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ABSTRACT 

Genetic diversity between people can lead to differences in their capabilities to metabolize drugs. 

These pharmacogenomic differences induce variability in drug exposure (amount of drug in our 

bodies), which can cause both positive and negative effects. Another important contributor to 

differences in exposure occurs when one drug interacts with and alters how another drug is 

eliminated (drug-drug interactions, DDIs). Although the effects of pharmacogenetics or DDIs 

alone on drug exposure are well understood, a major gap in knowledge is how pharmacogenetic 

diversity might influence DDIs.  

Cytochrome P450s (CYP) are important superfamily of enzyme which includes many critical 

drug metabolism enzymes. CYP2C9 is an important drug metabolism enzyme in the CYP 2C 

subfamilies, which mediate 10-20% of the drugs that undergo CYP mediated metabolism. Several 

clinically important drugs including warfarin, phenytoin and flurbiprofen are metabolized through 

CYP2C9. Loss-of-function variants on gene encoding CYP2C9, such as *2 and *3, introduce 

considerable variabilities in the exposure and response of these drugs. Additionally, since 

CYP2C9 is inhibitable and inducible, the administration of these drugs together with CYP 

inhibitor and inducers will cause DDIs, which further complicate their dosing clinically.  

Two clinical trials sponsored by National Institute of Health (NIH) were conducted to investigate 

the extent of DDIs in the presence of CYP2C9 genotypes, using warfarin, flurbiprofen, ketoprofen 

and tolbutamide as probe drugs and fluconazole (a CYP inhibitor) and rifampin (a CYP inducer) 

as interacting drugs.  Drug concentration data of probe drugs and their major metabolites in 

plasma and urine were collected for subsequent analysis.  

The aim of this thesis is to quantify the extent of DDIs in the presence of CYP2C9 genetic 

variants using the collected clinical PK data via mathematical modeling approach. Population PK 
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models were first constructed for each probe drugs including pharmacogenomic differences and 

drug interactions as covariates. Model-based analysis were then performed based on parameter 

estimations. Physiology-based PK (PBPK) modeling was also performed to understand the 

genotype-dependent DDIs from a bottom-up prospective. The developed models will be valuable 

in quantifying genotype-dependent DDIs clinically, thus achieving another step toward precision 

medicine. 
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1.1 Cytochrome P450s 

Characterized by the maximal absorption wavelength of 450nm in the reduced state following the 

exposure to carbon monoxide, cytochrome P450s (CYPs) are the superfamily of hemeproteins 

which are present in various organisms, such as bacteria, fungi, plants and animals(Omura, 1999; 

Parvez et al., 2016). In humans, 57 functional CYP genes in 18 mammalian CYP families have 

been identified to date(Nelson et al., 2004; Nebert et al., 2013). Encoded by CYP genes, the CYP 

enzymes are ubiquitously distributed in various human tissues as membrane-bound proteins, with 

the highest distributive abundance in liver and intestine(Manikandan and Nagini, 2018). 

Functionally, CYP enzymes are critical in a variety of biological processes, such as detoxification 

and metabolism of xenobiotic agents(Jushchyshyn et al., 2006; Kent et al., 2006; Lynch and 

Price, 2007), biosynthesis of bile acids(Sarenac and Mikov, 2018), steroid hormone 

homeostasis(Chakraborty et al., 2021), metabolism of vitamins(Prosser and Jones, 2004; Wang et 

al., 2013) and metabolism of unsaturated fatty acids(Finn et al., 2009), etc.  

The nomenclature of CYPs was established by CYP nomenclature committee formed around year 

2000 and has been widely accepted(Nelson et al., 1996; Sim and Ingelman-Sundberg, 2010).  The 

letters ñCYPò represent the cytochrome P450 enzymes. The number following that represent the 

family that a protein belongs to, such as CYP1 and CYP2.  Another letter following the first 

number represent the subfamily and a number at the end designates the CYP isoform. For 

example, CYP1A1 represent the cytochrome P450 enzyme family 1, subfamily A and isoform 

1(Manikandan and Nagini, 2018). The classifications of family and subfamily are based on the 

homology of the enzyme amino acid sequences, with the enzymes within the same family exhibit 

more than 40% homology and enzymes within the same subfamily exhibit more than 55% 

homology(Guengerich et al., 2016; Manikandan and Nagini, 2018). The genes or cDNA of CYP 
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should be written as italic form (eg. CYP1A1) and the mRNA and protein of CYP should be 

written as normal non-italic form (eg. CYP1A1)(Manikandan and Nagini, 2018).  

CYP enzymes possess a wide range of substrate specificities and catalyze a broad spectrum of 

oxidative-redox reactions, such as hydroxylation, oxygenation, dealkylation and epoxidation, 

etc(Isin and Guengerich, 2007; Guengerich, 2008; Hrycay and Bandiera, 2015). Among a variety 

of reactions catalyzed by CYPs, hydroxylation is important in many physiological processes as 

well as the metabolism of xenobiotic agents, with a general form of the reaction expressed as 

below(Hamdane et al., 2008):  

Ὑ Ὄ ὕ ςὩ ςὌ ᴼὙ ὕὌ Ὄὕ 

The reaction requires two electrons (e-) transfer from Nicotinamide adenine dinucleotide 

phosphate (NADPH) through FAD and FMN domains in NADPH-cytochrome P450 oxidative 

reductase (POR) or sometimes, involves cytochrome b5(Hamdane et al., 2008; Storbeck et al., 

2015; Cheng et al., 2021).  

1.2 The Impact of CYP Genetic variants on drug metabolism 

CYP enzymes, especially families 1-4, are critical in the metabolism of many 

medications(Manikandan and Nagini, 2018). Among various CYP isoforms, six CYP enzymes 

(CYP1A2, CYP2C9, CYP2C19, CYP2D6, CYP3A4 and CYP3A5) are involved in the 

metabolism of more than 90% of the CYP metabolized medications(Slaughter and Edwards, 

1995; Wilkinson, 2005; Lynch and Price, 2007).  Genetic variants present in the pharmaco-genes 

encoding these important drug metabolizing CYP enzymes, can result in increased variability in 

drug exposure and response(Ingelman-Sundberg et al., 2007; van Schaik, 2008). The genetic 

polymorphism, by definition, is the genetic variant present at Ó1% incidence in a 

population(Guengerich, 2020).   
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Based on the types of the variations, genetic polymorphisms can be divided into single nucleotide 

polymorphisms (SNPs) and copy number variants (CNVs)(Ingelman-Sundberg, 2004; Sadee et 

al., 2011). The SNPs involve genetic mutations in a single base pair of nucleotides in manners 

such as substitutions, duplications and deletions, which potentially impact the splicing and 

expression of a CYP enzyme. In contrast, the CNVs are frequently generated by duplications and 

deletions of gene copies(Sadee et al., 2011; Manikandan and Nagini, 2018). Both the SNPs and 

CNVs can impact the enzyme activity and produce CYP enzymes with similar, increased, 

decreased and absence of activity(Manikandan and Nagini, 2018). In humans, more than 1 

million SNPs are present in the genome and around 1500 CNVs have been identified up to date. 

In terms of the CNVs, the frequency of the duplications are much higher than the 

deletions(Johansson et al., 1993; Redon et al., 2006; Fukami et al., 2007; Stranger et al., 2007; 

Preissner et al., 2013; Manikandan and Nagini, 2018).  

Although many genetic variants introduce no-change in the metabolic activity of CYP enzymes, 

some genetic variants induce either loss-of-function or gain-of-function in the metabolic activity 

of CYP enzymes(Zanger and Schwab, 2013). The loss-of-function variant on a CYP enzyme 

reduces its metabolic activity. While the reduced metabolic activity can result in increased 

exposure of a corresponding CYP substrate, which increase the risks of adverse drug reactions 

(ADRs), it can also reduce the bio-activation of a prodrug which decrease its active metabolite 

exposure and effectiveness(Mahgoub et al., 1977; Sakuyama et al., 2008; Muroi et al., 2014). For 

example, atomoxetine is used for the treatment of attention-deficit/hyperactivity disorder 

(ADHD) and is a CYP2D6 substrate. CYP2D6 poor metabolizers (PM) exhibit a significant 

increased drug exposure and may experience ADRs such as vomiting and decreased 

appetite(Dean, 2012a; Brown et al., 2016; Brown et al., 2019). Another example is clopidogrel, 

which is a prodrug requiring activation by enzyme CYP2C19. The loss-of-function SNP *2 and 
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*3 in CYP2C19 reduce the bio-activation of clopidogrel and reduce its pharmacological 

efficacy(Klein et al., 2019; Sun et al., 2020). In contrast to loss-of-function variants, the gain-of-

function variants increase the metabolic activity of a CYP enzyme, which might either increase or 

decrease the drug exposure(Manikandan and Nagini, 2018; Guengerich, 2020). For instance, the 

SNP *17 on CYP2C19 increase the metabolic activity of the enzyme. Subjects with CYP2C19 

*17 undergo ultrarapid to rapid metabolic bio-activations of the prodrug clopidogrel, which 

potentially increase the risk of bleeding following the administration of this medication(Sibbing 

et al., 2010; Dean, 2012b). One additional example is codeine, which is also a prodrug requiring  

activation by CYP2D6 to form morphine. The CNVs, gene duplications, in CYP2D6 increase the 

exposure of morphine following the administration of codeine, which increase the risks of 

ADRs(Johansson et al., 1993; Koren et al., 2006).  

Given the critical impact of the genetic variants in drug metabolic enzymes on the inter-individual 

and inter-ethnic variability of drug exposure and therapeutic outcomes, collaborative efforts are 

being made to incorporate the pharmacogenomic information into clinical practice routinely by 

Clinical Pharmacogenomics Implementation Consortium (CPIC)(Samer et al., 2013; Caudle et 

al., 2014). Since the establishment of CPIC in 2009, it promotes the translation of laboratory 

findings of pharmacogenomics into clinical optimizations of drug therapies by publishing peer-

reviewed CPIC guidelines on the peer-review journal Clinical Pharmacology and 

Therapeutics(Clancy et al., 2014; Moriyama et al., 2017; Desta et al., 2019) and sharing the 

updates on PharmGKB (https://www.pharmgkb.org/). A better understanding and an increased 

implementation of pharmacogenomics will undoubtedly facilitate the realization of precision 

medicine.  

https://www.pharmgkb.org/
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1.3 CYP2C9 

CYP2C9 is one of the most important enzymes in the CYP2C subfamily, which mediates the 

metabolic disposition of 10-20% of all the CYP metabolized medications. Compared with other 

enzymes in the CYP2C subfamily, CYP2C9 is the most abundant enzyme present in human liver 

microsomes and the most critical one in terms of the clinical drug metabolism(Lasker et al., 

1998). The CYP2C9 gene is >55kb in length and mapped on chromosome 10q24.2(Goldstein and 

de Morais, 1994).   

The CYP2C9 gene in human is highly polymorphic. As of October 2021, more than 70 SNPs 

have been identified (https://www.pharmvar.org/gene/CYP2C9). Among the identified SNPs, 

more than 30 SNPs decrease CYP2C9 enzyme activity through either/both reducing Vmax 

(maximal metabolic velocity) or/and increasing Km (substrate concentrations inducing 50% of 

Vmax) of various substrates as suggested by many in vitro and in vivo studies(Yamazaki et al., 

1998; Gill et al., 1999; Rettie et al., 1999; Ieiri et al., 2000; Miners et al., 2000; Dickmann et al., 

2001; Kidd et al., 2001; Yasar et al., 2001; Kumar et al., 2006; Kumar et al., 2008). No SNPs or 

CNVs related to an increased CYP2C9 enzyme activity have been identified yet(PHARMGKB, 

Accessed 5 October 2021). The reference CYP2C9 allele is *1. Subjects with homozygous 

CYP2C9 *1 are considered to be the ñnormal metabolizersò.  

CYP2C9 *2 (Arg144Cys; rs1799853) and CYP2C9 *3 (Ile359Leu; rs1057910) are the two most 

well-known CYP2C9 variants related to the decreased CYP2C9 enzyme activity in individuals 

with European ancestry(Lee et al., 2002). In Caucasian and Turkish populations, the frequency of 

CYP2C9 *1/*1 varies from 60% to 70%, the total frequency of *1/*2  and *1/*3  varies from 30% 

to 35% and the total frequency of CYP2C9 *2/*2, *2/*3  and *3/*3 is around 2.5% of the total 

population(Aynacioglu et al., 1999; Margaglione et al., 2000; Taube et al., 2000; Scordo et al., 

2001; Lee et al., 2002). Interestingly, compared with Caucasian and Turkish populations, Garcia-

https://www.pharmvar.org/gene/CYP2C9
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Martin et.al found the allele frequency of CYP2C9 *2 and *3 is even greater in Spanish 

population (Garcia-Martin et al., 2001). In contrast, in African-Americans, Africans and Eastern 

Asian populations (such as Chinese, Japanese, Taiwanese and Korean, etc.), the CYP2C9 *2 

allele is almost absent and the prevalence of CYP2C9 *3 is also much lower(Wang et al., 1995; 

Sullivan-Klose et al., 1996; Nasu et al., 1997; Scordo et al., 2001; Yoon et al., 2001; Lee et al., 

2002).   

Although not as extensively studied as CYP2C9 *2 and *3, several recently identified genetic 

variants of CYP2C9 can also impair the catalytic activity of the enzyme. The CYP2C9 *4 

(Ile359Thr, rs56165452) is a rare variant, related to a decreased enzyme metabolic 

activity(Niinuma et al., 2014). A study conducted with Egyptian population demonstrates subjects 

with CYP2C9 *1/*4 require a lower warfarin (a CYP2C9 substrate) daily dose compared with 

subjects with CYP2C9 *1/*1(Shahin et al., 2011).   The *5 variant (Asp360Glu, rs28371686) in 

CYP2C9 has been shown to decrease the enzyme activity, with an allele frequency around 1% in 

African-American and Hispanics(Dickmann et al., 2001). CYP2C9 *5 is virtually absent in 

Caucasian and Eastern Asian population(PHARMGKB, Accessed 5 October 2021).  Although 

CYP2C9 *6 (Lys273fs, rs9332131) variant induce frameshift following the single nucleotide 

deletion which makes it difficult to study in vitro, strong clinical evidence showed the activity of 

CYP2C9 enzyme is negatively affected by *6 variant when known CYP2C9 substrates, such as 

phenytoin and losartan, were administered(Kidd et al., 2001; Allabi et al., 2004; Niinuma et al., 

2014).  The prevalence of CYP2C9 *6 can be as high as 1% in African-American and African 

populations but relative low in other populations(PHARMGKB, Accessed 5 October 2021). 

Several other well -characterized CYP2C9 variants including *8 (Arg150His, rs7900194), *11 

(Arg335Trp, rs28371685) and *13 (Ieu90Pro, rs72558187), are also associated with reduced 

metabolic activities of the enzyme (Blaisdell et al., 2004; Niinuma et al., 2014).  In terms of the 
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population frequency, the allele frequency of CYP2C9 *8 and *11 is relatively high in African-

Americans (around 6% and 2%), while the prevalence of CYP2C9 *13 is relative high in Eastern 

Asian population (around 0.3%)(PHARMGKB, Accessed 5 October 2021). While other CYP2C9 

genetic variants (such as *12, *14, *15, *16, *23 and *24, etc.) may also related to the reduced 

enzyme activity(Blaisdell et al., 2004; DeLozier et al., 2005; Herman et al., 2007; Chen et al., 

2014; Wang et al., 2014; Ji et al., 2015), further studies is warranted to elucidate their impacts. 

Although *2 and *3 are the most well-characterized CYP2C9 variants which possess a relative 

high prevalence in population with European ancestry, other CYP2C9 variants (such as *5, *6, *8 

and *11) also induce reductions in the enzyme activities to a similar extent. More importantly, 

these recently identified CYP2C9 variants show a relative higher frequency in population with 

African ancestry and their collective frequency is anticipated to be as high as CYP2C9 *2 and *3 

in general(Johnson et al., 2017; PHARMGKB, Accessed 5 October 2021).  

