿ2  for 2 9  ɿ9  8  ɿ8 

where ŭ represents the standard deviation in different terms and R represents the absolute 

value of the parameter, X and Y are the terms in the parameter. AICc (Akaike, 1974) and 

adjusted R2 were used to compare different models for each dataset. 

4.3.6. In-Vitro TDI Data Analysis 

The in-vitro TDI datasets were analyzed by both the numerical method and the replot 

method (Silverman, 1995). For the replot method datasets was analyzed by using only the 

linear part of the PRA plot (Silverman, 1995). Equation 4.2 was used to obtain estimates 

of KI and kinact. 

For comparison with the numerical method, K I obtained from the replot method was 

corrected for microsomal partitioning by multiplying KI with fu,mic to obtain KI,u. 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. The WhenEvent 

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 points required 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 inactivator (kobs) only for last time points 

were calculated and the standard replot method (equation 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 (fu) of different compounds in four matrices  

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

Compound Rat plasma RLM  Human 

plasma 

HLM  

DES 0.20 ± 0.04 0.49 ± 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 Km and Vmax) 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 for Km and Vmax assays. Km and Vmax for MDZ was 

calculated to be 4.48 ± 1.54 µM and 1.01 ± 0.09 nmol/min/mg protein respectively when 
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MM was assumed, whereas Km and Vmax was found to be 9.41 ± 6.41 µM and 1.57 ± 0.61 

nmol/min/mg protein respectively when substrate inhibition was assumed (table 4.2 and 

figure 4.4). Based on the Akaike information criteria (AICc) values, the simpler MM 

model was selected to describe the kinetics of MDZ metabolism in HLM. 

 

Figure 4.3. Time and protein linearity assay in HLM 

A, B and C are time linearity results at protein concentration of 0.1, 0.25 and 0.5mg/ml 

respectively. D is the protein linearity results. Data are represented as mean ± SD, n=3 
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Table 4.2. Comparison of estimates of Km and Vmax from MM model and substrate 

inhibition model for MDZ metabolism assay in HLM 

 Michaelis-Menten model Substrate inhibition 

model 

Vmax (nmol/min/mg protein) 1.01 ± 0.09 1.57 ± 0.61 

Km (µM)  4.48 ± 1.5 9.41 ± 6.41 

AICc -174.0 -174.1 

 

 

Figure 4.4. Estimation of Km and Vmax of 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 Vmax experiment, figure 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 minutes B: Protein linearity results  

Data are represented as mean ± SD, n=3. 

4.6.3. In-Vitro TDI Results 

It was found that incubation reaction (secondary incubation reaction for in-vitro TDI 

assay) was linear until 2 minutes and it was linear at HLM protein concentrations from 0 

to 62.5 µg/ml (figure 4.6) for CYP3A inactivation assays. Considering the in-vitro assay 

conditions and quantitation limit of LC-MS/MS, 50 µg/mL protein concentration 

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

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

MDZ as substrate. Data are represented as mean ± SD, n=3 replicates. 

 

Figure 4.7. (A) Time linearity for CYP2D6 substrate (DXT) in HLM at two protein 

concentrations 50 and 100 µg/mL (B) Time linearity for CYP2D6 substrate (DXT) in 

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

(figure 4.8).  

 

Figure 4.8. A: Time linearity results in RLM (for TDI assays) at three protein 

concentration 37.5, 50 and 62.5 µg/mL using MDZ as substrate. B: Protein linearity 

results. Data are represented as mean, n=2. 
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decrease in activity over time), whereas VER was found to be a weak inactivator (42% 
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µM DTZ). PAR was also found to be a moderate/weak inactivator (62% activity 
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Hence further evaluation of the TDI parameters of these inactivators (DTZ, ERY, PAR 
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Figure 4.9. Preliminary pilot in-vitro TDI assay with DTZ (200µM), ERY (200µM) and 

VER (200µM) as inactivators and buffer as control in RLM. n = 2. 

 

Figure 4.10. Preliminary pilot in-vitro TDI assay with PAR (40µM) as inactivator and 

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

the reported mechanism of inactivation and the observed dataset. A best-fit model for 

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

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

VER) TDI parameters from multiple models are reported.  

 

Figure 4.11. Kinetic models evaluated for TAO dataset 

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

was no activity loss observed at 0 ɛM inhibitor incubations, enzyme loss was not 

incorporated into the model. Sensitivity analysis for association rate constant was 

performed by varying the association rate constant 2 to 160-fold lower and higher than 

270 ɛM-1 minī1. It was found that increasing the association rate constant did not change 

the estimates of KI and kinact.  However, decreasing the association rate constant did 

change the estimate of KI and kinact as shown in table 4.3. 

Observed PRA plots show concave upward curvature suggesting either quasi-irreversible 
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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, indicating quasi-irreversible 

mechanisms rather than partial inactivation (Nagar et al., 2014b). Several models 

incorporating MIC formation along with lipid partitioning, inhibitor depletion, double 

binding were developed (shown in figure 4.11 and parameters listed in table 4.4). An 

MIC model with EII formation (MIC-EII-IL) provided the best fit (table 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 with MIC-EII-IL model 

Association rate constant 

fixed at (ɛM-1 minī1) 

Estimated KI (ɛM) Estimated kinact (minī1) 

1.69 K I,1,u = 4.97 ± 2.11 

K I,2,u = 2.32 ± 0.93 

0.009 ± 0.0074 

3.375 K I,1,u = 3.01 ± 1.16 

K I,2,u = 1.53 ± 0.50 

0.008 ± 0.006  

6.75 K I,1,u = 1.69 ± 0.52 

K I,2,u = 1.52 ± 0.39 

0.007 ± 0.004 

13.5 K I,1,u = 1.11 ± 0.32 

K I,2,u = 1.71 ± 0.36 

0.007 ± 0.003 

27 K I,1,u = 0.89 ± 0.27 

K I,2,u = 1.84 ± 0.35 

0.007 ± 0.003 

54 K I,1,u = 0.83 ± 0.27 

K I,2,u = 1.92 ± 0.35 

0.007 ± 0.003 
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Table 4.3. continued 

67.5 K I,1,u = 0.80 ± 0.26 

K I,2,u = 1.94 ± 0.35 

0.007 ± 0.003 

90 K I,1,u = 0.79 ± 0.26 

K I,2,u = 1.96 ± 0.35 

0.007 ± 0.003 

135 K I,1,u = 0.77 ± 0.25 

K I,2,u = 1.97 ± 0.35 

0.007 ± 0.003 

270 K I,1,u = 0.76 ± 0.26 

K I,2,u = 1.99 ± 0.35 

0.007 ± 0.003 

540 K I,1,u = 0.74 ± 0.25 

K I,2,u = 2.0 ± 0.35 

0.007 ± 0.003 

810 K I,1,u = 0.74 ± 0.25 

K I,2,u = 2.0 ± 0.35 

0.007 ± 0.003 

1080 K I,1,u = 0.73 ± 0.25 

K I,2,u = 2.0 ± 0.35 

0.007 ± 0.003 

1350 K I,1,u = 0.73 ± 0.25 

K I,2,u = 2.0 ± 0.35 

0.007 ± 0.003 
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Table 4.4. Results of different model fitting to TAO dataset 

k13 is the rate constant for inhibitor depletion. * association rate constants (k1, k4, k10 from 

figure 4.12) parameters were fixed 

Model AICc,  R2 Comments 

MIC-IL -613.1 0.99 All open* 

MIC-M-IL Did not converge 

MIC-M-IL -613.1 0.99 k13= 0.001 (fixed) 

MIC-M-IL -612.4 0.99 k13= 0.1 (fixed) 

MIC-EII-IL  -632.5 0.99 All open* 

MIC-EII-M-IL Did not converge 

 

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

0.313, 0.156, 0 µM) in HLM 
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A: Kinetic scheme for MIC-EII-IL model. B: Experimental (points) and MIC-EII-IL 

model fitted (solid lines) PRA plots. C: Plot of kobs versus [I] for the standard replot 

method with linear data points (n=4 points). E: enzyme, I: inhibitor, L: lipid, P: product, 

S: substrate, k: rate constants. 

The concave upward curvature observed even at the highest inhibitor concentration 

indicates that inhibitor depletion is not the cause of the curvature in the PRA plot.  An 

MIC-EII-IL model with an inhibitor depletion step did not converge unless the inhibitor 

depletion rate constant was fixed at < 0.001 min-1, suggesting minimal inhibitor loss. 

Estimates of KI,u and kinact from the numerical and replot methods for TAO are shown in 

table 4.9.  The experimental replot parameters agree with literature values (see Appendix 

C). The numerical method yields a 3.02 fold lower inactivation efficiency (kinact/K I,u) of 

TAO than the replot method. 

 

Figure 4.13. Kinetic scheme for CYP3A inhibition by NDE (50, 25, 12.5, 6.25, 3.13, 

1.56, 0.78, 0 µM) in HLM 



135 

 

A: Kinetic scheme for MIC-IL-M model. B: Experimental (points) and MIC-IL-M model 

fitted (solid lines) PRA plots. C: Plot of kobs versus [I] for the standard replot method 

with linear data points (n=4 points). E: enzyme, I: inhibitor, L: lipid, M: inhibitor 

metabolite, P: product, S: substrate, k: rate constants 

For other inactivators (ERY, DTZ, and VER), 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 available commercially and 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 (MIC-IL, MIC-M-IL, MIC-EII-IL, MIC-EII-M-IL), 

MIC-IL-M model (M refers to inhibitor metabolism in the model) was the best-fit model 

(figure 4.13 and table 4.5). Addition of inhibitor metabolism or inhibitor depletion step 

improved the model fitting (k13 in figure 4.13 A). Non-specific enzyme loss was observed 

in the NDE dataset and hence was incorporated in this model (k9 in figure 4.13 A). 

  

Table 4.5. Results of different model fitting to NDE dataset 

Models AICc  Adjusted R2 

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, 6.25, 3.13, 

1.56, 0.78, 0 µM) in HLM 

A: Kinetic scheme for MIC-IL model. B: Experimental (points) and MIC-IL model fitted 

(solid lines) PRA plots. C: Plot of kobs versus [I] for the standard replot method with 

linear data points (n=7 points). E: enzyme, I: inhibitor, L: lipid, P: product, S: substrate, 

k: rate constants 

For ERY, three models (MIC-IL, MIC-M-IL and seq-MIC-IL) were evaluated. MIC-IL 

gave a better fit than the seq-MIC-IL model based on AICc (table 4.6). Numerical and 

replot model fits for ERY are shown in figure 4.14. Both datasets, NDE and ERY, show 

concave upward curvature, indicating quasi-irreversible mechanism. TDI kinetic 

parameters for NDE and ERY are shown in Table 4.9. The kinact/KI,u values for NDE and 

ERY with the numerical method were found to be approximately 7.5 and 13-fold lower 

respectively than the replot method. NDE was observed to be a more efficient inactivator 

than ERY.  
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Table 4.6. Models evaluated for ERY dataset 

Models AICc,  Adjusted R2 

MIC-IL -795.23 0.999 

MIC-IL-M Did not converge  

MIC-IL with k9 from only E -795.18 0.999 

Seq-MIC-IL Did not converge  

 

For MA, an MIC-I2L model was evaluated (I2 denotes that MA is a metabolite of DTZ, 

and itself an inhibitor). While fitting the MIC- I2L model to the MA dataset, it was not 

possible to parameterize k8 due to covariance with other parameters. Therefore, a 

sensitivity analysis was performed with a range of k8 values between 0 and 0.05 min-1 

(table 4.7). Values greater than 0.02 min-1 did not predict the experimental data 

(inactivation was overpredicted) based on visual observation and analysis of residuals 

(figure 4.15). Equally good fits were observed when values were fixed at Ò 0.02 min-1. 

Hence 0.02 min-1 was considered as an upper limit and 0 min-1 as the lower limit for k8. 
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Table 4.7. Sensitivity analysis of k8 for modeling MA dataset 

k8 

(fixed) 

k3 k5 k6 k7 Adjusted 

R2 

SSE MSE 

0.05 26.35 ± 

0.14 

166.0 ± 

14.77 

0.05 ± 

0.005 

0.07 ± 0.01 0.999 19.80 4.95 

0.03 26.40 ± 

0.11 

167.06 ± 

12.65 

0.05 ± 

0.003 

0.05 ± 

0.005 

0.999 19.81 4.95 

0.02 26.41 ± 

0.10 

167.5 ± 

11.70 

0.04 ± 

0.002 

0.04 ± 

0.003 

0.999 19.81 4.95 

0.015 26.41 ± 

0.10 

167.7 ± 

11.28 

0.04 ± 

0.002 

0.03 ± 

0.002 

0.999 19.81 4.95 

0.01 26.40 ± 

0.10 

168 ± 

10.98 

0.04 ± 

0.002 

0.03 ± 

0.002 

0.999 19.81 4.95 

0.005 26.39 ± 

0.09 

168 ± 

10.80 

0.04 ± 

0.001 

0.02 ± 

0.001 

0.999 19.81 4.95 

0.001 26.37 ± 

0.09 

168. ± 

10.71 

0.04 ± 

0.001 

0.02 ± 

0.001 

0.999 19.81 4.95 

0.0001 26.37 ± 

0.09 

168 ± 

10.67 

0.04 ± 

0.001 

0.02 ± 

0.001 

0.999 19.81 4.95 

0 26.36 ± 

0.09 

177 ± 

11.08 

0.04 ± 

0.001 

0.02 ± 

0.001 

0.999 19.81 4.95 
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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 dataset. MIC- I2L model was a 

better model based on AICc. Figure 4.16 shows the MIC-I2L fit the MA dataset assuming 

k8 = 0.02 min-1. The kinact for MA with an upper limit of k8 as 0.02 min-1 was estimated to 

be 0.009 ± 0.001 min-1 using the numerical method, and 0.036 ± 0.001 min-1 using the 

replot method with linear data points. The estimates of KI,u for MA were 0.62 ± 0.04 µM 

using the MIC- I2L model and 1.08 ± 0.21 µM using the replot method.  

k8 = 0.02

k8 = 0.015k8 = 0.01

k8 = 0.001k8 = 0.0 k8 = 0.0001

k8 = 0.005

k8 = 0.05k8 = 0.03
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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 µM) in HLM 

A: Kinetic scheme for MIC- I2L model. B: Experimental (points) and MIC- I2L model 

fitted (solid lines) PRA plots. C: Plot of kobs versus [I] for the standard replot method 

with linear data points (n=7 points). E: enzyme, I2: Metabolite inhibitor, L: lipid, P: 

product, S: substrate, k: rate constants 

For DTZ (denoted by I1 in figure 4.17), of all the tested models, four models provided 

equally good fits (table 4.8). These models were: Seq-MIC-M-I1L-I2L (sequential MIC 

model with inhibitor depletion and with lipid partitioning, figure 4.17 A), Seq-MIC-EI1I1-

I1L-I2L (sequential MIC EI1I1 model with lipid partitioning, figure 4.17 C), Seq-MIC- 

EI1I1- M- I1L-I2L (addition of inhibitor metabolism from EI1, figure 4.17 E) and Seq-

MIC- EI1I1 -MM- I1L-I2L (addition of inhibitor metabolism from both EI1 and EI1I1, 

figure 4.17 G).  



141 

 

Table 4.8. Models evaluated for DTZ dataset 

Models AICc,  Adjusted R2 

Seq-MIC-I1L-I2L -938 0.999 

Seq-MIC-M-I1L-I2L -950 0.999 

Seq-MIC-EI1I1-I1L-I2L -950 0.999 

Seq-MIC- EI1I1- M- I1L-I2L -952 0.999 

Seq-MIC- EI1I1 -MM- I1L-I2L -952 0.999 

 

While fitting these sequential models to the DTZ dataset, the rate constants k5b, k6, k7, and 

k8 were fixed from the model fitting of the MA dataset. The k8 value was fixed at 0.02 

min-1. Numerical and replot model fits to the DTZ dataset are shown in Figures 4.17 B, 

4.17 D, 4.17 F and 4.17 H. For the models with double binding site, the two binding 

constants KI1,u and KI2,u ranged from 7.09 to 7.75 µM and 9.62 to 15.96 µM respectively 

using the numerical method. KI,u using the replot method was observed to be 2.98 ± 0.68 

(table 4.10). The estimate of KI,u with the numerical method was 2.4 to 6.4 fold higher 

than that from the replot method. The kinact estimate from the numerical method was 

approximately 2.5-fold lower or equal to as compared to the replot method. The 

inactivation efficiency of MA was found to be around 12.44-fold higher than DTZ using 

the numerical method whereas it was only 4.6-fold 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 

K I,u (ɛM) k inact    

(min-1) 

k inact/K I,u 
a 

(ɛM/ min -

1) 

K I,u 

(ɛM) 

k inact 

(min-

1) 

k inact/K I,u 

(ɛM/ 

min-1) 

ERY 5.64 ± 0.45 0.004 ± 

0.003 

0.001 ± 

0.0004 

6.06 ± 

0.74 

0.05 ± 

0.001 

0.01 ± 

0.001 

ITZ K I1,u = 0.02 ± 0.01 

K I2,u = 0.03 ± 0.02 

0.004 ± 

0.004 

0.18 ± 

0.18 

0.02 ± 

0.01 

0.03 ± 

0.005 

1.82 ± 

0.80 

MA 0.62 ± 0.04 Ò0.009 

± 0.001 

0.014 ± 

0.001 

1.08 ± 

0.21 

0.04 ± 

0.001 

0.03 ± 

0.01 

NDE 1.94 ± 0.35 0.004 ± 

0.005 

0.003 ± 

0.004 

2.45 ± 

0.85 

0.07 ± 

0.01  

0.03 ± 

0.01 

NV K I1,u = 10.13 ± 2.6 

K I2,u = 1.85 ± 0.33 

0.010 ± 

0.003 

0.001 ± 

0.0004 

4.99 ± 

0.72 

0.17 ± 

0.01 

0.03 ± 

0.01 

PAR 0.61 ± 0.09 0.005 ± 

0.001 

0.008 ± 

0.002 

0.52 ± 

0.13 

0.19 ± 

0.005 

0.36 ± 

0.09 

TAO K I1,u = 0.75 ± 0.25 

K I2,u = 1.98 ± 0.35 

0.007 ± 

0.003 

0.009 ± 

0.005 

5.30 ± 

0.62 

0.148 

± 

0.010 

0.028 ± 

0.004 

aFor TAO and NV, KI1,u was used to calculate kinact/KI,u. 
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Figure 4.17. Kinetic schemes for CYP3A inhibition by DTZ (40, 20, 10, 5, 2.5, 1.25, 

0.625, 0 µM) in HLM 

A: kinetic scheme for Seq-MIC-M-I1L-I2L model. B: Experimental (points) and Seq-

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

EI1I1-I1L-I2L model. D: Experimental (points) and Seq-MIC-EI1I1-I1L-I2L model fitted 

(solid lines) PRA plots. E: Kinetic scheme for Seq-MIC- EI1I1- M- I1L-I2L model. F: 

Experimental (points) and Seq-MIC- EI1I1- M- I1L-I2L model fitted (solid lines) PRA 

plots. G: Kinetic scheme for Seq-MIC- EI1I1 -MM- I1L-I2L model. H: Experimental 

(points) and Seq-MIC- EI1I1 -MM- I1L-I2L model fitted (solid lines) PRA plots. I: Plot of 

kobs versus [I] for the standard replot method with linear data points. E: enzyme, I1: Parent 

inhibitor, I2: Metabolite inhibitor, L: lipid, M: Metabolite, P: product, S: substrate, k: rate 

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

Parameters  Numerical Method Replot 

Method Seq-MIC -

M-I 1L-I 2L 

Seq-MIC -

EI 1I1-I 1L-

I 2L 

Seq-MIC - 

EI 1I1- M- 

I 1L-I 2L  

Seq-MIC - 

EI 1I1 -MM - 

I 1L-I 2L 

K I1,u (ɛM) 19.05 Ñ 4.58 7.75 Ñ 3.01 7.27 Ñ 2.75 7.09 ± 2.62 2.98 ± 0.68 

K I2,u (ɛM)  9.62 Ñ 2.45 15.96 Ñ 6.9 14.77 ± 6.2  

kinact  

(min-1)a 

Ò0.01 ± 

0.001 

Ò0.01 ± 

0.001 

Ò0.01 Ñ 

0.001 

Ò0.01 ± 

0.001 

0.02 ± 

0.001 

kinact/ K I1,u 0.001 ± 

0.0005 

0.001 ± 

0.0005 

0.001 ± 

0.0005 

0.001 ± 

0.0005 

0.01 ± 

0.002 

AICc -950.23 -949.55 -952.37 -952.26  

Adjusted R2 0.999 0.999 0.999 0.999  

MSE 4.99 3.99 3.33 3.33  

Data are presented as parameter estimate ± S.D. a k8 was fixed at 0.02 min-1. MSE: Mean 

square error. 

