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ABSTRACT 

 
We performed pharmacometric modeling of irinotecan, PQIP and gemcitabine. Irinotecan 

is a DNA topoisomerase-I inhibitor used in colorectal and brain tumors. One of our aims 

was to show that that cranial radiation, delivered during irinotecan administration, can 

enhance uptake in to cerebral-spinal fluid (CSF), and also to characterize the 

pharmacokinetics of irinotecan and its metabolites SN38 and APC in plasma and CSF in 

rats. The concentration-time data in plasma and CSF were analyzed by nonlinear mixed-

effects modeling using FOCE-I method in NONMEM. The analysis showed that cranial 

radiation delivered during irinotecan administration enhances uptake in to CSF. The 

second aim of dissertation was to quantitatively evaluate the drug administration 

sequence effects of insulin-like growth factor type-1 receptor inhibitors (IGF-1R) with 

gemcitabine in vitro. Gemcitabine is a nucleoside analogue approved for a variety of 

solid tumors, while PQIP is an investigational IGF-1R inhibitor. In vitro experiments 

were conducted in 24-well tissue culture plates using MCF-7, MDA-MB-231 and Hs-

578T human breast cancer cell lines. Viable cells were counted every day following the 

day of drug exposure. The effect of sequence on cell-kill was analyzed by bayesian 

techniques using WinBUGS. We found that exposure with gemcitabine first, followed by 

PQIP (GP sequence) was either superior or equivalent to the reverse sequence (PG 

sequence) with these drugs. The third aim of dissertation was to perform a population 

pharmacokinetic analysis of gemcitabine and its metabolites dFdU and dFdCTP in 

patients with solid tumors and to determine patient specific covariates associated with 

their disposition. Concentration data were obtained in 40 patients with solid tumors. The 

concentration-time data were analyzed by nonlinear mixed-effects modeling using first-
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order conditional estimation method with interaction (FOCE-I) in NONMEM. We found 

that Body surface area (BSA) and age were significant covariates for the disposition of 

gemcitabine, while creatinine clearance (CLCR) and BSA were found to be significant 

covariates for the disposition of dFdU. We also found that patients who received 

gemcitabine at a rate less that 25 mg/m2/min had higher formation of dFdCTP than those 

who received gemcitabine at a rate greater than 25 mg/m2/min. 
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Chapter 1  

                                                 Introduction 

1.1 Pharmacometrics in drug development 

The drug development process usually involves development time of over 7-12 years 

with an average number of 66 studies and a cost of $0.802-1.7 billion per approved agent. 

This process had been called empirical in the past, driven by identifying all the 

items/studies needed for registration of a drug, and executing them so that each 

requirement is fulfilled. The drug development broadly comprises the preclinical phase 

and three clinical phases, 1, 2 and 3. Post-marketing surveillance is commonly referred to 

as phase 4 (Williams PJ and Ette EI, 2007).  

In the preclinical phase, using chemical library profiling and lead compound 

optimization, thousands of compounds are synthesized and tested in high-throughput 

biological activity screens. The purpose of the preclinical phase is to narrow drug 

candidate selection for subsequent evaluation in humans. This is achieved through in 

vitro studies using human cell cultures and cell fractions, whole animal investigations of 

pharmacokinetics, metabolism, and toxicokinetics, development and validation of 

biomarkers for safety and efficacy signals, generation of exposure-response relationships 

for efficacy and safety, which can be extrapolated from animals to humans. The 

knowledge gained in this phase informs the design of early clinical studies (Lesko LJ et 

al., 2000). 
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Clinical drug development starts with phase 1 studies, which are conducted in healthy 

subjects or, in some cases, patients, such as patients with cancer. The goal of phase I 

studies are to identify the maximum tolerated dose, to study single and multiple dose 

pharmacokinetics, and to gain preliminary knowledge about the exposure-response 

relationship. Phase 1 studies are also done sometimes to determine the effect of food and 

gender on the pharmacokinetics, for drug-drug interactions, and pharmacokinetics in 

special populations. Phase 2 studies are further divided in to phase 2A and 2B. The 

primary aim of phase 2A study is demonstration of “proof of concept”, i.e., assessment 

and confirmation of proof of therapeutic efficacy; and affirmation of acute tolerability, 

maximum safe dose, and lack of acute safety issues in patients. In phase 2B, the 

concurrent aims are further evidence of efficacy and exploration of dosage regimens, 

which will be administered to the target population in phase 3. In phase 3, the 

confirmatory phase, usually two large randomized, controlled trials for establishing 

efficacy and safety are required. It involves documentation of a more complete adverse 

effect profile, as well as sources (covariates) and estimates of variability in dose-response 

due to both pharmacokinetics and pharmacodynamics. This information guides product 

labeling and strategies for individualized dosing regimens in special populations. Phase 4 

studies are required by the regulatory agencies to further characterize the safety of drugs 

during routine clinical use, to explore new treatment indications, or to examine dosing in 

some special sub-populations, e.g., pediatric, or geriatric patients (Lesko LJ et al., 2000; 

Williams PJ and Ette EI, 2007).   

Pharmacometrics is defined as the science of developing and applying mathematical and 

statistical methods to (a) characterize, understand and predict a drug’s pharmacokinetic, 
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pharmacodynamic and biomarker-outcomes behavior; (b) quantify the uncertainty of 

information about that behavior; and (c) rationalize data-driven decision making in drug 

development and pharmacotherapy.  In the preclinical phase, pharmacometrics play an 

important role in defining the exposure-response relationships for both efficacy and 

toxicity. Such exposure-response relationships, along with preclinical pharmacokinetics 

and novel approaches to scale up to humans, can expedite Phase 1 studies. When applied 

to clinical drug development, pharmacometrics often involves the development of 

pharmacokinetic, pharmacodynamic, exposure-response and disease progression models 

as well as simulations for examining the power, efficiency, robustness, and 

informativeness of clinical trials (Williams PJ and Ette EI, 2007). Both Frequentist and 

Bayesian techniques are being utilized for both modeling and simulation purposes.  

In the past couple of decades drug development has progressed from the relatively 

empirical process to an advanced scientific process involving careful experimental 

design, valid data analysis, informative graphics, mathematical modeling, simulations 

and computer science (Miller R et al., 2005). Lewis Shiener (1940-2004) first proposed 

the learn-confirm approach, a major paradigm shift in drug development away from an 

empirical approach. He suggested building a response surface for a given drug in the 

learning phase (phase 1 and 2B) that relates patient prognostic factors (such as sex, age, 

weight etc.) and dose regimen to benefit and toxicity. Pharmacometric modeling helps 

create this three-dimensional response surface by building probability models of the 

relationship between outcome variables on one hand, and exposure and prognostic 

variables on another hand, under reliable assumptions. Following the learning, comes the 

confirming phase (phase3/4), where the goal is to demonstrate, in a large and 
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representative patient population, that acceptable benefit/risk is achieved. The entire drug 

development process can be considered as an exercise of the learn-confirm paradigm 

(Shiener LB, 1997; and Williams PJ and Ette EI, 2007). 

Pharmacometrics tools and methods are extensively used these days in the drug 

development programs by pharmaceutical industries as well as by the regulatory 

agencies. Pharmacometrics is used to inform the development decisions throughout the 

drug development process within pharmaceutical industries and is sometimes helpful in 

even reducing the cost of drug development by performing simulations instead of 

conducting certain clinical studies. Such decisions include, but not restricted to, selection 

of molecules to be carried forward, identifying doses which are likely to achieve the 

desired benefit/risk ratio, the design of specific studies on which go/no-go decisions, i.e., 

the decision about moving a compound to the next phase of drug development, will be 

based, evaluation of clinical end-points, etc. (Sheiner LB and Steimer JL, 2000). At the 

Food and Drug Administration (FDA), pharmacometic analysis is conducted to approve 

and label the drug products; to provide advice on trial design decisions; and to create new 

knowledge using the data available at the FDA (i.e., prior new drug application (NDA) 

submissions), to inform better regulatory and drug development decisions by sponsors 

(Powell JR and Gobburu JVS, 2007).  In academia, pharmacometrics is being used for 

the design and analysis of data from preclinical and clinical studies, optimization of 

dosing regimens, and generation of quantitative knowledge, which could be of use to 

both pharmaceutical industries as well as regulatory agencies.  The following paragraphs 

will describe some of the different components used in pharmacometric analysis, and also 

discuss their relevance in overall drug development. 
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1.1.1 Population pharmacokinetics 

Population pharmacokinetics (Pop-PK) is the study of pharmacokinetics in the population 

of interest. Instead of modeling data from each individual separately, data from all 

individuals are modeled simultaneously (Bonate LP, 2006). Investigators who utilize 

Pop-PK analyses seek to identify the measurable pathophysiologic factors that cause 

changes in the dose-concentration relationship(s) and the extent of these changes.  If such 

changes are associated with clinically significant shifts in the therapeutic index, the 

dosage can be modified in attempts to improve outcomes (Guidance for industry, 

Population pharmacokinetics, 1999). The primary goal of using Pop-PK analysis is to 

obtain a model relating concentration to dose and identify individual covariates that 

influence drug disposition and ultimately, treatment outcomes. A secondary goal is to 

obtain estimates of the mean pharmacokinetic parameters and the sources of variability in 

the population of interest. Pop-PK models fall under a broader category of models known 

as nonlinear mixed effects models (Bonate LP, 2006). A typical Pop-PK analysis 

provides information about the relationships, if any, between pharmacokinetic parameters 

and explanatory variables (e.g., demographics, Prognostic variables, etc.); inter-

individual variabilities in the pharmacokinetic parameters; and residual unexplained 

variability in the data. Today, Pop-PK is an integral component in new drug application 

(NDA) submissions to the regulatory agencies as it summarizes pharmacokinetic data 

obtained across various phases of drug development and helps provide dosing 

recommendations. Besides being of great advantage in the development of new drugs, 

Pop-PK analyses are also increasingly used for optimization of regimens for drugs which 

have already been approved by the FDA. Pop-PK analysis has been performed primarily 
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by using frequentist’s estimation method, the maximum likelihood (ML) estimation; 

however, with the improvement in software and training, bayesian estimation is also 

becoming popular these days.  