CYP2C9 exhibits a diverse substrate specificity. Most of the substrates for CYP2C9 are lipophilic 

and weak-acidic compounds with pKa ranging from 3.8-8.1(Jones et al., 1996; Miners and 

Birkett, 1998). Some of the substrates of CYP2C9 are clinically important such as S-warfarin, 

phenytoin, losartan, tolbutamide and several nonsteroidal anti-inflammatory drugs (NSAIDs) 

including flurbiprofen, ibuprofen, celecoxib and diclofenac(Kirchheiner et al., 2002; Joy et al., 

2009; Johnson et al., 2014; Franco and Perucca, 2015; Theken et al., 2020). The genetic 

polymorphism in CYP2C9 can introduce considerable variability in the exposure and response of 

these commonly prescribed drugs, which may compromise their therapeutic effects or induce 

dose-limiting adverse effects. For example, warfarin is one of the most commonly used 

anticoagulant agents in the world for many years. Warfarin is administered orally as racemic 

mixture, where S-warfarin is the pharmacologically more active ingredient. S-warfarin is 

metabolized primarily through CYP2C9, to form 6- and 7-hydroxylated S-warfarin(Ufer, 2005). 
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In vitro studies suggested the presence of *2 and *3 variants can decrease the 7-hydroxylations of 

S-warfarin capability of the CYP2C9 enzyme by 30-50% and 90% respectively(Rettie et al., 

1994; Haining et al., 1996; Crespi and Miller, 1997; Takanashi et al., 2000; Du et al., 2016). 

Clinically, subjects with *2 and *3 variants of CYP2C9 requires lower warfarin doses and 

experience higher bleeding risks(Furuya et al., 1995; Takahashi et al., 1998; Ufer, 2005). 

Phenytoin is another important example to illustrate the impact of CYP2C9 genetic 

polymorphisms on drug exposure and response. The elimination of phenytoin largely relies on 

CYP2C9 metabolism, to form 5-(4 p-hydroxylphenyl)-5-phenylhydantoin (HPPH). In vitro 

studies showed CYP2C9 enzyme with loss-of-function alleles mediate the formation of HPPH 

less efficiently(Takanashi et al., 2000). A clinical study conducted with Turkish population 

showed the between subject variability in phenytoin trough concentrations following the 

administration of a single phenytoin dose is explained by CYP2C9 genetic 

polymorphism(Aynacioglu et al., 1999).  CPIC also published guidelines to inform the clinical 

dosing of phenytoin in the presence of various CYP2C9 genotypes(Karnes et al., 2021). NASIDs 

include some of the most commonly used analgesic drugs clinically. Due to the low addictive 

potential, some of the NASIDs, such as ibuprofen, are allowed for over-the-count use. Despite 

NASIDs are relative safe, inappropriate dosing of NASIDs may cause severe side effects such as 

gastrointestinal bleeding, hypertension and myocardial infractions(Grosser et al., 2017). CYP2C9 

mediates the metabolic eliminations of many NASIDs including celecoxib, flurbiprofen, 

ibuprofen and lornoxicam, to various extents. Subjects who are deficient in CYP2C9 metabolic 

capability due to genetic polymorphism may experience a higher risk of side effects following the 

administration of these NASIDs. Thus, subjects with reduced CYP2C9 activity may need to 

consider taking alternative analgesic drugs such as aceclofenac and diclofenac, whose exposure 

insignificantly affected by CYP2C9 genotypes(Theken et al., 2020).   
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1.4 Drug-drug Interaction s in pharmacokinetics-CYP Inhibition s 

Drug-drug interactions (DDIs) in pharmacokinetics (PK) occur when multiple drugs administered 

together, in which the presence of one drug affects the disposition of the other drug(s). DDIs in 

PK can significantly change the exposure of a drug, which may introduce undesired 

ADRs(Lazarou et al., 1998). In 1990s, around 1-2% of the hospital admission is attribute to 

DDIs(Dechanont et al., 2014). A solid understanding of DDIs is also critical in modern drug 

development. Regulatory agency such as Food and Drug Administration (FDA) published several 

guidelines about how to conduct DDI studies to support regulatory submission and drug 

labelling(USFDA, Jan. 2020a; USFDA, Jan. 2020b; USFDA, Nov. 2020).  

The CYP enzyme inhibition is an important source of DDIs in PK. This usually involves the 

administration of one drug (perpetrator drug), which reduces the enzyme activity of a CYP 

enzyme that is critical for the metabolic elimination or bio-activation of another drug (victim 

drug). Based on the mechanism of inhibitions, the CYP inhibitions can be classified into 

reversible inhibition, irreversible inhibition and quasi-irreversible inhibition.  

Reversible inhibition is the most commonly observed type of CYP inhibitions, which occurs in 

the presence of inhibitors but recovers once the inhibitors are eliminated from the body. The 

reversible inhibitions can be further categorized into competitive inhibition, non-competitive 

inhibition, uncompetitive inhibition and mixed inhibition. Competitive inhibition occurs when 

two or more drugs compete for the same binding site on a CYP enzyme even if the perpetrator 

drug is not a substrate of the enzyme(Manikandan and Nagini, 2018).  The competitive 

inhibitions typically increases enzyme Km with no change in Vmax of an in vitro CYP mediated 

reaction. For example, fluconazole is a competitive inhibitor for several CYP enzyme such as 

CYP2C9, CYP2C19 and CYP3A4. Co-administration of fluconazole and voriconazole can 

introduce DDIs in a competitive inhibition manner(Guarascio et al., 2013). Similarly, the 
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occurrence of a non-competitive inhibition also relies on the competition of multiple drugs 

towards the same CYP enzyme, but the substrate and the inhibitor bind to different sites on a 

CYP enzyme(Manikandan and Nagini, 2018).  The interacting drug typically binds to the 

allosteric binding site of the CYP enzyme. In a non-competitive inhibition, the binding of the 

inhibitor minimally affects substrate binding, but it affects product formation instead.  For 

example, udenafil is a non-competitive inhibitor of tamsulosin through inhibition on CYP3A1/2 

in rats(Kang et al., 2009). In an uncompetitive inhibition, the inhibitor binds only to the substrate-

enzyme complex, but not to the free enzyme. The uncompetitive inhibition also affects the 

substrate product formations, which results in a decrease in both the Vmax and the Km in vitro. 

Uncompetitive inhibitions rarely occur and have been reported when nifedipine is used as the 

substrate(Haupt et al., 2015). Mixed inhibition is a complicated type of CYP inhibition, which 

may involves both the competitive and non-competitive inhibitions. Mixed inhibitions may cause 

an increase in Km and a decrease in Vmax in vitro(Haupt et al., 2015).   

In contrast to the reversible inhibitions, irreversible and quasi-irreversible, or so-called 

mechanism-based, inhibition occurs in the presence of the inhibitors but persists following the 

elimination of the inhibitors.  In an irreversible or quasi-irreversible inhibition, the interacting 

drug may be converted by CYP enzymes to form the reactive intermediates, which can interact 

with the catalytic sites of the CYP enzyme and induce enzyme inactivation. This is typically 

attributed to the formation of the covalent (irreversible) or non-covalent but tight (quasi-

irreversible) binding between the reactive intermediates and the enzymes. Following the 

inactivation, the CYP enzyme cannot be recovered and the replenishing of the CYP enzymes 

replies entirely on the biosynthesis of the new enzymes(Hollenberg et al., 2008; Manikandan and 

Nagini, 2018). For example, mifepristone is a mechanism-based inhibitor for CYP3A4, which 
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may introduce time-dependent inhibition and inactivation of this important CYP enzyme(He et 

al., 1999).  

Theoretically, in a pure competitive inhibition scenario, the inhibition constant (Ki) of an inhibitor 

for a specific CYP enzyme should be constant, and independent of either substrate or enzyme 

concentration used. However, in reality, the CYP inhibition induced by a particular inhibitor is 

substrate-dependent. In one study, Kenworthy et al. evaluated the inhibitory effects of 34 

compounds on the CYP3A4-mediated metabolism using 10 CYP3A4 substrates. Each inhibitor 

demonstrated a wide range of inhibitory effects on CYP3A4-mediated metabolism across 

different substrates(Kenworthy et al., 1999).  

1.5 Drug-drug Interaction s in pharmacokinetics-CYP Inductions 

Another important aspect of DDIs in PK is introduced by CYP inductions. When multiple drugs 

are administered together, the presence of one drug (perpetrator drug) may induce the expression 

of a CYP enzyme, which then further increases the metabolic elimination or bio-activation of the 

other drug (victim drug). The excessive metabolic clearance of a drug introduced by CYP 

inductions can reduce its therapeutic effects. Similarly, the excessive bio-activation of a prodrug 

introduced by CYP inductions can accentuate its toxicity. Based on the mechanism of actions, 

CYP inductions can be categorized into transcriptional and non-transcriptional inductions, where 

transcriptional mechanism accounts for most of the CYP inductions(Tompkins and Wallace, 

2007; Pelkonen et al., 2008). The transcriptional activations of many CYPs involves the ligand 

activations of transcriptional factors, such as pregnane X receptor (PXR), constitutive androstane 

receptor (CAR), aryl hydrocarbon receptor (AhR) and peroxisome proliferator-activated receptor 

(PPAR)(Tompkins and Wallace, 2007; Manikandan and Nagini, 2018).  
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The PXR is an important nuclear receptor in the orphan nuclear receptor superfamily. PXR is able 

to bind with a variety of ligands including steroids, xenobiotics and pharmacologically important 

drugs(Waxman, 1999; Tompkins and Wallace, 2007). Following the ligand binding, a PXR can 

translocate from cytosol to nucleus and interact with a retinoid X receptor alpha (RXRŬ) to form 

a heterodimer. The PXR-RXR heterodimer can then bind with DNA response elements (such as a 

direct repeat with a 3-nucleotide (nt) spacer (DR3), an everted repeat with 6-nt spacer (ER6) and 

a direct repeat with a 4-nt spacer (DR4)) and induce the transcriptional changes of CYP enzymes.  

PXR is important in regulating human CYP3A, 2B and 2C families, as well as other non-CYP 

enzymes such as glutathione S-transferase, P-glycoprotein. Multidrug resistance associated 

proteins and organic anion-transporting polypeptide 2(Manikandan and Nagini, 2018). It is well 

known that the induction of the important drug metabolism enzyme CYP3A4 by rifampin is 

primarily regulated through PXR(Bertilsson et al., 1998; Li and Chiang, 2006). Other metabolic 

inducers including dexamethasone and phenytoin are also PXR ligands(Pascussi et al., 2000; 

Manikandan and Nagini, 2018).    

CAR is another important nuclear receptor in orphan nuclear receptor superfamily. The full name 

of CAR is constitutive androstane receptor or constitutively active receptor since it can interact 

with androstanol and is constitutively active in vitro(Tompkins and Wallace, 2007).  CAR 

possess ligand binding domains and DNA binding domains. Similar to PXR, binding with ligands 

activates CAR and enables its translocation from cytosol to nucleus. In the nucleus, CAR can also 

interact with RXRŬ to form heterodimer, which can bind with DNA response elements (such as 

conservative 51-base pair element the óphenobarbital-responsive enhancer module (PBREM)ô) to 

induce transcriptional changes of enzymes. It had been known for many years that the enzymes in 

CYP2B family are highly inducible by compounds like phenobarbital. Later, the induction 

mechanism was shown to be mediated through CAR activations.  Besides the inductions of 
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enzymes in CYP2B family, the enzyme inductions in CYP2C and 3A families and non-CYP 

enzymes such as glucuronosyltransferases, glutathione S-transferases and several transporters 

also involve the activations of CAR(Ueda et al., 2002; Assem et al., 2004; Tompkins and 

Wallace, 2007).  

AhR is a transcriptional factor in the Per-Arnt-Sim family. AhR is known to involve in the 

inductions of CYP enzymes including CYP1A1, 1A2 and 1B1, and non-CYP enzymes including 

UDP-glucuronosyltransferase 1A (UGT1A1) and glutathione S-transferase A2 (GSTA2)(Yueh et 

al., 2003; Dere et al., 2006; Tompkins and Wallace, 2007). Without ligand bindings, AhR present 

together with other proteins, such as heat-shock protein 90 (HSP90) and AH receptor-interacting 

protein (AIP), as protein complexes to maintain its stability. Following ligand activations, AhR 

dissociates with HSP90 and AIP and interact with AhR nuclear translocator (ARNT) to form 

AhR-ARNT heterodimer. The heterodimer can translocate from cytosol to nucleus and bind with 

response elements (such as xenobiotic response element (XRE) or dioxin responsive element 

(DRE)) and induce the transcriptional changes of enzymes(Manikandan and Nagini, 2018). The 

AhR ligands include polycyclic aromatic hydrocarbons (PAHs), halogenated aromatic 

hydrocarbons (HAHs) and pharmacologically important drugs such as caffeine and 

eicosanoids(Nebert and Russell, 2002; Tompkins and Wallace, 2007).     

PPARŬ is critical for enzyme induction  within the CYP4A families, the ligands of which include 

hypolipidemic fibrate drugs and phthalate ester plasticizers. The exogenous CYP4A inducers are 

classified as peroxisome proliferator chemicals (PPCs), which are able to considerably increase 

the size and number of peroxisomes in the liver cells. The human tissue distributive abundance of 

PPARŬ is highest in the liver and kidney. Preclinical studies suggested CYP4A inductions were 

disabled in PPARŬ gene knockout mice, which reveals the critical role of PPARŬ in the CYP4A 
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inductions in vivo. Following ligand bindings, PPARŬ can bind with PPC response elements 

(PPREs) in genome as a heterodimer (PPARŬ-RXR) to regulate associated enzyme 

inductions(Lee et al., 1995; Waxman, 1999).   

Besides PXR, CAR, AhR and PPAR, other transcriptional factors also play important roles in 

CYP inductions in families such as CYP1A, 2B and 3A, such as farnesoid X receptor (FXR), 

liver X receptor (LXR), hepatic nuclear factor (HNF), glucocorticoid receptor (GR) and 

CCAAT/enhancer-binding proteins (C/EBPs), given significant overlap presented in the 

regulatory pathways of CYP enzymes(Tompkins and Wallace, 2007).   

1.6 The Impact of CYP Pharmacogenetics on DDIs 

The presence of genetic polymorphism of CYPs not only affects the dispositions of their 

substrates, but also affects the DDIs of their substrates in either an inhibition or an induction 

setting. Yasui-Furukori et al. found the inhibitory effect of fluvoxamine, a CYP1A2 and 

CYP2C19 inhibitor, on the PK of lansoprazole and omeprazole (CYP2C19 substrates) is affected 

by the CYP2C19 genotypes of subjects clinically. In one of the study, following the co-

administration of fluvoxamine and lansoprazole, the AUC0-Ð of lansoprazole increased 3.8-fold 

and 2.5-fold in subjects with CYP2C19 1/*1 (homozygous extensive metabolizers (EMs)) and 

subjects with CYP2C19 *1/*2 or *1/*3 (heterozygous EMs), but no difference in AUC0-Ð in 

subjects with CYP2C19 *2/*3 and *3/*3 (homozygous poor metabolizers (PMs))(Yasui-Furukori 

et al., 2004a). In the other study, co-administration of fluvoxamine increases the Cmax and AUC0-8 

of omeprazole 3.7-fold and 6-fold in homozygous EMs and 2-fold and 2.4-fold in heterozygous 

EMs, but no difference in homozygous PMs(Yasui-Furukori et al., 2004b). Another study 

conducted by Uno et al. also illustrate the presence of CYP2C19 genotype-dependent DDIs using 

rabeprazole, another CYP2C19 substrate, and fluvoxamine(Uno et al., 2006). Using the CYP2D6 

substrate metoprolol and its metabolic inhibitor diphenhydramine, Hamelin et al. conducted in 
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vitro and in vivo studies to show the inhibitory effect on the metabolism of metoprolol is CYP2D6 

genotype-dependent with the highest inhibition occurs in CYP2D6 EMs(Hamelin et al., 2000).  

The CYP2D6 genotype-dependent DDIs presented by this study is consistent with the results of 

other studies which were conducted with other CYP2D6 substrates and inhibitors(A et al., 2001; 

Lessard et al., 2001; Lindh et al., 2003). Additionally, in vitro study conducted by Hummel et al. 

suggested the co-incubation with dapsone increases the intrinsic clearance (CLint) of the 

flurbiprofen 4ô-hydroxylation by 8-, 31-, 47- and 22- fold and the CLint of the naproxen 

demethylation by 7-, 15-, 13-, 22-fold respectively in CYP2C9 enzymes with CYP2C9 *1, *2, *3 

and *5 variants respectively. Since both reactions are mediated by CYP2C9, the study results 

reveal the potential existence of CYP2C9 genotype-dependent DDIs clinically(Hummel et al., 

2004).  Clinically, A study conducted by Kumar et al. in healthy volunteers suggested the 

presence of CYP2C9 genotype-dependent inhibitions in flurbiprofen clearance following the co-

administration of CYP inhibitor fluconazole(Kumar et al., 2008). In addition, a recent clinical 

case report showed a subject with CYP2C9 *3/*3 on both warfarin and rifampin treatments 

experienced an unusual initial warfarin dose adjustments, which warrants future studies to 

evaluate the warfarin DDIs in the presence of CYP2C9 genotypes(Salem et al., 2021).  