NV is known to be the inactivator upon VER administration and was characterized in 

addition to VER. For NV, MIC-EI2I2-I2L model was found to be the best fit model of five 

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

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

Models AICc,  Adjusted R2 

MIC-I2L -765 0.998 

MIC-M- I2L -811 0.998 

MIC- EI2I2- I2L -873 0.999 

MIC- EI2I2-M- I2L -874 0.999 

MIC-EI2I2-MM- I2L -871 0.999 

K I1,u and kinact obtained from the numerical method were 10.2 ± 2.54 µM and 0.01 ± 

0.003 min-1 respectively. KI,u and kinact obtained from the replot method were 4.99 ± 0.72 

µM and 0.174 ± 0.007 min-1 respectively (table 4.9).The kinact / KI,u value using the 

numerical method was 35 fold lower than the replot method. An MIC-EI2I2-I2L model 

(figure 4.18 A) captured the observed concave upward curvature and atypical kinetics in 

the NV dataset (figure 4.18 B). 
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Figure 4.18. Kinetic scheme for CYP3A inhibition by NV (40, 20, 10, 5, 2.5, 1.25, 

0.625, 0 µM) in HLM 

A: Kinetic scheme for MIC-EI2I2-I2L model. B: Experimental (points) and MIC-EI2I2-I2L 

model fitted (solid lines) PRA plots. C: Plot of kobs versus [I] for the standard replot 

method with linear data points (n=4 points). E: enzyme, I2: Metabolite inhibitor, L: lipid, 

P: product, S: substrate, k: rate constants. 

For VER, five different models were evaluated (table 4.12), Seq-MIC-EI2I2-I1L-I2L 

(sequential MIC forming with lipid partitioning and double binding for I2), Seq-MIC-M- 

EI2I2-I1L-I2L (sequential MIC forming with lipid partitioning, inhibitor depletion and 

double binding for I2, figure 4.19 A), Seq-MIC-EI1I1- EI2I2-I1L-I2L (sequential MIC 

forming double binding site for I1 and I2 with lipid partitioning, figure 4.19 C), Seq-MIC- 

EI1I1-M-EI2I2-I1L-I2L (sequential MIC forming double binding site for I1 and I2 with lipid 

partitioning and inhibitor loss from EI1, figure 4.19 E), Seq-MIC- EI1I1-EI2I2-MM- I1L-
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I2L (sequential MIC forming double binding site for I1 and I2 with lipid partitioning and 

inhibitor loss from EI1 and EI1I1, figure 4.19 G). 

Table 4.12. Models evaluated for VER datasets 

Models AICc,  Adjusted R2 

Seq-MIC-EI2I2-I1L-I2L -702 0.999 

Seq-MIC-M-EI2I2-I1L-I2L -753 0.999 

Seq-MIC-EI1I1-EI2I2-I1L-I2L -743 0.999 

Seq-MIC-EI1I1-M-EI2I2-I1L-I2L -755 0.999 

Seq-MIC-EI1I1-MM- EI2I2-I1L-I2L -753 0.999 

 

Three of the models showed comparable fits: Seq-MIC-M-EI2I2- I1L-I2L, Seq-MIC- 

EI1I1-M-EI2I2-I1L-I2L and Seq-MIC- EI1I1-EI2I2-MM- I1L-I2L. While fitting the different 

models to the VER dataset, the rate constants k5b, k5d, k14, k6, k7, and k8 were not 

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

dataset. Models incorporating inhibitor loss (Seq-MIC-EI2I2 -M- I1L-I2L, Seq-MIC- EI1I1-

EI2I2-M- I1L-I2L and Seq-MIC- EI1I1-EI2I2-MM- I1L-I2L) gave better fit than models not 

incorporating inhibitor loss (Seq-MIC-EI2I2-I1L-I2L and Seq-MIC- EI1I1-EI2I2-I1L-I2L 

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

752.9, -755.1 and -753.3 respectively, tables 4.12 and 4.13).   
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Table 4.13. TDI parameters for VER by numerical method for four models and also by 

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

Parameters Numerical Method Replot 

Method Seq-MIC -

M-EI 2I 2-

I 1L-I 2L 

Seq-MIC - 

EI 1I1-EI2I 2- 

I 1L-I 2L 

Seq-MIC - 

EI 1I1-EI2I 2-

M- I 1L-I 2L 

Seq-MIC - 

EI 1I1-EI2I 2-

MM - I 1L-I 2L 

K I1,u (ɛM) 3.80 ± 0.51 5.65 ± 2.56 5.33 ± 2.13 5.05 ± 1.95 1.79 ± 0.45 

K I2,u (ɛM) -- 1.54 ± 0.58 5.40 ± 3.00 6.13 ± 4.14 -- 

kinact (min-1) 0.01 ± 

0.003 

0.01 ± 

0.003  

0.01 ± 0.003  0.010 ± 0.003  0.07 ± 0.01 

kinact/ K I1,u 0.003 ± 

0.001 

0.002 ± 

0.001 

0.002 ± 

0.001 

0.002 ± 0.001 0.04 ± 0.01 
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Figure 4.19. Kinetic schemes for CYP3A inhibition by VER (40, 20, 10, 5, 2.5, 1.25, 

0.625, 0 µM) in HLM 

A: kinetic scheme for Seq-MIC- EI1I1-EI2I2- I1L-I2L model. B: Experimental (points) and 

Seq-MIC- EI1I1-EI2I2- I1L-I2L model fitted (solid lines) PRA plots. C: Kinetic scheme for 

Seq-MIC- EI1I1-EI2I2-M- I1L-I2L model. D: Experimental (points) and Seq-MIC- EI1I1-

EI2I2-M- I1L-I2L model fitted (solid lines) PRA plots. E: Kinetic scheme for Seq-MIC- 

EI1I1-EI2I2-MM- I1L-I2L model. F: Experimental (points) and Seq-MIC- EI1I1-EI2I2-MM- 

I1L-I2L model fitted (solid lines) PRA plots. G: Plot of kobs versus [I] for the standard 

replot method with linear data points. E: enzyme, I1: Parent inhibitor, I2: Metabolite 

inhibitor, L: lipid, M: Metabolite, P: product, S: substrate, k: rate constants 

 

Figure 4.20. Ln PRA vs preincubation plot for D617 

The KI1,u and KI2,u estimates for VER ranged from 3.80 to 5.65 µM and 1.54 to 6.13 µM 

respectively. KI,u was estimated to be 1.79 ± 0.45 µM using the replot method. The 

estimate of KI1,u with the numerical method was 2.1 to 3.2 fold higher than the replot 

method, whereas kinact was 7.4 fold lower as compared to the replot method (table 4.13). 

The kinact / KI,u value of NV was 2- fold lower as compared to VER using the numerical 
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method whereas it was 1.2-fold 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. MIC-M-IL 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 numerical method, KI,u and kinact estimates of PAR were 0.61 ± 0.09 µM 

and 0.005 ± 0.001 min-1 respectively. Models incorporating double binding site did not 

converge. Further, inactivation efficiency of PAR was estimated to be 0.36 ± 0.09 using 

the replot method which was ~45 fold higher than the numerical method (table 4.9).  

 

Figure 4.21. Kinetic scheme for CYP2D6 inhibition by PAR (40, 20, 10, 5, 2.5, 1.25, 

0.625, 0 µM) in HLM 

A: Kinetic scheme for MIC-M-IL model. B: Experimental (points) and MIC-M-IL model 

fitted (solid lines) PRA plots. C: Experimental (points) and MIC-M-IL model fitted (solid 

lines) inhibitor depletion plots. D: Plot of kobs versus [I] for the standard replot method 
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with linear data points (n=4 points). E: enzyme, I: Inhibitor, L: lipid, M: Metabolite, P: 

product, S: substrate, k: rate constants   

Table 4.14. Models evaluated for PAR dataset 

Model AICc  R2 

MIC-IL -718 0.997 

MIC-M-IL -762 0.998 

MIC-EII-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 association rates would be needed. It was found that a higher association 

rate constant was needed to model ITZ dataset. 810 µM-1 min-1 was found to be the 

optimum association rate constant. 

Several models were evaluated for ITZ datasets (table 4.15). MIC-EII-M-IL (MIC 

forming with double binding and inhibitor depletion) model gave the best fit with an 

AICc value of -972. The KIu and kinact was estimated to be 0.015 ± 0.006 and 0.027 ± 

0.005 using the replot method. Numerical method yielded two KI,u, 0.02 ± 0.005 and 

0.034 ± 0.015 µM and kinact was estimated to be 0.004 ± 0.004. The inactivation 

efficiency using the replot method was 10-fold higher than the numerical method (table 

4.9). MIC-EII-M-IL model was able to capture the competitive inhibition (evident from 

the y-intercept of figure 4.22 B) and also the concave upward curvature of the observed 

data (figure 4.22). 
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Table 4.15. Models evaluated for ITZ dataset 

Models AICc  R2 

MM-IL -823 0.998 

MM-IL-M -899 0.999 

EII-IL  -859 0.999 

EII-IL-M Did not converge 

MIC-IL -913 0.999 

MIC-IL-M -958 0.999 

MIC- EII- IL  -939 0.999 

MIC-EII-M-IL -972 0.999 

 

The estimated rate constants for the best fit models for all inactivators is given in 

appendix K. 
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Figure 4.22. Kinetic scheme for CYP3A inhibition by ITZ (5, 2.5, 1.25, 0.625, 0.3125, 

0.156, 0.078, 0 µM) in HLM 

A: Kinetic scheme for MIC-EII-M-IL model. B: Experimental (points) and MIC-EII-M-

IL model fitted (solid lines) PRA plots. C: Plot of kobs versus [I] for the standard replot 

method with linear data points (n = 7 points). E: enzyme, I: Inhibitor, L: lipid, M: 

Metabolite, P: product, S: substrate, 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 method. In-vitro TDI assays were performed with RLM and HLM 

with inactivators having different mechanisms 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 quasi-irreversible bond 

with the Fe (Lindstrom et al., 1993; Jones et al., 1999; Wang et al., 2005). PAR 

inactivates CYP3A by forming MIC through a carbene intermediate (Bertelsen et al., 
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2003). PAR is also known for formation of covalent bond with microsomes and S-9 

fraction (Zhao et al., 2007b). ITZ is known to form coordinates with heme iron through 

the triazole group (Peng et al., 2012). These MICs require sequential metabolism, and 

when available, primary metabolites were additionally evaluated. Further, mechanistic 

kinetic models were developed to account for different phenomena including the aging of 

the MIC which is critical in the determination of kinact (Barnaba et al., 2016), atypical 

kinetics, non-specific partitioning into microsomes, and inhibitor depletion during the 

inactivation phase. Since this modeling approach does not assume steady-state kinetics 

and irreversibility, the curvature observed in PRA plots for MIC-forming 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 of the assumptions while modeling was that the association rate constant is not the 

rate limiting step. Association rate constant of 270 µM-1 min-1 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 107-104 M-1 s-1 (Fersht, 2017). The first step of such 

interactions is the diffusional encounters which should yield rate constants in the range of 

1010 M-1 s-1. This disparity arises from the fact that processes such as hydrodynamic 

interactions, orientational encounters, steric hindrance and electrostatic factors also 

contribute towards CYP- drug interaction (Antosiewicz and McCammon, 1995; Wade et 

al., 1998; Kingsley and Lill, 2015). Further, association rate constant is also affected by 

viscosity of the medium, and shape and radius of the molecule. Although association rate 

constant of 270 µM-1 min-1 is on the higher end of the range of the observed and seems 
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fast, it can be rate limiting if kcat/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 µM-1 min-1 was 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 (810 µM-1 min-1) 

established rapid equilibrium which was evident from the fact that parameter estimates 

did not change with increase in the association rate constant above 810 µM-1 min-1.  

It was also assumed that all active enzyme species contribute towards non-specific loss in 

activity during the assay. This assumption might not always hold true. It was shown 

earlier that specific CYP3A1 ligands or substrates protect CYPs from degradation 

(Eliasson et al., 1994). One of the mechanisms of CYP degradation is phosphorylation of 

CYPs by microsomal cAMP dependent protein kinase (Correia, 2003; Wang et al., 2009). 

Specific ligands like ERY, oleandomycin, clotrimazole prevented CYP3A1 from 

phosphorylation and hence prevented degradation of CYPs in rat microsomes and rat 

hepatocytes. This phenomenon can also be CYP specific. For example,  phosphorylation 

of CYP3A1Ser129 and CYP2E1Ser393 predisposes these CYPs for degradation via 

ubiquitination but not the similarly phosphorylated CYP2B1 (Wang 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 EII in a double binding model). 

Moreover, the more enzyme species the model has, the more difficult it will be to 

parametrize 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 estimated k9 
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values. The degradation rate constant (k9) in the present datasets range from 0 (for TAO) 

to 0.012 min-1 (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 were also analyzed with models in which only the free enzyme ([E]) contributes 

towards nonspecific loss in activity. There was no difference in the estimates of KI and 

kinact between the two models (data not shown).    

In all models developed, non-specific microsomal partitioning was modeled to provide 

accurate unbound inhibitor concentrations. While there are reports for multiple binding to 

phospholipid bilayer using Nanodiscs (Nath et al., 2007) it was assumed that lipid has a 

single binding site and lipid portioning/binding was assumed to be non-saturable. 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 concentrations 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 kon and koff (equation 3) are obtained from 

measurement of fu,mic and fixed during the modeling 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 models to complex 

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 reasons for this 
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was that some of the parameters were fixed (eg. k1 and k9) based on either experimental 

observations or assumptions, rendering the models structurally identifiable. Further, 

numerical identifiability was resolved by varying the initial estimates of the 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 parameters suggesting 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 parameterize k8. Hence, sensitivity analysis was performed 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 concentrations 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 improves the fit. The double 

binding model diverts the free inhibitor concentration to bound form (EII) while the 

inhibitor depletion model depletes the free inhibitor concentration by metabolizing the 

inhibitor. Another concern that arises while fitting complex models 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 and number of parameters to estimated was more than 10 (Harrell 

et al., 1984; Harrell et al., 1996).  



160 

 

CYPs, especially CYP3A, are known for showing atypical kinetics (Korzekwa et al., 

1998; Hutzler and Tracy, 2002; Atkins, 2005; Tracy, 2006; Denisov and Sligar, 2012). 

There has been significant development in terms of mechanistic understanding and 

accounting for atypical kinetics in in-vitro in-vivo extrapolation (Houston and 

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

2005; Davydov and Halpert, 2008; Yang 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 kinetics. 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 cooperativity  (Hill, 1910). A 

modified replot method incorporating the Hill coefficient has been proposed to account 

for atypical behavior in CYP inactivation (Nagar et al., 2014b). Atypical behavior can be 

diagnosed in the plot of kobs vs [I] if the plot deviates from the typical hyperbolic curve. 

The problem with such analysis is that since only the linear part of the PRA plot is used 

for calculation of kobs the atypical behavior is masked in the plot of kobs vs [I] and it is 

difficult to clearly diagnose atypical kinetics. PRA plots could be good diagnostic plots 

for atypical kinetics. Asymmetric PRA plots suggest atypical kinetics. For example, for 

the range of inactivator concentrations which are 2-fold diluted, the distribution of the 

percent activity remaining will be asymmetric with respect to concentration if atypical 

kinetics is involved. Atypical kinetics could result from any of the following reasons: 

inhibitor depletion, multiple binding, simultaneous activation and inactivation, protein 

heterogeneity and extensive lipid partitioning (further discussion on inhibitor depletion 

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 KI,u and kinact by accounting for many of these 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 12 to 15. Analysis was 

also performed with fewer data points. Similar parameters were obtained with 

comparable errors with an 8 x 8 matrix (8 inhibitor concentration and 8-time points) as 

compared to 8 x 12 or 8 x15 matrices (table 4.16). Generating an 8 x 8 matrix or more 

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 required to capture the lag 

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

respectively.  

Table 4.16. In-vitro TDI datasets analyzed using numerical method with lesser data point 

Compounds Parameters All data 

points 

8 data 

points 

6 data 

points 

5 data 

points 

TAO K I,u (µM) K I1,u = 0.75 

± 0.25 

K I2,u = 1.98 

± 0.35 

K I1,u = 0.73 

± 0.30 

K I2,u = 1.84 

± 0.47 

  K I1,u = 

0.83 ± 0.43 

K I2,u = 2.56 

± 0.83 

  K I1,u = 

0.75 ± 0.39 

K I2,u = 

2.86 ± 1.1 

kinact (min-1) 0.007 ± 

0.003 

0.008 ± 

0.004 

0.008 ± 

0.005 

0.008 ± 

0.005 
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Table 4.16. continued 

NDE K I,u (µM) 1.94 ± 0.35 Negative 

estimates 

Did not 

converge 

Did not 

converge 
kinact (min-1) 0.005 ± 

0.005 

ERY K I,u (µM) 5.64 ± 0.45 5.36 ± 0.54 5.35 ± 0.66 Did not 

converge 
kinact (min-1) 0.004 ± 

0.003 

0.006 ± 

0.003 

0.005 ± 

0.004 

MA K I,u (µM) 0.62 ± 0.04 0.61 ± 0.05 0.63 ± 0.07 0.61 ± 0.07 

kinact (min-1) Ò0.01 Ñ 

0.001 

Ò0.01 Ñ 

0.001 

Ò0.01 Ñ 

0.001 

Ò0.01 Ñ 

0.001 

DTZ K I,u (µM) K I1,u = 7.72 

± 3.29 

K I2,u = 6.66 

± 1.97 

K I1,u = 7.63 

± 3.80 

K I2,u = 4.49 

± 1.81 

K I1,u = 9.26 

± 5.62 

K I2,u = 3.57 

± 1.91 

K I1,u = 

7.06 ± 4.35 

K I2,u = 

3.85 ± 2.15 

kinact (min-1) Ò0.009 Ñ 

0.001 

Ò0.009 Ñ 

0.001 

Ò0.009 Ñ 

0.001 

Ò0.009 Ñ 

0.001 

NV K I,u (µM) K I1,u = 10.2 

± 2.54 

K I2,u = 1.85 

± 0.33 

K I1,u = 10.3 

± 3.3 

K I2,u = 1.78 

± 0.43 

K I1,u = 9.16 

± 3.12 

K I2,u = 2.0 

± 0.5 

K I1,u = 

9.66 ± 3.7 

K I2,u = 2.3 

± 0.7 
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Table 4.16. continued 

NV 

kinact (min-1) 0.01 ± 

0.004 

0.01 ± 

0.004  

0.01 ± 

0.004  

0.01± 

0.005  

VER K I,u (µM) K I1,u = 5.31 

± 2.11 

K I2,u = 5.44 

± 3.03  

K I1,u = 6.52 

± 4.32 

K I2,u = 4.32 

± 2.13  

K I1,u = 7.16 

± 6.63 

K I2,u = 4.08 

± 3.59  

Did not 

Converge 

kinact (min-1) 0.01 ± 

0.003 

0.01 ± 

0.004  

0.01 ± 

0.004  

PAR 

K I,u (µM) 0.43 ± 0.08 0.43 ± 0.11 Did not 

converge 

Did not 

converge 
kinact (min-1) 0.01 ± 

0.002 

0.01 ± 

0.004 

ITZ 

K I,u (µM) K I1,u = 0.02 

± 0.005 

K I2,u = 0.03 

± 0.02 

K I1,u = 0.03 

± 0.01 

K I2,u = 0.02 

± 0.01 

Did not 

converge 

Did not 

converge 

kinact (min-1) 0.004 ± 

0.004 

0.004 ± 

0.005 
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Table 4.17. Analysis with last time points 

Compoun

d 

Last time point analysis Numerical method k inact/K I,u 

fold 

differenc

e 

K I,u 

(µM)  

k inact (min-

1) 

k inact/

K I,u 

K I,u (µM) k inact 

(min-1) 

k inact

/K I,u 

ERY 1.22 ± 

0.16  

0.009 ± 

0.0002  

0.007   5.64 ± 0.45  0.004 ± 

0.003  

0.00

1 

1 

DTZ 1.26 ± 

0.26  

0.01 ± 

0.001  

0.007 19.05 ± 4.58 0.01 ± 

0.001  

0.00

1 

14 

ITZ 0.03 ± 

0.02  

0.01 ± 

0.005  

0.41 K I1,u = 0.02 

± 0.01 

K I2,u = 0.03 

± 0.02  

0.004 ± 

0.004 

0.18  2.28 

MA 0.50 ± 

0.22  

0.01 ± 

0.001  

0.009 0.62 ± 0.04  0.01 ± 

0.001  

0.01 0.64 

NDE 1.41 ± 

1.0  

0.015 ± 

0.003  

0.005 1.94 ± 0.35  0.004 ± 

0.005  

0.00

3 

1.67 

NV Cannot be performed K I1,u = 10.13 

± 2.55 

K I2,u = 1.85 

± 0.33  

0.01 ± 

0.003 

0.00

1  

 

PAR Cannot be performed 0.43 ± 0.08 0.006 ± 

0.002  

0.01

3 
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Table 4.17. continued 

TAO 0.34 ± 

0.20 

0.009 ± 

0.001  

0.02 K I1,u = 0.75 

± 0.25 

K I2,u = 1.98 

± 0.35  

0.007 ± 

0.003 

0.00

9 

2.22 

VER 0.90 ± 

0.43 

0.01 ± 

0.002  

0.005 3.80 ± 0.51 0.01 ± 

0.003  

0.00

3 

1.67 

 

The complexities 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 

reduce the complexity of data analysis of such datasets, another analysis method was 

tested in which the last few time points were analyzed (table 4.17). Slopes (kobs) were 

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 obtain KI,u and kinact. 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 in significant errors. 