1.1.2 Exposure-response analysis 

In drug development, the term, “exposure” refers to drug concentration(s) measured in a 

specific body fluid (e.g., plasma, blood, urine, or cerebrospinal fluid) or tissue, and often 

associated with a specific time or over a span of time. Measures include such examples as 

the entire concentration-time profile, area under the concentration-time curve (AUC), 

maximum concentration (Cmax), steady-state trough concentration, or average steady-

state concentration. Response is a measure of the pharmacologic effect of the drug either 

intended therapeutic benefit or adverse effect, such as elevated blood pressure, blood 

glucose levels, tumor size, or neutropenia. For in vitro experiments designed to evaluate a 

drug’s antitumor activity, exposure usually refers to the drug concentrations to which 

cancer cells were exposed for a certain length of time. Response would then be cancer 

cell’s growth over time or cell survival following drug exposure. Just like Pop-PK 

modeling, both frequentist and bayesian estimation methods are used for exposure-

response analysis. 

1.2 Frequentist Analysis (ML-estimation) 

One who uses the frequentist approach to statistics assumes that the available data are  

random sample(s) from a larger population, and parameters such as mean and variances 

are assumed to be fixed and unknown quantities (Casella G and Berger RL, 2001). The 

goal of the analysis is to generate estimates of these true, but unknown parameters by 
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either the maximum likelihood (ML) estimation or the method of moments. ML 

estimation is by far the most widely used method of estimation by frequentists because 

they are asymptotically unbiased and have asymptotically minimum variance. 

ML estimation chooses as the estimate of unknown parameter θ the value of θ that 

maximizes the likelihood function (Degroot MH and Schervish MJ, 2002; and Bonate 

LP, 2006). In this method, consideration is made about the statistical distribution of the 

observed data y = (y1, y2,…,yi) about the model prediction f(ti, θ) by assuming a sampling 

model for the observed data. This sampling model is typically given in the form of 

probability distribution f(y|θ) such as a normal distribution. When viewed as a function of 

θ instead of y, this distribution is usually called the likelihood function. The vector θ is 

the set of model parameters (e.g., CL and V) whose values need to be estimated from the 

data collected from a subject over i time points. For example, an assumption is often 

made that the measured data, yi are normally distributed about its mean, f(ti, θ) as shown 

in eq (1). 

     yi ~ N(f(ti, θ), σ
2)                                    eq (1) 

So the maximum likelihood method seeks to find the set of  for which f(t i,    θ) is the 

mean for each yi. The likelihood function for a normal distribution is expressed as eq (2). 

∏
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the likelihood function is at its maximum. The parameter estimates at which the 

likelihood function is at its maximum thus represents the “most likely” fit, that is, it fits 

the data more closely than all other possible parameter values (Bauer RJ et al., 2007).  

1.3 Bayesian Analysis 

The bayesian approach, just like traditional frequentist analysis, also begins with a 

sampling model (or probability distribution, f(y|θ)) for the observed data y given a vector 

of unknown parameters θ; however, in bayesian approach, both the data, as well as the 

parameters of the model are considered as random variables. This is operationalized by 

adopting a probability distribution for θ that summarizes any prior information we have 

about θ, called the prior distribution, which may have parameters η; these are often called 

hyperparameters. If we assume that the hyperparameters η are known, the prior can be 

written as π(θ) ≡ π(θ| η). Bayes’s theorem provides a method of combining the sampling 

distribution with the prior distribution to obtain the posterior distribution of parameters, 

p(θ|y) as shown in eq (3) below. 

     

θθπθ
θπθ

θθ
θθ

θ
∫∫

===
dyf

yf

dyp

yp

yp
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yp
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Hence, the posterior is simply a product of the likelihood, f(y|θθθθ) and the prior, π(θθθθ) 

renormalized so that it integrates to 1 (Carlin BP and Louis TA, 2009).   

Some of the advantages of the bayesian analysis are summarized below: 

• Bayesian methods provide the user with the ability to formally incorporate prior 

information in the form of prior distribution. 
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• Inferences are conditional on the actual data and not on unobserved data that 

would arise from repeating the experiment large number of times as done in 

frequentist approach. 

• All bayesian analyses follow directly from the posterior; no separate theories of 

estimation, testing, multiple comparison, etc. are needed. 

• Bayesian answers are more easily interpretable, e.g., a 95% bayesian credible 

interval (akin to 95% frequentist confidence interval) can be interpreted 

probabilistically, that means it has the interpretation that the true value of the 

parameter falls in the credible interval with a probability of 0.95. Bayesian P-

values can be interpreted similarly.   

1.4 Software implementation 

1.4.1 NONMEM 

NONMEM is the software program most widely used by the pharmacometrics 

community for developing different kinds of population models such as population 

pharmacokinetic, population pharmacodynamic, or exposure-response models. It was 

developed by Lewis Shiner and Stuart Beal at the University of California at San 

Francisco. The most recent version of NONMEM is version 7.2. The estimation methods 

available in all of the previous versions of NONMEM, such as first order (FO), first order 

conditional estimation (FOCE), first order conditional estimation with interaction 

(FOCE-I), laplacian method and hybrid method, were all based on ML estimation 

method. All of the above mentioned methods rely on approximation of the likelihood of 

the marginal distribution of the response variable. The FO, FOCE and FOCE-I uses first 
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order Taylor series expansion to linearize the likelihood function, while laplacian method 

uses second order approximation of the likelihood function. The latest version of 

NONMEM has several other estimation methods based on expectation-maximization 

(EM) method such as Monte carlo importance sampling EM, Stochastic approximation 

EM (SAEM) method, as well as bayesian analysis method such as full markov chain 

monte carlo (MCMC) method. These newer methods are more accurate than the methods 

based on linearized approximations, but require more computation time. 

1.4.2 WinBUGS 

WinBUGS is a freely available program developed by statisticians and probabilistic 

expert systems researchers at the University of Cambridge, England. WinBUGS 

implements a particular form of Monte Carlo algorithm known as markov chain monte 

carlo (MCMC). The MCMC algorithm results in sampling sequentially from each 

parameter’s full conditional distribution, i.e., the distribution of each model parameter 

given every other model parameter and the data. WinBUGS uses Gibbs sampling 

algorithm for implementing MCMC computing. The Gibbs sampler within WinBUGS 

reduces hard multivariate problems (a posterior of arbitrarily large dimensions) to a series 

of simple lower-dimensional (often one-dimensional) problems, which has made 

Bayesian analysis feasible in practice (Carlin BP and Louis TA, 2009).  

1.5 Research Objectives  

Using pharmacometric data analysis approaches, the specific research objective of this 

thesis are: 
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1. To test the hypothesis that cranial radiation, delivered during irinotecan 

administration, can enhance uptake in to cerebral-spinal fluid (CSF).  

2. To test the hypothesis that gemcitabine, given before PQIP results in superior 

antitumor activity compared with the reverse administration sequences against 

breast tumor cell lines in vitro. 

3. To develop a sensitive and specific HPLC-UV method with LLOQ lower than the 

method previously developed in our laboratory for the quantitation of gemcitabine 

in human plasma.  

4. To determine the patient-specific characteristics associated with the inter-patient 

variability in the pharmacokinetics of gemcitabine and its metabolites in patients 

with solid tumors, and to test the hypothesis that prolonged gemcitabine infusion 

is associated with greater rate of formation of the active metabolite, dFdCTP than 

short infusions.  
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Chapter 2  

Pharmacokinetics of irinotecan and its metabolites given concurrently 

with cranial irradiation  

2.1 Introduction 

Standard treatment for brain tumors includes surgery, radiation therapy and 

chemotherapy. Despite advances in treatment, significant improvement in the outcomes 

for patients with malignant gliomas remains elusive. Growing literature supporting the 

benefit of chemotherapy in the treatment of gliomas has emerged; consequently, adjuvant 

chemotherapy is routinely used for such patients. Unfortunately, drug penetration to the 

brain is limited by the blood-brain barrier (BBB), which has been a major limiting factor 

in the advancement of chemotherapy for the treatment of malignant gliomas. Drugs 

shown to have success include temozolomide, irinotecan, carmustine procarbazine, 

carboplatin, lomustine and other nitrosoureas (Pech IV et al., 1998; Cloughesy TF et al., 

2003). 

Irinotecan (CPT-11; 7-ethyl-10-[4-(1-piperidino)-1-piperidino]carbonyloxycamptothecin) 

is a semisynthetic derivative of camptothecin (CPT), which is approved as a component 

of first line therapy for treatment of metastatic carcinoma of the colon or rectum. In 

addition, irinotecan has demonstrated activity for various malignancies, which includes 

pancreatic, lung, cervical cancers and lymphomas (Pizzolato JF and Saltz LB 2003; 

Kudoh S et al., 1998, Verschraegen CF et al., 1997; Ohno R et al., 1990). The metabolic 

pathway of irinotecan is shown in Figure 2-1. Irinotecan undergoes hydrolysis by 

carboxylesterases to form the active metabolite SN-38 (7-ethyl-10-hydroxycamptothecin) 
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(Satoh T et al., 1994). Both, irinotecan and SN-38 interact with the enzyme 

topoisomerase-I, which relieves torsional strain in DNA by inducing reversible single-

strand breaks. Irinotecan and SN-38 bind to the topoisomerase I-DNA complex and 

prevent religation of the single-strand breaks, which results in DNA damage and cell 

death (Slichenmyer WJ et al., 1993). The antitumor activity of SN-38 is at least 100-fold 

greater than that of irinotecan (Kawato Y et al., 1991). SN-38 eventually gets 

metabolized by uridine diphosphate glucuronosyltransferase (UGT) 1A1, 1A6 and 1A9 to 

the inactive glucuronide metabolite, SN-38G (Rivory LP and Robert J, 1995). Irinotecan 

can be metabolized by CYP3A enzymes to form the oxidative metabolites, NPC (7-ethyl-

10-(4-amino-1-piperidino)carbonyloxycamptothecin) and APC (7-ethyl-10-[4-N-(5-

aminopentanoic acid)-1-piperidino]carbonyloxycampothecin) (Rivory NP et al., 1996; 

Haaz MC et al., 1998). Irinotecan and its metabolites undergo a pH-dependent reversible 

inter-conversion between the lactone and carboxylate forms, of which only the lactone 

form is considered active (Hertzberg RP et al., 1989). Hence, irinotecan and SN-38 

lactones are of particular importance.   