1.7 Research Objectives 

Focusing on a specific pharmaco-gene CYP2C9, the objective of my thesis is to characterize the 

extent of clinical DDIs in the presence of various CYP2C9 genotypes using several commonly 

prescribed probe drugs, including warfarin, flurbiprofen, ketoprofen and tolbutamide, and 

clinically important interacting drugs such as fluconazole (a CYP inhibitor) and rifampin (a CYP 

inducer) using a pharmacometric modeling approach. To be sure, the analysis I conducted is part 

of a large PK research initiative. The data I analyzed were collected from two clinical trails 

conducted with healthy volunteers sponsored by National Institutes of Health (NIH). The goal of 
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the analysis is to conduct a model-based analysis to better understand the interactions between 

CYP2C9 genetic polymorphism and the DDIs involving several clinically important drugs. Our 

hypothesis was that when probe drugs are co-administered together with interacting drugs, the 

extent of drug exposure changes vary according to presence of different CYP2C9 genotypes.  

Drug concentration data were collected from healthy subjects with various CYP2C9 genotypes in 

which the susceptible drugs warfarin, flurbiprofen, ketoporfen and tolbutamide were administered 

both alone and together with the CYP inhibitor (fluconazole) or the CYP inducer (rifampin). 

Although part of primary results have been published previously and support the presence of 

CYP2C9 genotype-dependent DDIs, a mathematical model-based analysis has not been 

conducted to characterize the PK profiles collected, which includes both the information of 

pharmacogenetics and DDIs. Developing such models would be potentially useful not only in 

quantifying the pharmacological interactions between DDIs and pharmacogenetics, but also in 

predicting drug exposures using alternative dosing regimens under different co-treatments.    

Four distinct but related projects constitute my thesis projects:  

1. Model-based analysis of concentrations of warfarin parent compounds, which simultaneously 

include pharmacogenetic differences as well as co-administration of interacting drugs.  

2. Model-based analysis of concentrations of 10 warfarin metabolites which simultaneously 

include pharmacogenetic differences as well as co-administration of interacting drugs.  

3. Physiology-based PK modeling (PBPK) of warfarin to understand the effects of DDIs on 

warfarin PK in the presence of CYP2C9 genotypes.  

4. Model-based analysis of the CYP2C9 genotype on the clinical DDIs of the commonly 

prescribed drugs including flurbiprofen, ketoprofen and tolbutamide.   
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Summary 

The objective of this study is to characterize the impact of CYP2C9 genotype on warfarin drug-

drug interactions (DDIs) when warfarin is taken together with fluconazole, a CYP inhibitor, or 

rifampin, a CYP inducer with a nonlinear mixed effect (NLME) modeling approach. A target 

mediated drug disposition (TMDD) model with a urine compartment was necessary to 

characterize both S-warfarin and R-warfarin plasma and urine PK profiles sufficiently. Following 

the administration of fluconazole, our study found subjects with CYP2C9 *2 or *3 alleles 

experience smaller changes in S-warfarin CL compared with subjects without these alleles. 

Whereas, following the administration of rifampin, subjects with CYP2C9 *2/*3 or CYP2C9 

*3/*3  experience larger changes in S-warfarin CL compared with subjects with at least one copy 

of CYP2C9 *1 or *1B. The results suggest different dose adjustments are potentially required for 

patients with different CYP2C9 genotypes if warfarin is administered together with CYP 

inhibitors or inducers.  
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2.1 Introduction  

Although the use of direct oral anticoagulants is increasing recently, warfarin, a vitamin K 

antagonist, continues to be one of the most extensively used oral anticoagulants worldwide 

(Barnes et al., 2015; Mak et al., 2019). Despite being highly effective in preventing stroke and 

other thromboembolic events in patients with atrial fibrillation(Takahashi and Echizen, 2001; 

Hart et al., 2007), warfarin is notorious for its unpredictable pharmacokinetic (PK) and 

pharmacodynamics (PD) behaviors, narrow therapeutic index and high between-subject 

variability(Ufer, 2005; Hamberg et al., 2007).  

Warfarin is administered orally as a racemic mixture of R- and S-warfarin, in a 1:1 molar ratio. 

Following oral administration, warfarin enantiomers undergo rapid absorption and almost 

complete bioavailability(Ufer, 2005). Although both enantiomers possess pharmacological 

activity, S-warfarin is much more potent than R-warfarin(Breckenridge et al., 1974; O'Reilly, 

1974). Warfarin is eliminated primarily through hepatic metabolism with negligible urinary 

excretion(Lewis et al., 1974; Ufer, 2005). Various cytochrome P450 (CYP) enzymes are involved 

in the elimination of R- and S-warfarin to form multiple monohydroxylated metabolites. S-

warfarin is metabolized mainly through CYP2C9, whereas R-warfarin is metabolized through 

various CYP isoforms, such as CYP1A2, CYP2C19 and CYP3A4(Rettie et al., 1992; Ufer, 2005; 

Rettie and Tai, 2006).  

Unfortunately, CYP2C9 is susceptible to substantive genetic polymorphisms with 15% of 

Caucasian carrying at least one functionally impaired allele of CYP2C9 variants *2 (Arg144Cys) 

or *3 (Ile359Leu), which have been shown to be closely related to the reduced catalytic activity 

of CYP2C9(Flora et al., 2017). Since CYP2C9 is highly associated with the elimination of 

pharmacologically more active S-warfarin(Ufer, 2005), subjects with reduced CYP2C9 metabolic 

status, because of the existence of CYP2C9 *2 or *3 alleles, are subject to higher drug exposure 
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and greater risk of dose-related toxicity.  Indeed, studies have reported the CYP2C9 genotype-

dependent exposure of S-warfarin(Flora et al., 2017; Xue et al., 2017) as well as the association 

between CYP2C9 genotype and the risk of warfarin induced toxicity(Kawai et al., 2014).   

Additionally, the CYP2C9 regulatory polymorphism *1B (-3089G>A and -2663delTG) has been 

shown to be significantly associated with determining the maintenance dose of phenytoin because 

of its effect on phenytoin CYP2C9 auto-induction(Chaudhry et al., 2010). Although, CYP2C9 

*1B has been shown to have little impact on the dose of warfarin in various populations (Veenstra 

et al., 2005; Chaudhry et al., 2010), its impact on the clearance (CL) of warfarin following the 

administration of CYP inducers is largely unknown.  

Considerable information has been curated regarding warfarin metabolism, pharmacogenetics, 

and drug-drug interactions (DDIs) and that information has been incorporated into several 

warfarin dosing algorithms(Gage et al., 2008; Finkelman et al., 2011; Kimmel et al., 2013; 

Asiimwe et al., 2021). Nonetheless, warfarin dosing remains challenging and a personalized 

medicine approach is not yet realized. Additional complications continue to be uncovered and a 

recent case report highlights the need for further investigations on the gene-DDIs of 

warfarin(Salem et al., 2021). 

The impact of CYP2C9 genotype on the PK of warfarin parent compounds (R- and S- 

enantiomers) and metabolites using these data has been presented, a rigorous model-based 

analysis on the impact of CYP2C9 genotype on warfarin drug-drug interactions (DDIs) when 

warfarin is administered together with CYP inhibitors and CYP inducers has not been 

conducted(Flora et al., 2017). This manuscript is the first of a pair of manuscripts that extends the 

analysis using a rigorous nonlinear mixed-effect (NLME) model-based analysis that incorporates 

a target-mediated drug disposition (TMDD) model for warfarin. The scope of this paper is a 
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model-based analysis of the impact of CYP2C9 genotype on the DDIs of warfarin parent 

compounds. The companion paper reports the model-based analysis of 10 warfarin metabolites.  
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2.2 Methods 

Study Population 

Study subjects were selected based on their CYP2C9 genotypes from a registered 

pharmacogenomic database as previously described(Flora et al., 2017). Written informed consent 

was required for subject enrollment. Subjects were eligible for enrollment if their age was in the 

range of 18-60 years old, agreed to avoid the use of known CYP2C9 or CYP3A4 substrates, 

inhibitors, inducers or activators, avoid the ingestion of grapefruit or grapefruit related products, 

and avoid taking herbal medications or supplements from one week before the beginning of the 

study to the end of the study. Female subjects were eligible for enrollment only if they agreed to 

avoid conception during the study period. Smokers, subjects with abnormal renal/hepatic 

functions or abnormal capacity of blood coagulation, and subjects with an allergy to study drugs 

(warfarin, fluconazole and rifampin) were excluded.  

Study Design 

To briefly summarize the study design, it was an open-label, multi-phase and cross-over clinical 

pharmacogenetic study approved by Institutional Review Board (IRB), University of Minnesota. 

The study design diagram is shown in Figure S2.1. Twenty-nine healthy subjects with CYP2C9 

*1/*1 (n=8), CYP2C9 *1B/*1B (n=5), CYP2C9 *1/*3 (n=9), CYP2C9 *2/*3 (n=3) and CYP2C9 

*3/*3 (n=4) were enrolled in the study. The number of subjects enrolled for each CYP2C9 

genotype was determined to detect a 20% difference in S-warfarin 7-hydroxylation between 

subjects with CYP2C9 *1/*1 and *1/*3  and achieve 80% statistical power (P<0.05)(Kumar et al., 

2008). Each subject went through three treatment periods during which warfarin was 

administered alone, together with fluconazole or rifampin respectively. For the first period of 

study, each subject was administered a single 10mg oral dose of warfarin (Jantoven; Upsher-
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Smith Laboratories, Maple Grove, Minnesota) after an overnight fast. Seven-mL blood samples 

were collected prior to the dose and at 2hr, 6hr, 1d, 2d, 3d, 4d, 5d, 6d, 7d, 9d, 11d for all subjects. 

Additional blood samples were collected at 13d for subjects with CYP2C9 *1/*3, CYP2C9 *2/*3 

and CYP2C9 *3/*3 and at 15d for subjects with CYP2C9 *2/*3 and CYP2C9 *3/*3 as the half-

life was expected to be longer in these subjects. Urine samples were collected over a 24-hour 

period on days 1, 4, 7 and 10 following warfarin administration. Each subject underwent a 7-day 

washout before entering the second period of study. After entering the second study period, 

subjects were randomized to receive either 400mg fluconazole or 300mg rifampin orally once per 

day for 7 consecutive days as pretreatment to allow the fluconazole/rifampin interaction capacity 

to reach steady state. After pretreatment, a 10mg oral dose of warfarin was administered followed 

by the same blood and urine sampling scheme as the first study period. The administration of 

fluconazole or rifampin was continued until the end of sampling. Another 7-day washout period 

was required before entering the third study period. The design of the third period was the same 

as the second period with subjects crossing over to the alternative interacting drug. S-warfarin 

and R-warfarin concentrations in blood and urine samples were analyzed by LC/MS as previously 

described(Miller et al., 2009; Flora et al., 2017).  

 

PK Modeling 

Dose-dependent changes in the volume of distribution have been observed in several preclinical 

and clinical studies with warfarin (Takada and Levy, 1979; Takada and Levy, 1980; King et al., 

1995). To explain this unusual PK behavior exhibited by warfarin, Levy et al. proposed a 

complex PK phenomenon termed target mediated drug disposition (TMDD) for the first time in 

1994 (Levy, 1994) and successfully characterized warfarin clinical PK profiles with a TMDD 
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model in 2003 (Levy et al., 2003). With the rapid development of therapeutic biologics in early 

2000s, the TMDD model has been widely used to explain the unusual PK nonlinearity in 

monoclonal antibodies(Luu et al., 2012; Vexler et al., 2013; Zheng et al., 2014). In addition, 

several studies published recently readdressed the importance of the application of TMDD model 

in small molecule drugs as well(Yamazaki et al., 2013; An et al., 2015; An, 2017).  

The PK models used for fitting both S- and R-warfarin PK profiles are adapted from the TMDD 

model proposed for warfarin by Levy et.al (Levy et al., 2003; Bach et al., 2019) (Figure 2.1). The 

model is described by equations (1-6) as shown below.  
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where (Adepot, Acent, Aperiph and Aurine represent amounts in depot, central, peripheral and urine 

compartments respectively. AR and ADR represent concentrations in receptor and drug-receptor 

complex compartments respective. The definitions for other parameters are provided in Table 2.1 

and 2.2. 
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The S- and R-warfarin datasets were modeled independently. For each enantiomer, plasma data 

from all three treatment arms were fit simultaneously.  Equations (1-5) were used to estimate the 

parameters of each parent drug in plasma. A sequential modeling approach was applied for 

plasma and urine data. Once an adequate model with drug interaction parameters for plasma 

concentrations was determined, the Empirical Bayes Estimates (EBE) of individual PK 

parameters were imported into the data set. Equation (6) was added and the drug amounts from 

the 12 urine collections (4 collection times per treatment arm) were fitted to estimate the renal CL 

(CLR) portion of total CL. The bioavailability for each parent compound was assumed to be 1 for 

each dose during the study.  

For the first study period, baseline plasma concentrations for S- and R- warfarin in central and 

peripheral compartments were assumed to be 0 given no detectable baseline warfarin 

concentrations at the beginning of first period. Baseline level of receptor compartment (R) was 

parameterized as RBL for estimation and baseline level of drug-receptor complex compartment 

(DR) was set as 0.  

For the second and third study periods, warfarin concentrations were still occasionally measured 

after the 7-day washout period. The system was reinitialized at the beginning of subsequent 

treatments but baseline concentrations for S- and R- warfarin in central and peripheral 

compartments were parameterized as BL and BLP for estimation. Assuming a steady state at 

baseline for R (receptor) and DR (drug-receptor complex) compartments, equations (7-8) could 

be written as shown below.  
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Given baseline concentration in central compartment is parameterized as BL, equation (8) could 

be written as equation (9).  

ὑ ὄὒ ὃ ὑ ὃ π ω 

With equation (7) and equation (9), AR and ADR baseline levels could be solved as shown by 

equations (10-11).  
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Equations (10-11) were used for calculating baseline levels of R and DR compartments for study 

period 2 and 3.   

The covariate effects of CYP2C9 genotypes and co-treatments were added on PK parameters 

using equation (12) and equation (13) respectively as shown below:  

ὝὠὖὝὠὖ  ὖͅὋὩὲέ Ὥ ρς 

ὝὠὖὝὠὖ ὖͅὝὙὝ ρσ 

where (TVP: typical values of parameters; TVPref: typical values of parameters in reference 

groups; P_Geno i: CYP2C9 genotype effect on parameters (i = 1, 2, 3, 4, 5 represent CYP2C9 

*1/*1. *1B/*1B, *1/*3, *2/*3, *3/*3  respectively); P_TRT: co-treatment effect on parameters 

(TRT: Flu: fluconazole, Rif: rifampin)) 

If an association between P_TRT and CYP2C9 genotypes was detected visually, CYP2C9 

genotypes were added as a covariate on P_TRT using equation (14).  

ὖͅὝὙὝὖͅὝὙὝͅὋὩὲέ Ὥ ρτ 
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where (P_TRT_Geno i: co-treatment effect on parameters for subjects with genotype i (i = 1, 2, 3, 

4, 5 represent CYP2C9 *1/*1. *1B/*1B, *1/*3, *2/*3, *3/*3 respectively)) 

All the inter-individual variabilities (IIVs) were parameterized as log-normal distributions, as was 

inter-occasion variability (IOV) on RBL. Residual unexplained variabilities (RUVs) were 

parameterized as proportional errors. All the IIVs and IOVs are assumed to be independent 

during plasma PK modeling so no off diagonal elements were estimated. In contrast, full omega 

matrices ware estimated during urine PK modeling. For MU-referencing purposes, fixed 1% IIVs 

were assumed for unwanted IIV terms to facilitate the optimization efficiency of expectation-

maximization (EM) based methods(Chigutsa et al., 2017). Due to the existence of plasma 

concentrations below the quantification limit (BQL) in R-warfarin PK data, the M3 method (Ahn 

et al., 2008; Bergstrand and Karlsson, 2009) suggested by Stuart Beal was utilized for fitting R 

warfarin plasma PK profiles. All the modeling codes are provided in the Appendix A.  