In principle, last time point analysis would result in a comparable estimate for kinact. 

However, this kind of analysis uses limited time points, which can result in marked error 

in estimating kinact. Calculation of kobs from just 3 -4 points makes it vulnerable to errors 

which could be the reason for 1 to 5-fold errors in kinact estimation with the two methods 

of analysis. Further, this method will also cause errors in estimating KI,u for inactivators 
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which show atypical kinetics. However, analyzing the last time points could be a good 

way for getting initial estimates for kinact for model fitting. 

It was shown by Barnaba et.al. (Barnaba et al., 2016) that the aging of the MIC is critical 

in determining the rate of inactivation. It was observed that Fe3+: carbene intermediate 

can either get reduced to Fe2+: carbene which is terminally inactive, or it can release the 

carbene to free the active enzyme, resulting in a branched pathway (e.g. k6, k7 and k8 in 

all kinetic models). For inactivators known to form MIC, aging of MIC was incorporated 

in the respective kinetic models. Further, sequential metabolism was incorporated in the 

models to account for the formation of the primary metabolite (I2). However, for ERY it 

was observed 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 

concave downward PRA plots) is not observed. This suggests that sequential metabolism 

may occur without the release of metabolite intermediates. 

In the case of TAO, a two-binding site model was able to capture the competitive 

inhibition (~8% decrease in activity at 10µM), resulting in a better fit than the single 

binding site model. Competitive inhibition is evident from the Y-intercept of the PRA 

plot (figure 4.12).  The use of an EII model was also supported by deviation in the 

competitive Ki and inactivation KI. Although TAO is a large molecule (molecular weight 

814), it is known that CYP3A4 is capable of substrate-induced conformational changes. 

For instance, binding of ERY dramatically expanded (Agrawal et al., 2010) the substrate 

binding pocket from ~520 Å3 to ~2000 Å3. Also, much larger molecules, 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 enzyme-enzyme interactions are responsible for the observed kinetic 

behavior. However, EII 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) 

has to be formed in order to inactivate CYP3A, a simpler model (MIC-IL) gave 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 

absence 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 Sjögren, 2006), multiple 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 MIC-M-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 step is added 

to a multiple binding model. Moreover, CYP2D6 does not usually show multiple binding 

kinetics (McMasters et al., 2007). PAR concentrations were measured in the 

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

of KI and kinact is included in chapter 5. 
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ITZ is a potent inhibitor and type II binder of CYPs (Moltke et al., 1996; Wang et al., 

1999; Galetin et al., 2005; Isin and Guengerich, 2007; Foti et al., 2010). 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 kinetics (Pearson et al., 2006; Locuson et al., 2007). ITZ metabolites are 

also reported to be CYP3A inactivators (Isoherranen et al., 2004). However, there was no 

lag observed in the PRA plot, suggesting that metabolites are not as potent as ITZ. The 

association rate constants using surface plasma resonance (SPR) reported for ITZ are 

lower (~100 fold) than that used for in this project (Pearson et al., 2006). A value of 810 

µM-1 min-1 was optimized based on a rapid equilibrium assumption. One reason for this 

discrepancy could be that SPR studies are performed in the absence of lipids. Moreover, 

ITZ is a very highly partitioned compound (Ishigam et al., 2001; Galetin et al., 2005; 

Rougee et al., 2017). ITZ was found to have multiple binding sites in this project which is 

similar to the parallel trajectory model used earlier to describe ITZ kinetics (Pearson et 

al., 2006). 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 (the actual inactivators) are released from the active site. The sequential 

models were able to capture the lag in inactivation as well as the atypical kinetics 

observed during inactivation. VER is known to exhibit atypical kinetic behavior (Shen et 

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

PRA plots in figure 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 kinetics, and inhibitor depletion. All models gave equally good fits to the data. 

The deviation from hyperbolic saturation kinetics observed in the PRA plot (e.g. 

sigmoidal saturation curve in figure 7G) could be a result of multiple binding, inhibitor 

depletion, or both. The 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 either for 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 TDI kinetics. Burt. et al. (Burt et al., 2012) used the progress curve 

method where inhibitor concentrations were used in a mechanistic model to estimate TDI 

parameters. Zhao et. al. (Zhao et al., 2007a) used a static time-averaged inhibitor 

concentration while estimating TDI parameters for DTZ. Berry et.al (Berry et al., 2013) 

measured inhibitor loss and corrected the IC50 shift with inhibitor loss data. It is evident 

from these examples that use of inhibitor concentrations will improve the TDI parameter 

estimates (a discussion on the impact of inhibitor depletion on TDI kinetics is included in 

chapter 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 metabolite inactivation 

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

inactivation. The kinact estimates from the numerical method are 2.51-fold (for DTZ) to 
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21.1-fold (for TAO) lower than the replot method. Further, since the replot method 

assumes Michaelis Menten kinetics, it is unable to account for atypical kinetics. The 

estimates of KI,u for inactivators that show Michaelis Menten kinetics (NDE, ERY, MA) 

are similar with both numerical and replot methods, whereas for inactivators that show 

non Michaelis 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 from either the numerical 

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 models, 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 toward allosterism (Davydov and Halpert, 2008; Davydov et 

al., 2013). It is worth mentioning that all these processes are not exclusive and hence 

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 fit models can vary 

depending on the quality of the data. This can sometimes lead to different results. 

However, since the models giving similar fits are very similar, parameter estimates is not 

expected to be significantly different from one another. 
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Species difference 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 literature (Aueviriyavit et al., 2010) where it was 

observed that ERY was a very weak inactivator in rat liver microsomes. Like ERY, VER 

was also observed to be a weak inactivator in RLM as compared to HLM. This species 

difference was also observed in-vivo as evident from AUC ratios with MDZ (chapter 3). 

Similarly, a species-specific difference was also observed for CYP2D, where PAR was 

found to be a weaker inactivator in RLM than in HLM. The PRA at the end of 30 minutes 

with preincubation of 40µM PAR in RLM was 64% while it was 23 % at the end of 30 

minutes with preincubation of 10 µM PAR in HLM. This could be because of 

orthologous CYPs in humans and rats. Species difference in catalytic selectivity and 

activity has been known for decades (Guengerich, 1997; Pasanen, 2004). Hence 

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 evaluate in-

vivo drug interactions (Gonzalez and Yu, 2006; Felmlee et al., 2008; Holmstock et al., 

2013). Although humanized mouse models have shown promise, there are still limitations 

with these models (Muruganandan and Sinal, 2008). More studies in the future will be 

needed to validate the use of humanized mouse models. 

'Reproduced in part' with permission from Molecular Pharmaceutics, Improved 

Predictions of DrugīDrug Interactions Mediated by Time-Dependent Inhibition of 

CYP3A, 15, 5, 1979-1995. 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. Historically, an óidealô condition for a typical enzyme kinetic assay is to 

have minimal inhibitor 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 IC50 shift assay or the 2-step assay for determination of KI and 

kinact. Incubations 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 IC50 or KI and kinact. It was shown by Parkinson et. al, that more than 30% of 

the inactivator is consumed or metabolized during a 30-minutes preincubation (Parkinson 

et al., 2011). IC50 shift assays are performed for the initial screen for determination of 

TDI. A compound causing a left shift in the IC50 curve is considered an inactivator. 

Inhibitor depletion could cause a right shift in the IC50 curve (Fowler and Zhang, 2008). 

The ratio of IC50/Km of an inactivator is important in this case. A high ratio will result in 

a low shift in IC50, 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 IC50 curve might not be large. Ignorance of inhibitor data could 

therefore result in a false negative interpretation. Berry at. al evaluated the effect of 

inhibitor depletion on the óshifted IC50ô and showed that inhibitor depletion of 50% over 

30 minutes preincubation could result in a 2-fold increase in the shifted IC50 (Berry et al., 

2013). Burt et. al analyzed the TDI dataset using the progress curve analysis wherein 

inhibitor depletion data was also used to simultaneously fit both the inhibitor and probe 
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substrate metabolite data to estimate KI and kinact. It was shown that use of inhibitor data 

resulted in improved fitting. However, Michaelis Menten (MM) kinetics was assumed 

while model fitting for all the inactivators (Burt et al., 2012). 

The aim of this chapter is to evaluate the effect of inhibitor depletion on TDI kinetics. In-

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 incubations 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 inhibitor data on modeling. The goals of this 

chapter were: 

1. To evaluate the impact of inhibitor depletion on the estimates of KI and kinact. 

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 inter-system differences. 

5.2. Materials and Methods 

5.1.1. Materials  

HLM, rCYP3A4, NADPH solution A and solution B were obtained from Corning life 

Sciences, and potassium 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 (1-OH MDZ) was purchased from Cayman Chemicals. 

Norverapamil hydrochloride (NV) and N-desmethyl diltiazem hydrochloride (MA), were 

purchased from Toronto Research Chemicals, Canada.  

5.1.2. In-Vitro Incubations 

Preliminary experiments to determine time and protein concentration for in-vitro 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 matrix of rCYP3A protein 

concentrations and time points 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 20 seconds until ~3 minutes. Each incubation was performed in three 

replicates in a shaking water bath at 370C.  Incubations consisted of 0.1M phosphate 

buffer, 50 µM MDZ, and NADPH regenerating solutions. Incubation reaction was started 

by adding NADPH and quenched by adding ice cold acetonitrile containing the IS (DTZ). 

MDZ was dissolved in methanol to keep the methanol percentage less than 0.1%. After 

quenching the incubations, the mixture was vortexed and centrifuged. Supernatant was 

analyzed for substrate metabolite concentrations.  

In -vitro TDI assays 

In-vitro TDI assays with HLM were performed 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 CYPs 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 2-fold dilution scheme were incubated at 37°C with a 0.125 mg/ml suspension of 

rCYP3A4 in 0.1 M potassium phosphate buffer, pH 7.4 as a primary incubation. After 5 

minutes of preincubation, the reaction was initiated by addition of NADPH regenerating 

system (final concentration 1.3mM NADP+, 3.3mM glucose-6 phosphate, 0.4 U/ml 

glucose 6- phosphate dehydrogenase and 3.3mM magnesium chloride). At specific time 

points, an aliquot (7.5 ɛl) of the primary incubation was added to the secondary 

incubation (142.5 ɛl) containing probe substrate (either 50 ɛM MDZ or 75 ɛM DXT) and 

NADPH. The primary incubation was run for 0-60 minutes, 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 with ice-cold acidified acetonitrile containing DTZ as the internal 

standard. VER was used an internal standard when DTZ was the inactivator. After 

centrifugation at 10000 rpm for 8 minutes, the supernatant was removed for measuring 

the amount of probe substrate metabolite (dextrorphan (DXO) for CYP2D6 and 1-

hydroxy midazolam (1-OH MDZ) for CYP3A4) and inactivator in the supernatant. LC-

MS/MS was used for analysis of the supernatant. Each assay was conducted in duplicate. 

Stock solutions of inactivators and substrate were prepared in methanol. The final 

methanol concentration in the primary incubation was less than 0.1% (v/v). Assays were 

also performed without inactivators to assess the non-specific loss of enzyme activity. 

5.1.3. Model Development and 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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compared to HLM hence significant lipid partitioning is not expected (McMasters et al., 

2007). The assumptions of the model in this chapter are the same as those mentioned in 

chapter 4. Both inhibitor concentrations and probe substrate metabolite concentrations 

were used simultaneously for model fitting. KIu and kinact 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 reaction for in-vitro 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 results, in-vitro TDI assays were 

performed at 125 pmole/mL protein concentration (primary incubation protein 

concentration) and 2 minutes of secondary incubation was used for in-vitro TDI assays 

with rCYP3A4. 

 

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/mL. (B) Protein linearity for MDZ in rCYP3A4. Data 

are represented as mean ± SD, n=3 replicates. 

PAR depletion was found to be concentration dependent. At 0.625 µM 60% PAR was 

depleted whereas at 10 µM 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. MIC-M-IL was found to the best fit model (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 of KI and kinact by 1.41 and 

0.83-fold respectively (table 5.2). The estimated inactivation efficiency 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 without use of inhibitor data were obtained from chapter 4. DNC: did not 

converge. 

Model Without inhibitor data  With inhibitor data  

AICc  R2 AICc 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 KI,u and kinact for different inactivators with and without use if 

inhibitor depletion data 

a: models used for numerical method, b: from chapter 4, c: assay performed with HLM, 

d: Seq-MIC-M model without inhibitor data and Seq-M-MIC-M for with inhibitor data 

model fitting. DNC: did not converge 

Inactivator  Modela Without inhibitor data  With inhibitor 

data 

Replot Method 

K Iu (µM)  k inact 

(min-1) 

K Iu 

(µM)  

k inact 

(min-1) 

K Iu 

(µM)  

k inact 

(min-1) 

PARb,c MIC-M 0.62 ± 0.09 0.005 ± 

0.001 

0.44 ± 

0.08 

0.01 ± 

0.002 

0.52 ± 

0.13 

0.19 ± 

0.01 

NV MIC-M 7.12 ± 1.81 0.03 ± 

0.01 

5.87 ± 

0.87 

0.04 ± 

0.01 

6.40 ± 

0.90 

0.82 ± 

0.05 

VERd Seq-

MIC-M 

20.72 ± 3.39 0.03 ± 

0.01 

9.70 ± 

1.38 

0.04 ± 

0.01 

12.17 ± 

3.08 

0.34 ± 

0.04 

MA MIC-

EII-M 

K I1 = 6.49 ± 3.07 

K I1 = 0.85 ± 0.44 

0.02 ± 

0.01 

DNC DNC 4.34 ± 

0.74 

0.24 ± 

0.01 

DTZ  DNC DNC DNC DNC 1.35 ± 

0.49 

0.14 ± 

0.01 
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Figure 5.2. Model fits for PAR dataset with MIC-M 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 µM) is 

shown in figure 4.21. A: Experimental (points) and MIC-M model fitted (solid lines) 

PRA plots without the use of PAR concentrations for model fitting. B: Experimental 

(points) and MIC-M model predicted (solid lines) PAR concentration. C: Experimental 

(points) and MIC-M model fitted (solid lines) PRA plots with the use of PAR 

concentrations for model fitting. D: Experimental (points) and MIC-M model fitted (solid 

lines) inhibitor depletion plots. 

NV was found to be 30% depleted at 20 µM and 70% depleted at 5 µM at the end of 60 

minutes. The NV dataset was analyzed with the five models using the numerical method 

as shown in chapter 4. MIC-M and MIC-EII-M were the best fit models when NV 

concentrations were not used for model fitting whereas single binding model (MIC-M 

A B

C D
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model) was a better model than the double binding models (MIC-EI2I2 or EI2I2-M) when 

inhibitor concentrations were used during model fitting (table 5.3). The KI and kinact 

estimated using MIC-M model were 5.87 ± 0.87 µM and 0.039 ± 0.008 min-1 when the 

inhibitor data was used for model fitting whereas it was 7.12 ± 1.81 µM and 0.032 ± 0.01 

min-1 respectively when inhibitor data was not used (table 5.2). The inactivation 

efficiency changed by 1.5-fold when inhibitor concentrations were used while model 

fitting. The inactivation efficiency using the replot method was ~ 20 to 29-fold higher 

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 R2 AICc,  Adjusted R2 

MIC DNC DNC 

MIC-M -403 0.976 -771 0.990 

MIC- EI2I2 DNC DNC 

MIC- EI2I2-M -399 0.976 DNC 

MIC-EI2I2-MM -678 0.998 DNC 

For VER, sequential models (Seq-MIC-M, Seq-M-MIC-M, Seq-EII-MIC-M, Seq-EII-M-

MIC-M, figure 5.3) were evaluated since a lag in inactivation was observed. Seq-M-

MIC-M was the best fit model when VER concentrations were also used for model fitting 

whereas Seq-MIC-M model was the best fit model when only 1-OH MDZ concentrations 

was used for model fitting (figure 5.4). Seventy seven percent VER depletion was 

observed at the end of 60 minutes incubation with 40µM. The percent in-situ formed NV 

concentrations decreased with decreasing concentrations of VER. The measured NV 
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concentrations were 11.58, 5.40, 1.80 µM at the end of 60 minutes incubation with 40, 

20, 10 µM of VER respectively. The KI and kinact estimated using Seq-MIC-M model 

were 9.70 ± 1.38 µM and 0.039 ± 0.008 min-1 when the inhibitor data was used for model 

fitting whereas it was 20.72 ± 3.39 µM and 0.032 ± 0.01 min-1 respectively when 

inhibitor data was not used (table 5.2). The KI and kinact estimated using replot method 

was 12.17 ± 3.08 µM and 0.34 ± 0.04 min-1 respectively. The inactivation efficiency 

using the replot method was ~ 7 to 18-fold higher than the numerical method. 
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Figure 5.3. Model fits for NV dataset with MIC-M model with and without use of 

inhibitor data for model fitting 

Kinetic scheme for rCYP3A4 inhibition by NV (20, 10, 5, 2.5, 1.25, 0.625, 0.313, 0 µM) 

in shown in figure 4.11 except the lipid partitioning component A: Experimental (points) 

and MIC-M model fitted (solid lines) PRA plots without the use of NV concentrations for 

model fitting. B: Experimental (points) and MIC-M model predicted (solid lines) PAR 

A B

C D

E
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concentration. C: Experimental (points) and MIC-M model fitted (solid lines) PRA plots 

with the use of NV concentrations for model fitting. D: Experimental (points) and MIC-

M model fitted (solid lines) inhibitor depletion plots. E: Plot of kobs versus [I] for the 

standard replot method with linear data points (n = 5 points). 

 

Figure 5.4. Kinetic schemes evaluated for VER dataset. 

For MA, four models were evaluated, MIC, MIC-M, MIC-EII and MIC-EII-M. None of 

the models converged when MA concentrations were used for model fitting. MIC-EII-M 

was found to be the best fit model when only 1-OH MDZ was used for model fitting 

(figure 5.5). KI and kinact obtained from the replot method were 4.34 ± 0.74 µM and 0.24 

± 0.01 min-1 respectively whereas using the numerical method the KI and kinact were 

estimated to be 6.49 ± 3.07 µM and 0.019 ± 0.008 min-1.  
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Figure 5.5. Model fits for VER dataset with and without use of inhibitor data for model 

fitting  

Kinetic scheme for rCYP3A4 inhibition by VER (40, 20, 10, 5, 2.5, 1.25, 0.625, 0 µM) in 

shown in figure 5.3 A: Experimental (points) and Seq-MIC-M model fitted (solid lines) 

PRA plots without the use of VER concentrations for model fitting. B: Experimental 

(points) and Seq-MIC-M model predicted (solid lines) VER concentrations. C: 

Experimental (points) and Seq-MIC-M model predicted (solid lines) NV concentrations. 

D: Experimental (points) and Seq-M-MIC-M model fitted (solid lines) PRA plots with 

the use of VER concentrations for model fitting. E: Experimental (points) and Seq-M-

MIC-M model fitted (solid lines) VER depletion plots. F: Experimental (points) and Seq-

M-MIC-M model predicted (solid lines) NV concentrations. G: Plot of kobs versus [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 µM) in 

shown in figure 4.11 A: Experimental (points) and MIC-EII-M model fitted (solid lines) 

PRA plots without the use of MA concentrations for model fitting. B: Experimental 

(points) and MIC-EII-M model predicted (solid lines) MA concentrations. C: Plot of kobs 

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 60 minutes incubation with 40µM. 

For DTZ, Seq-MIC-EMM-M and Seq-MIC-M were evaluated with and without the use 

of DTZ concentrations. None of the models converged. Hence KI and kinact could not be 

calculated using the numerical method. The KI and kinact estimated using replot method 

was 12.17 ± 3.08 µM and 0.34 ± 0.04 min-1 respectively.  

A B

C
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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 expression 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., 2000; Nakajima et al., 2002; Galetin et al., 2004; 

Proctor et al., 2004; Emoto et al., 2006; Stringer et al., 2009; Parkinson et al., 2010; 

Crewe et al., 2011). In the present study, it was observed that rCYPs had higher activity 

and were less stable than HLM. The average kcat (k3 in the models) from rCYP3A4 assays 

was found to be ~55 minutes-1 whereas it was ~ 32 minutes-1 from HLM (from chapter 4). 

Further, the non-specific loss in activity was higher in rCYPs than in HLM, represented 

by the rate constant k9 in kinetic schemes. The average k9 estimated from rCYPs and 

HLM was 0.014 (t1/2 = ~ 48 minutes) and 0.0053 min-1 (t1/2 = ~ 131 minutes) 

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 has been reported 

to be critical for CYP activity (Venkatakrishnan et al., 2000; Nakajima et al., 2002; 

Galetin et al., 2004). Unfortunately, this information was not characterized in-house.  

Further, it has been observed that kinetic parameters obtained from rCYPs tend to more 

potent. Similar to literature reports (Atkinson et al., 2005; Wang et al., 2005; Zhou and 

Zhou, 2009; Rock et al., 2014), the inactivation 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 IC50 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 end of 50 minute at 0.625 µM. 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 fitting 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 would improve the fitting and thereby result in better estimates for KI and 

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 1.7-fold 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 non-CYP2D6 pathways (Jornil et al., 2010).      