Several in vitro and in vivo studies have demonstrated the activity of irinotecan against 

brain tumors. Clinically, treatment with irinotecan, either alone or in combination with 

other chemotherapeutic drugs, has shown to improve outcome in patients with malignant 

glioma, but overall outcomes remain dismal and better treatments are needed (Cloughesy 

TF et al., 2003; Reardon DA et al., 2004; Kang TY et al., 2008). 

In most cases of malignant gliomas radiation therapy is used after surgical removal of the 

tumors. However, radiation therapy has been known to cause acute and long-term 

damage to the BBB and brain parenchyma (FitzGerald TJ et al., 2006; Wilson CM et al., 
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2009). The acute damage, following a single radiation dose to the brain, is characterized 

by increase in BBB and blood-CSF barrier (BCSFB) permeability, leucocyte adhesion 

and astrogliosis (Yuan H et al, 2003; Wilson CM et al., 2009). The increase in BBB and 

BCSFB permeability could result in enhanced exposure of chemotherapeutic drugs to 

brain, which otherwise is a major limiting factor in treating brain tumors. The purpose of 

this study was to test the concept that cranial radiation delivered during chemotherapy 

administration can enhance uptake in to CSF. We tested irinotecan for this purpose as it 

has shown benefit in patients with malignant gliomas and characterized the 

pharmacokinetics of irinotecan and its metabolites in plasma and CSF in rats. 

In this chapter, the animal studies and the quantification of drugs were conducted at the 

University of Tennessee by Dr. Mark Kirstein. These data were then made available for a 

pharmacometric analyses in this chapter. 
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2.2 Materials and methods  

2.2.1 Animals and surgical procedure 

Male Sprague-Dawley rats (Charles River Laboratories, MA), 7-8 weeks of age and 

weighing 200-300 g, were used for the experiments. Animals were anesthetized by intra-

peritoneal injection of 50 mg/kg pentobarbital sodium. Body temperature was controlled 

(37 ± 1o C) with a water-circulated heating mat during the course of the experiment. One 

catheter was placed in the femoral artery and a second in femoral vein. Irinotecan was 

administered via the femoral vein and blood samples were collected from the femoral 

artery. After irinotecan administration, rats were placed into one of three treatment 

groups. They were irradiated with a localized single dose of 10 or 20 Gy to the whole 

brain delivered at a rate of 2 Gy/min using an Elekta (SL-25) linear accelerator (6 MV X-

rays). Circular collimators with a diameter of 1-4 cm were used for irradiation. A third 

group served as control in which they received a sham procedure.  For CSF sample 

collection, the head of the animal was immobilized in a sterotaxic apparatus (movable z-

axis) and a single sample was collected via cistern puncture for each animal. 

2.2.2 Drug administration and sample collection 

The pharmacokinetics of irinotecan and its metabolites, SN-38 and APC, were evaluated 

after administration of single intravenous dose of 10 mg/kg of irinotecan. Only one CSF 

sample was collected per animal as per the serial-sacrifice design. The time of collection 

of CSF sample was varied between different animals in each treatment group (control, 10 

Gy or 20 Gy radiation) to capture the time course of CSF concentrations over a period of 

6 hours. Blood samples (about 0.5 ml) were collected via the catheter in the femoral 
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artery at the following scheduled time points: pre, 0.25, 0.5, 1, 1.5, 2, 3 and 6 hours after 

i.v. irinotecan administration. Blood samples were obtained only prior to obtaining the 

CSF samples from each animal. Hence, the number of blood samples was different 

between different animals depending upon when the CSF sample was taken. 

Blood samples were immediately centrifuged at 5.5 x g for 2 minutes. Plasma was 

separated and plasma proteins were precipitated by the addition of 200 µL of plasma to 

800 µL of cold methanol (-30o C), followed by vigorous agitation with vortex mixer and 

centrifugation at 5.5 x g for 2 minutes. The supernatant protein-free plasma was decanted 

and stored at -70o C until analysis.  

2.2.3 Analytical method 

Irinotecan, SN-38 and APC lactone concentrations were analyzed by an isocratic high 

performance liquid chromatography assay with fluorescence detection as described by 

Rivory LP and Robert J, 1994. Separation was carried out at ambient temperature on a 

Waters (Millipore) Nova-Pak Radial-Pak C-18, reversed phase column (100 x 5 mm I.D., 

4 µm particle size). The mobile phase, 0.075 M ammonium acetate buffer (pH 6.4)-

acetonitrile (78:22, v/v) containing 5 mM tetrabutylammonium phosphate (TBAP) as the 

ion pairing reagent, was delivered at a flow-rate of 1.5 ml/min. The initial excitation and 

emission wavelengths were 375 and 500 nm, respectively. The lower level of quantitation 

was 5 ng/mL for irinotecan, SN-38 and APC. All calibrators and quality control samples 

were prepared in rat plasma (Hill Top Lab Animals, Inc.) for the analysis of plasma 

samples. For CSF samples, all calibrators and quality control samples were prepared 

using ultra filtrate from the rat plasma using the Millipore Centrifree ® YM-30. 
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2.2.4 Pharmacokinetic modeling 

The population pharmacokinetic analysis for irinotecan and its metabolites was 

performed by means of non-linear mixed-effects modeling using NONMEM VI 

(GloboMax LLC, Hanover MD) on a personal computer (Intel® Pentium D processor). 

The first-order conditional estimation with interaction (FOCE-I) method and ADVAN6 

subroutine were used for the analysis. Model selection between competing nested models 

was performed by the likelihood ratio test as well as graphical goodness-of-fit diagnostics 

using R (version 2.9.0). To distinguish between competing nested models a significance 

level of 0.05 was used, which corresponds to a decrease in OFV of at least 3.83 for 1 

degree of freedom. 

A sequential model building approach was used to develop the pharmacokinetic models 

for plasma irinotecan; metabolites APC and SN-38; and CSF irinotecan. One- and two-

compartment models were tested for each of the substances during structural model 

building. Models for plasma and CSF concentration-time data were parameterized in 

terms of clearances (CL and Q) and volumes of distribution (V). Initially, plasma 

irinotecan concentrations were analyzed and pharmacokinetic parameters were obtained. 

In the next step, the model for APC concentrations was developed. Next, the SN-38 

model was developed. In the modeling of metabolite data an assumption was made that 

the volume of distribution of the metabolites is same as that of irinotecan in order to 

make the model identifiable. The individual estimates of the fraction of irinotecan 

converted into APC (fAPC) and SN-38 (fSN) were constrained to be between 0 and 1 using 

the logistic function shown by eq(1) below.  
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Where, fmi is the fraction of irinotecan converted to a particular metabolite in the ith 

individual, ηi is the random effect for the ith individual, θ is the fixed effect parameter 

restricted to be greater than zero. The typical value of fm (TVfm) in the population can 

calculated by the expression θ/(1+θ). The inter-individual variability of fm was 

approximated as shown in eq(2) (Bouzman F et al., 2000). 

                            SDfm = TVfm*(1-TVfm)*( ω2
fm)1/2

                         (2) 

Where, SDfm is the standard deviation of fm in the population and ω2
fm is the variance of 

the random effect,η in eq(1) above.  

Finally, the CSF irinotecan model was developed. The volume of CSF was fixed to 400 

 µL as estimated by others (van den Berg MP et al 2002). In the model development, the 

fraction (fCSF) of total elimination clearance of irinotecan responsible for the transfer of 

irinotecan into the CSF compartment was estimated under the assumption that the 

transfer of irinotecan into CSF does not affect the concentration-time profile of irinotecan 

in the plasma. The individual estimates of fCSF were constrained to be between 0 and 1 

using the logistic function. Since, only one CSF irinotecan concentration was collected 

per animal in a serial sacrifice design, the residual unexplained variability in CSF 

irinotecan data was fixed to the point estimate obtained from plasma irinotecan data in 

order to estimate the inter-individual variability in fCSF. The effect of radiation was tested 

on fCSF to determine if radiation affects the transfer of irinotecan from plasma to CSF.  
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Body weight (BW) and radiation treatment were tested in the covariate model building 

and were included in the model if they were found statistically significant at 0.05 level. 

BW was modeled as a power function covariate model scaled by the median BW of 251.5 

g as described by eq (3). 

                                   2

1 5.251
*

θ
θ 






=

BW
TVP

                           (3) 

Where, TVP is the population estimate of the parameter, θ1 is the TVP for a rat with BW 

of 251.5 g, θ2 describes the steepness of the relationship between scaled BW and TVP. 

The effect of radiation treatment was modeled using an indicator variable.  

The inter-individual variability on the PK parameters was modeled according to log-

normal distribution as described by eq (4):  

                                           Pi = TVP*exp(ηi)                             (4) 

where Pi is the parameter estimate for the ith individual, TVP is the population estimate of 

the parameter P (for a typical individual) and ηi is a random variable, which accounts for 

the inter-individual difference between Pi and TVP. The values of ηi were assumed to 

come from a normal distribution with mean of zero and variance ω2.  