Model Evaluation 

The model fitting was evaluated by standard diagnostic plots and visual prediction checks (VPCs) 

with 200 simulations. The precision of parameter estimations was assessed by relative standard 

error (RSE) in the output and 95% confidence intervals (CIs) generated following sampling 

importance resampling (SIR) procedure(Dosne et al., 2016).   

Model-based analysis on S-warfarin CL 

Following the model development, the typical values of fluconazole and rifampin effect on S-

warfarin CL (CL_Flu and CL_Rif) in subjects with different CYP2C9 genotypes were exported. 

The percentage changes in CL of S- and R-warfarin following the administration of warfarin 

together with fluconazole and rifampin is calculated using equation (15) as shown below. 
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where (| CL_TRT ï 100% |: absolute difference between co-treatment effects on CL and 100% 

(TRT: Flu: fluconazole, Rif: rifampin)) 

The 95% CIs were constructed with the RSE estimated from the covariance step by assuming a 

symmetrical normal distribution. The typical values and constructed 95% CIs were then plotted 

and compared.  

Software 

All the model fittings were performed using the EM-based algorithm, Importance Sampling 

(IMP) with interaction, using MU-referencing and ñautoò option, within NONMEM 7.4 (ICON 

Development Solutions, Ellicott City, MD, USA)(Bauer, 2015). SIR and VPCs were performed 

with Perl-speaks-NONMEM (PsN 4.9.0, Uppsala, Sweden) within Pirana(Keizer et al., 2011). 

Plots were generated with R 3.6.3 (The R Foundation for Statistical Computing) and RStudio 

1.1.453 (RStudio, lnc.). 

  



30 
 

2.3 Results 

Data Summary 

The demographic information for subjects involved in the study are provided in the 

supplementary materials (Table S2.1). Data were available from 29 subjects that provided 957 S-

warfarin plasma concentrations, all of which were above the lower limit of quantification (LLOQ, 

0.67 ng/mL for S-warfarin). Those blood samples also provided 940 R-warfarin plasma 

concentrations. Of the 921 non-baseline R-warfarin plasma concentrations, 24 measurements 

(2.6%) were below the LLOQ (0.67 ng/mL for R-warfarin). 258 and 266 urine amount 

measurements were included in S- and R- warfarin urine PK model development, respectively. 

Not all subjects participated in three study periods; six subjects only participated in two study 

periods and one subject only participated in one study period. These subjects were included in the 

analysis.   

S-warfarin and R-warfarin plasma and urine PK profiles for subjects with different CYP2C9 

genotypes stratified by co-treatments are plotted in Figure 2.2. The S-warfarin PK profiles in both 

plasma and urine under warfarin only treatment (Figure 2.2 (A) and (B) left) clearly demonstrate 

CYP2C9 genotype dependent drug elimination. In contrast, R-warfarin plasma and urine PK 

profiles under warfarin only treatment indicate the elimination of R-warfarin is independent of 

CYP2C9 genotypes (Figure 2.2 (C) and (D) left). Comparing S- and R-warfarin PK profiles under 

different co-treatments, the elimination appears to be slower and faster after the administration of 

fluconazole and rifampin respectively.  

S-warfarin Model Parameters  

The S-warfarin plasma PK model was able to converge after the inclusion of CYP2C9 genotypes 

and co-treatments as covariates on CL. A TMDD model with a peripheral compartment 
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(equations (1)-(5)) was able to simultaneously characterize S-warfarin plasma PK profiles in the 3 

treatment periods. Initially, the estimates for absorption rate constant (Ka) and the baseline 

concentration in the peripheral compartment (BLp) were estimated with inadequate precision 

(large %RSE). These parameters were then fixed as biologically plausible values. In addition, the 

estimations of Kon and Koff exhibited a high degree of correlation and were initially estimated 

with poor precisions. Literature reported Koff for racemic warfarin(Levy et al., 2003) was then 

fixed in the model, which enabled a precise estimation of Kon.  

Subsequent visual inspections of the fluconazole effect on CL (CL_Flu) vs CYP2C9 genotype 

plots demonstrated the CYP2C9 genotype-dependent changes in CL following the administration 

of fluconazole, with subjects possessing the CYP2C9 *2 or *3 variants exhibiting smaller 

percentage changes. In contrast, visual inspection of the rifampin effect on CL (CL_Rif) vs 

CYP2C9 genotypes demonstrated CYP2C9 genotype-dependent changes of CL following the 

administration of rifampin, with subjects possessing CYP2C9 *2 or *3 variants exhibiting larger 

percentage changes. Thus, CYP2C9 genotype was added as a covariate to CL_Flu and CL_Rif. 

Further visual inspections of the central volume of distribution (VC), association rate constant 

(Kon) and baseline receptor level (RBL) vs CYP2C9 genotype plots showed that subjects with 

CYP2C9 *2/*3 exhibit lower VC and subjects with CYP2C9 *2/*3 and CYP2C9 *3/*3 exhibit 

lower Kon and higher RBL. These covariate effects were then added as fractions for estimation. 

The inclusion of IOV on RBL significantly decreased the objective function value (OFV, -56.739).  

The EBE of individual PK parameters of S-warfarin were exported to the data set following the 

development of the plasma PK model. The urine PK model (equation (6)) for S-warfarin was 

developed subsequently with S-warfarin urine PK data. The final parameter estimations for S-

warfarin are shown in Table 2.1.  
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R-warfarin Model Parameters 

Similar to the S-warfarin plasma PK model, the R-warfarin plasma PK model was able to 

converge after the inclusion of co-treatments as a covariate on CL. A TMDD model with a 

peripheral compartment (equations (1)-(5)) was able to sufficiently characterize the R-warfarin 

plasma PK profiles under different co-treatments simultaneously. The model parameters Ka, BLp 

and Koff were fixed as described for the S-warfarin PK model to avoid inadequate precision in 

model parameter estimations.  

Visual inspection of model parameter vs CYP2C9 genotype plots found subjects with CYP2C9 

*2/*3 and CYP2C9 *3/*3 tended to have a lower and higher VC, respectively. Subjects with 

CYP2C9 *1/*3, CYP2C9 *2/*3 and CYP2C9 *3/*3 tend to have a lower RBL and subjects with 

CYP2C9 *2/*3 tend to have a higher CL_Rif. These covariate effects were added as fractional 

multiplier for estimations. The inclusion of IOV on RBL significantly decreased the OFV (-

63.796).  

The EBE of individual PK parameters of R-warfarin were exported to the data set following the 

development of the plasma PK model. Afterwards, a urine PK model (equation (6)) for R-

warfarin was developed subsequently with R-warfarin urine PK data. The final parameter 

estimations for R-warfarin are shown in Table 2.2. 

Model Evaluations 

The visual prediction checks (VPCs) for S-warfarin plasma and urine PK profiles and R-warfarin 

plasma and urine PK profiles stratified by both CYP2C9 genotype and co-treatments are shown in 

Figure 2.3 and 2.4. In general, the VPCs suggested all the models developed were able to explain 

the PK observations reasonably well. The relative standard error (RSE) generated with covariance 
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step and 95% CIs assessed by SIR suggested the model parameters were estimated with 

reasonable precisions (Table 2.1-2.2).  

Standard diagnostic plots (Figures S2.2-S2.5: S-warfarin; Figure S2.7-S2.10: R-warfarin) 

stratified by either CYP2C9 genotype or co-treatments and individual PK profile fittings (Figure 

S2.6: S-warfarin; Figure S2.11: R-warfarin) provide insufficient evidence to reject the models. 

CYP2C9 Genotype-dependent DDIs Exhibited by S-warfarin  

The parameter estimations from our model demonstrate the existence of the CYP2C9 genotype 

dependent changes in S-warfarin CL following the administration of fluconazole and rifampin 

(Figure 2.5). The percentage inhibition in S-warfarin CL following the administration of 

fluconazole is largest in subjects with CYP2C9 *1/*1, followed by subjects with CYP2C9 *1/*3, 

CYP2C9 *2/*3 and CYP2C9 *3/*3. In contrast, the percentage induction in S-warfarin CL 

following the administration of rifampin is much smaller in subjects with at least one copy of 

CYP2C9 *1 or *1B (*1/*1, *1B/*1B, *1/*3 ) than subjects without CYP2C9 *1 or *1B (*2/*3, 

*3/*3 ).  
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2.4 Discussion 

Being introduced into clinical practice in the 1950s(Wen and Lee, 2013), numerous studies have 

been conducted to investigate the PK of warfarin. Although CYP2C9 genotype-dependent CL of 

S-warfarin has been shown in many studies(Hamberg et al., 2007; Gong et al., 2011; Flora et al., 

2017; Xue et al., 2017), few studies investigated the impact of the CYP2C9 genotypes on warfarin 

DDIs. Taking advantage of PK data collected from a well-designed clinical warfarin DDI study, 

our study performed comprehensive population PK analysis on both S- and R-warfarin in plasma 

and urine, either administered alone or together with different co-medications. Our study 

confirmed the existence of CYP2C9 genotype-dependent CL of S-warfarin, but not R-warfarin. 

More importantly, our study supports the existence of CYP2C9 genotype-dependent DDIs of S-

warfarin (major active component in warfarin), when warfarin is administered with either 

fluconazole or rifampin. The study results indicate subjects with different CYP2C9 genotypes 

potentially require different warfarin dose adjustments when warfarin is administered together 

with CYP inhibitors or inducers.  

One of the obvious characteristics of small molecule drugs exhibiting TMDD is the dose-

dependent changes in apparent volume of distribution. This is caused by the saturation of the high 

affinity, low capacity binding sites at relatively high doses rather than low doses(An, 2017; Bach 

et al., 2019). This phenomenon was first reported by Dr. Gerhard Levy based on extensive 

preclinical studies conducted on warfarin PK(Takada and Levy, 1979; Takada and Levy, 1980). 

In fact, the term target mediated drug disposition (TMDD) was first proposed by Dr. Levy in 

1994 to explain the nonlinear PK behavior exhibited by small molecule drugs like warfarin(Levy, 

1994). In spite of the relatively high prevalence of applying TMDD model in characterizing the 

PK of large molecules, its usefulness in modeling small molecule compounds has gained more 

attention recently(An, 2017). Indeed, with a linear compartmental PK model, we failed to fit 
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either S- or R-warfarin plasma PK profiles under different co-treatments simultaneously. 

Interestingly, adequate fitting can be achieved with linear compartmental models if the PK 

profiles in each treatment period are fit separately. However, a higher volume of distribution was 

estimated when warfarin is administered together with rifampin, and unrealistically long terminal 

half-lives were estimated. To some extent, this is consistent with the dose-dependent changes in 

volume of distribution shown by an early warfarin clinical PK study, in which a higher volume of 

distribution is shown for subjects with lower doses(King et al., 1995). We suspected that when 

either low dose of warfarin is administered or warfarin is cleared faster following the co-

administration of CYP inducer, the unsaturation of the high affinity, low capacity binding sites, 

causes a higher apparent volume of distribution to be estimated. Additionally, a prolonged 

terminal phase was commonly observed for small molecule drugs exhibiting TMDD(An et al., 

2015). The back-extrapolation to the intercept of the prolonged terminal phase normally 

converges to the same concentration regardless of dose(An, 2017; Bach et al., 2019). This is 

because the high affinity binding between drugs and binding sites makes the dissociation between 

them extremely slow, which becomes the rate-limiting step for drug elimination when drug 

concentration in the plasma is low(Bach et al., 2019).  

Although the phenomenon of TMDD has been proposed for certain small molecule drugs for 

many years, the application of TMDD models in modeling warfarin PK is rare. This is not 

surprising given the difficulties in study design to observe the TMDD type of PK behavior in 

small molecule drugs like warfarin. Although the unsaturation of binding sites at relatively low 

doses causes a higher volume of distribution being estimated, following repeated low doses, the 

binding sites are generally saturated which leads to observations of linear PK(An, 2017; Bach et 

al., 2019). Thus, a single dose study with different dosage levels is normally required in order to 

fit a TMDD model adequately. In addition, in order to capture the prolonged terminal phase, a 
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relatively long follow up time is also required. Given many studies were conducted with patients 

taking warfarin on a regular basis or relatively short follow up time following single dose of 

administration(Hamberg et al., 2007; Xue et al., 2017), it is not surprising that linear 

compartmental models are still widely used for modeling warfarin PK in these studies. 

Polypharmacy is more prevalent in older subjects(Maher et al., 2014). A better understanding in 

CL changes of warfarin, especially when warfarin is administered together with either CYP 

inhibitors or inducers is critical to adjust warfarin doses rationally for patients under 

polypharmacy. Interestingly, our study shows subjects with CYP2C9 *2 or *3 alleles are 

experience smaller and larger percentage of CL changes for S-warfarin following the 

administration of fluconazole and rifampin, respectively. Since S-warfarin is the more active 

compound in warfarin, smaller dose adjustments should be made for subjects with CYP2C9 *2 or 

*3 variants, when they take warfarin together with fluconazole. In contrast, larger dosing 

adjustments should be made for these subjects when they take warfarin together with rifampin. It 

is also worth mentioning that both fluconazole and rifampin are non-specific CYP inhibitors and 

inducers, respectively. The differences in the percentage of fluconazole inhibition or rifampin 

induction in S-warfarin CL for patients with different CYP2C9 genotypes might indicate certain 

CYP enzymes involved in warfarin elimination are potentially more inhibitable or inducible than 

others. The warfarin metabolic profile changes following the administration of CYP inhibitors or 

inducers, in subjects with different CYP2C9 genotypes, are evaluated in our companion study, 

where the PK profiles of 10 warfarin metabolites under different treatment conditions are 

modeled on the basis of the parent compound models presented here. The elucidation of 

metabolic profile changes of warfarin, following the administration of non-specific CYP 

inhibitors or inducers, is not only useful in gaining more mechanistic insights behind the CYP2C9 
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genotype-dependent DDIs exhibited by S-warfarin, but also valuable to inform the DDIs of other 

drugs which undergo similar metabolic pathways.  
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2.5 Conclusion 

In summary, we conducted a comprehensive NLME PK analysis to evaluate the impact of 

CYP2C9 genotypes on both S- and R-warfarin DDIs. Our study found subjects with different 

CYP2C9 genotypes experience differences in S-warfarin CL changes following the administration 

of CYP inhibitors or inducers, indicating CYP2C9 genotype-dependent warfarin dose adjustments 

are potentially required. In the future, connecting with literature reported pharmacodynamic (PD) 

models, the PK models presented in this study are potentially useful in informing dose 

adjustments on the basis of therapeutic outcome predictions. Thus, the models presented in this 

study may serve as a valuable tool for optimizing warfarin dosing adjustments in a polypharmacy 

setting.  
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2.6 Figure legends  

Figure 2.1. PK Model Structure for S- and R-warfarin. Notes: Periph: peripheral; Cent: central; R: 

receptors; DR: drug-receptor complexes. 

Figure 2.2. PK profiles for S-warfarin in plasma (A) and urine (B) and R-warfarin in plasma (C) 

and (D). All the PK profiles are stratified by co-treatments. Colors represent different CYP2C9 

genotypes as shown in figure legends. Plots are on log scales. Points represent mean and error 

bars represent 95% confidence intervals. 

Figure 2.3. Visual prediction checks (VPCs) for S-warfarin PK profiles in plasma (A) and urine 

(B). Blue dots represent the observations. Red solid lines represent the medians of model 

predicted concentrations. The upper and lower red dashed lines represent the 10th and 90th 

percentiles of the model predicted concentrations respectively. The figure is stratified by 

genotypes and co-treatments. The black dashed lines represent the lower limit of quantification 

(LLOQ) for S-Warfarin (0.67ng/mL). No observations collected from subjects with CYP2C9 

*1B/*1B and treated with warfarin plus fluconazole. Note: Warf: Warfarin; Flu: Fluconazole; Rif: 

Rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: 

CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3. 