In chapter 4, it was found that MIC-EII-IL, MIC-EII-M-IL and MIC-EII-MM-IL models 

were the best fit models for NV. Since the AICc difference was not marked, the simplest 

model i.e. MIC-EII-IL was chosen as the best fit model. In this chapter, the NV dataset 



189 

 

was generated with rCYP3A4 and modeled either using only the 1-OH MDZ 

concentration or using both 1-OH MDZ and NV concentrations. It was found that two 

models, MIC-M and MIC-EII-M, were found to be the best fit models when only 1-OH 

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 

chapter 4. A significant inhibitor depletion was observed for NV (32% at 20µM and 70% 

at 5 µM) using rCYP3A4. Hence, a model not having an inhibitor depletion step (MIC-

EII) did not converge. Inhibitor depletion could result in concave upward curvature and 

asymmetric distribution (with respect to concentration) in the PRA plots. Further, double 

binding events lead to atypical kinetics (Korzekwa et al., 1998) resulting 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 EII complex. Hence incorporating 

either inhibitor depletion or double binding step to a TDI 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 NV). In cases 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 VER dataset 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 could be 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 in rCYPs 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 model 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 partitioning. 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. For DTZ, 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 parameters for allowing the model to converge, or weighting the data by 1/y2 

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. 



191 

 

In summary, it was found that data generated using HLM was reproducible with rCYPs 

with some changes observed in the kinetics. Further, 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 model fitting 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 inactivators 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 divided into two parts. Part I is a discussion on lipid partitioning and part II 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 decades (Zhang et al., 2012; Knights et al., 2016). 

Microsomes are endoplasmic reticulum fractions containing a high amount of 

phospholipids. Human liver microsome (HLM) and rat liver microsome (RLM) 

compositions are similar (Ward and Pollak, 1969; Waskell et al., 1982). HLM and RLM 

have a total of 1032 µg and 610 µg lipid per mg protein respectively (Cevc, 1993). 

Phospholipid is reported to be around 0.51 mg per mg protein in RLM (Ernster et al., 

1962). A high quantity of phospholipids in microsomes leads to nonspecific microsomal 

partitioning of drugs in membranes (Margolis and Obach, 2003; Nagar and Korzekwa, 

2012). 

Partitioning of drugs in membranes decreases the free drug concentration, which 

necessitates measurement of unbound fraction in microsomes (fumic). Parameters obtained 

from in vitro metabolism assays need to be corrected for binding/partitioning to obtain 
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unbound parameters (e.g. KI,u). There are several studies reported in the literature 

demonstrating the importance of correction of microsomal binding and its effect on 

predicted pharmacokinetic parameters (Obach, 1997; Obach, 1999; McLure et al., 2000; 

Kalvass et al., 2001; Austin et al., 2002; Margolis and Obach, 2003; Nagar and 

Korzekwa, 2012). Drugs can range from very highly partitioned compounds, e.g. 

itraconazole and amiodarone (Ishigam et al., 2001; Isoherranen et al., 2004; Galetin et al., 

2005) to minimally partitioned compounds, e.g. diclofenac and ibuprofen (Obach, 1999), 

depending on their physiochemical properties. Compounds with higher Log P tend to 

highly partition in microsomes (Nagar and Korzekwa, 2012). 

Cytochrome P450s (CYPs) are major drug metabolizing enzymes (Nebert and Russell, 

2002). Inhibition of CYPs can lead to significant drug-drug interactions (DDI). Time 

dependent inhibition (TDI) is an irreversible form of inhibition which can cause severe 

pharmacokinetic interactions and adverse reactions (Cohen et al., 1997; Mullins et al., 

1998; Galetin et al., 2006; Obach et al., 2006; Yeo et al., 2011) (Venkatakrishnan and 

Obach, 2007; Watanabe et al., 2007; Zhou et al., 2007). The most commonly used in 

vitro method is a standard two-step method to evaluate TDI as described in chapter 4. 

This assay can be performed with either dilution or non-dilution step (Grimm et al., 

2009). There has been considerable discussion in the literature regarding the advantages 

and disadvantages of using either dilution or nondilution methods (Parkinson et al., 2011; 

Nagar et al., 2014a). A prerequisite of the dilution method is the use of 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 estimation of KI. Although 
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the FDA, in its most recent DDI guidance, does not recommend using unbound KI for 

TDI mediate DDI predictions, DDI predictions should be performed using KI,u instead of 

K I. DDI predictions can be significantly different, especially for compounds that are 

highly partitioned (eg. Amiodarone KI = 7.9 µM versus KI,u = 3.16 nM (Rougee et al., 

2017)). 

Microsomal binding or partitioning can be modeled in two ways, static and dynamic. In 

the static approach, total KI can be multiplied by unbound fractions in microsome (fu,mic) 

to yield an unbound KI (K I,u). In the dynamic approach, microsomal binding can be 

corrected by adding a dynamic step (figure 6.1) to the scheme (similar to protein binding) 

where inactivator óIô forms a reversible complex with the lipid in the microsomes óLô 

forming IL. Free lipid concentration could be assumed to be constant (dL/dt = 0).   

 

Figure 6.1. Scheme showing inactivator binding to lipid 

I: Inactivator, L: Lipid, IL-Inactivator-lipid complex, kon: association rate constant, koff: 

dissociation rate constant. 

In the traditional two-step with dilution method of in vitro TDI evaluation, aliquots 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 degree of the inactivator 

partitioning. The higher the microsomal binding, the greater is the shift in equilibrium 

towards increasing free inactivator concentrations in the secondary incubations (figure 

koff

L kon
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L
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6.2). Simulations in a typical 2-step in-vitro TDI assay at one inactivator concentration 

(10µM) 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 equilibrium. On the other hand, panels B and C 

show the free inactivator concentration with dynamic lipid partitioning for fumic of 0.95 

and 0.01 respectively. It can be observed from panel B of figure 6.2 that minimal 

partitioning and negligible shift in equilibrium is observed for compounds with minimal 

partitioning (fumic 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 can also be observed that at time 0, the free inactivator 

concentration is 0.1 µM. Panel D of figure 6.2 shows the difference between the expected 

and actual fold dilution. For example, for an inactivator with a fumic of 0.2, the fold 

dilution will be only 5-fold when the expected fold dilution is 20-fold. This will increase 

the free inactivator concentration by 4-fold in the secondary incubation. For a potent 

inactivator like MBF, RTV and ITZ, an increase of 4-fold in inactivator concentration 

might violate the assumption of no inactivation in the secondary incubation. This can lead 

to errors in evaluation of TDI kinetics and estimation of TDI parameters (KI and kinact) 

and therefore errors in DDI prediction.  
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Figure 6.2. Modeling of shift in equilibrium 

For a simulated assay with 10µM inactivator concentration and 20-fold dilution at 10 

minutes. A: Lipid partitioning without IL. B: Lipid partitioning modeled dynamically 

with a fumic of 0.95. C: Lipid partitioning modeled dynamically with a fumic of 0.01. D: 

difference in expected and observed fold dilution at different fumic. 

CYPs have been known to exhibit atypical kinetics (Hutzler and Tracy, 2002; Yoon et al., 

2004; Atkins, 2005; Tracy, 2006). It has also been shown in previous studies how 

atypical kinetics influence TDI kinetics (Korzekwa et al., 2014; Nagar et al., 2014b; 

Barnaba et al., 2016; Yadav et al., 2018). Atypical kinetics (either time-dependent or 

concentration dependent or both) usually results in non-linear percent remaining activity 

(PRA) plots.  There are several methods reported for diagnosis of non Michaelis Menten 

(MM) kinetics or atypical kinetics (Eadie, 1942; Hofstee, 1952; Segel, 1979). These 

methods can be utilized for diagnosis of atypical kinetics in TDI for kobs vs [I] data. 

However, as shown earlier, replotting the data as kobs vs [I] involves assumptions which 
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might not hold true and atypical kinetics could be masked (Korzekwa et al., 2014; Nagar 

et al., 2014b). PRA plots generated from in-vitro TDI assays are more useful to diagnose 

deviations from MM kinetics than to obtain kinetic estimates. 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 events (Fisher et al., 

1970; Korzekwa et al., 1998), non-equilibrating enzyme populations (Pearson et al., 

2006; Davydov and Halpert, 2008), oligomerization of different CYPs (Denisov et al., 

2009; Davydov et al., 2013; Davydov et al., 2015) , saturable or nonsaturable inactivator 

depletion during preincubation (Yadav et al., 2018), extensive lipid partitioning, or due to 

a combination of these reasons.  

Arguably the equilibrium dialysis (ED) is a better method than other methods (eg. 

ultracentrifugation, ultrafiltration) for measurement of unbound fractions (Riccardi et al., 

2015; Di et al., 2017) especially for highly bound compounds. Recently, there was a new 

variation of ED ï a flux dialysis method was published for measuring unbound fractions 

for highly bound compounds (Kalvass et al., 2018). Although these methods (ED, flux 

dialysis) are experimentally preferred methods, variability is still a concern. In this 

chapter, we also hypothesize that fumic can be estimated from in-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 impact of lipid partitioning on interpretation and estimation of 

TDI kinetics, and 

3. To estimate fumic from in-vitro TDI datasets.  
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TDI simulations were performed to generate datasets for evaluation of impact of lipid 

partitioning, and experimental in-vitro TDI datasets generated in chapter 4 with 

itraconazole (ITZ) and paroxetine (PAR) were evaluated for lipid partitioning.  The 

experimental TDI datasets generated in chapter 4 were also used to estimate fumic and 

compared with the observed values. 

6.1.2. Materials and methods 

Dataset simulations 

To evaluate the difference in static vs. dynamic correction of partitioning, simulations 

were performed with four models - MM-IL (Michaelis Menten model with lipid 

partitioning), EII-IL (two binding site model with lipid partitioning), MIC-IL (Metabolite 

intermediate complex with lipid partitioning) and MIC-EII-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 different fumic values (0.01 to 0.9) with a 20-fold 

dilution. Unbound KI was calculated using the static approach as KI,u = fumic K I. In the 

dynamic approach, lipid partitioning was added to models as shown in figure 6.3. TDI 

simulations were conducted with two combinations of 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 with k1, k2, k3, k4 

and k5 as 270 ɛM minī1, 1350 minī1, 36 minī1, 270 ɛM minī1, 27 minī1 respectively. The 

other parameters were fixed as follows: k6 = 0.1 minī1 for MM-IL model (figure 6.3 A), 

k6 = 0.1 minī1, k7 = 270 ɛM minī1, k8 = 0.25 minī1 for EII-IL model (figure 6.3 B), k6 = 

0.3 minī1, k7 = 0.05 minī1, k8 = 0.02 minī1 for MIC-IL model (figure 6.3 C), k6 = 0.05 

minī1, k7 = 0.1 minī1, k8 = 0.05 minī1, k11 = 270 minī1, k12 = 0.3 minī1 for MIC-EII-IL 
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(figure 6.3 D). For the second combination, all model simulations were performed with 

k1, k2, k3, k4 and k5 as 270 ɛM minī1, 1350 minī1, 36 minī1, 270 ɛM minī1, 1000 minī1 

respectively. The other parameters were fixed as follows: k6 = 0.3 minī1 for MM-IL 

model (figure 6.3 A), k6 = 0.21 minī1, k7 = 1500 ɛM minī1, k8 = 0.2 minī1 for EII-IL 

model (figure 6.3 B), k6 = 0.3 minī1, k7 = 0.05 minī1, k8 = 0.02 minī1 for MIC-IL model 

(figure 6.3 C), k6 = 0.3 minī1, k7 = 0.05 minī1, k8 = 0.02 minī1, k11 = 1500 ɛM minī1, k12 

= 0.3 minī1 for MIC-EII-IL (figure 6.3 D). Lipid partitioning was modeled dynamically 

as an unsaturable process with a kon of 2000 ɛM minī1 and koff was fixed using equation 

6.1. 

Ὧ ȟ  

ȟ
 Equation 6.1 

Models with static (without IL component) and dynamic lipid partitioning (with IL 

component) were fit to the respective datasets and the estimated TDI parameters (KIu and 

kinact) were compared. 

Table 6.1. Initial values of parameters used for simulations 

Models  MM -IL  EII -IL  MIC -IL  MIC -EII -IL  

Combination 1 K I,u = 0.1 

kinact = 0.1 

K I,u1 = 0.1 

K I,u2 = 1.0 

kinact = 0.14 

K I,u = 0.1 

kinact = 0.16 

K I,u1 = 0.1 

K I,u2 = 1.0 

kinact = 0.032 

Combination 2 K I,u = 3.7 

kinact = 0.21 

K I,u1 = 3.703 

K I,u2 = 5.56 

kinact = 0.204 

K I,u = 3.704 

kinact = 0.016 

K I,u1 = 3.704 

K I,u2 = 1.0 

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: EII-IL model. C: MIC-IL model. D: MIC-EII-IL model. 

To evaluate impact of lipid partitioning on interpretation and estimation of TDI kinetics, 

four models were evaluated, MM-IL, MM (Michaelis Menten model without lipid 

partitioning), EII (two binding site model), EII-IL (figure 6.4).  Ordinary differential 

equations were constructed for all the models.   

TDI simulations were performed with the two models (MM-IL and EII-IL) with 20-fold 

dilution at four different fumic 0.02, 0.1, 0.5 and 0.9. Datasets were generated with log 

normal distributed 5% error. Fifty datasets were generated with both the MM-IL and EII-

IL models. TDI simulations were performed for MM-IL with a KI,u of 0.1 µM (k4 = 270 

ɛM minī1 and k5 = 27 minī1), and kinact of 0.1 minī1. TDI simulations for two-binding site 

model, EII-IL were performed with k4 = 270 ɛM min
ī1, k5 = 27 minī1, k6 = 0.02 minī1, k7 

= 270 ɛM minī1 and k8 = 0.25 ɛM min
ī1 essentially with a K I,u1 of 0.1 µM, KI,u2 of 1 µM, 
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kinact of 0.14 minī1. k1 = 270 ɛM min
ī1, k2 = 1350 minī1and k3 = 36 minī1 were same for 

both the single and double binding model. 

 

Figure 6.4. Enzyme kinetic models used for simulating virtual TDI datasets with 5% 

error. A: EII-IL model. B: EII model. C: MM-IL model. D: MM model. 

The initial inactivator concentrations used were between 0 and 10 µM (with a 2-fold 

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 µM respectively. All the four models were individually fit to each dataset generated 

from EII-IL and MM-IL model at different fumic. While fitting incorrect models, initial 

estimates were varied to allow the model to converge to an incorrect model. For example, 

while fitting EII model to MM-IL dataset initial estimates for k5 and k7 were varied.  
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To evaluate if in-vitro TDI datasets could be used for estimation of fumic, datasets were 

generated with MM, EII, MM-IL and EII-IL models. Of these model four models, MM 

and EII model did not have lipid partitioning component (i.e. fumic =1) whereas MM-IL 

and EII-IL models have high lipid partitioning (fumic = 0.02). These models represented 

two extreme cases, high lipid partitioning and no lipid partitioning. TDI simulations were 

performed to generate 100 virtual TDI datasets with all four models (MM, EII, MM-IL 

and EII-IL). 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 simulated from MM and EII models. For datasets generated from 

MM-IL and EII-IL with fumic of 0.02, only models having lipid partitioning (MM-IL and 

EII-IL) were fit. While fitting lipid partitioning models (MM-IL and EII-IL) to either 

datasets, koff was parametrized to estimate fumic. AICc values were used for comparison of 

different models (Akaike, 1974).  

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 Mathematica 11.1.1.0 (Wolfram Research, 

Champagne, IL). The NonlinearModelFit function was used to fit the model to the data 

with PrecisionGoal = 12, finite difference derivatives with an order of 3, and 1/Y 

weighting.  
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Data analysis 

The datasets and the data generated from model fitting (probe substrate metabolite 

concentrations, parameter estimates, parameter errors, and Akaike information criterion 

values) were stored for each run. Average values of parameters and parameter errors were 

calculated and reported. Unbound KI (K I,u) was obtained directly from the models 

incorporating dynamic lipid partitioning as k5/k4  for the first binding site and k7/k4  for 

the second binding site (using rapid equilibrium assumption). For static models, unbound 

K I (K I,u) was obtained by multiplying the total KI with fumic.  

The resultant kinact for double binding models was calculated by using the net rate 

constant concept (Cleland, 1975). The equation used for calculating net kinact for two 

binding site models in figures 6.3 B, 6.4 A and 6.4 B was 

Ë
        

   equation 6.2 

Where k4ô is given by Ë  

  
 

The equation used for calculating net kinact for two binding site model in figure 6.3 D was 

Ë
         

 
 

  equation 6.3 

Where k10ô is given by Ë  

  
 , k6ô is given by Ë  

  
, k12ô is given by Ë

 

  
 

The inactivation efficiency for two binding models was calculated by using the KIu for 

the first binding event and the resultant kinact.  



204 

 

Experimental data 

The datasets generated for different inactivators in chapter 4 were also analyzed with and 

without lipid partitioning to provide experimental 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 between the two methods of accounting for lipid partitioning.  These observed 

differences in parameter estimated were data independent. For the MM-IL dataset 

generated with combination 1, there was a 1.1-fold difference in kinact/K Iu with the two 

methods of lipid partitioning 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 binding models with the two methods. A higher fold difference was found 

between the two methods for MIC-EII-IL datasets. For combination 1, the maximum fold 

difference was 3.3-fold at fumic of 0.1 whereas for combination 2, the maximum fold 

difference was 3.3-fold at fumic of 0.01. Irrespective of the model and fumic value, dynamic 

lipid partitioning models always were better compared to static models in terms of 

estimating the correct kinact/ KI,u (figure 6.5 and figure 6.6). 
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Figure 6.5. Comparison of the static and dynamic lipid partitioning with four different 

models using combination 1 

A: MM -IL model, B:  EII-IL model, C: MIC-IL model, D: MIC-EII-IL model. Blue line: 

Blue, orange and grey lines represent simulated, dynamic estimated from model fitting 

and static estimation of kinact/K Iu 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:  EII-IL model, C: MIC-IL model, D: MIC-EII-IL model. Blue line: 

Blue, orange and grey lines represent simulated, dynamic estimated from model fitting 

and static estimation of kinact/K Iu at different fumic respectively. 
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Table 6.2. Comparison of estimates of KI,u and kinact by static and dynamic methods 

For DTZ, model 1: Seq-MIC-M-I1L-I2L, model 2: Seq-MIC-EI1I1- I1L-I2L. For VER, 

model 1: Seq-MIC-M-EI2I2-I1L-I2L, model 2: Seq-MIC- EI1I1-EI2I2-M- I1L-I2L. *Double 

binding models. KIu1 used for calculation of inactivation efficiency. 

fumic Compound Static (KI x fumic) Dynamic K I,u Fold 

difference  

k inact/ 

K I,u 

fold 

K I,u 

(µM)  

k inact 

(min-1) 

K I,u k inact (min-

1) 

0.85 DTZ*  

(model 1) 

25.35 ± 

8.65 

0.01 ± 

0.0004 

19.05 

± 4.58 

0.01 ± 

0.001 

0.75 1.31 

0.85 DTZ*  

(model 2) 

4.74 ± 

1.50 

0.01 ± 

0.0004 

7.75 ± 

3.02 

0.01 ± 

0.001 

1.64 0.61 

0.73 TAO* 0.56 ± 

0.20 

0.01 ± 

0.002 

0.76 ± 

0.26 

0.01 ± 

0.003 

1.36 0.86 

0.71 NV*  7.40 ± 

1.95 

0.01 ± 

0.003 

10.13 

± 2.55 

0.011 ± 

0.003 

1.37 0.80 

0.56 ERY 5.84 ± 

0.76 

0.004 ± 

0.003 

5.64 ± 

0.45 

0.004 ± 

0.003 

0.96 0.96 

0.55 MA 0.64 ± 

0.11 

0.01 ± 

0.0004 

0.62 ± 

0.04 

0.01 ± 

0.001 

0.97 1.01 

0.51 NDE 1.30 ± 

0.39 

0.01 ± 

0.005 

1.50 ± 

0.25 

0.004 ± 

0.005 

1.15 0.58 

0.32 VER* 

(model 1) 

3.72 ± 

0.76 

0.01 ± 

0.003 

3.80 ± 

0.51 

0.011 ± 

0.003 

1.02 1.15 
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Table 6.2. continued 

0.32 VER* 

(model 2) 

1.92 ± 

0.77 

0.01 ± 

0.003 

5.33 ± 

2.13 

0.01 ± 

0.003 

2.78 0.41 

0.24 PAR 1.11 ± 

0.21 

0.01 ± 

0.002 

0.62 ± 

0.09 

0.005 ± 

0.001 

0.56 1.50 

0.009 ITZ*  0.0007 ± 

0.0001 

0.005 ± 

0.003 

0.022 

± 0.01 

0.004 ± 

0.004 

31.62 0.027 

Table 6.3. Results for model fitting to MM-IL datasets with 5% error 

All four models were fit to the all the datasets with different fumic. * K Iu was calculated as 