The residual unexplained variability in the concentrations was described by a 

proportional error model as described by eq (5): 

                                          Cij = Fij*(1+εij),                          (5) 
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Where Cij and Fij are the observed and predicted concentrations, respectively, in ith 

individual at jth time point; εij is the random residual deviation between the observed (Cij) 

and predicted (Fij) concentration.   The values of εij were assumed to be independent and 

come from a normal distribution with mean zero and variance σ2. 

2.2.5 Model validation 

The PK model was evaluated by performing visual predictive checks and a nonparametric 

bootstrap analysis. For the predictive check, 500 datasets were simulated from each 

model using the final model parameters. The median, 5th and 95th percentiles of the 

simulated concentrations were calculated for a time period between 0 and 5 hours after 

irinotecan administration. Bootstrap analysis was done to assess the stability of PK 

models and to get the precision of the parameter estimates. For the bootstrap analysis, 

1000 bootstrap runs were performed using the MIfuns R-package (Metrum Institute, CT). 

In this technique, each individual was randomly sampled with replacement from the 

original dataset to form new datasets having the same number of individuals as the 

original dataset. The final model developed from the original dataset was fitted to each of 

the bootstrap datasets to obtain the bootstrap parameter estimates. Bootstrap runs with 

successful minimization were used in further analysis. The median, 2.5th and 97.5th 

percentiles of the parameter estimates were computed from the successful bootstrap runs 

and compared to the point estimates and 95% confidence intervals from the original 

dataset.   
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2.3 Results 

2.3.1 Pharmacokinetic modeling 

A total of 48 rats were used in the analysis with 12 rats in the control group and 18 in 

each of 10 gray and 20 gray radiation treatment groups. A total of 212 plasma irinotecan, 

80 plasma APC, 210 plasma SN-38 and 45 CSF irinotecan concentrations were used for 

the model development. The various components of the PK model from the present 

analysis are shown in Figure 2-2.  

Plasma irinotecan concentration-time data were best described by a two-compartment 

model with inter-individual variability on volume of central compartment (VC-Iri) and 

elimination CLIri.  High correlation was observed between the inter-individual random 

effects (η) on CLIri and VC-Iri, so a covariance between the CLIri and VC-Iri was introduced 

in the model. Introduction of covariance resulted in a drop of 30.2 points in the OFV and 

improvement in visual predictive check.  Body weight (BW) was found to be a 

significant covariate for VC-Iri. The relation between BW and VC-Iri was described by the 

following model: 

                                              





=− 5.251

*97.2
BW
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The exponent of normalized BW in the covariate model for VC-Iri was not found to be 

statistically significantly different from 1 and hence fixed to 1 in model development. 

The parameter estimates of plasma irinotecan are presented in the Table 2-1. The typical 

value of VC-Iri was found to be 2.97 L for a rat with a BW of 251.5 g. The population 

estimate of elimination half-lives for irinotecan in the distribution and elimination phase 
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was 0.66 hr and 2.4 hr, respectively. The inter-individual variability was found to be 44% 

and 56.5% for VC-Iri and elimination CLIri, respectively. The goodness-of-fit plots for the 

plasma irinotecan model are presented in Figure 2-3. Residual plots do not show any 

specific pattern and the observed plasma irinotecan data seem to be well predicted by the 

model.  

SN-38 concentration-time data were best described by a two-compartment model with 

inter-individual variability on elimination clearance of SN-38, CLSN, inter-compartmental 

clearance, Q2 and fraction of irinotecan  metabolized to SN-38, fSN. The population 

estimate of SN-38 terminal elimination half-life was 6.2 hr, which is consistent with the 

previously reported values of about 4-7 hr in rats (Hu Z et al., 2005; Yang XX et al., 

2006). The inter-individual variability on CLSN, Q2 and fSN was estimated to be 70.5%, 

60.2% and 51.5%, respectively. The goodness-of-fit plots for the plasma SN-38 model 

are presented in Figure 2-4.  Residual plots do not show any specific pattern and the 

observed plasma SN-38 data seem to be well predicted by the model.  

APC concentration-time data were best described by a one-compartment model with 

inter-individual variability on elimination clearance of APC, CLAPC, and fraction of 

irinotecan metabolized to APC, fAPC. The typical value of fAPC was estimated to be 4.5% 

under the assumption that the volume of distribution of APC is same as that of the central 

compartment of irinotecan. The population estimate of the APC elimination half life was 

0.35 hr. The inter-individual variability on fAPC and CLAPC was estimated to be 64.1% 

and 45.8%, respectively. The goodness-of-fit plots for the plasma APC model are 

presented in Figure 2-5. Residual plots do not show any specific pattern and the observed 

plasma APC data seem to be well predicted by the model.  
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CSF irinotecan concentration-time data were best described by a one-compartment model 

with inter-individual variability on fCSF, the fraction of total elimination clearance of 

irinotecan responsible for the transfer of irinotecan into CSF.  The effect of radiation was 

tested on fCSF. The estimate of fCSF was 0.00165 and 0.00265 in control and radiation 

treated groups, respectively; hence, fCSF was 60% higher in radiation treated groups as 

compared to the control group (P-value < 0.05). Statistically significant difference in fCSF 

was not observed between 10 and 20 Gy groups, hence the comparison was done between 

radiation treated group and the control group. The box and whisker plots of post-hoc 

estimates of fCSF for 10 and 20 Gy radiation treatment groups are shown in Figure 2-6. 

The inter-individual variability on fCSF was estimated to be 50.8%. The goodness-of-fit 

plots for the CSF irinotecan model are presented in Figure 2-7.  Residual plots do not 

show any specific pattern and the observed CSF irinotecan data seem to be well predicted 

by the model.  

2.3.2 Model validation 

The predictive check plots of irinotecan and metabolites, SN-38 and APC, are depicted in 

Figure 2-8. The predictive check plots show that the model has adequately described the 

overall trend and variability in the observed data. No systematic deviation was observed 

between the observed and simulated data.   

In the bootstrap analysis, 927, 938, 796 and 887 runs of plasma irinotecan, APC, SN38 

and CSF irinotecan, respectively, were minimized successfully. The medians of bootstrap 

parameter estimates were similar to the NONMEM estimates based on original dataset. 

Some of the parameter estimates based on original dataset had relative standard error 
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(RSE) greater than 50%, consequently their asymptotic confidence intervals include zero; 

however none of the bootstrap confidence intervals include zero (Table 1). Overall the 

bootstrap confidence intervals for the rest of the parameters are similar to the asymptotic 

confidence intervals based on NONMEM estimates.   
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2.4 Discussion 

Malignant gliomas are typically treated with multimodal therapy, which includes surgery, 

radiation therapy and adjuvant chemotherapy. In most cases, surgery is followed by 

radiation therapy (Burton EC and Prados MD, 2000; NCCN clinical Practice guidelines 

in Oncology, Central Nervous System Cancers, V.1.2010). Over the past decade, several 

chemotherapeutic drugs have been shown to improve outcome in patients with malignant 

gliomas; consequently, adjuvant chemotherapy is commonly used for such patients.  

Irinotecan has demonstrated broad spectrum activity in both human xenograft models in 

rodents and clinical trials in humans. Nagatsu S et al., 1997, demonstrated the anti-tumor 

activity of SN-38 against human glioma cell lines. In preclinical studies, irinotecan has 

been found to be effective against broad panel of human glioma tumor xenografts in mice 

(Houghton PJ et al., 1995; Hare CB et al., 1997). Clinically, irinotecan, alone or in 

combinations with other chemotherapeutic drugs such as bevacizumab and 

temozolomide, has shown benefit in patients with malignant glioma (Kang TY et al., 

2008; Reardon DA et al., 2005).   

Radiation therapy causes acute and long-term damage to the glial, neuronal and 

vasculature compartments of the brain. The early damage to brain is characterized by 

increased BBB and BCSFB permeability, leucocyte adhesion, changes in microvessel 

diameter and astrogliosis; while the long-term damage includes neurologic, endocrine 

and cognitive dysfunction (Wilson CM et al., 2009; Qin D et al., 1999; Livrea P et al., 

1985). The increase in BBB and BCSFB permeability could play an important role in 

enhancing the penetration of drugs to the brain. The results of the pharmacokinetic model 
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of irinotecan and its metabolites in rats and the effect of cranial radiation on the 

penetration of irinotecan in the rat brain are reported here. 

Irinotecan undergoes hydrolysis by carboxylesterases (CESs) to form the active 

metabolite SN-38. Two major human CESs, hCE-1 and hCE-2, have been identified in 

human tissues. hCE-1 is highly expressed in liver, lung epithelia, heart and testis. hCE-2 

is present in the small intestine, colon, kidney, liver, heart, brain and testis (Imai T, 

2006). A brain specific CES, hCE-3, has also been identified in the brain capillary 

endothelial cells (Mori M et al., 1999). The presence of CES in brain could result in 

higher brain exposure of SN-38 if the penetration of irinotecan is increased in the brain. 

As mentioned previously, irinotecan  and its metabolites undergo a pH-dependent 

reversible inter-conversion between the lactone and carboxylate forms, of which only the 

lactone form is considered active (Hertzberg RP et al., 1989). Hence, the concentrations 

of the lactone form of irinotecan and its metabolites were measured and used for the 

analysis.  

In the present study, an intravenous dose of 10 mg/kg of irinotecan was used, which 

results in plasma irinotecan Cmax similar to that observed in cancer patients at clinically 

used doses of irinotecan (Xie R et al, 2002). Irinotecan concentration-time profiles were 

best described by a 2-comparment model. Body weight was found to be a significant 

covariate for the volume of distribution of irinotecan in the central compartment, while 

elimination clearance of irinotecan was found to be independent of body weight. The 

estimates of elimination clearance and volume of distribution of irinotecan are similar to 

the previously reported values in rodents (Stewart CF et al., 1997; Zamboni WC et al., 
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1998; Hu Z et al., 2005). APC concentration-time profile was best described by a one-

compartment model, which is consistent with the previous reports in humans (Venook 

AP et al., 2003). SN-38 concentration-time profile was described by a two-compartment 

model, which is consistent with the previous reports in rodents as well as humans 

(Zamboni WC et al., 1998; Venook AP et al., 2003). The major elimination pathway of 

SN-38 is conjugation to glucuronic acid to form SN-38G (Rivory LP and Robert J, 1995). 