Figure 2.4. Visual prediction checks (VPCs) for R-warfarin PK profiles in plasma (A) and urine 

(B). Blue dots represent the observations. Red solid lines represent the medians of model 

predicted concentrations. The upper and lower red dashed lines represent the 10th and 90th 

percentiles of the model predicted concentrations respectively. The figure is stratified by 

genotypes and co-treatments. The black dashed lines represent the lower limit of quantification 

(LLOQ) for R-Warfarin (0.67ng/mL). No observations collected from subjects with CYP2C9 

*1B/*1B and treated with warfarin plus fluconazole. Note: Warf: Warfarin; Flu: Fluconazole; Rif: 

Rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: 

CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3. 

Figure 2.5. Genotype-dependent CL changes of S-warfarin following the administration of 

fluconazole (A) and rifampin (B). The dots and error bars represent the typical values and 95% 

confidence intervals (CIs) respectively. The 95% CIs are constructed with relative standard error 

(RSE) as shown in table 1 assuming a symmetric normal distribution. 
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2.7 Figures 

Figure 2.1 PK Model Structure for S- and R-warfarin 
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Figure 2.2 PK profiles for S- and R-warfarin in plasma and urine 
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Figure 2.3 Visual prediction checks (VPCs) for S-warfarin PK profiles 
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Figure 2.4 Visual prediction checks (VPCs) for R-warfarin PK profiles 
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Figure 2.5 Genotype-dependent CL changes of S-warfarin following the administration of fluconazole and rifampin 
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2.8 Tables  

Table 2.1 S-warfarin parameter estimations 

Parameters Definitions 
Estimates 

(RSE) 

SIR medians (95% 

CIs) 

IIV/IOV Estimates 

(RSE) 

IIV/IOV SIR medians 

(95% CIs) 
Shrinkage Units Source 

Ka                  Absorption rate constant 2     /hour Fixed 

CL              
Clearance for subjects with CYP2C9 *1/*1 when 

warfarin is administered alone 
0.260 (8%) 0.261 (0.221,0.301) 22.9% (19%) 22.7% (17.5%, 27.8%) 1% L/hour  

VC                
Central compartment volume of distribution for subjects 

with CYP2C9 *1/*1, *1B/*1B, *1/*3 and *3/*3 
5.00 (8%) 5.01 (4.42, 5.64) 21.4% (12%) 21.3% (15.8%, 26.1%) 6% L  

CLD            Distribution clearance 1.25 (18%) 1.23 (0.94, 1.56) 21.7% (37%) 22.3% (5.8%, 34.8%) 41% L/hour  

VP                  Peripheral compartment volume of distribution 3.81 (8%) 3.80 (3.32, 4.24) 12.9% (54%) 13.5% (4.5%, 20.8%) 32% L  

Kon                     
Association rate constant between drug and receptor for 

subjects with CYP2C9 *1/*1, *1B/*1B and *1/*3 
0.00494 (10%) 

0.00500 (0.00402, 

0.00590) 
28.9% (44%) 30.5% (11.9%, 46.9%) 36% L /(µg*hour)  

Koff                     Dissociation rate constant for drug-receptor complex 0.0405     /hour  Fixed28 

RBL                     
Baseline receptor level for subjects with CYP2C9 *1/*1, 

*1B/*1B and *1/*3. 
182 (10%) 181 (155, 212) 

18.9% (26%) (IIV) 19.6% (8.7%, 26.7%) 30% 

µg/L 

 
 

19.5% (18%) (IOV) 19.5% (14.1%, 24.6%) 

32% 

(Period1)  

42% 

(Period2)  

40% 

(Period3) 

CLR Renal clearance 0.00369 (5%) 
0.00368 (0.00337, 

0.00401) 
20.1% (19%) 22.5% (15.5%, 29.2%) 11% L/hour  

BL_P2        Period 2 baseline concentration in central compartment           3.65 (18%) 3.66 (2.53, 4.96) 106% (15%) 108% (74%, 153%) 9% µg/L  

BL_P3         Period 3 baseline concentration in central compartment         3.85 (29%) 3.89 (2.18,5.97) 174% (40%) 172% (97%, 354%) 22% µg/L  

BLP_P2 
Period 2 baseline concentration in peripheral 

compartment           
1     µg/L Fixed 

BLP_P3 
Period 3 baseline concentration in peripheral 

compartment           
1     µg/L Fixed 

CL_Geno2 
% CL for subjects with CYP2C9 *1B/*1B (reference 

CYP2C9 *1/*1) 
88.5% (13%) 

88.8% (69.0%, 

112.0%) 
     

CL_Geno3 
% CL for subjects with CYP2C9 *1/*3 (reference 

CYP2C9 *1/*1) 
60.7% (11%) 61.0% (49.0%, 75.6%)      
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CL_Geno4 
% CL for subjects with CYP2C9 *2/*3 (reference 

CYP2C9 *1/*1) 
27.7% (16%) 27.8% (19.6%, 35.8%)      

CL_Geno5 
% CL for subjects with CYP2C9 *3/*3 (reference 

CYP2C9 *1/*1) 
21.5% (14%) 21.7% (16.3%, 27.4%)      

CL_Flu_Geno1 
% of CL when administered with fluconazole for 

subjects with CYP2C9 *1/*1 
30.5% (5%) 30.5% (27.8%, 33.4%) 

12.5% (41%) 12.7% (8.2%, 18.4%) 25% 

  

CL_Flu_Geno3 
% of CL when administered with fluconazole for 

subjects with CYP2C9 *1/*3 
35.2% (5%) 35.3% (32.1%, 38.4%)   

CL_Flu_Geno4 
% of CL when administered with fluconazole for 

subjects with CYP2C9 *2/*3 
40.3% (8%) 40.4% (34.8%, 46.5%)   

CL_Flu_Geno5 
% of CL when administered with fluconazole for 

subjects with CYP2C9 *3/*3 
52.2% (7%) 52.4% (44.8%, 59.3%)   

CL_Rif_Geno1 
% of CL when administered with rifampin for subjects 

with CYP2C9 *1/*1 
215% (4%) 215% (198%, 232%) 

11.0% (20%) 11.3% (8.5%, 14.2%) 8% 

  

CL_Rif_Geno2 
% of CL when administered with rifampin for subjects 

with CYP2C9 *1B/*1B 
211% (5%) 212% (190%, 233%)   

CL_Rif_Geno3 
% of CL when administered with rifampin for subjects 

with CYP2C9 *1/*3 
219% (4%) 218% (203%, 235%)   

CL_Rif_Geno4 
% of CL when administered with rifampin for subjects 

with CYP2C9 *2/*3 
298% (8%) 299% (253%, 347%)   

CL_Rif_Geno5 
% of CL when administered with rifampin for subjects 

with CYP2C9 *3/*3 
293% (6%) 294% (261%, 330%)   

Vc_Geno4 
% VC for subjects with CYP2C9 *2/*3 (reference all 

other genotypes) 
55.6% (23%) 56.0% (37.0%, 76.3%)      

Kon_Geno4 
% Kon for subjects with CYP2C9 *2/*3 (reference *1/*1, 

*1B/*1B, *1/*3) 
83.7% (26%) 

86.3% (49.1%, 

131.3%) 
     

Kon_Geno5 
% Kon for subjects with CYP2C9 *3/*3 (reference *1/*1, 

*1B/*1B, *1/*3) 
51.8% (30%) 54.0% (29.9%, 83.1%)      

RBL_Geno4 
% RBL for subjects with CYP2C9 *2/*3 (reference 

*1/*1, *1B/*1B, *1/*3 ) 
251% (29%) 255% (152%, 385%)      

RBL_Geno5 
% RBL for subjects with CYP2C9 *3/*3 (reference 

*1/*1, *1B/*1B, *1/*3 ) 
189% (17%) 193% (134%, 258%)      

CLR_Flu % CLR when administered with fluconazole 84.7% (5%) 85.4% (77.8%, 93.2%) 12.6% (48%) 17.2% (9.0%, 24.5%) 47%   

CLR_Rif % CLR when administered with rifampin 130% (6%) 132% (117%, 148%) 23.4 (25%) 27.4% (17.5%, 37.3%) 27%   

ůwarf RUV for warfarin alone period plasma 7.40% (5%) 7.43% (6.84%, 7.95%)      

ůwarf_Flu RUV for warfarin + fluconazole period plasma   5.44% (5%) 5.49% (4.99%, 5.92%)      
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ůwarf_Rif RUV for warfarin + rifampin period plasma 9.20% (5%) 9.21% (8.54%, 9.93%)      

ůwarf_U RUV for warfarin alone period urine   26.0% (8%) 27.8% (24.1%, 31.7%)      

ůwarf_Flu_U RUV for warfarin + fluconazole period urine    29.8% (10%) 29.9% (25.6%, 34.9%)      

ůwarf_Rif_U RUV for warfarin + rifampin period urine 26.0% (10%) 26.5% (22.4%, 31.4%)      

 

Notes: IIV: inter-individual variability; IOV: inter-occasion variability; RUV: residual unexplained variability; RSE: Relative standard error; CI: confidence interval; Sources for parameter 

estimations are estimated except indicated otherwise; IIV and IOV terms are expressed as CV% (Å ρ; RUV terms are expressed as CV% ((Ѝʎ). 
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Table 2.2 R-warfarin parameter estimations 

Parameters Definitions 
Estimates 

(RSE) 

SIR medians (95% 

CIs) 

IIV/IOV Estimates 

(RSE) 

IIV/IOV SIR medians 

(95% CIs) 
Shrinkage Units Source 

Ka                  Absorption rate constant 2     /hour Fixed 

CL              Clearance when warfarin is administered alone 0.119 (5%) 0.119 (0.108, 0.131) 28.3% (12%) 29.1% (23.1%, 35.1%) 0% L/hour  

VC                
Central compartment volume of distribution for subjects 

with CYP2C9 *1/*1, *1B/*1B and *1/*3. 
3.18 (8%) 3.19 (2.75, 3.65) 35.1% (11%) 38.1% (30.1%, 45.1%) 3% L  

CLD            Distribution clearance 2.49 (2%) 2.46 (2.36, 2.56)    L/hour  

VP                  Peripheral compartment volume of distribution 4.79 (1%) 4.79 (4.65, 4.93)    L  

Kon                     Association rate constant between drug and receptor 0.00137 (10%) 
0.00139 (0.00116, 

0.00163) 
23.1% (64%) 29.1% (10.1%, 46.1%) 46% L /(µg*hour)  

Koff                     Dissociation rate constant for drug-receptor complex 0.0405     /hour  Fixed28 

RBL                     
Baseline receptor level for subjects with CYP2C9 *1/*1, 

*1B/*1B.. 
188 (13%) 188 (154, 230) 

15.6% (77%) (IIV) 23.1% (7.1%, 36.1%) 57% 

µg/L 

 
 

36.0% (23%) (IOV) 37.1% (27.1%, 50.1%) 

29% 

(Period1) 

44% 

(Period2) 

45% 

(Period3) 

CLR Renal clearance 0.00436 (5%) 
0.00433 (0.00396, 

0.00480) 
24.8% (18%) 27.4% (20.2%, 34.8%) 8% L/hour  

BL_P2        Period 2 baseline concentration in central compartment           2.75 (23%) 2.82 (1.84, 4.01) 106% (33%) 121% (77%, 203%) 26% µg/L  

BL_P3         Period 3 baseline concentration in central compartment         1.97 (13%) 2.03 (1.57, 2.57) 29.3% (64%) 39.1% (20.1%, 63.1%) 63% µg/L  

BLP_P2 
Period 2 baseline concentration in peripheral 

compartment           
1     µg/L Fixed 

BLP_P3 
Period 3 baseline concentration in peripheral 

compartment           
1     µg/L Fixed 

CL_Flu % of CL when administered with fluconazole 51.3% (4%) 51.1% (48.1%, 55.1%) 18.3% (13%) 19.1% (15.1%, 23.1%) 12%   

CL_Rif 
% of CL when administered with rifampin for subjects 

with CYP2C9 *1/*1, *1B/*1B, *2/*3 and *3/*3. 
268% (3%) 268% (254%, 282%) 

13.5% (14%) 14.1% (11.1%, 17.1%) 5% 

  

CL_Rif_Geno4 
% of CL when administered with rifampin for subjects 

with CYP2C9 *2/*3. 
377% (10%) 380% (316%, 451%)   

Vc_Geno4 
% VC for subjects with CYP2C9 *2/*3 (reference *1/*1, 

*1B/*1B, *1/*3) 
71.1% (22%) 

73.1% (48.1%, 

104.1%) 
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Vc_Geno5 
% VC for subjects with CYP2C9 *3/*3 (reference *1/*1, 

*1B/*1B, *1/*3) 
169% (19%) 175% (121%, 236%)      

RBL_Geno3 
% RBL for subjects with CYP2C9 *1/*3 (reference 

*1/*1, *1B/*1B) 
47.9% (17%) 49.1% (36.1%, 65.1%)      

RBL_Geno4 
% RBL for subjects with CYP2C9 *2/*3 (reference 

*1/*1, *1B/*1B) 
50.6% (22%) 52.1% (31.1%, 74.1%)      

RBL_Geno5 
% RBL for subjects with CYP2C9 *3/*3 (reference 

*1/*1, *1B/*1B) 
21.0% (22%) 21.1% (14.1%, 30.1%)      

CLR_Flu % of CLR when administered with fluconazole 75.2% (5%) 75.6% (67.8%, 83.1%) 14.8% (58%) 20.5% (11.2%, 31.2%) 42%   

CLR_Rif % of CLR when administered with rifampin 143% (8%) 143% (123%, 165%) 34.1% (22%) 39.5% (28.0%, 52.6%) 18%   

ůwarf RUV for warfarin alone period plasma 7.37% (4%) 7.39% (6.82%, 8.05%)      

ůwarf_Flu RUV for warfarin + fluconazole period plasma 6.26% (5%) 6.29% (5.73%, 6.88%)      

ůwarf_Rif RUV for warfarin + rifampin period plasma 8.60% (5%) 8.59% (7.85%, 9.39%)      

ůwarf_U RUV for warfarin alone period urine 25.7% (8%) 27.4% (24.1%, 30.7%)      

ůwarf_Flu_U RUV for warfarin + fluconazole period urine 31.1% (10%) 31.1% (26.9%, 36.3%)      

ůwarf_Rif_U RUV for warfarin + rifampin period urine 26.8% (11%) 27.8% (23.4%, 33.0%)      

 

Notes: IIV: inter-individual variability; IOV: inter-occasion variability; RUV: residual unexplained variability; RSE: Relative standard error; CI: confidence interval; Sources for parameter 

estimations are estimated except indicated otherwise; IIV and IOV terms are expressed as CV% (Å ρ; RUV terms are expressed as CV% ((Ѝʎ). 
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2.9 Supplementary materials 

Table S 2.1 Demographics for subjects with various CYP2C9 genotypes 

 

 

 

 

 

 

 

 

 

 

 

  

 CYP2C9 *1/*1 CYP2C9 *1B/*1B CYP2C9 *1/*3 CYP2C9 *2/*3 CYP2C9 *3/*3 

Number of Subjects 8 5 9 3 4 

Age (y) 22 (19ï54) 23 (22-31) 26 (18ï52) 28 (21ï51) 29 (19ï33) 

Weight (kg) 68.7 (43.1ï87.0) 59.4 (57.2-78.9) 70.2 (59.7ï98.7) 57.5 (51.1ï58.5) 86.7 (79.2ï97.3) 

Sex      

     Female 4 3 5 3 0 

     Male 4 2 4 0 4 

Race      

     Asian 1 3 1 0 0 

     White 7 1 8 3 4 

     American Indian/Alaskan Native 0 1 0 0 0 

Ethnicity      

     Hispanic or Latino 1 0 1 0 0 

     Not Hispanic or Latino 7 5 8 3 4 
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Figure S 2.1 Study Design Diagram.  

Each subject went through 3 study periods (upper dark-blue section). Period 1 (red box), single 10mg dose of warfarin. Periods 2 and 3 in crossover (yellow box), each subject was pretreated with either 400mg fluconazole or 300mg rifampin 

once daily for 7 consecutive days, followed by a single 10mg dose of warfarin and continuous treatment with either 400mg fluconazole or 300mg rifampin once daily through the sampling phase.  Notes: q.d.: Once daily.  
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Figure S 2.2 Diagnostic plots for S-warfarin plasma stratified by co-treatments 
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Figure S 2.3 Diagnostic plots for S-warfarin plasma stratified by CYP2C9 genotypes 
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  Figure S 2.4 Diagnostic plots for S-warfarin urine stratified by co-treatments 
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  Figure S 2.5 Diagnostic plots for S-warfarin urine stratified by CYP2C9 genotypes 
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Figure S 2.6 Individual prediction checks for S-warfarin.  