K I x fumic 

Simulated 

with 

Parameters MM -IL  MM*  EII*  EII -IL  

MM-IL 

fumic = 0.02 

K I,u = 0.1 

kinact = 0.1 

K Iu 0.1 ± 0.01 0.13 ± 0.01 

K I,u1= 0.01 ± 0.001 

K I,u2= 0.11 ± 0.02 

K I,u1= 0.08 ± 

0.01 

K I,u2= 8.66 ± 

7.97 

kinact 0.1 ± 0.01 0.12 ± 0.01 0.023 ± 0.0036 0.12 ± 0.08 

kinact/ KI,u 1.00 0.94 

kinact/K I,u1 = 3.47 

kinact/K I,u2 = 0.21 

kinact/K I,u1 = 1.54 

kinact/K I,u2 = 0.01 

% 

convergence 

100 100 100 4 
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Table 6.3. continued 

 

Average 

AICc 

-526 -496 -523 -516 

Average r2 0.998 0.997 0.998 0.998 

MM-IL 

fumic = 0.1 

K I,u = 0.1 

kinact = 0.1 

K I,u 0.1 ± 0.01 0.14 ± 0.01 

K I,u1= 0.02 ± 0.002 

K I,u2= 0.13 ± 0.02 

K I,u1= 0.1 ± 0.01 

K I,u2= 7.92 ± 

5.35 

kinact 0.1 ± 0.003 0.12 ± 0.01 0.063 ± 0.007 0.11 ± 0.01 

kinact/ KI,u 1.00 0.86 

kinact/K I,u1 = 3.47 

kinact/K I,u2 = 0.47 

kinact/K I,u1 = 1.13 

kinact/K I,u2 = 0.01 

% 

convergence 

100 100 100 58 

Average 

AICc 

-579 -499 -575 -578 

Average r2 0.998 0.993 0.998 0.998 

MM-IL 

fumic = 0.5 

K I,u = 0.1 

kinact = 0.1 

K Iu 0.1 ± 0.005 0.1 ± 0.01 

K I,u1= 0.08 ± 0.01 

K I,u2= 0.55 ± 0.15 

K I,u1= 0.1 ± 0.01 

K I,u2= 13.66 ± 

6.68 

kinact 0.1 ± 0.002 

0.10 ± 

0.002 

0.12 ± 0.01 0.11 ± 0.004 

kinact/K Iu 1.00 1.06 

kinact/K I,u1 = 1.57 

kinact/K I,u2 = 0.22 

kinact/K I,u1 = 1.1 

kinact/K I,u2 = 0.01 
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Table 6.3. continued 

 

% 

convergence 

100 100 56 96 

Average 

AICc 

-636 -579 -631 -632 

Average r2 0.998 0.995 0.998 0.998 

MM-IL 

fumic = 0.9 

K I,u = 0.1 

kinact = 0.1 

K Iu 0.1 ± 0.01 0.1 ± 0.01 

K I,u1= 0.1 ± 0.01 

K I,u2= 43.51 ± 

21.92 

K I,u1= 0.1 ± 

0.003 

K I,u2= 18.59 ± 

1.48 

kinact 0.1 ± 0.001 

0.10 ± 

0.001 

0.11 ± 0.002 0.10 ± 0.002 

kinact/K Iu 1.01 1.05 

kinact/K I,u1 = 1.07 

kinact/K I,u2 = 0.002 

kinact/K I,u1 = 1.08 

kinact/K I,u2 = 0.01 

% 

convergence 

100 100 36 100 

Average 

AICc 

-647 -645 -640 -639 

Average r2 0.998 0.998 0.998 0.998 

 

MM-IL datasets were generated with 5% error at four different fumic as 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 different fumic. At fumic of 0.02, 
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MM-IL and EII models were indistinguishable. But the estimates of kinact and KI,u were 

different for both the models. The inactivation efficiency (kinact/K I,u) was 3.47 for EII 

model whereas it was 1.00 for the MM-IL model. It was observed that as the fumic 

increases, MM-IL and EII become distinguishable. At fumic of 0.9, model fitting leads to 

the correct model (MM-IL has the lowest AICc = -647.18). Although at intermediate fumic 

(0.1 and 0.5) MM-IL and EII-IL models are indistinguishable, the inactivation efficiency 

is very similar, 1.0 vs 1.13 at fumic of 0.1 and 1.0 vs 1.1 at fumic of 0.5. However, it should 

be noted that percentage convergence is less than 100% for EII-IL model at both fumic 

values.  

Like MM-IL datasets, EII-IL datasets were also generated with 5% error at four different 

fumic (0.02, 0.1, 0.5 and 0.9). The results for model fitting to EII-IL datasets are shown in 

table 6.4. Surprisingly it was observed that percent convergence for EII-IL model was 

low, only 26% at fumic of 0.02. Whereas the convergence was 100% for all other fumic 

values. Also, at fumic of 0.02 EII gave a better model fit (AICc for EII was -503.56 as 

opposed to -497.39 for EII-IL). However, the percent convergence was only 6% for EII. 

At all other fumic values, EII-IL was the better model. It was also observed that as the fumic 

increases both EII and EII-IL model gave similar fits and became indistinguishable. At 

the lowest fumic (0.02), MM and MM-IL models did not converge. The percent converge 

of MM and MM-IL increase to 100 % at higher fumic but EII-IL was still the best model. 

Although the model fits for EII and EII-IL for EII-IL datasets were similar, the estimate 

of kinact/KIu1 was different at fumic of 0.02. As the fumic increased the estimate of kinact/KIu1 

also became similar. The estimates of kinact/KIu1 at fumic of 0.02 for EII and EII-IL model 

were 1.15 and 0.73 respectively whereas at fumic of 0.9 the estimates were 1.51 and 1.40 
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for EII and EII-IL model respectively. EII-IL datasets at fumic of 0.02 were also 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 

EII-IL model increased to 100% for fumic of 0.02. Moreover, EII-IL model was also 

clearly distinguishable from EII model at lower percentage error. AICc for EII-IL model 

was -1116.57 whereas AICc for EII model was -967.14 (table 6.5). 

Table 6.4. Results for model fitting to EII-IL datasets with 5% error 

All four models were fit to the all the datasets with different fumic. * K I,u was calculated as 

K I x fumic. DNC: did not converge. 

Simulated 

with 

Parameters MM -IL  MM*  EII*  EII -IL  

EII-IL  

fumic = 

0.02 

K I,u1 = 0.1 

K I,u2 = 1 

kinact = 

0.14 

K I,u DNC DNC 

K I,u1= 0.005 ± 

0.001 

K I,u2= 1.14 ± 0.78 

K I,u1= 0.14 ± 

0.05 

K I,u2= 0.73 ± 

0.69 

kinact DNC DNC 0.01 ± 0.01 0.1 ± 0.04 

kinact/K I,u 

DNC DNC kinact/K I,u1 = 1.15 

kinact/K I,u2 = 0.005 

kinact/K I,u1 = 0.73 

kinact/K I,u2 = 0.14 

% 

convergence 

0 0 6 26 

Average AICc DNC DNC -504 -497 

Average r2 DNC DNC 0.998 0.998 
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Table 6.4. continued 

EII-IL  

fumic = 0.1 

K I,u1 = 0.1 

K I,u2 = 1 

kinact = 

0.14 

K I,u 4.67 ± 2.32 6.58 ± 4.41 

K I,u1= 0.01 ± 

0.001 

K I,u2= 1.26 ± 0.2 

K I,u1= 0.1 ± 

0.001 

K I,u2= 1 ± 0.21 

kinact 1 ± 0.45 1.37 ± 0.86 0.02 ± 0.01 0.14 ± 0.04 

kinact/K I,u 0.21 ± 0.14 0.21 ± 0.18 

kinact/K I,u1 = 2.19 

kinact/K I,u2 = 0.02 

kinact/K I,u1 = 1.39 

kinact/K I,u2 = 0.14 

% 

convergence 

100 88 100 100 

Average AICc -464 -461 -559 -560 

Average r2 0.992 0.992 0.998 0.998 

EII-IL  

fumic = 0.5 

K I,u1 = 0.1 

K I,u2 = 1 

kinact = 

0.14 

K I,u 2.14 ± 0.25 2.24 ± 0.27 

K I,u1= 0.04 ± 

0.003 

K I,u2= 1.04 ± 0.08 

K I,u1= 0.1 ± 0.01 

K I,u2= 1 ± 0.07 

kinact 0.43 ± 0.04 0.44 ± 0.04 0.09 ± 0.01 0.14 ± 0.01 

kinact/K I,u 0.2 ± 0.03 0.2 ± 0.03 

kinact/K I,u1 = 2.08 

kinact/K I,u2 = 0.09 

kinact/K I,u1 = 1.40 

kinact/K I,u2 = 0.14 

% 

convergence 

100 100 100 100 

Average AICc -530 -527 -666 -667 

Average r2 0.987 0.986 0.998 0.998 
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Table 6.4. continued 

EII-IL  

fumic = 0.9 

K I,u1 = 0.1 

K I,u2 = 1 

kinact = 

0.14 

K I,u 1.98 ± 0.18 2.0 ± 0.20 

K I,u1= 0.09 ± 0.01 

K I,u2= 1.0 ± 0.08 

K I,u1= 0.1 ± 0.01 

K I,u2= 1 ± 0.04 

kinact 0.38 ± 0.02 0.38 ± 0.02 0.13 ± 0.01 0.14 ± 0.01 

kinact/K I,u 0.2 ± 0.02 0.2 ± 0.02 

kinact/K I,u1 = 1.51 

kinact/K I,u2 = 0.13 

kinact/K I,u1 = 1.40 

kinact/K I,u2 = 0.14 

% 

convergence 

100 100 100 100 

Average AICc -558 -557 -709 -709 

Average r2 0.985 0.984 0.998 0.998 

 

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-IL-M and MIC-EII-M) 

were indistinguishable (table 6.6). Similarly, for ITZ, the two models (MIC-IL-M 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 similar 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 EII-IL datasets with 5% and 0.01% error  

* K I,u was calculated as KI x fumic. DNC: did not converge. 

Simulated 

with 

Parameters 

MM -

IL  

MM*  EII*  EII -IL  

EII-IL  

fumic = 0.02 

K I,u1 = 0.1, 

K I,u2 = 1 

kinact = 0.14 

Error = 5% 

K I,u DNC DNC 

K I,u1= 0.01 ± 0.001, 

K I,u2= 1.13 ± 0.78 

K I,u1= 0.14 ± 0.05 

K I,u2= 0.73 ± 0.69 

kinact DNC DNC 0.01 ± 0.01 0.1 ± 0.04 

kinact/K I,u DNC DNC 

kinact/K I,u1 = 1.15 

kinact/K I,u2 = 0.01 

kinact/K I,u1 = 0.73 

kinact/K I,u2 = 0.14 

convergence 0 0 6 26 

Average 

AICc 

DNC DNC -504 -497 

Average r2 DNC DNC 0.998 0.998 

EII-IL  

fumic = 0.02 

K I,u1 = 0.1, 

K I,u2 = 1 

kinact = 0.14 

Error = 

0.01% 

K I,u DNC DNC 

K I,u1= 0.006 ± 0.001 

K I,u2= 3.27 ± 0.29 

K I,u1= 0.1 ± 0.001 

K I,u2= 1 ± 0.04 

kinact DNC DNC 0.01 ± 0.001 0.14 ± 0.01 

kinact/K I,u DNC DNC 

kinact/K I,u1 = 1 

kinact/K I,u2 = 0.002 

kinact/K I,u1 = 1.4 

kinact/K I,u2 = 0.14 

convergence 0 0 100 100 

Average 

AICc 

DNC DNC -967 -1116 

Average r2 DNC DNC 0.999 0.999 

 



216 

 

Table 6.6. Models evaluated for different inactivators with and without dynamic lipid 

partitioning 

Compound Models AICc  R2 

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 0.999 

MIC-EII-M -883 0.999 

VER Seq-MIC-M-EI2I2-I1L-I2L -753 0.999 

Seq-MIC- EI1I1-M-EI2I2 -764 0.999 

DTZ Seq-MIC-M-I1L-I2L -950 0.999 

Seq-MIC- EI1I1-M -956 0.999 

 

Further, to determine if fumic can be predicted from the in-vitro TDI datasets, 100 virtual 

datasets were generated with 5% error with MM and EII models (no lipid partitioning, 

fumic = 1) and with MM-IL and EII-IL (with high lipid partitioning, fumic = 0.02). It was 

observed that for MM dataset, MM-IL model estimated a fumic of 0.94 ± 0.40 (table 6.7). 

There was 100 % convergence observed with all models except EII. The fumic was 

estimated to be 0.92 ± 0.31 with EII-IL model for MM dataset. Further with EII datasets, 

MM-IL model estimated a fumic of 0.03 ± 0.00 whereas EII-IL model estimated a fumic of 

0.55 ± 0.06. The convergence of MM-IL model was very low at 6%. Both EII and EII-IL 
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were better models than MM-IL or MM for EII datasets. For the dataset simulated with 

EII-IL model with fumic of 0.02, model convergence was 0 % for both MM-IL and EII-IL 

model. For the dataset simulated with MM-IL model with fumic of 0.02, the percentage 

convergence for MM-IL model was 100% with the estimate of fumic of 0.02 ± 0.009 

whereas the percentage convergence was 0% for EII-IL model.  

Experimental in-vitro TDI datasets were also used to estimate fumic (table 6.8). It was 

found that models used for estimation of TDI parameters were also able to estimate fumic 

along with TDI parameters. There was minimal change in the estimate of TDI parameters 

when fumic was parameterized simultaneously with TDI parameters. However, it was not 

possible to estimate fumic for all the inactivators.  For TAO, MA, DTZ, VER and ITZ 

models did not converge when koff was open for parameterization. For PAR, ERY, NDE 

and NV, models did converge and the estimated fumic was within 1.5-fold of the measured 

fumic. 
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Table 6.7. Results for model fitting of MM and EII datasets with 5% error 

All four models were fit to the both the datasets. § koff was parameterized and fumic 

determined. DNC: did not converge. DNC: did not converge 

Simulated with Parameters MM -IL § EII -IL § 

MM 

K I,u = 0.1 

kinact = 0.1 

K I,u 0.1 ± 0.005 K I,u1= 0.1 ± 0.01 , KI,u2= 12.12 ± 4.05 

kinact 0.1 ± 0.002 0.11 ± 0.003 

kinact/K I,u 1.04 ± 0.06 kinact/K I,u1 = 1.1, kinact/KI,u2 = 0.01 

% convergence 100 100 

Average AICc -636 -632 

Average r2 0.997 0.997 

fumic 0.94 ± 0.40 0.92 ± 0.31 

EII 

K I,u1 = 0.1 

K I,u2 = 1 

kinact = 0.14 

K I,u 0.03 ± 0.002 K I,u1= 0.12 ± 0.01, K I,u2= 0.54 ± 0.04 

kinact 0.26 ± 0.01 0.19 ± 0.02 

kinact/K I,u 8.75 ± 0.61 kinact/K I,u1 = 1.53. kinact/KI,u2 = 0.34 

% convergence 6 100 

Average AICc -694 -710 

Average r2 0.997 0.998 

fumic 0.03 ± 0.00 0.55 ± 0.06 

MM-IL 

K I,u = 0.1 

kinact = 0.1 

fumic = 0.02 

K I,u 0.1 ± 0.04 DNC 

kinact 0.1 ± 0.01 DNC 

kinact/K I,u 1.2 ± 0.52 DNC 

% convergence 100 0 
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Table 6.7 continued 

 

Average AICc -526 DNC 

Average r2 0.998 DNC 

fumic 0.02 ± 0.01 DNC 

EII-IL  

K I,u1 = 0.1 

K I,u2 = 1 

kinact = 0.14 

fumic = 0.02 

K I,u DNC DNC 

kinact DNC DNC 

kinact/K I,u DNC DNC 

% convergence 0 0 

Average AICc DNC DNC 

Average r2 DNC DNC 

Table 6.8. Predicted fumic from the in-vitro TDI datasets compared with measured fumic 

DNC: did not converge, NA: 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 total KI by 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 equilibrium is captured, as evident from 

figure 6.2. Modeling lipid partitioning dynamically captures the free inactivator 

concentration whereas the static way does not. This will lead to over prediction of 

inactivation efficiency. The overprediction of inactivation efficiency will be more 

pronounced for highly partitioned inactivators (example ITZ in table 6.2).  Further, it is 

evident from both simulated (figure 6.5 and 6.6) and experimental data (table 6.2) and 

that the difference in estimation of kinact/KI,u is more with double binding models than 

the single binding model. In the case of VER, two models, Seq-MIC-M-EI2I2-I1L-I2L 

(single binding model) and Seq-MIC-EI1I1-EI2I2-M-I1L-I2L (double binding model) gave 

similar fits to the data (chapter 4). These two models 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 (1.15-fold) with and without lipid partitioning. 

Similarly, for DTZ the fold difference was 0.61 and 1.31 with the double and single 

binding model respectively. Although the fold difference in kinact/KI,u is not very big 

(figure 6.5 and 6.6), it will depend on the quality of data. In general, the dynamic method 

of lipid partitioning accurately estimates the kinact/K Iu (figure 6.5 and 6.6) irrespective of 

the fumic 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 impression of 

double binding kinetics, as evident from table 6.3. AICc for MM-IL and EII model fits to 
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MM-IL (f umic 0.02) datasets were -526.01 and -523.005 respectively, showing that the 

models were indistinguishable. This could result in incorrect model fitting and errors in 

parameter estimation. The kinact/KI,u1 ratios for EII model and MM-IL model were 3.47 

and 1.003 respectively (3-fold difference). This can further lead to overprediction of TDI 

mediated DDI. Asymmetric appearance of the PRA plots will not be observed for less 

partitioned inactivators if the inactivator inherently does not have multiple binding 

kinetics. The AICc for MM-IL and EII model fits were -647.2 and -639.6 for MM-IL 

dataset with fumic of 0.9. Moreover, the percent convergence of EII model is only 36%.  In 

other words, lipid binding appears as a second binding event. This is also evident from 

experimental in-vitro TDI data. In the case of PAR, both MIC-M-IL and MIC-EII-M 

models gave similar fits (AICc for MIC-M-IL and MIC-EII-M model were -762.3 and -

757.8 respectively). However, the AICc difference between the two models was more 

than 4 suggesting MIC-M-IL model as the better model. Moreover, CYP2D6 is not 

known to show double binding kinetics (McMasters et al., 2007). In principle, both the 

double binding model and the lipid partitioning model are decreasing the free inhibitor 

concentrations, resulting in similar fits. The distinguishability between 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 inactivator between lipid and 

CYP3A4.  For example, in the case of NV, AICc for the model fit for MIC-M-IL was -

810.6 whereas for MIC-EII-M was -882.49, clearly suggesting double binding model as 

the better model. NV is known to exhibit atypical kinetics (Shen et al., 2004).  
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Both kinetic phenomena (double 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 to high covariance. It can be seen from table 6.4 that the 

percentage convergence of EII-IL model was only 26% for EII-IL dataset of fumic of 0.02. 

The percentage convergence increases to 100% for EII-IL model for the EII-IL with fumic 

of 0.1 dataset. Further, EII-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 ITZ) 

parameterization might be difficult to model. The reason for the low convergence of the 

correct model at fumic of 0.02 is because k7 and k8 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 presence of high 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 are highly 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 MIC-EII-M-IL model. In general, it can be 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 explicitly. 
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Determination of fumic was performed with virtual and experimental in-vitro TDI datasets. 

Models representing two extreme cases were chosen to simulate datasets, one with high 

partitioning (MM-IL and EII-IL each with fumic of 0.02), and the second model without 

lipid partitioning (MM or EII). MM-IL and EII-IL models were fit to each of the datasets 

(table 6.7). For the MM dataset, fumic was determined to be 0.94 ± 0.4 and 0.92 ± 0.31 

with MM-IL and EII-IL models respectively. The estimated fumic values of 0.94 ± 0.4 and 

0.92 ± 0.31 is close to the fumic of 1 which was used for generating datasets. The average 

estimated fumic would never result in fumic of 1. The reason for this is that the virtual 

datasets generated will always have skewed distribution of fumic which will result in a 

skewed mean of 0.94 or 0.92 instead of 1. For the EII dataset, the fumic estimated with the 

MM-IL model was 0.03 ± 0.000001. This case is similar to the fitting of EII model to 

MM-IL dataset with a true fumic of 0.02, and corroborates the earlier discussion that high 

lipid partitioning could be mistaken as double binding. Surprisingly, the estimate of fumic 

with the EII-IL model for EII dataset was 0.55 ± 0.06 instead of close to 1. The EII 

dataset used for generating datasets had a fumic = 1. This estimated fumic was 1.8-fold less 

than the actual fumic of 1. The fumic estimation for high lipid partitioning datasets (MM-IL 

and EII-IL with fumic = 0.02) was 0.02 with the MM-IL model for the MM-IL dataset. 