In the present study, the concentrations of SN-38G were not measured due to the limited 

sample volume.  

The CSF fills the complex interconnected ventricular cavities within the brain, the 

ventricles, and subarachnoid space (SAS) around the brain. This fluid is produced mainly 

by the choroid plexuses of the lateral and third ventricles, percolates downward into the 

fourth ventricle, to the roof of which is attached more choroidal tissue and then egress 

into the cisterns at the brain’s base. Thereafter the CSF is convected posteriorly and 

downward around the spinal cord, the subarachnoid space, as well as upward over the 

cerebral hemispheres. Finally, CSF passes from the subarachnoid space into venous 

blood. Solutes, including drugs, enter into the ventricular CSF through the epithelial cells 

of the choroid tissue by transcellular and paracellular processes and leave CSF passively 

at the rate of CSF turnover (Redzic ZB and Segal MB, 2004; Johanson CE et al., 2005).   

The estimate of fCSF in the CSF irinotecan model can be interpreted in terms of 

percentage of the administered dose of irinotecan entering into CSF, which was 0.165% 

and 0.265% in control and radiation treated groups, respectively. Qin D et al., 1997, 

reported up to 3-fold increase in the permeability of methotrexate in CSF after 

administration of 20 to 40 Gy dose of cranial radiation as a daily fraction of 2 Gy with 
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five fractions per week in patients with brain tumors. Increase in BBB permeability has 

been shown to occur as early as 2 hr after cranial irradiation with maximum increase 

occurring 24-hours after irradiation with 20 Gy dose in rats (Yuan H et al., 2003). Hence, 

maximum increase in brain penetration is expected to occur 24- hours after cranial 

irradiation. Information on the time-course of radiation induced changes in BCSFB 

permeability is lacking. The extent of increase in BCSFB permeability could depend up 

on the time after irradiation and also on the dosing schedule of radiation, which could 

explain the modest increase in BCSFB permeation in our study compared to up to 3 fold 

increase reported by Qin D et al., 1997. We did not observe statistically significant 

difference in fCSF between 10 and 20 Gy radiation groups, which could be either due to 

the reason that the permeability of the BCSFB has not reached its maximum within the 

duration of the experiment or the BCSFB permeability reached its maximum value at 10 

Gy dose of the radiation. Irinotecan is also a known radiation sensitizer (Rich TA and 

Kirichenko AV, 2001; de La Fouchardiere C et al., 2010). Therefore, there may be 

enhanced antitumor effects when radiation is administered immediately after irinotecan. 

Others have shown that both irinotecan and SN-38 are substrates for the p-glycoprotein 

and MRP1 drug transporters (Luo FR et al., 2002; Mathijssen RH et al., 2003). In 

addition, SN-38 has also been shown to be a substrate for the BCRP and OATP class of 

drug transporters (Zhou Q et al., 2005; Han JY et al., 2008). P-glycoprotein OAT3, 

MRP1 and MRP4 expression has been found in the choroid plexus at the BCSFB in rats 

as well as humans. P-glycoprotein and OAT3 are expressed in the proximity of the apical 

membrane of the choroid plexus, resulting in the transport of substrates into and out of 

the CSF, respectively. On the other hand, MRP1 and MRP4 are expressed on the 
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basolateral side of the endothelium, resulting in the transport of substrates into the blood 

from the CSF (Deeken JF and Loscher W, 2007). The presence of these transporters 

could also result in the alteration in the exposure of irinotecan and SN-38 in brain. 

Drug concentrations are easier to measure in CSF than in brain tissue in both clinical and 

preclinical settings, hence CSF is a commonly used measuring site for drugs that act in 

central nervous system. CSF drug concentrations may be directly relevant if the drug 

target sites in brain are in close contact with the ventricles, otherwise they will not 

necessarily provide useful information (de Lange EC and Danhof M, 2002). As 

mentioned previously, cranial radiation has been found to increase both BBB and BCSFB 

permeability. Hence, based on these results we could expect that the concentration of 

irinotecan could also increase at the brain sites more distant from ventricles due to 

increase in BBB permeability; however, it would require further testing.  

In summary, a population pharmacokinetic model was developed for the lactone form of 

irinotecan and its metabolites SN-38 and APC in rats. The final population 

pharmacokinetic model was judged adequate by visual predictive check and bootstrap 

analysis. The fraction of the administered dose of irinotecan entering into CSF was found 

to be about 60% higher after cranial radiation treatment as compared to the control group. 

Fractionated radiation schedule is typically used for delivering radiations in clinical 

settings. Future studies would be aimed to elucidate if fractionated radiation could 

enhance the exposure of irinotecan and its active metabolite SN-38 in rat brain 

parenchyma.   
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Figure 2-1  Metabolic pathway of irinotecan (CPT-11) (Adopted from Sparreboom A et 

al., 1998). Carboxylesterases hydrolysis irinotecan to form the active metabolite SN-38, 

which gets metabolized primarily by uridine diphosphate glucuronosyltransferase (UGT) 

1A1 to form the inactive glucuronide metabolite, SN-38G. Irinotecan is also metabolized 

by CYP3A enzymes to form the oxidative metabolites, NPC and APC.    
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Figure 2-2 Pharmacokinetic model for plasma irinotecan, APC and SN-38 and CSF 

irinotecan. Q1 and Q2 are inter-compartmental clearances. Vc-Iri and Vp-Iri are the volume 

of distribution of irinotecan for central and peripheral compartment, respectively; CLIri is 

the elimination clearance of irinotecan; fAPC is the fraction of irinotecan metabolized to 

APC; CLAPC is the elimination clearance of APC; fSN is the fraction of irinotecan 

metabolized to SN-38; Vp-SN is the volume of distribution of SN-38 for peripheral 

compartment; CLSN is the elimination clearance of SN-38; fCSF is the fraction of 

irinotecan entering in to the CSF compartment; and CLCSF is the elimination clearance of 

irinotecan from the CSF compartment; fex is the fraction of irinotecan eliminated by all 

other routes, and is equal to (1-fSN + fAPC + fCSF). 
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Figure 2-3 Goodness-of-fit plots of plasma irinotecan model.  DV represents observed 

concentrations, PRED represents population predicted concentrations and IPRED 

represents individual predicted concentrations of irinotecan. WRES are the weighted 

residuals under the model. 
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Figure 2-4 Goodness-of-fit plots of plasma SN-38 model. DV represents observed 

concentrations, PRED represents population predicted concentrations and IPRED 

represents individual predicted concentrations of SN-38. WRES are the weighted 

residuals under the model. 
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Figure 2-5 Goodness-of-fit plots of plasma APC model. DV represents observed 

concentrations, PRED represents population predicted concentrations and IPRED 

represents individual predicted concentrations of APC. WRES are the weighted residuals 

under the model. 
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Figure 2-6 Box and whisker plots of post-hoc estimates of fCSF for 10 and 20 Gy 

radiation treatment groups. 
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Figure 2-7 Goodness-of-fit plots of CSF irinotecan model. DV represents observed 

concentrations, PRED represents population predicted concentrations and IPRED 

represents individual predicted concentrations of irinotecan in CSF. WRES are the 

weighted residuals under the model. 
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 Figure 2-8 Visual predictive check plots of plasma irinotecan, APC, SN-38 and CSF 

irinotecan models. Open circles are observed concentrations.  
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Table 2-1 Parameter estimates of Plasma irinotecan, APC, SN-38 and CSF 

irinotecan model with the bootstrap results 

 Parameter 
(unit) 

Estimate 
(RSE%) 

95 % CI based 
on NONMEM 
standard 
errors 

Bootstrap estimates 
– Median [95% CI] 

Plasma 
Irinotecan  

Vc-Iri (L/ 251.5 g 
BW) 

2.97 (8.15) [2.50, 3.44] 2.85[1.71, 3.32] 

VP -Iri  (L) 1.3 (36) [0.38, 2.22] 1.46 [0.75, 3.25] 
Q1 (L/Hr) 0.68 (37) [0.18, 1.17] 0.80 [0.48, 3.66] 
CLIri (L/Hr) 1.75 (9.14) [1.43, 2.06] 1.73 [1.46, 1.99] 
IIV- V C 44.0 (29.4) [28.6, 55.3] 44.7 [40.0, 73.5] 
IIV - CL Iri  56.5 (30.7) [35.6, 71.5] 56.5 [38.7, 74.8] 
Covariance  
(VC-Iri – CLIri) 

0.204 (32.9) [0.07, 0.33] 0.21 [0.11, 0.35] 

RUV 25.2 (15.5) [21.0, 28.7] 24.9 [21.7, 27.8] 
APC fAPC  (%) 4.5 (23.0) [2.54, 6.67] 4.56 [3.15, 6.64] 

CLAPC (L/Hr) 5.76 (18.8) [3.64, 7.87] 5.79 [4.22, 8.15] 
IIV - f APC 64.1 (51.8) [0.0, 90.45] 61.1 [26.9, 84.3] 
IIV - CL 45.8 (45.7) [14.7, 62.8] 44.7 [20.0, 63.2] 
RUV 44.2 (23.3) [32.8, 53.8] 44.7 [36.0, 53.8] 