Individual prediction checks for S-warfarin plasma (left) and urine (right) PK profiles.  Dots are observations and lines are predictions. Plots are 

on log scales. Colors represent CYP2C9 genotypes and shapes represent co-treatments as shown in figure legends. 
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Figure S 2.7 Diagnostic plots for R-warfarin plasma stratified by co-treatments 
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Figure S 2.8 Diagnostic plots for R-warfarin plasma stratified by CYP2C9 genotypes 
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Figure S 2.9 Diagnostic plots for R-warfarin urine stratified by co-treatments 



60 
 

  

  

Figure S 2.10 Diagnostic plots for R-warfarin urine stratified by CYP2C9 genotypes 
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Figure S 2.11 Individual prediction checks for R-warfarin.  

Individual prediction checks for R-warfarin plasma (left) and urine (right) PK profiles.  Dots are observations and lines are predictions. Plots are on log 

scales. Colors represent CYP2C9 genotypes and shapes represent co-treatments as shown in figure legends. 
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Chapter 3 Pharmacokinetic Modeling of Warfarin ɯI ï Model-based 

Analysis of Warfarin Metabolites following Warfarin Administered 

either Alone or Together with Fluconazole and Rifampin 
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Summary 

The objective of this study is to conduct a population pharmacokinetic (PK) model-based analysis 

on 10 warfarin metabolites (4ô-, 6-, 7-, 8- and 10-hydroxylated (OH)-S- and R- warfarin), when 

warfarin is either administered along or together with fluconazole and rifampin. One or two 

compartment PK models expanded from target mediated drug disposition (TMDD) models 

developed previously for racemic warfarin parent compounds were able to sufficiently 

characterize the PK profiles of 10 warfarin metabolites in plasma and urine under different 

conditions. Model-based analysis shows CYP2C9 mediated metabolic elimination pathways are 

more inhibitable by fluconazole but less inducible by rifampin, compared with non-CYP2C9 

mediated elimination pathways, which potentially explains the CYP2C9 genotype-dependent 

DDIs exhibited by S-warfarin, when warfarin is administrated together with fluconazole and 

rifampin. Additionally, a model-based analysis of warfarin metabolic profiles in subjects with 

various CYP2C9 genotypes demonstrates for subjects with CYP2C9 *2 and *3 variants, CYP2C9 

mediated elimination is less important and non-CYP2C9 mediated elimination is more important, 

compared with subjects without these variants. To our knowledge, this is so far one of the most 

comprehensive population-based PK analyses of warfarin metabolites in subjects with various 

CYP2C9 genotypes under different co-medications.   
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3.1 Introduction  

Since being introduced into clinical practice in the 1950s(Shapiro, 1953), warfarin continues to be 

one of the most commonly prescribed anticoagulant drugs in the world nowadays(Flora et al., 

2017). Although highly effective in treating diseases such as atrial fibrillation and venous 

thromboembolism, the narrow therapeutic index, high inter-individual variability, and potentially 

life-threatening and dose-limiting toxicities, such as intracranial hemorrhage, compromise the 

clinical use of warfarin(Smith et al., 1990; Takahashi and Echizen, 2001; Hart et al., 2007; Ansell 

et al., 2008).  

Following the oral administration of warfarin enantiomers, both R- and S-warfarin are absorbed 

rapidly and eliminated primarily through cytochrome P450 (CYP) mediated hepatic metabolism, 

to form multiple monohydroxylated metabolites(Kaminsky and Zhang, 1997; Ufer, 2005). S-

warfarin, the pharmacologically more active  enantiomer of warfarin, is primarily (>80%) 

metabolized by CYP2C9 to form either 7- or 6-hydroxylated (OH)-S-warfarin, although 4ô-, 8- 

and 10-OH-S-warfarin can also be formed viacatalysis by other CYPs such as CYP2C19 and 

CYP3A4(Rettie et al., 1992; Ufer, 2005; Pouncey et al., 2018). R-warfarin, in contrast, is 

metabolized by multiple CYP enzymes, such as CYP1A2, CYP2C19 and CYP3A4, to form 4ô-, 6-, 

7-, 8- and 10-OH-R-warfarin, (Zhang et al., 1995; Wienkers et al., 1996; Ufer, 2005; Rettie and 

Tai, 2006; Pouncey et al., 2018). Following the formation of monohydroxylated metabolites, 

several warfarin metabolites, such as 4ô-, 6-, 7- and 8-hydroxylated S- or R-warfarin, can undergo 

either urinary excretion or further metabolism, such as glucuronidation and sulphation, although 

the relative importance in vivo of these conjugation pathways is unclear so far(Jansing et al., 

1992; Takahashi et al., 1997; Ufer, 2005; Zielinska et al., 2008; Miller et al., 2009; Jones et al., 

2010b; Pugh et al., 2014).  Diastereomeric warfarin alcohols, minor warfarin metabolites, were 
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also identified in human urine, the formation of which is CYP-independent(Lewis and Trager, 

1970; Moreland and Hewick, 1975; Hermans and Thijssen, 1989; Ufer, 2005).  

Numerous previous studies suggested that genetic polymorphism in CYP2C9 contributes 

significantly to the high inter-individual variability (IIV) in S-warfarin exposure, complicating 

warfarin dosing(Rettie et al., 1994; Takahashi and Echizen, 2001; Hamberg et al., 2007; Flora et 

al., 2017; Xue et al., 2017). For enzymes encoded by the CYP2C9 gene with *2 (430C>T) and *3 

(1075A>C) variants, in vitro studies suggest the intrinsic clearance (CL) of CYP2C9 mediated S-

warfarin 7-hydroxylation is approximately 5.5-fold and 27-fold lower compared with enzyme 

encoded by wild type CYP2C9 gene(Rettie et al., 1994; Haining et al., 1996; Ufer, 2005). A 

population pharmacokinetic (PK) analysis demonstrated that subjects homozygous with respect to 

CYP2C9 *2 or *3 exhibit a 72% and 85% reduction in S-warfarin CL, respectively compared 

with subjects homozygous for CYP2C9 *1/*1 (Hamberg et al., 2007).  Additionally, previous 

study show that the CYP2C9 *1B haplotype (characterized by -3089G_A and -2663delTG) is in 

linkage disequilibrium (LD) with CYP2C19 *2, which can impact the auto-induction of phenytoin 

(Chaudhry et al., 2010). The CYP2C9 *1B haplotype is also associated with the maintenance 

doses of phenytoin in epileptic patients but not associated with warfarin maintenance doses in a 

Chinese patient population(Chaudhry et al., 2010). However, whether these genetic variants are 

associated with the PK of warfarin metabolites is largely unclear.  

Despite many studies being conducted with warfarin, a comprehensive model-based analysis of 

the metabolic profiles of the warfarin enantiomers and their metabolites, following the 

administration of either warfarin alone or together with fluconazole and rifampin, utilizing a 

population PK modeling approach is still lacking. The study presented here is the second 

manuscript of a two-part companion series describing warfarin kinetics. In the first analysis,  we 
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found that CYP2C9 genotypes are associated with the magnitude of S-warfarin CL changes when 

warfarin is co-administrated with CYP inhibitors or CYP inducers, so called CYP2C9 genotype-

dependent drug-drug interactions (DDIs)(Cheng et al., unpublished-a). However, the mechanism 

behind CYP2C9 genotype-dependent DDIs exhibited by S-warfarin is poorly understood. Taking 

advantage of the comprehensive plasma and urine PK profiles collected for 10 warfarin 

metabolites (4ô-, 6-, 7-, 8-, 10-OH-S and R-warfarin), the goal of the herein presented work is to 

conduct a model-based analysis of the pharmacokinetics of 10 warfarin metabolites to gain a 

better understanding of the changes in warfarin metabolic profiles under different conditions and 

to provide more mechanistic insights behind the CYP2C9 genotype-dependent DDIs exhibited by 

S-warfarin shown in our companion analysis(Cheng et al., unpublished-a). Interestingly, several 

unexpected findings were observed in the current analysis of metabolite pharmacokinetics, such 

as the effect of CYP2C9 *1B on the magnitude formation CL (CLf) changes of several 

metabolites following the administration of warfarin together with rifampin.  
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3.2 Methods 

Data 

Data used for developing the warfarin metabolite models were collected from an open-label, 

multi-phase and cross-over clinical pharmacogenetic study approved by Institutional Review 

Board (IRB), University of Minnesota. Details about the study population and study design are 

provided in the first manuscript of our companion manuscripts(Cheng et al., unpublished-a). 

Briefly, 29 healthy subjects with CYP2C9 *1/*1 (n=8), CYP2C9 *1B/*1B (n=5), CYP2C9 *1/*3 

(n=9), CYP2C9 *2/*3 (n=3) and CYP2C9 *3/*3 (n=4) were enrolled in the study with written 

informed consent.  

Each subject underwent three treatment periods. For the first period, each subject was treated with 

a single 10mg oral dose of warfarin followed by an 11-15 day sampling phase and a 7-day 

washout phase before entering the second period. For the second period, subjects were 

randomized and administered either 400mg fluconazole or 300mg rifampin orally once daily for 

continuously 7 days to allow the concentration of fluconazole or rifampin to reach the steady 

state. Afterwards, a single 10mg oral dose of warfarin was administered for each subject followed 

by an 11-15 day sampling phase and a 7-day washout phase. Fluconazole or rifampin was 

continuously administered on a daily basis during the sampling phase. The design of the third 

period was the same as the second period with subjects crossing over to the alternative interacting 

drug.  

Blood samples were taken at 2 hours (hr), 6hr, 24hr, 2 days (d), 3d, 4d, 5d, 6d, 7d, 9d and 11d 

after the dose of warfarin for each subject. For subjects with CYP2C9 *1/*3, an additional blood 

sample was taken at 13d and for subjects with CYP2C9 *2/*3 and *3/*3 genotypes, two more 
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blood samples were taken at 13d and 15d since these subjects were assumed to exhibit a longer 

warfarin elimination half-life. Urine samples were collected at 24hr intervals for each subject at 

1d, 4d, 7d and 10d. Concentrations of 4ô-, 6-, 7-, 8-, 10-OH-S and R-warfarin in both plasma and 

urine were analyzed by LC/MS with the methods described in the previous studies(Miller et al., 

2009; Flora et al., 2017). The lower limit of quantifications (LLOQs) for 4ô-, 6-, 7-, 8-, 10-OH-

warfarin metabolites were 0.75, 0.4, 0.67, 0.5 and 0.75 ng/mL respectively(Flora et al., 2017).  

PK Model Development 

The PK models for S- and R-warfarin metabolites were built subsequently on the basis of the PK 

models developed for S- and R-warfarin parent compounds(Cheng et al., unpublished-a). After 

the development of the S-and R-warfarin models with CYP2C9 genotype and drug interaction 

covariate effects, the Empirical Bayes Estimates (EBE) of individual PK parameters were 

exported to the S- and R-warfarin metabolites data sets respectively to derive the metabolite PK 

profiles. The molecular weight difference between parent compounds (308 Da) and metabolites 

(324 Da) were adjusted during the model fitting process. The covariate effects of CYP2C9 

genotypes and co-treatments were parameterized using the equations (1-2) as shown below.  

ὝὠὖὝὠὖ  ὖͅὋὩὲέ Ὥ ρ 

ὝὠὖὝὠὖ ὖͅὝὙὝ ς 

(TVP: typical values of parameters; TVPref: typical values of parameters in reference groups; 

P_Geno i: CYP2C9 genotype effect on parameters (i = 1, 2, 3, 4, 5 represent CYP2C9 *1/*1. 

*1B/*1B, *1/*3, *2/*3, *3/*3  respectively); P_TRT: co-treatment effect on parameters (TRT: Flu: 

fluconazole, Rif: rifampin)) 
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If an association between CYP2C9 genotypes and P_TRT is identified by visual inspection, 

CYP2C9 genotype effects were added on P_TRT as a covariate using the equation (3) as shown 

below.  

ὖͅὝὙὝὖͅὝὙὝͅὋὩὲέ Ὥ σ 

(P_TRT_Geno i: co-treatment effect on parameters for subjects with genotype i (i = 1, 2, 3, 4, 5 

represent CYP2C9 *1/*1. *1B/*1B, *1/*3, *2/*3, *3/*3 respectively)) 

A covariate introducing a 3.84 decrease in objective function values (OFVs) with one degree of 

freedom at a  level of 0.05 is considered to be statistically significant.  

The schematic PK model structures for each warfarin metabolite are shown in Figure 3.1. For 4ô-, 

8- and 10-OH-S-warfarin, a one-compartment PK model with a urine compartment connected 

with the S-warfarin PK model with covariates was able to adequately describe the PK profiles for 

each metabolite in both plasma and urine under different conditions. For 6-, 7-OH-S-warfarin and 

all the R-warfarin related metabolites, a two-compartment PK model with a urine compartment 

connected with either S- or R-warfarin PK model with covariates was able to adequately describe 

each metaboliteôs PK profiles in both plasma and urine under different conditions.  

Without studies conducted with each metabolite administrated by itself and prior knowledge 

about the fraction of parent compound converted to each metabolite (fm), the volume of 

distribution (Vd) of each metabolite is theoretically not identifiable using only the metabolite 

plasma PK profiles following the administration of parent compound(Cosson et al., 2007). 

However, this can potentially be overcome if the plasma and urine PK profiles of each metabolite 

are fitted simultaneously assuming the metabolite produced is 100% excreted through urine. The 

model fitting for each warfarin metabolite performed in this study were based on this assumption 
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with plasma and urine measurements fitted simultaneously. Although this assumption allows the 

Vd of each metabolite model to become estimable, this may lead to underestimation of metabolite 

Vd, especially for metabolites that undergo extensive phase II metabolism such as glucuronidation 

or sulphation. The underestimation of Vd can further lead to underestimation of CLf of each 

metabolite. Indeed, several warfarin metabolites such as 4ô-, 6-, 7- and 8-OH warfarin have been 

shown to undergo various extents of glucuronidation and the overall percentages of warfarin 

metabolites that undergo glucuronidation varies from 14% to 59% between patients as shown by 

previous studies(Zielinska et al., 2008; Jones et al., 2010b).  Thus, the Vd and CLf estimated in 

this study should be interpreted as the minimal possible values for each metabolite.  

The baseline plasma concentrations in period 1 for all the metabolites were assumed to be zero 

during the entire modeling process. The baseline plasma concentrations in period 2 and 3 were 

assumed to be non-zero for 4ô-, 6-, 7-, 8-OH-S- and 7-, 10-OH-R-warfarin and parameters for 

baseline concentrations in the central and peripheral compartments were included for estimations. 

Additionally, the baseline plasma concentrations in period 2 and 3 were assumed to be zero for 

10-OH-S- and 4ô-, 6-, 8-OH-R-warfarin since the baseline concentration parameters in period 2 

and 3 cannot be estimated with adequate precision for these metabolites.  

IIV terms were parameterized by assuming a log-normal distribution. For each undesired IIV, a 

fixed 0.3% inter-individual variability was assumed to facilitate the optimization efficiency of the 

expectation-maximization (EM) based method(Chigutsa et al., 2017). Proportional error models 

were used for modeling residual unexplained variabilities (RUVs). All IIVs were assumed to be 

independent of each other, thus no off-diagonal matrix elements were estimated. Because of the 

existence of many plasma concentrations below the lower limit of quantification (LLOQ), the M3 

method(Ahn et al., 2008; Bergstrand and Karlsson, 2009) proposed by Stuart Beal was used to 
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account for the missing concentrations in the plasma PK profiles of each metabolite. NONMEM 

code for 7-OH-S-warfarin has been provided as an example in Appendix B.  

Model Evaluations 

The evaluations of model fitting were performed by visual prediction check (VPCs) stratified by 

model covariates, such as CYP2C9 genotypes and co-medications, with 200 simulations. Because 

of the existence of plasma concentrations below LLOQ, a two panel VPC procedure was 

followed to evaluate model fitting in plasma for each metabolite(Bergstrand and Karlsson, 2009). 

The precision of the parameter estimations was evaluated with the relative standard error (RSE) 

generated with the covariance steps and 95% confidence intervals (CIs) constructed following the 

sampling importance resampling (SIR) procedure(Dosne et al., 2016).  