EII-IL model did not converge for EII-IL and MM-IL dataset. Similarly, models MM-IL 

and EII-IL for EII-IL datasets did not converge. Lack of convergence of EII-IL to the EII-

IL dataset with fumic 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, fumic estimation using the in-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 estimate fumic 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 main families: the ATP binding 

cassette (ABC) family and the solute carrier protein (SLC) family (Giacomini et al., 

2010). The role of transporters in drug ADME is appreciated in preclinical species and 

also in humans (Szakács et al., 2008; Shugarts and Benet, 2009). These transporters can 

either be uptake transporters that transfer the drug molecule into 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. Therefore, the interplay 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, DTZ and VER both are substrates for both 

CYP3A4 and P-glycoprotein (P-gp) (Yusa and Tsuruo, 1989). Similarly, ERY is known 

to be a substrate for organic anion transporter protein (OATP) and Pgp (Kurnik et al., 

2006). Hence, interpretation of in-vitro data from hepatocytes while excluding the 

presence of transporters 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 represent the in vivo situation. Hepatocytes have the 

advantage of having all the metabolic machinery including phase II metabolic enzymes 

and 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 better (Mao et al., 2011; Mao et al., 2016). It is 

observed that the KI and kinact parameters which are obtained from microsomes are 

different than those from hepatocytes (McGinnity et al., 2006; P Li and Doshi, 2011). 

The inactivation efficiency (kinact/KI,u) estimated from hepatocytes is 2 to 10-fold lower 

than that obtained from microsomes (table 6.9). 

There could be many possible reasons for the discrepancy in estimation of inactivation 

efficiency between microsomes 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, media inhibitor concentrations are used for calculating KI and kinact. 

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 Km 

for ERY in rat hepatocytes was reported to be ~ 30 to 40 µM (Lam et al., 2006; Yabe et 

al., 2011). The range of ERY concentrations used for estimating TDI potency of ERY in 

human hepatocytes is 0 to 300 µM (Chen et al., 2011b). To our knowledge, Km for ERY 

is not reported for any uptake transporter in human hepatocytes. In the absence of 

reported Km value for ERY in human hepatocytes, assuming similar Km from 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 kinact/KI from HLM and hepatocytes. Data from (Chen et al., 

2011b) 

Compound 

k inact/K I 

Fold difference 

HLM  Hepatocytes 

DTZ 0.016 ± 0.001 0.0031 5.16 

VER 0.024 ± 0.003 0.0116 1.5 

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 project was to 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, ERY (Kirn et al., 1999; Frassetto et al., 2007; Huppertz et al., 2011; 

Lancaster et al., 2012) and ritonavir (RTV) (Lee et al., 1998; Parker and Houston, 2008). 

Both ERY and RTV are substrates for OATP and P-gp. Hence 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 sandwich cultured 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 model (eg. figure 6.7) using the uptake and efflux 

parameters determined in (a) and (b) for prediction of intracellular concentrations 

of the inactivator. This intracellular concentration then could be used to predict KI 

and kinact using data from experiment c) 

e) In-vitro TDI assays with recombinant CYPs 

f) In-vitro TDI assays in sandwich culture 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 predict KI and kinact. The mechanistic model 

could then be combined with compartmental model for prediction of the in-vivo 

concentration-time profile.  

 

Figure 6.7. Mechanistic model used for prediction of KI and kinact in 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 concentrations 

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 parameters obtained 

from in-vitro assays will be able to explain if presence of transporters influences the 

kinetics of inactivation. If transporters are the reason for discrepancy between microsome 

and hepatocyte predicted TDI parameters, then model predicted K I and kinact values 

should match the KI and kinact from 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 non-specific binding, metabolite-based inactivation.   

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 drug (inactivator 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. 

Atorvastatin-itraconazole DDI). Similarly, metabolism limited drug will not be 

significantly influenced by inhibition of uptake (MDZ-rifampicin DDI). These two 

examples represent limiting cases. However, for drugs which cannot be classified as 

uptake limited or metabolism limited, the effect of simultaneous inhibition 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 could be used to evaluate complex 

DDIs involving both transporters and enzymes. A relatively simpler model extended net 

effect model (Varma et al., 2014) could 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 the in-vivo situation and would not predict DDI accurately.  

In summary, TDI kinetics could be influenced by various factors including partitioning 

and transporters. These factors if not accounted could lead to errors in estimation of KI 

and kinact. In this chapter simulation studies were performed as a proof of concept along 

with experimental studies 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 of K I and kinact. 
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CHAPTER 7- DRUG-DRUG INTERACTION PREDICTIONS  

7.1.  Introduction  

DDI predictions are performed by predicting in-vivo AUC ratio of the victim drug in the 

presence and absence of the inactivator based on in-vitro data. Predictions of TDI 

mediated DDI often result in overprediction (Ito et al., 2004; Venkatakrishnan and 

Obach, 2005; Galetin et al., 2006). The [I]/Ki approach has been successfully used for 

DDI predictions due to reversible inhibition (Ito et al., 2004; Rostami-Hodjegan and 

Tucker, 2004). However, this approach is only applicable 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 DDI (Kanamitsu et al., 2000b; Blanchard et al., 2004; Brown et al., 2006; 

Galetin et al., 2008; Ohno et al., 2008c). These models range from basic models to 

complex mechanistic models. The ratio of kinact/KI is usually used as indicator of potency 

in in-vitro studies (Obach et al., 2007; Grime et al., 2009; Zimmerlin et al., 2011). 

Prediction of DDI from in-vitro data involves estimation of different parameters such as 

kdeg, KI, kinact, fm (for drugs dosed with IV route) and Fg (for drugs dosed through oral 

route). kdeg is the first order degradation rate constant, KI is the apparent inactivation 

constant, kinact is the maximal inactivation rate, fm is the fraction of systemic clearance of 

the substrate mediated by CYP, and Fg is the fraction available after intestinal 

metabolism. The values for kdeg can either be obtained from in-vitro or in-vivo studies 

(Yang et al., 2008; Ramsden et al., 2015). The variability in the reported values of kdeg for 

each CYP is significant and adds to the complexity of accurate predictions. Moreover, 

kdeg values have a marked impact if fm value is high, as shown by Galetin et al. (Galetin et 
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al., 2006) and Venkatakrishnan et al.(Venkatakrishnan and Obach, 2005). Although kdeg 

and ksyn (synthesis rate constant) is assumed to stay constant in presence of the inactivator 

(Mayhew et al., 2000; Fahmi et al., 2008), it is known to be influenced by inactivators 

(Gillum et al., 1993; Chien et al., 1997). 

It was shown by Mayhew (Mayhew et al., 2000) that static modeling 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 AUCr is the ratio of area under the plasma concentration-time curve 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 hepatic first pass metabolism is 

affected by inactivator 

3. There is complete absorption from gastrointestinal tract 

4. kdeg and ksyn remain constant and do not change in presence of inactivator 

5. The victim drug is a low extraction ratio (ER) drug 

The model in equation 7.1 was the first model to predict TDI mediated DDI. However, 

the predictions were higher than the observed DDI. Wang (Wang et al., 2004b) further 

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 correct 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 degradation 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 IC50 (half maximal inhibitory concentrations) 

values, where shifted IC50 values are used for predictions (Obach et al., 2006; Obach et 

al., 2007): 

!5#Ò
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8 

 
    

Ȣ 

 equation 7.2. 

Fahmi et.al (Fahmi et al., 2008; Fahmi et al., 2009) further modified the model and 

developed a net effect model which incorporated different mechanisms like reversible 

inhibition, irreversible inhibition and induction (equation 7.3). 
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         Equation 7.3 

Where subscript g represents gut and h represents liver and fm represents the fraction of 

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 
!

ρ

ρ
)
+

 !
ρ

ρ
)
+

 

Time-dependent 

inhibition 

"  
Ë ȟ

Ë ȟ  
) 8 Ë

)  +

 "  
Ë ȟ

Ë ȟ  
) 8 Ë
)  +

 

Induction 
# ρ

Ä %  )

)  %#
 # ρ

Ä %  )

)  %#
 

 

Where, KI is the apparent inactivation constant, kinact is the maximal inactivation rate, and 

kdeg is the first order rate constant for degradation of the particular CYP which is 

calculated from in-vivo and in-vitro studies (Yang et al., 2008; Ramsden et al., 2015). 

[I] u,h and [I]g are given by the following equations. 

)ȟ Æȟ  ) ȟ  & +   (Kanamitsu et al., 2000a; Ito et al., 2002) Equation 

7.4 

) &  Ë  (Rostami-Hodjegan and Tucker, 2004) Equation 7.5 

In these equations, fu,b is unbound fraction in blood, [I]max,b is the maximal total inhibitor 

concentration in blood at steady state, Fa is the fraction absorbed after oral administration, 

ka is the first order absorption rate constant in vivo, and Qen (18 L/hr/Kg) and Qh 

(97L/hr/Kg) are the blood flow through enterocytes and liver respectively (Yang et al., 

2007a). 
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Predictions using either IC50 or KI and kinact have yielded predictions that are within 2-3 

fold of the actual DDI (fig 7.1) (Lamberg et al., 1998; Obach et al., 2006; Fahmi et al., 

2009; Xu et al., 2009). 

 

Figure 7.1. Predicted vs observed DDI.  

Predictions performed with TDI parameters obtained using replot method. (Ƅ line of 

unity, (Ƅ Ƅ) 1.25 fold line, (Ƅ Å Ƅ Å Ƅ) 2 fold line. Literature data obtained from (Obach 

et al., 2007; Fahmi et al., 2008; Fahmi et al., 2009; Xu et al., 2009; G Wong, 2011) 

The model shown in equation 7.3 is 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. Extraction Ratio for probe substrates for different CYPs 

Compound Enzyme ER Reference 

Amodiaquine CYP2C8 ~1 (Li et al., 2003) 

Bupropion CYP2B6 0.14 

0.48 

(Sager et al., 2016) 

Desipramine CYP2D6 0.56 (Ciraulo et al., 1985; Ciraulo et al., 1988) 

Diclofenac CYP2C9 0.2 (Willis et al., 1979) 

Metoprolol CYP2D6 0.64 - 

0.7 

(Regårdh and Johnsson, 1980; LE et al., 1996) 

Midazolam CYP3A 0.44 (Thummel et al., 1996) 

Phenacetin CYP1A2 0.59 - 

0.78 

(Inaba et al., 1979) 

Testosterone CYP3A ~ 0.5 (Wang et al., 2004a) 

Kirby and Unadkat (Kirby and Unadkat, 2010) further modified the model shown in 

equation 7.3  to  equation 7.6 
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 equation 7.6 

Where EH is the extraction ratio, fm,n is the fraction of the hepatic clearance of the victim 

drug that is the result of the nth enzyme, Æ  is the fraction of hepatic intrinsic 

clearance remaining as a result of the net effect of the perpetrator drug (CLintô= Æ . 

CLint). Æ  is 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.  

Æ   equation 7.7 

Æ
  

   
 equation 7.8 

Æ
  

  equation 7.9 

Static modeling 

Table 7.2 lists the different models used for prediction of TDI based DDI. US-FDA and 

European medicines agency (EMA) prefer different models to evaluate TDI based DDI 

(FDA, 2012). Basic TDI gut models suggested by FDA and EMA use [I]gut as the 

inactivator concentration which is calculated using equation 7.5 (Zhang et al., 2008a; 

Vieira et al., 2014). 

Basic models calculate R values, defined as the ratio of intrinsic clearance in the presence 

(CLint,i) and absence of inactivator (CLint) (Vieira et al., 2014).  

2  ȟ equation 7.10 

Basic models calculate R values assuming one inhibition mechanism at a time. For 

multiple mechanisms, different R values need to be calculated separately for each 

mechanism. US-FDA and EMA suggest a mechanistic static model (or a net effect 

model) for predicting in vivo DDI which is described as follows. 

The fm value can be calculated from in-vitro inhibition studies of the target enzyme, 

which is given by the following equation: 
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Æ ρ   equation 7.11 

Where AUCin 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. 

 Fg is the fraction available from intestinal metabolism, which can be determined by  

& ρ %  equation 7.12 

Where Egut is the extraction ratio of the drug by CYPs in enterocytes. Fg can be estimated 

by back calculating from IV administration of the CYP3A metabolized drug (assuming 

the liver is the only eliminating organ after IV administration): 

#,ȟ πȢπρπφ  Æȟ   
  

 
   equation 7.13 

where 0.0106 represents the total amount of CYP3A4 in liver, which is 94-fold higher 

than in the intestine (Thummel and Wilkinson, 1998). Fg can also be estimated from in-

vitro HLM data by (Zhou and Zhou, 2009) 

& ρ ȟ

  ȟ
 equation 7.14 

or it can be calculated assuming complete inhibition of intestinal metabolism (Galetin et 

al., 2006). Fg can also be estimated using the well stirred model by (Yang et al., 2007b) 

&
  ȟ ȟ

   equation 7.15 

where Qgut is given as 

1
 

   equation 7.16 

where CLperm is given by Peff x A, where Peff is the effective permeability clearance, A is 

the cylindrical surface area of small intestine (0.66 m2 in humans), and Qvilli  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 in-vitro assays 

Model Regula

tory 

body 

Algor ithm Cut-off criteria  

(https://www.fda.gov/downloads/Drugs/Guidances/

UCM581965.pdf) 

Basic 

TDI 

FDA 

EMA 

2

Ë Ë

Ë
 

Ë

Ë  υπ ) ȟ

+ υπ ) ȟ
 

R > 1.25 

TDI gut EMA Ὑ

Ë Ë

Ë
 

Ë

Ë πȢρ )

+ πȢρ )
 

R Ó 1.25 

Mechani

stic 

static 

FDA Equation 7.3 0.8 > AUCR > 1.25 

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 0.01 for Fa, ka and fu,b respectively if the data 

are not available (Ito et al., 1998). For the purposes of TDI based DDI prediction 

equation 7.3 will reduce to  
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                Equation 7.17 

The accuracy of static models (Equation 7.17) is determined by different factors involved 

in the DDI prediction. One of the important factors is the use of inactivator concentration. 

There are many options that can be used as the inactivator concentration such as [I]sys 

which is the average systemic concentration, [I]max which is the maximum steady state 

concentration, [I]h which is the hepatic portal vein concentration available to hepatocytes, 

or [I]g which is the concentration available to enterocytes. Imax,u was given by the 

following equation (Gibaldi and Perrier, 1982) 

) ȟ Ὢȟ
  

   
 (Equation 7.18) 

where Ű is the dosing interval, k is elimination rate constant which is calculated by the 

following equation 

Ë  (Equation 7.19) 

where CLs is the systemic clearance and Vss is the volume of distribution at steady state. 

 Isys is the average systemic inactivator concentration: 

)
 

 
 (Equation 7.20) 

where F is the bioavailability.  

Isys,u was calculated using the following equation 

) ȟ )  Ὢȟ (Equation 7.21) 

Since unbound inactivator concentrations are more relevant for DDI, the regulatory 

agencies (US-FDA 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 

inactivator concentrations. All these concentrations have been used in the literature 
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(Obach et al., 2007) for DDI prediction using static modeling. However, [I]u,max, which is 

the unbound maximum steady state concentration, is the most relevant and appropriate 

concentration to be used for inactivator dosed with IV route as exemplified by Obach 

(Obach et al., 2007). For inactivators dosed via the oral route, [I]g,u and [I]u,h, unbound 

concentration available for enterocyte and unbound concentration available for 

hepatocytes respectively, are more appropriate for DDI calculation. 

Dynamic modeling 

Although static model offers a simple mechanistic approach for predicting TDI based 

DDI, it often leads to over prediction (Fahmi et al., 2008; Fahmi et al., 2009; Xu et al., 

2009; Zhou and Zhou, 2009). Moreover, it is not able to distinguish between dosing 

regimens. Several over-simplifying assumptions such as the use of constant inactivator 

concentration, which in reality changes with time, absence of transporters in the static 

model, and Michaelis Menten kinetics, possibly explain the lack of prediction with static 

models. Hence, many groups have developed dynamic models for predicting DDI (Yang 

et al., 2006; Vieira et al., 2012). 

It has been shown that dynamic modeling predictions are better than static modeling 

(Vieira et al., 2014). Since dynamic modeling takes into consideration the time-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). 

Several recent literature reports suggest that compartmental models can be a better 

substitute for static models for DDI predictions (Zhang et al., 2010; Sekiguchi et al., 

2011). Although it requires optimization of different 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 for the time-dependent nature of the inactivator and 

enzyme levels (Zhang et al., 2009).  

PBPK models have recently gained importance due to its reliable and accurate 

predictions (Kato et al., 2008; Quinney et al., 2010). Although PBPK models requires a 

significant number of physiological parameters as input, the accuracy of prediction is 

quite high and precise (Vieira et al., 2012; Yamazaki et al., 2015). One of the main 

advantages of PBPK models is that time varying tissue concentrations can be obtained. 

Also, PBPK models can incorporate variability and genetic polymorphisms  (Yang et al., 

2005; Wang, 2010). Moreover, pharmacokinetic processes like uptake, metabolism, 

inhibition, and induction can be incorporated simultaneously, thereby incorporating 

parallel metabolism and simultaneous competitive and irreversible inhibition (Yeo et al., 

2010) . Different models can be integrated together to understand the interplay of 

different processes. US-FDA also suggests use of dynamic modeling for DDI predictions. 

Figure 7.2 highlights the recommendation of US FDA for using dynamic models. 

(https://www.fda.gov/downloads/Drugs/Guidances/UCM581965.pdf).  
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Figure 7.2. Use of PBPK model for exploring DDI 

((https://www.fda.gov/downloads/Drugs/Guidances/UCM581965.pdf)). 
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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 

DDI predictions using KI,u and kinact obtained from either the replot or the numerical 

method were performed using the following static equations (Fahmi 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. 
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   (Equation 

7.23) 

where AUCi and AUC are the areas under the plasma concentration-time curve of the 

probe substrate in the presence and absence of the inactivator respectively. The values 

used for CYP3A kdeg,h and kdeg,g were 0.000146 min-1 or  0.00032 min-1(Renwick et al., 

2000) and 0.000481 min-1 (Greenblatt et al., 2003) respectively. It was assumed that KI 

and kinact were the same for both hepatic and gut enzymes. The equations recommended 

by the FDA do not recommend use of unbound KI. However, an unbound KI (K I,u) is 

more appropriate to use, hence for DDI predictions KI,u was used. Different values were 

used for inactivator concentration depending on the study design. In cases where the 
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probe substrate was given orally, [I]h,u and [I]g,u were used for inhibitor concentrations 

which are given by equations 7.4 and 7.5 (Obach et al., 2006). In cases where probe 

substrate was given through intravenous route, maximum unbound concentration Imax,u 

and average unbound systemic concentration Isys,u were used as inactivator concentrations 

for DDI predictions. Imax,u was given by the equation 7.18 (Gibaldi and Perrier, 1982) and 

Isys,u is given by equation 7.21. The literature reported values and in-house calculated 

values for substrate dependent parameters (Fg and fm) are listed in table 7.3.  