SN-38 fSN (%) 36.6 (33.9) [16.2, 49.0] 36.0 [21.0, 54.0] 
VP-SN (L) 157 (24.3) [81.9, 232.1] 151.6 [82.1, 254.9] 
Q2 (L/hr) 50.2 (20.3) [30.2, 70.2] 50.4 [26.1, 71.6] 
CLSN (L/Hr) 27.1 (32.1) [10.0, 44.1] 25.9 [13.1, 43.4] 
IIV - fm 51.5 (36.5) [27.5, 67.4] 50.0 [27.9, 67.4] 
IIV - Q2 60.2 (58.8) [0.0, 88.2] 61.6 [37.4, 96.9] 
IIV - CLSN 70.5 (49.1) [13.7, 98.7] 72.8 [41.2, 97.9] 
RUV 35.7 (12.9) [30.8, 40.0] 35.2 [31.6, 38.9] 

CSF  
Irinotecan  

fCSF (%) in 
control group 

0.165 (73.5) [-0.07, 0.403] 0.165 [0.013, 0.652]  

fCSF (%) in 
radiation group 

0.265 (66.5) [-0.08, 0.609] 0.261 [0.021, 0.969] 

CLCSF (L/hr) 0.0456 (69.0) [-0.016, 0.107] 0.044 [0.004, 0.178] 
IIV - f CSF 50.8 (33.4) [29.8, 65.5] 49.9 [34.5, 63.1] 

RSE – relative standard error; CI – Confidence interval; IIV – Inter-individual variability, 

expressed as CV%; RUV – Residual explained variability, expressed as CV% 
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Chapter 3  

Pharmacodynamic modeling of sequence dependent antitumor activity 

of insulin like growth factor receptor (IGF-1R) blockade and cytotoxic 

chemotherapy 

3.1 Introduction 

A potential role of insulin-like growth factor (IGF) system in malignant transformation 

and stimulation of malignant phenotype has been established. Consequently, several 

small molecule inhibitors and antibodies targeting IGF system are being developed. The 

IGF system is composed of the circulating ligands, insulin-like growth factor-I (IGF-I), 

IGF-II, and insulin; multiple receptors, IGF-IR, IGF-IIR, insulin receptors (IR), and 

hybrid receptors composed of IGF-IR and IR; and binding proteins (Sachdev D and Yee 

D, 2007). 

The insulin-like growth factor-I receptor (IGF-IR) is a tetrameric transmembrane receptor 

tyrosine kinase with structural homology to insulin receptors, which is involved in the 

embryonic development and postnatal growth. It is ubiquitously expressed on a wide 

variety of human tissues, and binds IGF-I, IGF-II, and supraphysiological concentrations 

of insulin. Ligand activation of IGF-IR has been reported to stimulate proliferation, 

survival, transformation, metastasis and angiogenesis. Ligand binding activates the 

intrinsic tyrosine kinase activity of IGF-IR, which results in recruitment and 

phosphorylation of one of its two primary adaptor proteins, Insulin receptor substrate 1 

(IRS1) and src homology collagen-like (Shc) docking protein.  The phosphorylated 
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adaptor proteins then serve as docking sites for other signaling molecules, resulting in the 

activation of the downstream pathways such as phosphatidylinositol 3’-kinase (PI3K) and 

the mitogen-activated protein kinase (MAPK). Both PI3K and MAPK influence key cell 

survival and proliferation events (Peruzzi F et al., 1999; Baserga R et al., 2003; Sachdev 

D and Yee D, 2007; Hu YP et al., 2008). IGF-1R has also been shown to mediate cell 

cycle reentry from a quiescent state through the induction of transforming growth factor α 

(TGF-α) mediated activation of epidermal growth factor receptor (Hu YP et al., 2008).  

PQIP, cis-3-[3-(4-methyl-piperazin-l-yl)-cyclobutyl]-1-(2-phenyl-quinolin-7-yl)-imidazo 

[1,5-a]pyrazin-8-ylamine, is a potent and selective IGF-IR tyrosine kinase small molecule 

inhibitor, which inhibits human IGF-IR with 14-fold selectivity over human insulin 

receptors. PQIP is active against xenograft tumors grown in mouse models at 

concentrations that do not cause significant hyperglycemia (Ji QS et al., 2007).  

Initial preclinical and clinical studies suggest that IGF-1R inhibition enhances response to 

chemotherapy (Goetsch L et al., 2005; Karp DD e al., 2009). Since IGF-1R affects cell 

cycle progression, attention to the specific type of chemotherapy may be important. For 

instance, drugs that require active DNA synthesis for effect, e.g., gemcitabine, which 

exhibit cell cycle specificity by primarily killing cells undergoing DNA synthesis (S-

phase) and also blocking the progression of cells through the G1/S-phase boundary, could 

be inhibited by IGF-1R signal inhibition due to inhibition of cell proliferation. In 

contrast, IGF-1R has been shown to signal to DNA repair mechanisms and it has been 

shown that inhibition of IGF-1R signaling may potentiate drugs that directly damage 

DNA. Hence, the potency of a particular drug combination may be, in part, associated 

with the sequence of administration for the IGF antagonist and a cytotoxic agent. The 
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greatest anti-tumor effect of IGF blockage is expected to be in combination regimens, but 

it has not been studied how IGF-1R inhibitors should be combined with chemotherapy. 

The purposes of this study were to 1) evaluate the antitumor activity of PQIP and 

gemcitabine as single agents in vitro, and 2) to test the hypothesis that treatment with 

gemcitabine first, followed by PQIP is associated with greater antitumor activity than the 

reverse sequence. Such information would ultimately inform the design of protocols for 

testing in clinical trials. Data analyses were performed by developing a 

pharmacodynamic model under bayesian framework, which allows the incorporation of 

uncertainty in the parameter estimates in making inferences about the parameters or their 

functions.  
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3.2 Materials and Methods 

3.2.1 Materials 

MCF-7, MDA-MB-231 and Hs-578T human breast cancer cell lines were used for the in 

vitro cell growth inhibition experiments. MCF-7 shows both proliferative and anti-

apoptotic response to IGF, while MDA-MB-231 cells exhibit only an anti-apoptotic 

response (Gooch JL et al., 1999; Jackson JG et al., 2001; Pacher M et al., 2007). On the 

other hand, Hs-578T cells do not show either of the proliferative or anti-apoptotic 

response to IGF stimulation; hence considered resistant to IGF-1R inhibitors (De Leon 

DD et al., 1992). All of the cell lines were kindly provided by Dr. Douglas Yee 

(Professor of Medicine, University of Minnesota). PQIP and gemcitabine were obtained 

as gift samples from OSI pharmaceuticals (Melville, NY) and Eli Lilly (Indianapolis, IN), 

respectively.  

3.2.2 Preparation of cell-culture media 

MCF-7 cell line 

Plating media: Improved minimum essential medium (IMEM) with ZincOption 

(Invitrogen, Carlsbad, CA), without phenol red, containing 10% fetal bovine serum (FBS; 

Biosource,Rockville, MD), 2 nM IGF-I and insulin (Humulin R, Lilly) to a final 

concentration of 0.068 ng/ml was used as the plating media to seed 30,000 MCF-7 cells 

per well in a 24-well plate for the cell growth inhibition experiments. 

Treatment media: IMEM with ZincOption, without phenol red, containing 0.5% FBS and 

2 nM IGF-1 and gemcitabine/PQIP at specific concentrations described in section 3.3.3 

was used as the treatment media for the cell growth inhibition experiments. 



 43

Growth/maintenance media: Dulbecco's Modified Eagle Medium (DMEM) containing 

4.5 g/L of glucose, 10% FBS, 2 mM L-glutamine, sodium pyruvate, 50 units/mL 

penicillin, 50 µg/mL streptomycin (Invitrogen, Carlsbad, CA), and insulin to a final 

concentration of 0.068 ng/ml was used as the growth media for cell growth following 

drug treatment. 

MDA-MB-231 and Hs-578T cell lines 

Plating media: Roswell Park Memorial Institute (RPMI) 1640 media (Invitrogen, 

Carlsbad, Cal) containing 10% fetal calf serum (FCS; Biosource, Rockville, MD), 2 mM 

L-glutamine, 50 units/ml penicillin, and 50 µg/ml streptomycin was used as the plating 

media to seed 15,000 MDA-MB-231 and Hs-578T cells, for the cell growth inhibition 

experiments. 

Treatment media: RPMI 1640 media containing 10% FCS, 2 mM L-glutamine, 50 

units/ml penicillin, and 50 µg/ml streptomycin and 2 nM IGF-1 and gemcitabine/PQIP at 

specific concentrations described in section 3.3.3 was used as the treatment media for the 

cell growth inhibition experiments. 

Growth media: Dulbecco's RPMI 1640 media containing 5% FCS, 2 mM L-glutamine, 

50 units/ml penicillin, and 50 µg/ml streptomycin was used as the growth media for cell 

growth following drug treatment. 

3.2.3 In vitro cell growth inhibition experiments 

Single agent experiments: All of the cell growth inhibition experiments were conducted 

in 24-well plates.  Each of the three cell lines were seeded into 24-well plates with plating 
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media, described in section 3.3.2. One day after plating, cells were treated with 

gemcitabine for 1 hour or PQIP for 24 hours with concentrations listed in Table 3-1. 

Gemcitabine has very short elimination half-life in humans ranging from 10 -30 minutes, 

hence in order to approximate the plasma exposure time observed in patients, 1 hour 

exposure time was chosen for gemcitabine. Ji Q et al., 2007, showed that PQIP 

concentrations of 2-4 µM were observed for approximately 16-24 hours after oral 

administration in mice; hence the exposure duration of PQIP was chosen to be 24 hours. 

Media used during treatment is described in section 3.3.2. Immediately following the 

drug exposure, the treatment media containing drug was replaced with drug-free growth 

media described in section 3.3.2. The cell viability was measured using trypan blue 

staining in triplicate every day following drug exposure until the wells became confluent. 