Model-based analysis  

Percentage changes in CLf of each metabolite and percentage changes in renal CL (CLR) of each 

parent compound following the administration of fluconazole and rifampin were calculated with 

model parameters estimated by each metabolite model or parent compound model(Cheng et al., 

unpublished-a) with equation (4) as shown below. 

Ϸ ὧὬὥὲὫὩί Ὥὲ ὅὒ έὶ ὅὒ ὅὒ ὝͅὙὝέὶ ὅὒ ὝͅὙὝ ρππϷ τ 

(| CLf_TRT (or CLR_TRT)-100% | represent the absolute difference between co-treatment effects 

on CLf of each metabolite (or CLR of each parent compound) and 100%. (TRT: Flu: fluconazole, 

Rif: rifampin)) 

The 95% CIs were constructed with RSE estimated from the covariance steps by assuming a 

symmetrical normal distribution.  
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For model-based analysis of the elimination profiles of warfarin and its metabolites, S- and R-

warfarin CL, CLR and the covariate effects on them were extracted from our companion 

study(Cheng et al., unpublished-a).  The S- and R-warfarin CL and CLR, CLf   for each warfarin 

metabolite in subjects with various CYP2C9 genotypes under different co-treatments were first 

calculated with the corresponding covariates. The percentages of CLf of each metabolite or CLR 

of each parent compound with respect to S- or R-warfarin CL, in subjects with various CYP2C9 

genotypes under different co-treatments, were then calculated using the equation (5) as shown 

below.  

Ϸὅὒ έὶ Ϸὅὒ
ὅὒ έὶ ὅὒ

ὅὒ
 υ 

Data Analysis 

Model fittings were implemented with the Importance Sampling Algorithm (IMP) with 

interaction using ñauto=1ò option and mu-reference within NONMEM 7.4 (ICON Development 

Solutions, Ellicott City, MD, USA)(Bauer, 2015). Perl-speaks-NONMEM (PsN 4.9.0, Uppsala, 

Sweden) within Pirana interface(Keizer et al., 2011) was utilized to facilitate the implementation 

of VPC and SIR. R 3.6.3 (The R Foundation for Statistical Computing) and RStudio 1.1.453 

(RStudio, lnc.) were utilized for data pre- and post-processing and data visualization.  
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3.3 Results 

Data 

The number of plasma concentrations and urine amounts included for developing each metabolite 

PK model are shown in Table S3.1. The plasma measurements are categorized into baseline 

concentrations, non-baseline concentrations above the LLOQ and non-baseline concentrations 

below LLOQ.  

Parameters representing baseline plasma concentrations in periods 2 and 3 were initially included 

for 10-OH-S- and 4ô-, 6-, 10-OH-R-warfarin, but relatively imprecise estimations (large RSE) 

were observed. Thus, for these compounds, no parameters related to baseline plasma 

concentrations were included and baseline plasma concentrations were assumed to be zero in all 

treatment periods. Additionally, poor fitting of the 10-OH-S-warfarin plasma PK profiles in three 

individuals was observed with all the structure models tested and also exhibited an excessive 

influence on the overall model fitting and parameter estimations. Thus, the 10-OH-S-warfarin PK 

profiles for these three individuals were subsequently excluded during model fitting.  

The plasma and urine PK profiles used for developing each metabolite model are shown in 

Figures 3.2 and 3.3 respectively. In general, plasma concentrations were readily detected and 

substantial for most of the warfarin metabolites except for 4ô-, 8-OH-S- and 7-OH-R-warfarin. 

The substantial number of plasma concentrations below the LLOQ indicate an extremely low 

plasma exposure of these metabolites (Table S3.1). In contrast, 4ô-, 8-OH-S- and 7-OH-R-

warfarinwere readily detected in urine, suggest they are rapidly eliminated following their 

enzymatic generation. Additionally, despite substantial concentrations of 10-OH-S- and 10-OH-

R-warfarin in plasma, these metabolites were only sparsely detected in urine.  
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Model parameters 

The parameter estimations for 4ô-, 6-, 7-, 8-, 10-OH-S- and R-warfarin are shown in Table S3.2-

S3.11 respectively. Model parameters were estimated with reasonable precision as indicated by 

the RSE estimated from the covariance steps and 95% CIs generated following the SIR 

procedure. The inhibitory and inducing effects of fluconazole and rifampin, respectively, on the 

CLf of the warfarin metabolites was variable and metabolite-dependent. As would be expected, 

the CYP2C9 genotype impacted the CLf of 6-, 7-OH-S-warfarin but surprisingly 8-OH-S-

warfarin, also.  

For metabolites with sparse plasma PK profiles, such as 4ô-OH-S-, 7-OH-R-, 8-OH-S-warfarin, 

large RUV estimations (128%, 2640% and 352%) for the plasma PK profile fits were observed 

(Table S3.2, S3.7 and S3.8). In addition, for these metabolites, several excessively large IIV 

estimations for CL and VC were also noted. It is suspected that the existence of substantial 

number of plasma concentrations below the LLOQ contributed to the excessive amount of 

uncertainty (either IIV or RUV) estimated.  

Model Evaluations 

Again, the model parameters were estimated with reasonable precision based on the RSEs 

generated with the covariance steps and the 95% CIs calculated with SIR overall (Table S3.2-

S3.11). The visual prediction checks (VPCs), which are stratified by CYP2C9 genotypes and co-

medications, suggested the developed models can predict the PK observations in both plasma and 

urine for each metabolite reasonably well (Figure S3.1-S3.10, A and C). Importantly, the 

observed fractions of concentrations below quantification limits (BQL) in plasma PK profiles 
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align well with the model predicted fraction of concentrations BQL (Figure S3.1-S3.10, B) which 

indicate the appropriate use of M3 method.  

Model-based Analysis  

The estimated inhibitory effect of fluconazole and inducing effect of rifampin on the CLf of each 

metabolite or on the CLR of each parent compound are presented in Figure 3.4. Following the 

administration of fluconazole, the CLf of each metabolite and the CLR of each parent enantiomer 

decrease. Notebly, the decrease in CLR is much less compared with the decrease in CLf of each 

metabolite, following the administration of fluconazole. In contrast, following the administration 

of rifampin, the CLf of each metabolite and the CLR of each parent compound increase, with a 

much lesser increase in CLR compared with the increase in CLf of each metabolite. Interestingly, 

our model identified subjects with the CYP2C9 *1B/*1B genotype exhibit a greater induction of 

CLf (higher CLf_Rif) for 10-OH-S- and 10-OH-R-warfarin but a lesser induction on CLf (lower 

CLf_Rif) for 8-OH-R-warfarin following the administration of rifampin (Figure 3.4, B and D).  

7- and 6-OH-S-warfarin are the most abundant metabolites of S-warfarin, the formation of which 

is mediated by CYP2C9 (Table 3.1). Following the administration of fluconazole, the percentage 

decrease in CLf of 7- and 6-OH-S-warfarin was similar to the decrease in CLf of 4ô- and 8-OH-S-

warfarin (Figure 3.4A). However, fluconazole had a lesser impact on 10-OH-S-warfarin CLf and 

a minimal impact on S-warfarin CLR (Figure 3.4A). Rifampin administration, however, increased 

the CLf of 7- and 6-OH-S-warfarin to a lesser extent than any of the other S-warfarin metabolites 

(Figure 3.4B).  

The metabolic profiles for S-warfarin (the percentages of CLf of each metabolite or CLR of each 

parent compound with respect to S-warfarin CL), in subjects with various CYP2C9 genotypes 
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under different co-treatments, are shown in Figure 3.5. For subjects with the CYP2C9 *2 and *3 

variants, the proportion of CYP2C9 mediated warfarin CL occurring through the formation of 6- 

and 7-OH-S-warfarin decreases, but the proportion of non-CYP2C9 mediated warfarin clearance 

increases. Interestingly, the CLR of S-warfarin contributes more towards S-warfarin CL in 

subjects possessing the CYP2C9 *2 and *3 variants compared with wild-type subjects (CYP2C9 

*1/*1 ), regardless of co-medications administered. Despite suggestions that the CLR of S-

warfarin is generally inconsequential, our results suggest for subjects with the CYP2C9 *2/*3 and 

*3/*3 variants, the CLR of S-warfarin can constitute up to 5.1% and 6.6% of overall S-warfarin 

CL respectively, when warfarin is administered alone, and can constitute up to 10.8% and 10.7% 

of overall S-warfarin CL respectively, when warfarin is administered together with fluconazole.  

The percentages of CLf for each metabolite or CLR for each parent enantiomer with respect to R-

warfarin CL,in subjects with various CYP2C9 genotypes under different co-treatments, are shown 

in Figure 3.6. Unlike S-warfarin, no obvious CYP2C9 genotype-dependency is detected in the R-

warfarin metabolic profiles. Following the administration of fluconazole, CLR contributes more 

and CLf through R-warfarin metabolites contributes less towards overall CL of R-warfarin. 

Following the co-administration of rifampin, CLR of R-warfarin contribute less towards overall 

CL. Interestingly, the formation of 4ô-,8-, 10-OH-R-warfarin play a ,ore prominent role in R-

warfarin elimination  following the co-administration of rifampin compared to the control 

situation (no rifampin). In contrast, the formation of 6-, 7-OH-R-warfarin metabolites appears to 

play a lesser role in R-warfarin elimination following the co-administration of rifampin.   
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3.4 Discussion 

In this study, we developed PK models for 10 warfarin metabolites on the basis of the S-and R-

warfarin PK models built in our companion study(Cheng et al., unpublished-a). Our models were 

able to characterize the plasma and urine PK profiles of 10 warfarin metabolites reasonably well 

as illustrated by VPCs in supplementary materials. The precision of parameter estimations was 

reasonable as indicated by RSE estimated by the covariance steps and 95% CIs generated 

following SIR procedure. Importantly, the developed warfarin metabolite models were able to 

provide more mechanistic insights about warfarin disposition, following warfarin administered 

either alone or together with fluconazole and rifampin.  

Many previous studies show 7- and 6-OH-S warfarin are the major metabolites for S-warfarin, 

the formation of which are mediated by CYP2C9(Rettie et al., 1992; Kaminsky and Zhang, 1997; 

Ufer, 2005). As expected, our model-based analysis confirmed previous findings by showing 7- 

and 6-OH-S-warfarin are the most predominant metabolites for S-warfarin, the CLf of which is 

associated with CYP2C9 genotypes (Figure 3.5). Surprisingly, subjects with CYP2C9 *2 and *3 

variants also exhibit a lower CLf of 4-OH-R- and 8-, 10-OH-S-warfarin which potentially suggest 

CYP2C9 may also be involved in their formation. Interestingly, our model detects a strong 

CYP2C9 genotype-dependent elimination clearance (CLe) for 10-OH-S-warfarin. Subjects with 

more defective CYP2C9 genotypes exhibit a higher CLe for 10-OH-S-warfarin. This potentially 

suggests further CYP-dependent metabolism or conjugation, such as glucuronidation, may be 

involved in the elimination of 10-OH-S-warfarin. Indeed, the involvement of subsequent 

metabolism steps may also explain the relatively low urine level of 10-OH-S-warfarin (Figure 3.3 

I). Interestingly, a previous study also suggests the exposure level of 10-OH-S-warfarin is related 

to CYP2C9 genotype(Pouncey et al., 2018). However, this study concludes subjects who are 
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CYP2C9 extensive metabolizers may exhibit a lower concentration of 10-OH-S-warfarin which is 

paradoxical with our analysis. Given that many studies show the formation of 10-OH-S-warfarin 

is mediated by CYP3A4(Kaminsky and Zhang, 1997; Ngui et al., 2001; Pouncey et al., 2018), the 

impact of CYP2C9 on the elimination rather than the formation of 10-OH-S-warfarin 

demonstrated  by our analysis may provide additional insight about its disposition and warrant 

further investigation. The formation of 10-OH-R-warfarin is mediated by CYP3A4 as well(Ufer, 

2005; Pouncey et al., 2018). The plasma concentration of 10-OH-R-warfarin appear to be the 

highest among the R-warfarin metabolites (Figure 3.2), but its PK characteristics have heretofore 

been extensively assessed. Here, our model identified a relatively low CLf and a relatively small 

Vd for 10-OH-R-warfarin (Table S3.11). The non-compartmental analysis reported in our 

previous study demonstrated that 10-OH-R-warfarin also has an uncommonly long terminal half-

life (>100 hours) and exhibits elimination rate-limited kinetics(Flora et al., 2017). In addition, the 

urinary excretion of 10-OH-R-warfarin appears to be very limited (Figure 3.3 J). The mechanism 

behind the unusual PK behavior of 10-OH-R warfarin is unknown. However, as indicated in our 

previous study, we suspect that 10-OH-R-warfarin may undergo enterohepatic recirculation, fecal 

elimination, sequential metabolism to another metabolite or even target mediated drug disposition 

(TMDD)(Flora et al., 2017). Interestingly, a previous study has reported 10-OH-metabolites of 

warfarin can potently inhibit the S-warfarin CYP2C9 metabolic clearance in a competitive 

manner(Jones et al., 2010a). Thus, more studies focused on the disposition of 10-OH-S- and R-

warfarin are potentially valuable to provide a better understanding on the disposition of S-

warfarin, the pharmacologically more active component in warfarin. 

Our model also discovered that subjects with the CYP2C9 *1B/*1B genotype exhibit a lower 8-

OH-R-warfarin CLf compared with subjects with other CYP2C9 genotypes. Interestingly, a strong 

linkage disequilibrium between CYP2C9*1B and CYP2C19 *2 was previously 
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reported(Chaudhry et al., 2010). In addition, CYP2C19 *2 is known to be the most common 

mutation encoding a defective CYP2C19 protein(de Morais et al., 1994; Dehbozorgi et al., 2018).  

Since the formation of 8-OH-R-warfarin is mediated mainly by CYP2C19(Pouncey et al., 2018), 

the higher probability of the existence of the CYP2C19 *2 genotype in subjects with the CYP2C9 

*1B/*1B genotype serves to explain the lower 8-OH-R-warfarin CLf in these subjects. The 

previous study also demonstrated that the CYP2C9 *1B haplotype is associated with lower 

phenytoin maintenance doses in epileptic patients due to an effect on the auto-induction of CYP 

mediated phenytoin CL but is not associated with warfarin maintenance doses in Chinese 

patients(Chaudhry et al., 2010). Our companion study also suggest the increase in S- and R-

warfarin CL following the co-administration of rifampin is similar between subjects with either 

the CYP2C9 *1/*1 or CYP2C9 *1B/*1B genotypes(Cheng et al., unpublished-a). However, the 

current study demonstrates that subjects with the CYP2C9 *1B/*1B genotype exhibit a more 

pronounced induction of the CLf for CYP3A4-mediated 10-hydroxylation of both S- and R-

warfarin (Figure 3.4, B and D and Table 3.1), but a less inducible CLf for CYP2C19 mediated 8-

OH-R-warfarin (Figure 3.4 B and Table 3.1). Interestingly, Chaudhry et.al also demonstrated that 

subjects with the CYP2C9 *1B variant tend to exhibit greater induction of CYP3A4 but less 

induction of CYP2C19, although both associations were not statistically significant(Chaudhry et 

al., 2010). The mechanism for the altered inducibility of CYP3A4 and CYP2C19 may be 

attributed to binding element changes in transcription factors, such as Yin Yang 1 (YY1), 

introduced by CYP2C9 *1B (Chaudhry et al., 2010).  

In our companion study, we successfully utilized a TMDD model to characterize S- and R-

warfarin PK profiles in both plasma and urine, when warfarin is administered either alone or 

together with fluconazole and rifampin. Our model-based analysis suggested the changes in S-

warfarin CL, following the administration of warfarin together with fluconazole or rifampin, 



80 
 

follows a CYP2C9 genotype-dependent manner, so called CYP2C9 genotype-dependent DDIs. 

Following the administration of fluconazole, the reduction in S-warfarin CL is smaller for 

subjects with the CYP2C9 *2 and *3 variants. However, following the administration of rifampin, 

the increase in S-warfarin CL is larger for subjects with the CYP2C9 *2 and *3 variants(Cheng et 

al., unpublished-a). Interestingly, the study presented herein provides more mechanistic insights 

behind the CYP2C9 genotype-dependent DDIs exhibited by S-warfarin. Following the 

administration of fluconazole, the inhibitory effects on the CLf of CYP2C9 related metabolites, 

such as 7- and 6-OH-S-warfarin, are higher than some of the non-CYP2C9 related metabolites, 

such as 10-OH-S-warfarin, and are much higher than the CLR for S-warfarin (Figure 3.4 A). 