Table 7.3. Fg and fm parameters used for DDI predictions 

Compound Fg fm,CYP3A 

Almotriptan (Jansat et al., 2002; McEwen et al., 2004; McEnroe and 

Fleishaker, 2005)a 

0.82 0.12 

Aliskiren (Waldmeier et al., 2007; Vaidyanathan et al., 2008b)a 0.58 0.15 

Alprazolam (Brown et al., 2006; Yang et al., 2007a) 0.86 0.83 

Antipyrine (Danhof et al., 1982; Engel et al., 1996; Sharer and 

Wrighton, 1996; Varma et al., 2010)a 

1 0.38 

Atenolol (Kirch and Görg, 1982; Varma et al., 2010) a 1 0.05 

Atorvastatin (Louie and Shou; Ohno et al., 2008c; Gertz et al., 2010) 0.24 0.64 

Brotizolam (Bechtel, 1983; Evers et al., 1983; Jochemsen et al., 

1983a; Jochemsen et al., 1983b; Senda et al., 1997)a 

0.76 0.92 

Budenoside (Ryrfeldt et al., 1984; Jönsson et al., 1995; Szefler, 1999; 

Donnelly and Seale, 2001; Dilger et al., 2009; Raje et al., 2017) a 

0.83 0.9 

Buspirone (Shou et al., 2008; Galetin et al., 2010) 0.21 0.94 

Cerivastatin (Ohno et al., 2008c; Varma et al., 2010) 0.69 0.18 
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Table 7.3. continued 

Cobimetinib (Takahashi et al., 2016) a 0.37 0.64 

Cyclosporin (Louie and Shou; Gertz et al., 2008) 0.65 0.8 

Dabigatran (Blech et al., 2007; Stangier et al., 2008)a 1 0.02 

Diazepam (Louie and Shou; Varma et al., 2010) 1 0.24 

Digoxin (Marcus et al., 1964; Zilly et al., 1975; Iisalo, 1977) a 0.86 0.15 

Felodipine (Brown et al., 2005; Galetin et al., 2010) 0.45 0.81 

Fexofenadine (Lappin et al., 2010)a 0.4 0.18 

Flunitrazepam (Dettli, 1984; DrouetȤCoassolo et al., 1990; Hesse et 

al., 2001) a 

0.91 0.85 

Fluvastatin (Tse et al., 1992; Dain et al., 1993; Scripture and Pieper, 

2001)a 

0.79 0.35 

Imidafenacin (Kanayama et al., 2007; Ohno et al., 2008a) a 1 0.86 

Imipramine (Xu et al., 2009) 1 0.02 

Lignocaine (Beckett et al., 1966; Perucca and Richens, 1979; Cusack 

et al., 1985; Bargetzi et al., 1989; Wang et al., 2000; Isohanni, 2009) a 

1 0.42 

Losartan (Stearns et al., 1995) (Varma et al., 2010) a 0.66 0.1 

Lovastatin (Wang et al., 1991; Lennernäs and Fager, 1997; Varma et 

al., 2010) a 

0.22 0.6 

Metoprolol (Xu et al., 2009; Varma et al., 2010) 0.84 0.15 

Midazolam (Paine et al., 1996; Nguyen et al., 2016) 0.57 0.93 

Nifedipine (Ohno et al., 2008c; Galetin et al., 2010) 0.78 0.78 

Nitrazepam 0.9 0.6 
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Table 7.3. continued 

Pravastatin (Jacobsen et al., 1999; Hatanaka, 2000; Varma et al., 

2010) a 

0.8 0.22 

Propranolol (Masubuchi et al., 1994; Yoshimoto et al., 1995; Varma 

et al., 2010) a 

0.5 0.17 

Quinidine (Brown et al., 2005; Galetin et al., 2010) 0.91 0.76 

Repaglinide (Hatorp et al., 1998; Plum et al., 2000; Hinton et al., 

2008) 

0.88 0.49 

Risperidone (Venkatakrishnan and Obach, 2005; Varma et al., 2010) a 0.85 0.11 

Ropivacaine (Lee et al., 1989; Ekström and Gunnarsson, 1996; 

Halldin et al., 1996) a 

 0.45 

Rosuvastatin (Olsson et al., 2002; Martin et al., 2003a; Martin et al., 

2003b; Luvai et al., 2012)a 

0.6 0.07 

Sildenafil (Galetin et al., 2010) 0.54 0.85 

Simvastatin (Galetin et al., 2010; Shardlow et al., 2011) 0.66 0.92 

Terfenadine (Galetin et al., 2006; Gertz et al., 2008) 0.4 0.74 

Theophylline (Tjia et al., 1996; Varma et al., 2010) a 0.99 0.14 

Triazolam (Brown et al., 2005; Galetin et al., 2008) 0.75 0.92 

Zolpidem (Thénot, 1988; Ohno et al., 2008c) 0.88 0.4 

Zopiclone (Varma et al., 2010; Iga and Kiriyama, 2017) 0.93 0.5 

acalculated in-house based upon literature values. Fg values calculated by IV/oral method 

as described below. fm,CYP3A calculated in-house based upon literature reported 

disposition of drug upon intravenous dosing, and CYP reaction phenotyping 
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Fg and fm values were calculated in-house for substrates for which literature values were 

not available. Fg was calculated using the IV/Oral approach using the following 

equations: 

&
!5#

!5#

$ÏÓÅ

$ÏÓÅ
 

& ρ %2 

#,ȟ 1 %2 

& ρ
#,ȟ
1

 

#,ȟ #,ȟ #,ȟ 

&  &&& 

Where Foral is oral bioavailability, AUCoral and AUCIV is area under the plasma 

concentration curve after oral and intravenous dosing respectively, ER is the hepatic 

extraction ratio, CLH,b is the hepatic blood clearance, CLT,h is the total blood clearance 

and CLr,b is renal blood clearance. 

fm,CYP3A was calculated either using reaction phenotyping data or using inhibition data. 

Inactivator pharmacokinetic parameters (including experimentally measured fu,mic and fu,p 

values) used for calculation of in-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 co-administered were not considered for DDI predictions. In all the DDI studies 

with PAR, PAR was co-administered with the substrate, therefore DDI predictions for 
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PAR were not performed. DDI predictions using parameters from both numerical or 

replot method 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 

'-&%ρπ

В
  
  

   

Accuracy or the absolute average fold error (AAFE) was calculated using the following 

equation: 
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Precision or root mean square error (RMSE) was calculated by calculating root mean 

square error: 
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Table 7.4. PK parameters used for DDI predictions 

aObtained from the literature. b assumed to be 1. BP: blood to plasma partition ratio. fu,mic 

(1mg/ml) and fu,p values were obtained from chapter 4. 

Inhibitor  fu,mic (1mg/ml) fu,p PK Values 

TAO (Genazzani, 1975) 0.730a 0.038a ka (hr-1) = 0.46 

Imax (µM) = 2.44 

Fa Fg
 = 1b 

Isys (µM) = 1.76 

BP = 1b 
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Table 7.4. continued 

VER (Freedman et al., 

1981; McAllister and 

Kirsten, 1982; John et al., 

1992; Obach, 1999; Gertz 

et al., 2008; Yau et al., 

2017) 

0.320 0.104 ± 0.017 ka (hr-1) = 1.93 

Fa Fg = 0.71 

F = 0.18 

CLs (L/hr) = 51.6 

Vss (L) = 267 

BP = 0.77 

NV 0.710 0.145 ± 0.023   

DTZ (Hermann et al., 

1983; Ochs and Knüchel, 

1984; Kurosawa et al., 

1990; Obach, 1999; Varma 

et al., 2010) 

0.852 0.299 ± 0.027 ka (hr-1) = 1.04 

Fa Fg = 0.45 

F = 0.42 

CLs (L/hr) = 48.3 

Vss (L) = 777 

BP = 1 

NDD 0.550    

ERY (Sun et al., 2010) 0.563 0.285 ± 0.010 ka (hr-1) = 0.66 

Fa Fg = 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 (hr-1) = 2.05 

Fa Fg = 0.71 

F = 0.55 

CLs (L/hr) = 21.42 

Vss (L) = 749 

BP = 0.3 

 

7.3.  Results 

DDI predictions were performed using the standard static model as recommended by the 

FDA.  Since there is a wide range of kdeg,h values reported in the literature (Pichard et al., 

1992; Fromm et al., 1996; Bahr et al., 1998; Renwick et al., 2000; Greenblatt et al., 2003; 

Yang et al., 2008; Chan et al., 2017; Takahashi et al., 2017), two different values for kdeg,h 

(ranging from 0.0004 min-1 to 0.0000825 min-1) were used for DDI prediction. Results for 

the two kdeg,h values (kdeg,h = 0.000146 min-1, an average of the in-vivo reported values, 

and kdeg,h = 0.00032 min-1, a commonly used value in the literature) are listed in appendix 

E. In cases where multiple in-vitro TDI models gave similar fits (VER and DTZ, see 

Chapter 4), DDI predictions were performed only using KI,u and kinact from the simplest 

of the models. DDI predictions using KI,u and kinact from the replot method were higher 

than when using KI,u and kinact from the numerical method. 

The average fold difference between observed and predicted was 2.24 for the replot 

method and 1.41 for the numerical method using a hepatic kdeg value of 0.000146 

minutes-1 (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 the numerical method using a hepatic kdeg value 

of 0.00032 minutes-1.  Figure 7.3 shows the plot of observed versus predicted clinical 

interactions with CYP3A substrates. A total of 124 clinical DDI predictions were 

performed (details in appendix E).  

Table 7.5. Comparison of DDI predictions using different kdeg values 

Parameters 

Predicted DDI 

(kdeg = 0.000146 min-1) 

Predicted DDI 

(kdeg = 0.00032 min-1) 

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 (Root mean square error) 5.27 12.52 3.93 10.14 

% Success (prediction Ò 2-fold) 73.39 41.13 85.48 50.81 

 

 

Figure 7.3. Observed DDI versus predicted DDI with different hepatic kdeg 

A: kdeg= 0.00015 minutes-1 (t1/2 = 79 hours). B: kdeg = 0.00032 minutes-1 (t1/2 = 36 hours). 

(Ƅ line of unity, (Ƅ Ƅ) 1.25 fold line, (Ƅ Å Ƅ Å Ƅ) 2 fold line. The numbers in the figure 

shows the average ± standard deviation predicted fold difference with both the methods. 

A B

Predicted fold difference

1.66 Ñ1.14 

2.97 Ñ2.53

Predicted fold difference

1.31 Ñ0.81 

2.54 Ñ2.13

CYP3A half life- 79 hours CYP3A half life- 36 hours
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7.4. Discussion and conclusion 

DDI predictions were performed using FDA guidelines. As seen from the figure 7.3, the 

TDI parameters obtained from the numerical method were able to predict the observed 

DDI with CYP3A substrates within an average of 1.66-fold as compared to 2.97-fold 

with the replot method. Other research groups have also shown that TDI parameters from 

the replot method tend to overpredict DDI (Fahmi et al., 2008; Fahmi et al., 2009; Peters 

et al., 2012; Vieira et al., 2014). A possible reason for the overprediction is that the replot 

method is unable to capture the curvature in the PRA plots, leading to an overestimation 

of kinact. The kinact estimates from the numerical method are 2-fold (for NDD) to 22.4-fold 

(for TAO) lower than the replot method. Further, 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 leads to differences in estimates of KI,u. The estimates 

of KI,u for inactivators that show Michaelis Menten kinetics (NDE, ERY, NDD) are 

similar with both numerical and replot methods, whereas for inactivators that show non 

Michaelis Menten kinetics (NV, DTZ, VER, TAO), 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 victim-perpetrator drug 

pairs. A majority of DDI predictions are within 2-fold by using parameters from the 

numerical method. However, 29 out of 124 DDI interactions were overpredicted by more 

than 2-fold, and 4 interactions were underpredicted by more than 2-fold. In general, 

overprediction or underprediction could be due to one or more of the following reasons: 

static inactivator concentrations, involvement of transporters (uptake or efflux), substrate 
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specific interaction, and incorrect ka (different for different dosage form). Overprediction 

in some of the 29 ovepredicted studies could be the due to the high absorption rate 

constant (ka) used for estimating hepatic and gut inhibitor concentrations. In these clinical 

DDI studies, the inhibitor was administered orally either as a capsule formulation, 

sustained release or a controlled release formulation.  Since ka for sustained or control 

release formulations was not reported, ka (1.04 h-1 for DTZ and 1.93 h-1 for VER) from 

immediate release formulation studies were used. Similarly, ITZ absorption is influenced 

by the dosage form and food and has been modeled using transit compartments 

(Heykants et al., 1989; Abuhelwa et al., 2018). The value of ka of 2.05 hour-1 which is a 

transit absorption rate constant (Abuhelwa et al., 2015) was used in the absence of a true 

absorption rate constant.  

In the case of ERY- atorvastatin, ERY-simvastatin and VER-risperidone interactions, the 

disparity between the observed and predicted DDI interactions could be attributed to 

transporters. Both statins and ERY are known to be OATP, CYP3A, and P-glycoprotein 

(P-gp) substrates (Kirn et al., 1999; Wu et al., 2000; Benet and Cummins, 2001; 

Hochman et al., 2004; Kameyama et al., 2005; Grube et al., 2006; Frassetto et al., 2007; 

Franke et al., 2008; Huppertz et al., 2011; Lancaster et al., 2012). Inhibition of these 

proteins could lead to complex DDIs. Underprediction of simvastatin DDI due to ERY 

could be explained by the fact that simvastatin is an extended clearance model (ECM) 

class 3 drug (Camenisch et al., 2015), hence 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 result of inhibition of multiple pathways. 

Atorvastatin is an ECM class IV (Camenisch et al., 2015) drug 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 VER-dabigatran etexilate interactions, both dabigatran and 

risperidone are known to be P-gp substrates (Boulton et al., 2002; Kishimoto et al., 2014; 

Zhao and Hu, 2014) hence underprediction could be due to P-gp inhibition by VER 

(Jouan et al., 2016). ITZ is known to be a P-gp inhibitor, which could be the reason for 

underprediction of DDI with substrates aliskiren and dabigatran, since both aliskiren and 

dabigatran are P-gp substrates (Vaidyanathan et al., 2008a).   

The interactions with certain substrates like buspirone and triazolam are generally 

overpredicted irrespective of the inactivator (VER, DTZ, ERY and ITZ). These 

interactions could be substrate dependent, leading to a disparity between observed DDI 

and predicted DDI. Buspirone and triazolam display atypical kinetics (triazolam displays 

substrate inhibition (Patki et al., 2003) kinetics and buspirone displays biphasic kinetics 

(Zhu et al., 2005)).  To further explore these interactions further studies, need to be 

performed with specific substrates.  

The enzyme synthesis rate constants kdeg,h and kdeg,g are important parameters in the DDI 

prediction equation. One reason for the lack of IVIVE could be the use of inaccurate 

kdeg,h, and kdeg,g values. There is wide variability in the reported values for kdeg,h in the 

literature. The estimates for these rate constants can either be derived from in-vitro or in-

vivo studies (table 7.6). 
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Table 7.6. kdeg values reported in the literature for human CYP3A 

Half Life (hr)  kdeg (hr -1) System or Method References 

36.6 0.0189 In-vitro  (Chan et al., 2017) 

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., 2017) 

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 0.0223 In-vitro 

56 0.0124 In-vitro 
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Table 7.6. continued 

140 0.0050 In-vivo  (Bahr et al., 1998) 

94 0.0074 In-vivo  (RostamiȤHodjegan et al., 1999) 

36 - 50.4 

0.0193-

0.0138 

In-vivo  (Fromm et al., 1996) 

36 0.0193 In-vivo 

85 0.0082 In-vivo  (Hsu et al., 1997) 

70 0.0099 In-vivo  (Magnusson et al., 2008) 

96 0.0072 In-vivo  (Yang et al., 2008) 

72 0.0096 In-vivo 

86.6 0.008 In-vivo  (Reitman et al., 2011) 

 

The kdeg,h values derived from in-vitro systems (e.g. hepatocytes or HepatoPac) tend to be 

lower (~ t1/2 36 hours) (Pichard et al., 1992; Ramsden et al., 2015; Chan et al., 2017; 

Takahashi et al., 2017)  whereas the kdeg,h values derived from in-vivo studies are higher 

(~ t1/2 75 hours) (Fromm et al., 1996; Hsu et al., 1997; Bahr et al., 1998; RostamiȤ

Hodjegan et al., 1999), indicating system/method specific bias in the estimates of kdeg. 

The values obtained from in-vitro systems assumes that de-novo synthesis during the 

evaluation is negligible. Further, cell viability and culture media constituents could 

influence the regulation of CYPs (LeCluyse et al., 1999). Alternatively, kdeg values are 

also obtained from in-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 in-vivo kdeg,h value of 79 hours 

(Renwick et al., 2000) was chosen for the present study. Recent literature reports (Fahmi 

et al., 2008; Mao et al., 2011; Peters et al., 2012) have used values for kdeg,h  of half-life 

26-36 hours (kdeg = 0.00032 minutes-1). Although in-vivo kdeg,h measurement also suffer 

from caveats, it is better to use kdeg,h values from in-vivo studies. Analysis of the static 

equation for DDI prediction reveals that increasing kdeg,h will decrease the error in DDI 

prediction. Wang reported that 0.03 h-1 which corresponds to half-life of 23 hours 

predicts better TDI mediated DDI (Wang, 2010). Since TDI parameters obtained from 

replot analysis often overpredict DDI, use of a shorter half-life would mitigate the 

overprediction. Hence there has been tendency to use a higher kdeg,h for DDI predictions. 

In general, it was observed 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 method 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 knowledge of in-vivo plasma (or, 

more accurately, intracellular) metabolite concentrations. It is assumed that the ratio of 

the concentration of metabolite to parent is same both in-vitro and in-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 concentration (Prueksaritanont et al., 2006). Static methods suffer from the 

following deficiencies. 1) Static models utilize a single drug concentration instead of the 
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concentration-time profile, 2) static models are not able to differentiate between different 

inactivator dosing regimens, 3) 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 with all IVIVC methods is the difference in drug and metabolite 

disposition in-vitro compared to that in-vivo. In a óclosedô in-vitro incubation, compounds 

are restricted to the incubation volume for the duration of the experiment. In-vivo, the 

óopenô system allows for compound distribution 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 modeling process. Dynamic models like 

PBPK and semi-PBPK models can be used to incorporate target site concentrations of the 

parent and/or the primary metabolite when predicting TDI-mediated DDI. There are 

several reports in the literature using PBPK and semi-PBPK models for DDI prediction 

(Galetin et al., 2006; Zhang et al., 2009; Quinney et al., 2010; Yeo et al., 2010; Vieira 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 of collections of ordinary differential equations. 

Finally, the categorization of CYP3A inhibitors (weak, moderate, strong) in the current 

FDA guidance is based on KI and kinact values from the replot method. It is obvious from 

figure 7.3 that the numerical method 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, non-MM kinetics, and sequential metabolism. 

 

'Reproduced in part' with permission from Molecular Pharmaceutics, Improved 

Predictions of DrugīDrug Interactions Mediated by Time-Dependent Inhibition of 

CYP3A, 15, 5, 1979-1995. 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 implications (Lin, 2006; Chu et al., 2009). 

The phenomenon of enzyme induction has been known for decades (Conney et al., 1956; 

Conney, 1967). The implications of enzyme induction range from loss of 

pharmacological activity (MODDRY et al., 1985; Hebert et al., 1992; Backman et al., 

1996; Hebert et al., 1999) (due to decrease in drug exposure) to increase in toxicity (due 

to production of reactive metabolites) (Beresford, 1993; Lin and Lu, 1998; Judge et al., 

2010). It can also lead to potentiation of therapeutic effect by higher conversion of pro-

drug to active drug (Judge et al., 2010). Furthermore, enzyme induction can lead to drug-

drug interactions (DDI) (Li et al., 1997). Several mechanisms have been reported for 

CYP induction (Tompkins and Wallace, 2007). Transcription process and the factors 

regulating transcription drive CYP induction. Nuclear receptors such as constitutive 

androstane receptor (CAR), pregnane X-receptor (PXR), peroxisome proliferator 

activated receptor (PPARs), aryl hydrocarbon receptor (AHR) orchestrate the induction 

process due to xenobiotics (Handschin and Meyer, 2003; Zhu, 2010). In general, there are 

five classes of inducers: clofibrate type, ethanol isoniazid type, dexamethasone type, 

phenobarbital type and 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 inducers (Handschin and Meyer, 2003).  
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CYP3A4 is a major enzyme for drug metabolism (Guengerich, 2006), induction of which 

can lead to DDI (Lehmann et al., 1998; Westphal, 2000). Hence, it is very important to 

quantitatively 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 

development (Smith, 2000). Several different models have been reported in the literature 

for quantitative prediction of induction (Kato et al., 2005; Ripp et al., 2006; Einolf, 2007; 

Shou et al., 2008; Templeton et al., 2011; Einolf et al., 2014). The standard concentration 

response model used in the literature is:  

%
%  )ÎÄ

%#  )ÎÄ
ȣȣȣȣȢ%ÑÕÁÔÉÏÎ χȢρ 

where Emax is the maximum response (net maximum fold increase), EC50 is the 

concentration at 50% Emax, [Ind] is the inducer concentration and n is the sigmoidicity of 

the curve.  

Bosentan (Fig. 7.2) is a potent non-peptide, and a specific and dual antagonist at both 

endothelin receptors (ETA and ETB) (Clozel et al., 1994; Prakash and Perry, 2002). The 

therapeutic doses of bosentan range from 62.5 mg to 125 mg. Bosentan is metabolized by 

CYP3A4 and CYP2C9 (Clozel et al., 1994; Dingemanse and van Giersbergen, 2004) 

producing three metabolites. The three metabolites identified are Ro 47-8634 (4-tert-

butyl-N-[6-(2-hydroxy-ethoxy)-5-(2-hydroxy-phenoxy)-2,2ô-bipyrimidin-4-yl] -

benzenesulfonamide), formed by O-demethylation, Ro 48-5033 (4-(2-hydroxy-1,1-

dimethyl-ethyl)-N-[6-(2-hydroxy-ethoxy)-5-(2-methoxy-phenoxy)-2,2ô-bipyrimidin-4-

yl] -benzenesulfonamide), formed by hydroxylation and the secondary metabolite, Ro 64-

1056 (4-(2-hydroxy-1,1-dimethyl-ethyl)-N-[6-(2-hydroxy-ethoxy)-5-(2-hydroxy 
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phenoxy)-2,2ô-bipyrimidin-4-yl] -benzenesulfonamide), formed by the combination of O-

demethylation and hydroxylation (figures 8.1) (Weber et al., 1999b).  

 

Figure 8.1. Disposition pathways of bosentan 

1. Uptake of bosentan through OATP and NTCP uptake transporters. 2. Metabolism of 

bosentan through CYP3A4 and CYP2C9. 3. Efflux of bosentan through P-gp and MRP2 

in bile 

Hepatic metabolism is the major route of elimination of bosentan both in rats (Ubeaud et 

al., 1995) and humans (Weber et al., 1999b). An average of 0.9 % and 3.7 % of 

unchanged drug was excreted in urine and feces respectively upon intravenous (I.V.) 

dosing (Weber et al., 1999b), whereas 2.8 and 94.5 % drug was excreted unchanged in 

urine and feces respectively upon oral dosing in humans (Weber et al., 1999b). The 

bioavailability (F) of bosentan after an oral dose is around 50 % (Weber et al., 1999b) 

when given as oral suspension, and decreases above doses of 600mg (Weber et al., 

1999c). Bosentan has a low systemic 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 mg (Weber et al., 1999c). 