The experiments were terminated when the wells became confluent. At each 

measurement the assessment of cell viability from triplicate wells resulted in the 

destruction of the experimental unit (triplicate wells), so a 24-well plate was used for a 

total of 8 measurement occasions.   

Sequence of administration experiments: Once sensitivity data were obtained following 

treatment with various concentrations of each single agent, concentrations were selected 

for testing in sequence of administration experiments. We excluded the high 

concentrations from single agent experiments (e.g., 100 µM gemcitabine and 20/50 µM 

PQIP), since testing of those in combination would be expected to have diminished 

observable results as the cell-kill would have been at or near maximum at those 

concentrations. For MCF-7 and MDA-MB-231 cell line, we combined a low 

concentration (1 µM) of gemcitabine with a moderate concentration of PQIP (5 µM), a 
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low concentration (0.5 µM) of PQIP with a moderate concentration of gemcitabine (10 

µM) or a moderate concentration (5 µM) of PQIP with a moderate concentration of 

gemcitabine (10 µM). For Hs-578T cell line, we combined 0.1 µM gemcitabine with 5 

µM PQIP. In these experiments, cells were either exposed to gemcitabine first for 1 hour 

followed by PQIP for 24 hours (GP), or in reverse sequence (PG). The concentration 

combinations of gemcitabine and PQIP studied in sequence experiments are summarized 

in Table 3-2. At each concentration combination, the GP and PG sequence was tested. 

Cell viability was measured following completion of treatment with both agents similar 

to the single agent experiments (described above).  

3.2.4 Pharmacodynamic model 

The effect of single agent gemcitabine, PQIP, and the combinations on cell-kill were 

evaluated by bayesian analysis using WinBUGS Differential Interface, WBDiff, in 

WinBUGS (Spiegelhalter D et al., 2003). WBDiff is an interface that allows the 

numerical solution of ordinary differential equations (ODEs) within WinBUGS models. 

The pharmacodynamic model for the time course of effects of each drug in single agent 

experiments was described by the following equations: 

                                                                                                      eq (1) 

                                                                                                      eq (2) 

                                                                                                      eq (3) 
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Where A represents the number of viable cells; Amax is the maximum number of cells at 

which the wells become confluent; Kg (day-1) is the first-order rate constant for net 

growth of cells; Kd is the time-dependent function allowing a change in the cell-kill rate 

constant as time increases; Kd0 (day-1) is the concentration-dependent cell-kill rate 

constant at time = 0, which, depends on drug concentration C (µM), Emax (day-1), the 

maximum cell-kill rate constant; EC50 (µM); and Hill coefficient H. 

According to eq (1), the rate of change of viable cell number was explained by a first-

order ordinary differential equation (ODE), where rate of change of viable cell number at 

any time point is equal to the difference between the rate of cell growth and the rate of 

cell death. The rate of cell growth and cell death are proportional to the number of viable 

cells. The rate of cell growth was given by the term Kg*A and rate of cell death by 

Kd*A. As the cell number increases in each well over time, the cell growth slows down 

due to the limitation of the availability of nutrients as well as space to grow. This feature 

of cell growth was captured by incorporating (1-(A/Amax)) in the eq (1) above, which 

causes Kg to decrease as the number of viable cells increases. The exposure time for 

gemcitabine and PQIP was 1 hour and 24 hours, respectively, but the viable cell count 

continues to drop up to day 3 following drug exposures. This delay in the time course of 

exposure and cell death was modeled by using exponential function, Kd, shown in eq (2). 

Kd allows the cell death parameters, Kd0 (obtained from eq(3)) to decay off the model 

gradually over time instead of abruptly at the end of drug exposure time. K0 in eq(2) and 

K02 in eq (5) describes the decay of Kd and Kd2, respectively, over time; when Kd and 

Kd2 becomes zero cells will grow at the same rate as they would in the absence of drugs. 
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A sequential modeling approach was used to estimate the rate of cell kill with sequence 

of administration experiments. The rate of cell growth was fixed to the posterior of the 

cell growth parameters, Kg and Amax, determined from the single-agent data by using 

the “cut” logical function in WinBUGS. The rate of cell kill following administration 

sequence experiments was estimated by eq (4), where Kd2 represents the rate constant for 

the total effect of the sequence. 

                                                                                                       eq (4) 

                                                                                                       eq (5) 

In eq(5), θ represents the total effect of a sequence at time zero. The comparison of 

sequence effects was based on the posterior of the difference in the total effect of GP 

(θGP) and PG (θPG) sequences at each dose combination as shown in eq (6).  

                              Diff = θGP - θPG                                                                           eq (6) 

If the posterior of “Diff” in eq (6) is positive than GP sequence is superior to the PG 

sequence at a particular dose combination of gemcitabine and PQIP, otherwise PG 

sequence is superior. The P-value was calculated as how often the estimate of the 

difference in total effect in GP and PG sequence at each dose combination was less than 

zero. 

The data were log transformed for the analysis and the mean of log-number of viable 

cells (Y) was used as the response variable, which was assumed to follow a normal 

distribution (eq(7)) 

                              Y ~ N(A, σ
2/n)                                                 eq (7)   
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Where, A is the solution to the differential equation (model prediction), σ2 is the residual 

variance and n is the number of observations used to calculate Y.  

Standardized residuals, r, were calculated as shown in eq (8) 

                                                                                                       eq (8) 

The Gibbs sampler was run for a total of 100,000 iterations, of which 4,000 were burn-in, 

for obtaining the summary of posterior distributions of the model parameters. Model 

comparisons were done by Deviance Information Criterion (DIC). A difference in DIC of 

more than 5 was considered important to rule out the model with higher DIC. Goodness-

of-fit diagnostics included plots of observed vs. model predictions and standardized 

residuals. Informative but uniform priors were used for all of the parameters except 

Amax, which used a log normal prior, while a vague gamma prior was used for the 

precision (1/σ2) of the response variable. 

3.2.5 Model evaluation 

Model evaluation was performed by doing posterior predictive check (PPC) using the 

posterior predictive distribution as defined by eq (9). 

 ∫= θθθ dypypyyp reprep )|(*)|()|(                          eq (9) 

Where yrep denotes replicated or future values of y, p(θ|y) is the posterior distribution of 

the parameters estimated with the observed data y, and p(yrep|θ) is the sampling 

distribution (or likelihood) of the data, given the model parameters.  

The posterior predictive p-value (PPC P-value) was calculated as per eq (10): 
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                     PPC P-value = Pr(T(yrep) ≥ T (y)|y)                               eq (10) 

Where, T(y) is the test statistic based on the observed data and T(yrep) is the same test 

statistic based on the replicated data. We used each observed data value, y, as the test 

statistic. PPC P-values less than 0.025 and greater than 0.975 were considered as extreme 

values that indicate lack of fit of the model to the data.  



 50

3.3 Results 

The pharmacodynamic model adequately predicted the observed data. The posterior 

densities of the parameters were smooth after 100,000 Gibbs samples. The history plots 

of the Gibbs sampler revealed that it converged to the stationary distribution within 4000 

burn-in iterations.  

3.3.1 Single agent experiments with gemcitabine and PQIP 

The time-course of MCF7, MDA-MB-231 and Hs-578T cell growth for single agent 

gemcitabine and PQIP are shown in the Figure 3-1, 3-2 and 3-3, respectively. In the 

absence of drug treatment, all three cell lines grew exponentially, which appears as linear 

growth on the log scale; however, their rate of growth appears to decrease over time. Cell 

growth was fastest for Hs-578T followed by MDA-MB-231 then MCF-7 cells. The 

parameter estimates for MCF-7 and MDA-MB-231 cell lines from single agent 

experiments with gemcitabine and PQIP are presented in Table 3-3. The maximum 

number of MCF-7, MDA-MB-231 and Hs-578T cells at which the wells became 

confluent (Amax) were estimated to be 2.029, 0.579 and 0.459 million cells, respectively. 

There was concentration-dependent cell kill for both agents against MCF-7 and MDA-

MB-231 cell lines. The maximum effect (Emax) of PQIP was more than that of 

gemcitabine for both MCF-7 and MDA-MB-231 cells; however, the EC50 estimate of 

gemcitabine was less than that of PQIP. The posterior densities of the parameters of 

single agent experiments are shown in Figure 3-4. The goodness-of-fit plots for MCF-7, 

MDA-MB-231 and Hs-578T cell line models shows the combined data from both single 

agent and sequence of administration experiments and are shown in Figure 3-5, 3-6 and 
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3-7, respectively.  The standard deviation (σ) of the log viable cells was estimated to be 

0.95, 0.74 and 0.87 for MCF-7, MDA-MB-231 and Hs-578T, respectively. 

3.3.2 Sequence of administration experiments 

The estimates of the difference in cell-kill rate constant in GP and PG sequences, Diff, at 

each of the gemcitabine and PQIP dose combinations tested in the study are shown in 

Table 3-4. The time-course of MCF7, MDA-MB-231 and Hs-578T cell growth for 

sequence of administration experiments are shown in the Figure 3-8, 3-9 and 3-10, 

respectively.  

For MCF-7 cell line, the GP sequence was better than PG sequence at the two dose 

combinations, 1 µM gemcitabine/ 5 µM PQIP and 10 µM gemcitabine/ 0.5 µM PQIP, 

evaluated in the study with estimated difference of 0.48 and 0.14 in cell kill rate constant 

(P-value < 0.05). For MDA-MB-231 cell line, the GP sequence was better than PG 

sequence at two dose combinations, 1 µM gemcitabine/ 5 µM PQIP and 10 µM 

gemcitabine/ 5 µM PQIP, with estimated difference of 0.26 and 0.46 in cell kill rate 

constant (P-value < 0.05). A statistically significant difference was not observed in the 

difference of cell kill rate constant between GP and PG sequence at 10 µM gemcitabine/ 

0.5 µM PQIP dose combination, however there was a trend for the superiority of GP 

sequence over PG sequence with estimated difference of 0.11  (P-value = 0.13).  For Hs-

578T cell line, a trend towards superiority of the GP sequence over PG sequence was 

observed at the only dose combination, 0.1 µM gemcitabine/ 5 µM PQIP, evaluated in the 

study with estimated difference of 0.64 in cell kill rate constant (P-value = 0.1). The 
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estimates of K02 for MCF-7 and MDA-MB-231 cell lines were 0.29 and 0.373, 

respectively. 