Since for subjects possessing the CYP2C9 *2 and *3 variants, CLf of CYP2C9 related metabolites 

represents a smaller proportion of the overall S-warfarin CL, compared to CYP2C9 *1/*1  subjects 

(Figure 3.5), a higher inhibitability of CYP2C9-mediated CLf compared with other elimination 

pathways makes the S-warfarin CL in subjects with CYP2C9 *2 and *3 variants less susceptible 

to fluconazole inhibition. In contrast, following the administration of rifampin, the inducing 

effects on CLf for the CYP2C9 related metabolites are lower than the non-CYP2C9 related 

metabolites (Figure 3.4 B). Since for subjects with CYP2C9 *2 and *3 variants, CLf of non-

CYP2C9 related metabolites represents a larger proportion of overall S-warfarin CL compared 

with CYP2C9 *1/*1 subjects (Figure 3.5), a greater induction of non-CYP2C9 mediated CL 

makes subjects with the CYP2C9 *2 and *3 variants subject to higher CL changes following the 

co-administration of rifampin. 

Limitations to our models are recognized. Firstly, for metabolites such as 4ô-OH-S-, 7-OH-R- and 

8-OH-S-warfarin, the model predicted plasma PK profiles included a high proportion of 

concentrations below 0 (Figure S3.1, S3.6 and S3.7, A). This occurred because the estimated 

RUVs for these metabolites are excessively large (>100%). In addition, several IIV terms in these 
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PK models were also uncommonly large (Table S3.2, S3.7 and S3.8). We suspect that a 

significant proportion of the plasma concentrations below LLOQ for these metabolites (Table 

S3.1) leads to substantial inflation in the estimations of IIVs and RUVs. However, given the 

many urine measurements collected, the model parameters were still estimated with reasonable 

precision (Table S3.2, S3.7 and S3.8). In the future, more advanced analytical techniques with 

higher sensitivity for detection of the 4ô-OH-S-, 7-OH-R- and 8-OH-S-warfarin metabolites are 

needed to better characterize their plasma PK profiles and provide more information for 

developing their PK models. 

Secondly, without the administration of each metabolite alone or any prior knowledge about the 

fraction of warfarin enantiomers metabolized to a particular metabolite, the volume of 

distribution of each metabolite is theoretically not estimable based on metabolite plasma PK 

profiles alone when only parent compound is administered(Cosson et al., 2007). A common 

approach to address this issue is to either fix the fraction of metabolism (fm) based on literature 

values derived from in vitro or in vivo studies(Vanobberghen et al., 2016; Mian et al., 2019) or to 

assume a Vd for the metabolites (for instance, equal to Vd of parent compound)(Patel et al., 2017). 

However, the Vd of each metabolite becomes identifiable if the metabolite plasma and urine PK 

profiles are fitted simultaneously by assuming that all the metabolites generated are excreted in 

the urine and is eliminated only through urine. In fact, in vitro studies conducted by Zielinska 

et.al suggest that 4ô-, 6-, 7- and 8-hydroxywarfarin can undergo glucuronidation mediated by 

multiple UDP-Glucuronosyltransferases (UGTs), such as UGT1A1 and UGT1A10(Zielinska et 

al., 2008).  Human studies also suggest the overall percentages of glucuronidation of 

monohydroxylated warfarin metabolites can vary between 14%-59%(Miller et al., 2009; Jones et 

al., 2010b).  This in vitro and in vivo evidence of phase II metabolism indicates the metabolite PK 

models presented in our study may potentially underestimate the actual Vd and CLf of each 
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metabolite. Thus, the CLf estimated in our study should be considered as the minimum possible 

CLf for each metabolite. Nevertheless, despite the limitations discussed above, our collective 

analyses presented in Figure 3.5 and 3.6 can still reasonably reflect the warfarin metabolic 

profiles in subject with various CYP2C9 genotypes under different co-treatments.   

To our knowledge, our model-analysis of warfarin parent enantiomers and metabolites in both 

plasma and urine, following the administration of either warfarin alone or together with 

fluconazole and rifampin, is one of the most comprehensive population PK analyses of warfarin 

disposition in subjects with different CYP2C9 genotypes, to date. This study involved the 

development of population PK models for 10 warfarin metabolites and utilized these models to 

conduct a model-based analysis of the warfarin metabolic profiles. The differential effects of 

fluconazole inhibition and rifampin induction on the CLf of warfarin metabolites across CYP2C9 

genotypes potentially explains the CYP2C9 genotype-dependent DDIs observed in our 

companion study(Cheng et al., unpublished-a). In addition, the differential inhibitability and 

inducibility of several CYP enzymes elucidated by our study of warfarin metabolites is 

potentially useful in informing the predicted extent of DDIs of other drugs eliminated by similar 

metabolic pathways. Other novel findings such as the impact of CYP2C9 *1B on the inducibility 

of CLf of several warfarin metabolites and the association between CYP2C9 genotypes and CLe 

of 10-OH-S-warfarin may provide a better understanding of warfarin disposition following the 

administration of warfarin either alone or together with CYP inhibitors and CYP inducers.   
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3.5 Conclusion 

In conclusion, we developed population PK models for 10 warfarin metabolites and performed 

comprehensive model-based analysis. The model-based analysis provides mechanistic insights 

behind the CYP2C9 genotype-dependent DDIs exhibited by S-warfarin, when warfarin is 

administered either alone or together with fluconazole and rifampin, suggested by our companion 

study. In addition, our analysis provides a better understanding of warfarin disposition for 

subjects with various CYP2C9 genotypes following the administration of both inhibitor and 

inducer co-medications. 
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3.6 Figure legends 

Figure 3.1. PK Model Structures for warfarin parent and metabolites. Dark-blue frames: S-

warfarin parent compound and metabolites models; Dark-red frames: R-warfarin parent 

compound and metabolites models.  Notes: Periph: peripheral; Cent: central; R: receptors; DR: 

drug-receptor complexes. M-Cent: metabolite central compartment; M-periph: metabolite 

peripheral compartment; M-urine: metabolite urine compartment.  

Figure 3.2. Plasma PK profiles for S-warfarin metabolites (left, 4ô-(A), 6-(C), 7-(E), 8-(G) and 

10-(I) OH-S-warfarin) and R-warfarin metabolites (right, 4ô-(B), 6-(D), 7-(F), 8-(H) and 10-(J) 

OH-R-warfarin). Colors represent subjectsô CYP2C9 genotypes. Plots are on log scales. 

Figure 3.3. Urine PK profiles for S-warfarin metabolites (left, 4ô-(A), 6-(C), 7-(E), 8-(G) and 10-

(I) OH-S-warfarin) and R-warfarin metabolites (right, 4ô-(B), 6-(D), 7-(F), 8-(H) and 10-(J) OH-

R-warfarin). Colors represent subjectsô CYP2C9 genotypes. Plots are on log scales. 

Figure 3.4. Percentage changes in CLf or CLR of S-warfarin metabolites (A and B) and R-

warfarin metabolites (C and D) following the administration of fluconazole (A and C) and 

rifampin (B and D). Colors represent the fluconazole and rifampin introduced inhibition and 

induction respectively as shown in the figure legend. Error bars represent 95% confidence 

intervals constructed with relative standard error (RSE) estimated from covariance steps 

assuming a symmetrical normal distribution. 

Figure 3.5. S-warfarin metabolic profiles in subjects with different CYP2C9 genotypes following 

the administration of warfarin alone (A) and warfarin together with fluconazole (B) and rifampin 

(C). Color represents different elimination pathway as shown in the figure legend. 

Figure 3.6. R-warfarin metabolic profiles in subjects with different CYP2C9 genotypes following 

the administration of warfarin alone (A) and warfarin together with fluconazole (B) and rifampin 

(C). Color represents different elimination pathway as shown in the figure legend. 
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3.7 Figures  

Figure 3.1 PK Model Structures for warfarin parent and metabolites. 
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Figure 3.2 Plasma PK profiles for S- and R-warfarin metabolites 
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Figure 3.3 Urine PK profiles for S- and R-warfarin metabolites 
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Figure 3.4 Percentage changes in CLf or CLR of S- and R-warfarin metabolites 
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Figure 3.5 S-warfarin metabolic profiles in subjects with different CYP2C9 genotypes following the administration of warfarin alone and warfarin together with fluconazole and 

rifampin 
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Figure 3.6 R-warfarin metabolic profiles in subjects with different CYP2C9 genotypes following the administration of warfarin alone and warfarin together with fluconazole and 

rifampin 
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3.8 Tables 

Table 3.1 Summary of the major CYP enzymes involved in the formation of each metabolite 

 

 

 

 

 

 

 

 

 

 

Notes: the information of CYPs is based on reference (Ufer, 2005) and (Pouncey et al., 2018) 

 

 

S-warfarin metabolites CYPs R-warfarin metabolites CYPs 

4ô-OH-S-warfarin 2C19, 3A4, 2C8 4ô-OH-R-warfarin 2C19, 3A4, 2C8 

6-OH-S-warfarin 2C9 (major), 2C19 (minor) 6-OH-R-warfarin 1A2 (major), 2C19 (minor) 

7-OH-S-warfarin 2C9 (major), 2C19 (minor) 7-OH-R-warfarin 2C19, 1A2, 2C8 

8-OH-S-warfarin 2C19 8-OH-R-warfarin 2C19 (major), 1A2 (minor) 

10-OH-S-warfarin 3A4  10-OH-R-warfarin 3A4  
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3.9 Supplementary materials 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure S 3.1 Visual prediction checks (VPCs) for 4ô-OH-S-warfarin  

Visual prediction checks (VPCs) for 4ô-OH-S-warfarin plasma PK profiles (A), plasma concentrations below 

quantification limit (BQL) fractions (B) and urine PK profiles (C). For (A) and (C), blue dots represent the observations. 

Red solid lines represent the medians of model predictions. The lower and upper red dashed lines represent the 10th and 

90th percentiles of the model predictions respectively. The black dashed lines represent the lower limit of quantification 

(LLOQ) for 4ô-OH-S-warfarin (0.75 ng/mL). For (B), Blue dots and lines represent the observed fraction BQL versus 

time. Red dashed lines represent the medians of model simulated fraction BQL. The red shaded areas represent the 95% 

confidence intervals of the medians of model simulated fraction BQL. All the figures are stratified by both CYP2C9 

genotypes and co-treatments. No observations collected from subjects with CYP2C9 *1B/*1B under the treatment of 

warfarin plus fluconazole. Notes: Warf: warfarin; Flu: fluconazole; Rif: rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: 

CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3 
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Figure S 3.2 Visual prediction checks (VPCs) for 4ô-OH-R-warfarin  

Visual prediction checks (VPCs) for 4ô-OH-R-warfarin plasma PK profiles (A), plasma concentrations below 

quantification limit (BQL) fractions (B) and urine PK profiles (C). For (A) and (C), blue dots represent the observations. 

Red solid lines represent the medians of model predictions. The lower and upper red dashed lines represent the 10th and 

90th percentiles of the model predictions respectively. The black dashed lines represent the lower limit of quantification 

(LLOQ) for 4ô-OH-R-warfarin (0.75 ng/mL). For (B), Blue dots and lines represent the observed fraction BQL versus 

time. Red dashed lines represent the medians of model simulated fraction BQL. The red shaded areas represent the 95% 

confidence intervals of the medians of model simulated fraction BQL. All the figures are stratified by both CYP2C9 

genotypes and co-treatments. No observations collected from subjects with CYP2C9 *1B/*1B under the treatment of 

warfarin plus fluconazole. Notes: Warf: warfarin; Flu: fluconazole; Rif: rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: 

CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3 
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Figure S 3.3 Visual prediction checks (VPCs) for 6-OH-S-warfarin  

Visual prediction checks (VPCs) for 6-OH-S-warfarin plasma PK profiles (A), plasma concentrations below 

quantification limit (BQL) fractions (B) and urine PK profiles (C). For (A) and (C), blue dots represent the observations. 

Red solid lines represent the medians of model predictions. The lower and upper red dashed lines represent the 10th and 

90th percentiles of the model predictions respectively. The black dashed lines represent the lower limit of quantification 

(LLOQ) for 6-OH-S-warfarin (0.4 ng/mL). For (B), Blue dots and lines represent the observed fraction BQL versus 

time. Red dashed lines represent the medians of model simulated fraction BQL. The red shaded areas represent the 95% 

confidence intervals of the medians of model simulated fraction BQL. All the figures are stratified by both CYP2C9 

genotypes and co-treatments. No observations collected from subjects with CYP2C9 *1B/*1B under the treatment of 

warfarin plus fluconazole. Notes: Warf: warfarin; Flu: fluconazole; Rif: rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: 

CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3 ; *2/*3: CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3 
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Figure S 3.4 Visual prediction checks (VPCs) for 6-OH-R-warfarin  

Visual prediction checks (VPCs) for 6-OH-R-warfarin plasma PK profiles (A), plasma concentrations below 

quantification limit (BQL) fractions (B) and urine PK profiles (C). For (A) and (C), blue dots represent the observations. 

Red solid lines represent the medians of model predictions. The lower and upper red dashed lines represent the 10th and 

90th percentiles of the model predictions respectively. The black dashed lines represent the lower limit of quantification 

(LLOQ) for 6-OH-R-warfarin (0.4 ng/mL). For (B), Blue dots and lines represent the observed fraction BQL versus 

time. Red dashed lines represent the medians of model simulated fraction BQL. The red shaded areas represent the 95% 

confidence intervals of the medians of model simulated fraction BQL. All the figures are stratified by both CYP2C9 

genotypes and co-treatments. No observations collected from subjects with CYP2C9 *1B/*1B under the treatment of 

warfarin plus fluconazole. Notes: Warf: warfarin; Flu: fluconazole; Rif: rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: 

CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: CYP2C9 *2/*3 ; *3/*3: CYP2C9 *3/*3 
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Figure S 3.5 Visual prediction checks (VPCs) for 7-OH-S-warfarin  

Visual prediction checks (VPCs) for 7-OH-S-warfarin plasma PK profiles (A), plasma concentrations below 

quantification limit (BQL) fractions (B) and urine PK profiles (C). For (A) and (C), blue dots represent the observations. 

Red solid lines represent the medians of model predictions. The lower and upper red dashed lines represent the 10th and 

90th percentiles of the model predictions respectively. The black dashed lines represent the lower limit of quantification 

(LLOQ) for 7-OH-S-warfarin (0.67 ng/mL). For (B), Blue dots and lines represent the observed fraction BQL versus 

time. Red dashed lines represent the medians of model simulated fraction BQL. The red shaded areas represent the 95% 

confidence intervals of the medians of model simulated fraction BQL. All the figures are stratified by both CYP2C9 

genotypes and co-treatments. No observations collected from subjects with CYP2C9 *1B/*1B under the treatment of 

warfarin plus fluconazole. Notes: Warf: warfarin; Flu: fluconazole; Rif: rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: 

CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3 
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Figure S 3.6 Visual prediction checks (VPCs) for 7-OH-R-warfarin  

Visual prediction checks (VPCs) for 7-OH-R-warfarin plasma PK profiles (A), plasma concentrations below 

quantification limit (BQL) fractions (B) and urine PK profiles (C). For (A) and (C), blue dots represent the observations. 

Red solid lines represent the medians of model predictions. The lower and upper red dashed lines represent the 10th and 

90th percentiles of the model predictions respectively. The black dashed lines represent the lower limit of quantification 

(LLOQ) for 7-OH-R-warfarin (0.67 ng/mL). For (B), Blue dots and lines represent the observed fraction BQL versus 

time. Red dashed lines represent the medians of model simulated fraction BQL. The red shaded areas represent the 95% 

confidence intervals of the medians of model simulated fraction BQL. All the figures are stratified by both CYP2C9 

genotypes and co-treatments. No observations collected from subjects with CYP2C9 *1B/*1B under the treatment of 

warfarin plus fluconazole. Notes: Warf: warfarin; Flu: fluconazole; Rif: rifampin; *1/*1: CYP2C9 *1/*1; *1B/*1B: 

CYP2C9 *1B/*1B; *1/*3: CYP2C9 *1/*3; *2/*3: CYP2C9 *2/*3; *3/*3: CYP2C9 *3/*3 












































































































































































































































































































































































