1 3
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However, volume of distribution was found to be non-linear with respect to dose upon IV 

dosing (Weber et al., 1996).   

Bosentan is known to be a CYP3A4 inducer (van Giersbergen et al., 2002b). On multiple 

dosing with 62.5 mg twice daily, the daily exposure of bosentan decreased by 33% (van 

Giersbergen et al., 2002b). Bosentan has been shown to increase the urinary excretion of 

6ɓ-hydroxycortisol, an endogenous marker of CYP3A4 activity, by 1.7 fold (Weber et 

al., 1999c). DDI studies of bosentan with other drugs with healthy volunteers indicate 

auto-induction of CYPs by bosentan (Weber et al., 1999a; Binet et al., 2000; Giersbergen 

et al., 2002). Pregnane X receptor (PXR) was shown to be involved in induction of CYPs 

by bosentan and Ro 47-8634. The effect of bosentan on PXR was concentration 

dependent, with an EC50 of 19.9 ± 0.9 µM  (van Giersbergen et al., 2002a). Bosentan was 

found to be a less potent inducer than rifampicin (EC50 of 19.9 µM for bosentan versus 

1.9 µM for rifampicin) (van Giersbergen et al., 2002a). The EC50 for CYP3A4 mRNA in 

human hepatocytes was found to be 1.07 and 5.78 µM (from two different hepatocyte 

donors). The EC50 for activity (measured by formation of testosterone 6ɓ-hydroxylation)  

was calculated to be 0.78 and 1.13 µM (from two different hepatocyte donors) (Shou et 

al., 2008). The Emax was found to be 11.40 and 17.76 (from two different hepatocyte 

donors) for mRNA and 14.75 and 4.63 for testosterone 6ɓ-hydroxylation activity (Shou 

et al., 2008). The plasma concentration is about 2µM at 125mg dose twice a day 

(Dingemanse et al., 2003), which is 10-fold lower than the EC50 for PXR receptor. 

Moreover, bosentan is highly plasma protein bound (96 to 99% bound) (Lave et al., 1996; 

Weber et al., 1999c; Dingemanse and van Giersbergen, 2004; Shou et al., 2008; Jones et 

al., 2012), hence the maximum unbound plasma concentration (Cmax,u) is very low (0.04 
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µM). Moreover, bosentan is also known to be a substrate for various uptake transporters 

like OATP1B1, OATP1B3, OATP2B1, and NTCP (Leslie et al., 2007; Treiber et al., 

2007). Therefore, using unbound plasma 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 predict the induction effect of bosentan. Several experimental 

techniques have been used in the literature to determine the intracellular concentration 

(Chu et al., 2013; Pfeifer et al., 2013). However, developing mechanistic models which 

can incorporate all the process (uptake, metabolism and induction)  is a better approach to 

determine the intracellular concentration (Kulkarni et al., 2016). 

The overall goal of this project is to 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 bosentan 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 bottom-up 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 (table 8.1). Semi-physiologically based pharmacokinetic 

model (PBPK) 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 development are given in table 8.2. 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 (Sandqvist et al., 2013) 

Bosentan and norethisterone DDI study (Van Giersbergen et al., 2006) 

Bosentan and estradiol DDI study (Van Giersbergen et al., 2006) 

 

1. Plasma concentration-time profile of bosentan after IV dosing was used (after 

digitalization using WebPlotDigitizer application) for determination of number of 

distribution compartments in the compartment model. Since bosentan showed non-

linear kinetics (Weber et al., 1996), three IV doses (10 mg, 50mg and 250mg) (figure 

8.2) which covered the therapeutic range were used. Initially, both 2-compartment (2-

C) and 3-compartment models (3-C) were used to fit the 10mg dose dataset. AICc 

values were used to determine the better model. 
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Figure 8.2. Human plasma concentration-time profile of bosentan at IV doses of 10, 50, 

250, 500 and 750 mg 

Data obtained from (Weber et al., 1996). Healthy subjects (n=6) at each dose were 

randomized to receive bosentan. 

2. In order to incorporate 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 mimic the in-vivo process (figure 8.3).  
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Figure 8.3. Compartmental model used for modeling the clinical in-vivo plasma 

concentration-time profile for IV dosing 



268 

 

k13 and k31 are the distribution rate constants between central and peripheral compartment 

1, k12 and k21 are the distribution rate constants between central and peripheral 

compartment 2, Qh is the blood flow to the liver. CLint,uptake is the uptake clearance, CLi 

and CLo is the diffusional clearance in and out of the membrane respectively, CLint,m is 

the metabolic clearance, CLint,efflux and CLint,efflux1 is the intrinsic efflux clearance from the 

cell and the apical membrane respectively, Qbile is the bile flow. 

3. Further, literature values were used for intrinsic uptake clearance (CLint,uptake), 

intrinsic metabolic clearance (CLm) and efflux intrinsic clearance (CLint,efflux) as initial 

estimates for the model (after scaling up to organ level)(table 8.2). Hepatocellularity 

(HPGL) of 120 x 106 cells per gram of liver (Iwatsubo et al., 1997a) was used for 

scaling up the intrinsic clearance to organ level. Marked variability 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 the CLint,uptake value, the liver compartment 

was split into liver tissue and liver plasma compartments (since the uptake clearance 

was > 1.5 L/min, which is more than hepatic blood flow) (figure 8.3).  

4. Membrane compartments were added to the model, which was shown to be a better 

model for prediction of intracellular concentration (Korzekwa and Nagar, 2014; 

Nagar et al., 2014c; Kulkarni et al., 2016) (figure 8.3). CLint,u,uptake was calculated 

from Km,u,uptake and Vmax,uptake. Apical efflux was modeled from both apical membrane 

compartment and cell compartment, since bosentan is reported to be a substrate of 

bile salt efflux protein (BSEP) (Fattinger et al., 2001; Mano et al., 2007), p-

glycoprotein (P-gp)(Lepist et al., 2014) and multidrug resistance protein-2 (MRP-

2)(Lepist et al., 2014; Kenna et al., 2015). The ratio of efflux intrinsic clearance from 
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the cell (CLint,eff) and efflux intrinsic clearance from the apical membrane (CLint,eff1) 

compartment was fixed at 213.  

5. A 10 mg IV dose was used in simulations using the model shown in figure 8.3. 

Scaling factors (SFs) for CLint,uptake, CLintm and CLinteff were used in order to predict 

the observed plasma concentration time profile.  Sensitivity analysis was performed 

to get an estimate of SFs. During sensitivity analysis the microrate constants k12, k21, 

k13 and k31 values obtained from the 3C fitting were fixed. Several different 

combinations of scaling factors (SFs) were used for all the intrinsic clearances in 

order to simulate the observed concentration time profile. The SF for CLint,uptake was 

optimized based on the simulated and observed plasma profiles. The SF for CLint,eff  

and CLint,m was decided based on the unchanged drug observed in the feces upon IV 

dosing, which was observed to be around 4% (Weber et al., 1999b). 

Table 8.2. Literature reported values used for simulation and model development 

Parameter Value Reference 

Fraction unbound in plasma (fup) 0.020a (Lave et al., 1996; 

Weber et al., 1999c; 

Dingemanse and van 

Giersbergen, 2004; 

Shou et al., 2008; 

Jones et al., 2012) 

Unbound fraction in HLM (fu,HLM) 0.87 (Jones et al., 2012) 

Vmax,uptake (Human hepatocytes) 402 pmol/min/106 cells (Ménochet et al., 

2012) Km,u,uptake 22.5 µM 
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Table 8.2. continued 

Vmax,OATP1B1
b (pmol/min/µg protein) 1.32 ± 0.05  (Treiber et al., 2007) 

Km,u,OATP1B1
 b 44 ± 5 µM 

Vmax,OATP1B3
 b (pmol/min/µg protein) 3.21 ± 0.4  

Km,u,OATP1B3
 b (pmol/min/µg protein) 141 ± 17 µM 

Vmax,OATP2B1
 b 2.27 ± 0.69  

Km,u,OATP2B1
 b 202 ± 107 µM 

Vmax,NTCP
 c (pmol/min/mg protein) 814 ± 278  (Leslie et al., 2007) 

Km,u,NTCP
 c 2.1 ± 1.4 µM 

Km,HLM 13 µM (Ubeaud et al., 1995) 

Vmax,HLM 250 pmol/min/mg 

protein 

CLint,u,bile (Human hepatocytes) 7.4 µl/min/million cells (Jones et al., 2012) 

CLint,u,bile (Human hepatocytes) 2 µl/min/million cells (Varma et al., 2014) 

B/P coefficient 0.48-0.66 (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) 

fmCYP3A4 1 (Varma et al., 2014) 

CLint,u,m (Metabolic clearance)d 19-22 µl/min/mg 

protein 

(Ubeaud et al., 1995; 

Lave et al., 1996; 

Jones et al., 2012) 
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Table 8.2. continued 

Qh (Blood flow to liver)e 21 ml/min/Kg (Davies and Morris, 

1993) 

Qbile 620 ml/day (Esteller, 2008) 

Liver weight (LW) 1800 g for 70Kg 

human 

(Davies and Morris, 

1993) 

Liver Volume (LV) 1690 ml for 70Kg 

human 

Hepatocyte volume (Vc) 3.4 x 10-9 ml (McManus and 

Mitchell, 2014) 

Apical membrane volume  (Vam) 5 % of Vc Assumed 

Basolateral membrane volume (Vbm) 5 % of Vc Assumed 

Volume of plasma (Vp) 6080 ml Optimized from 3C 

model 

Volume of liver plasma (Vlp) 10.5 % of liver volume (Kjekshus et al., 

1997) 

Volume of bile (Vb) 0.4 % of liver volume (McManus and 

Mitchell, 2014) 

Hematocrit (%) 44 (Davies and Morris, 

1993) 

a: average value was used from all the reported values 0.0074, 0.019, 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 (1-hematocrit). 

 

Figure 8.4. Compartmental model used for modeling the clinical in-vivo plasma 

concentration-time profile for oral dosing 

k13 and k31 are the distribution rate constants between central and peripheral compartment 

1, k12 and k21 are the distribution rate constants between central and peripheral 

compartment 2, Qh is the blood flow to the liver. CLint,uptake is the uptake clearance, CLi 

and CLo is the diffusional clearance in and out of the membrane respectively, CLint,m is 

the metabolic clearance, CLint,efflux and CLint,efflux1 is the intrinsic efflux clearance from the 

cell and the apical membrane respectively, Qbile is the bile flow, F is the fraction 

bioavailibiltiy, ka is the rate of absorption, kel is 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) (figure 8.4).  

8.3. Results and discussion 

Bosentan plasma concentration-time (C-t) profile data was digitalized and 2C and 3C 

model were fit to describe the pharmacokinetics (PK). A 3C model was found to better 

describe the IV C-t profile (figure 8.5). Since the AICc values were not significantly 

different, BIC and MSE values were used to choose the model (table 8.3). For modeling 

of oral PK, a 100mg oral dose was chosen since it was the closest to the therapeutic dose 

(125mg). Bosentan C-t profile after oral dosing was better described by 3C (visual 

inspection) (figure 8.6). However, both 2C and 3C models did 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.  

 

Figure 8.5. In-vivo concentration-time profile of bosentan in healthy volunteers (n=6) 

after 10 mg IV dose 

A:  2-compartmental model fitting B: 3-compartmental model fitting. Solid line 

represents the predicted profile and the dots represent the observed concentrations. 

 

BA
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Figure 8.6. In-vivo concentration-time profile of bosentan in healthy volunteers (n=6) 

after 100 mg oral dose. A:  2-compartmental model fitting B: 3-compartmental model 

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

concentrations 

Table 8.3. Goodness of fit metrics for I.V. dose and p.o. dose 

Goodness of fit metric p.o. dose I.V. dose 

2C 3C 2C 3C 

AICc 108 163 69 69 

MSE 1219 872 740 498 

BIC 89 94 64 51 

R2 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 figure 8.4. Initial simulation showed that SFs were needed to improve the 

predictions (data not shown).  Moreover, the unchanged bosentan excreted in bile was 

predicted to be 14.15% (case 1 in table 8.4) whereas it was observed that only 4% of 

bosentan is excreted unchanged in feces after I.V. dosing. 

BA
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Hence SFs were used for CLint,uptake, CLintm and CLinteff. Sensitivity analysis done with 

these three parameter independently showed that CLint,uptake is a very sensitive parameter 

that can significantly influence the predicted plasma PK profile (figure 8.7). It was also 

observed from the sensitivity analysis that CLintm and CLinteff significantly influence the 

percentage of unchanged drug excreted in bile but did not affect the plasma C-t profile. 

Hence, SFs for these two parameters, CLint,m and CLint,u,efflux had be optimized, for which 

percentage of unchanged drug excreted in bile served as the end point. Four percent 

excretion of unchanged drug in bile was obtained by either increasing the metabolic 

clearance (CLint,m) or by decreasing the efflux clearance (CLint,u,efflux). It was observed 

that SF of 0.27 for CLint,u,efflux and SF of 3.755 for CLint,m was optimum for 4% of 

unchanged drug to be excreted in bile (case 2 and case 3 in table 8.4). However, the 

plasma C-t profile was still over-predicted (Clearance was underpredicted).  

 

Figure 8.7. In-vivo concentration-time profile of bosentan in healthy volunteers (n=6) 

after 10 mg IV dose 

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

concentrations. Five different scaling factor for CLint ,u,uptake was used sensitivity analysis. 
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Sensitivity analysis with CLint,uptake showed that an SF of 2.5 was optimized to be best to 

predict the plasma PK profile (figure 8.7). However, the unchanged bosentan excreted in 

bile was predicted to be 13.46% (case 4 in table 8.4) with no SF used for CLintm and 

CLinteff. Hence a combination of SFs was used for all the three clearances. 

A combination of SFs was used for CLint,uptake and CLintm and optimized to yield the 

desired result of 4 % unchanged drug excretion in bile and good plasma C-t profile 

prediction (Case 5 in table 8.4). Further, a combination of SFs was used for CLint,uptake and 

CLinteff and optimized to yield the desired result (Case 6 in table 8.4). A combination of 

SFs for all the three clearances was also simulated. Case 5 and case 6 in table 8.4 are the 

resultant selection of all the combination of SFs. The combination of SFs in case 5 and 

case 6 both predict the plasma c-t profile and percentage of unchanged drug excreted in 

bile most accurately (figure 8.8). Metabolite plasma C-t 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 project.  It was also observed that the 

distributional micro-rate constants obtained from model fitting of 2C and 3C are not 

similar at different doses (data not shown) indicating non-linear kinetics as observed 

clinically. 
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Table 8.4. Optimization of SFs for the three parameters CLint,uptake, CLintm and CLinteff 

Different combination of scaling factors was tried resulting in six different cases. 

Case  Scaling factor Bile 

excretion 

% 

Kpuu at 

steady 

state 

Comments 

CL int,u,uptake CL intm CL int,efflux 

1 1 1 1 14.15% 1 Plasma C-t 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 than 

unbound plasma 

5 2.5 5.48 1 4.00% 0.9 Unbound plasma 

concentrations higher than 

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 concentration-time profile of bosentan in healthy volunteers (n=6) 

after 10 mg IV dose 

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

concentrations. A: Predicted C-t profile with case 5. B: Predicted C-t profile with case 6. 

8.4. Future studies 

The model developed by the aforementioned steps was able to describe the observed 

plasma concentration-time profile of bosentan after an IV dose of 10mg. But the model 

was not able to capture the non-linearity observed clinically. 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 non-linear behavior of bosentan. 

2. Expanding the model to predict the observed oral C-t 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. 

BA
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CHAPTER 9- SUMMARY AND FUTURE DIRECTIONS  

The present research project was intended to evaluate numerical methods to analyze in-

vitro TDI datasets. New kinetic models were developed and evaluated for different 

inactivators. A numerical method was used to model complex CYP3A TDI in human 

liver microsomes and rCYP3A. Several MIC-forming TDIs and sequential metabolites 

were evaluated. Complexities incorporated in the models included multiple binding 

kinetics, quasi-irreversible inactivation, and for the first time, sequential metabolism, 

inhibitor depletion, and membrane partitioning. The resulting inactivation parameters 

were incorporated into static in-vitro ï in-vivo correlation (IVIVC) models to predict 

clinical DDIs. Most of the predicted DDIs were predicted within 2-fold of the observed 

using the numerical method. These results suggest that numerical methods can 

successfully model complex in-vitro TDI kinetics, and that the resulting DDI predictions 

are more accurate than those obtained with the standard replot approach.  

It was observed from the present study that inhibitor depletion and lipid partitioning 

could lead to misinterpretation of PRA plots as óatypical kineticsô. Modeling the in-vitro 

TDI data using atypical models (e.g. multiple binding models, protein heterogeneity) 

result in different estimates of KI and kinact when compared to those obtained from the 

replot method. In the present study, predominantly MIC forming compounds that 

inactivated 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 

also need 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). Non-CYP3A 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 be used to explore the kinetics of inactivation of non-CYP3A enzymes like 

CYP2C8, CYP2D6, CYP2C19. Although gemfibrozil glucuronide (CYP2C8 inactivator) 

and 2-phenyl-2-(1-piperidinyl) propane (CYP2B6 inactivator) were evaluated using the 

numerical method in a previous study (Korzekwa et al., 2014), further studies with non-

CYP3A inactivators need to be performed.  

The numerical method can also be very useful in evaluating inactivators which inactivate 

multiple enzymes, for example amiodarone and its metabolite (Ohyama et al., 2000a; 

Ohyama et al., 2000b). Use 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 assays have been performed in the literature to evaluate TDI 

kinetics (Dierks et al., 2001; Tolonen et al., 2007; Kozakai et al., 2012; Lee and Kim, 

2013; Kozakai et al., 2014; Chen et al., 2016), these studies have used either the replot 

method for estimating KI and kinact or measured shifted IC50. Since the numerical method 

can provide better estimates of KI using the IC50 data (Nagar et al., 2014b), it will be 

useful to use in early drug discovery.  

In chapter 5 the impact of inhibitor depletion on estimates of KI and kinact was discussed. 

Inhibitor depletion was used in addition to the probe substrate metabolite data to 

characterize TDI kinetics and estimate KI and kinact. It would be interesting if only the 
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inhibitor depletion and inhibitor metabolite formation data could be used to estimate KI 

and kinact, e.g. monitoring ERY depletion and formation of NDE over time (figure 9.1). 

Measurement of inhibitor (I) concentration and product concentration (P) over time 

would be required for such analysis. 

 

Figure 9.1. Kinetic scheme for analyzing inhibitor depletion and inactivation 

simultaneously 

The advantage of such analysis would be that it would estimate KI and kinact 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 incorporate inhibitor depletion while estimating KI and kinact. 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. Further, characterizing metabolism and inactivation simultaneously 

would also allow to estimate of Km and Vmax for inactivators. Future experimental or 

modeling studies need to be performed to evaluate this hypothesis. It should be noted that 

in early drug discovery, metabolite standards and full metabolite profile might not be 

available, which would prevent such analysis. 
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Hepatocytes as an in-vitro metabolic tool offer the advantage of having all the metabolic 

machinery and being more relevant to in-vivo conditions. Human or rat hepatocytes, 

being an óopenô system, simulate the in-vivo conditions more closely. Time dependent 

inhibition assays have also been performed in both human hepatocytes (Zhao et al., 2005; 

McGinnity et al., 2006; Chen et al., 2011b; P Li and Doshi, 2011; Mao et al., 2016) and 

rat hepatocytes (Pham et al., 2017) with different variations of the standard 2-step TDI 

assay. Estimates of KI and kinact have been reported to be different in hepatocytes and 

microsomes, thereby estimating a lower inactivation efficiency in hepatocytes. This was 

evaluated in 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 offers 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 was assumed 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., 2007). Further studies need to 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 involved in lipid binding, and its influence on TDI kinetics.  

In this project DDI predictions were not performed for those clinical studies where 

inactivator was co-administered with the substrate. DDI predictions can easily be 

performed for compounds which have simultaneous 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 reported Ki are higher than the in-vivo plasma concentrations 

for the VER, DTZ, TAO and ERY (Jurima-Romet et al., 1994; Wang et al., 1999; Zhang 

et al., 2008b; Kosugi et al., 2012). However, ITZ, PAR, RTV and MBF are known to be 

strong competitive inhibitors (Nielsen et al., 1996; Eagling et al., 1997; Iribarne et al., 

1998; Wang et al., 1999; Granfors et al., 2006; VandenBrink et al., 2012) and 

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 semi-PBPK 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 dynamic IVIVC models and 

evaluated for DDI predictions. In figure 9.2 a preliminary 3-compartment semi-PBPK 

model was developed to describe the PK of VER. The compartmental model essentially 

consisted on a central, peripheral and liver compartment. The kinetic scheme in liver 

compartment was adopted from chapter 4. 
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Figure 9.2. Semi-PBPK model for VER incorporating enzyme kinetic model  

V: verapamil, M: norverapamil, k: rate constants, kdeg is in-vivo degradation rate constant, 

R0 is the zero-order synthesis rate. The predicted and observed clinical plasma 

concentration time profile for VER is shown. 
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