3.3.3 Model evaluation 

The posterior predictive check (PPC) indicates that the model describes the data well. 

The PPC P-values for each of the three cell lines are shown in Figure 3-11, 3-12 and 3-

13. Only 3 PPC P-values for MCF-7 cell line, 2 PPC P-values for MDA-MB-231 cell line 

and none of the PPC P-values for Hs-587T cell line were outside the 0.025 - 0.975 range. 
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3.4 Discussion 

Multiple lines of evidence implicate IGF signaling with several different cancers. 

Epidemiological studies have shown that high circulating levels of IGF-I are associated 

with increased risk of lung, breast, colon and prostate cancer (Sachdev D and Yee D, 

2007). Transgenic mice deficient in IGF-I have shown decreased growth of both colon 

and mammary tumors, while the transgenic mice over-expressing IGF-I/IGF-II showed 

increased incidence of mammary tumors (Wu Y et al., 2002; Wu Y et al., 2003). In 

addition, high circulating levels of IGF-I have been reported in patients with breast 

cancer (Bates P et., 1995). Inhibition of IGF-1R signaling by various approaches, such as 

anti-IGF-1R antibodies, small molecule inhibitors, and antisense RNA, have been shown 

to be useful in reducing tumor growth in human tumor xenograft models (Ji Q et al., 

2007).   

A number of drug candidates, including both small molecule inhibitors and monoclonal 

antibodies, targeting IGF-1R are currently being investigated clinically either as single 

agents or in combination with other chemotherapeutic drugs.  Most of the targeted agents 

in oncology are used in combinations. IGF blockade is likely to be most beneficial when 

combined with chemotherapy. For instance, treatment with an anti-IGF1R antibody, 

αIR3, has been shown to enhance effects of doxorubicin and vincristine in vitro (Benini S 

et al., 2001). In human tumor xenograft models, anti-IGF1R antibodies have shown 

improved anti-tumor activity in combination with vinorelbine, adriamycin, 5-fluorouracil 

and tamoxifen (Cohen BD et al., 2005; Goetsch L et al., 2005). The combination of 

chemotherapy with targeted therapy may be sequence dependent. A large cooperative 

group trial showed an estimated disease-free survival advantage of 18% for sequential 
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rather than concurrent chemotherapy with tamoxifen in an adjuvant setting (Pierce LJ et 

al., 2005). Therefore, administration sequence is expected to be an important 

consideration in combing IGF blockage with chemotherapy. The sequencing of tyrosine 

kinase inhibitors, including IGF-1R inhibitors, with other anti-cancer drugs has not been 

addressed in detail; consequently, there are important gaps in the knowledge about the 

optimum ways of combining IGF-1R targeting drugs with cytotoxic drugs (Gualberto A 

and Pollak M, 2009). However, recently, Zeng X et al., 2009, showed that treatment with 

doxorubicin first, followed by anti-IGF1R antibodies (scFv-Fc or EM164), was superior 

over the reverse order of treatment with these agents. The results of sequencing of a small 

molecule IGF-1R inhibitor, PQIP, with a cytotoxic drug, gemcitabine, are reported here. 

The analysis of the cell viability data was done using bayesian analysis technique, which 

offers several advantages over classical frequentist approaches for data analysis. For 

instance, in frequentist’s paradigm, a confidence interval does not provide a probabilistic 

statement about parameter values; however, the bayesian credible intervals, akin to 

frequentist’s confidence intervals, can be interpreted probabilistically, e.g., a 95% 

bayesian credible interval for a parameter has the interpretation that the true value of the 

parameter falls in the credible interval with a probability of 0.95. More often in data 

analysis, we are interested in functions of the parameters (e.g., Diff =θGP - θPG   in eq(6) 

earlier)  besides the parameters of the model. Bayesian methods make it easy to compute 

such functions of parameters and propagate the uncertainty about parameters into 

uncertainty about these quantities. However, in frequentist context, computation of such 

quantities and there uncertainties is often difficult and require approximations. Another 

advantage of bayesian methods is the ability to incorporate prior information about the 
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data into statistically analysis through the use of priors. Also, in bayesian paradigm, we 

can compare models with different functional forms as well as models with different 

covariates, which are not possible in frequentist analysis (Carlin BP and Louis TA, 2009).                                              

Our study shows the sequence dependent effects of combining IGF-1R inhibitor with 

cytotoxic chemotherapy. Exposure with gemcitabine first, followed by PQIP, was found 

to be either superior or equivalent to the reverse sequence in all of the three breast cancer 

cell lines used in the study. Our results are in agreement with others showing the optimal 

sequence of combing doxorubicin with anti-IGF1R antibodies is doxorubicin followed by 

the antibody (Zeng X et al., 2009). The sequence dependent effect of gemcitabine with 

PQIP is consistent with their mechanism of action. Gemcitabine is S-phase dependant, 

primarily killing cells undergoing DNA synthesis, while the IGF-1R inhibition will 

prevent cells from entering cell cycle. Hence, IGF-1R inhibition first followed by 

gemcitabine will render a lower fraction of cells in the S-phase; consequently, a lower 

fraction of cells sensitive to gemcitabine. Also, IGF system helps cell survive due to 

inhibition of apoptosis; hence, blocking of IGF-1R following gemcitabine exposure will 

inhibit the cell survival and result in greater anti-tumor activity. 

We used MCF-7, MDA-MB-231 and Hs-578T human breast cancer cell lines in the 

study. Among these cell lines, MCF-7 is most sensitive, while Hs-578T is least sensitive 

to IGF.  In single agent experiments, the rate constant for cell growth, kg, was highest for 

Hs-578T cell line followed by MDA-MB-231 and then MCF-7 cell line, which would 

explain the fastest doubling time for Hs-578T followed by MDA-MB-231 and MCF-7 in 

the absence of drugs. MCF-7 cells are smaller in size than MDA-MB-231 and Hs-578T, 

consequently the estimate of the maximum number of cells at which the wells become 
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confluent, Amax, was highest for MCF-7. For MCF-7 cell line, PQIP was found to be 

more effective in causing cell kill than gemcitabine.  Emax of PQIP was higher for MCF-

7 compared to the MDA-MB-231 cell line, which could be due to the fact that MCF-7 

cells are more sensitive to IGF stimulation as they show both proliferative and anti-

apoptotic responses, on the other hand MDA-MB-231 cells only show anti-apoptotic 

response. The estimate of the hill coefficient, H, for PQIP against MDA-MB-231 cell line 

was 6.2, which indicates a steep exposure-response relationship, which we suspect could 

be due to cross reactivity of PQIP with other receptor types. Positive uniform priors, 

which assign equal probabilities to all possibilities in the range specified in the prior 

distribution, were used for all parameters except Amax for the analysis of single agent 

experiments based on our prior experience with these cell lines in our laboratory. 

Uniform priors were used for the cell-kill rate constant in the sequence of administration 

experiments based up on the results of the single agent experiments. A vague gamma 

prior was used for the precision (1/σ
2) of the response variable. Gamma distribution, 

applies to the unknown quantities that take values between 0 and ∞ (such as the precision 

parameter), serve as a conjugate prior for the precision (1/σ
2) of the response. Such 

conjugate priors allow the posteriors to emerge without numerical integration, which 

makes the analysis less computationally burdensome.  

As mentioned previously, in sequence of administration experiments, we combined, 0.5 

µM PQIP with 10 µM gemcitabine, 5 µM PQIP with 1 µM gemcitabine, and 5 µM PQIP 

with 10 µM gemcitabine. For MCF-7 cells, we did not observe statistically significant 

difference between 10 µM gemcitabine with 0.5 µM PQIP and 10 µM gemcitabine with 5 

µM PQIP in the GP sequence (P-value=0.113), consequently, 10 µM gemcitabine with 5 
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µM PQIP concentration combination was not studied in PG sequence. The GP sequence 

was found to be superior over PG sequence at both of the concentration combinations, 1 

µM gemcitabine with 5 µM PQIP and 10 µM gemcitabine with 0.5 µM PQIP, tested in 

the study. Considering the superiority of GP sequence for MCF-7 cells, we also tested a 

low (0.5 µM) and high (20 µM) concentration of PQIP with 1 µM concentration of 

gemcitabine. A statistically significant (P-value <0.01) increase in cell-kill rate constant 

was observed when concentration of PQIP was increased from 0.5, 5 and 20 at 1 µM 

concentration of gemcitabine in the GP sequence. For MDA-MB-231 cell line, GP 

sequence was found to be significantly better than PG sequence at 1 µM gemcitabine 

with 5 µM PQIP and 10 µM gemcitabine with 5 µM PQIP concentration combinations. 

On the other hand, the 10 µM gemcitabine with 0.5 µM PQIP concentration combination 

only showed a trend towards superiority of the GP sequence (P-value = 0.13). As 

mentioned earlier, the MDA-MB-231 cell line is less sensitive to IGF signaling, as it 

exhibits only an anti-apoptotic response, which could be the reason that we did not 

observe statistically significant difference in GP and PG sequence at a concentration 

combination using low (0.5 µM) concentration of PQIP.  We tested only one 

concentration combination, 0.1 µM gemcitabine with 5 µM PQIP, with Hs-578T cell line 

as these cells express much less IGF-1R receptors, consequently, considered 

unresponsive to IGF stimulation (Pacher M et al., 2007). We did not observe a 

statistically significant difference in the cell-kill rate constant, although a trend towards 

the superiority of the GP sequence was observed, which could be because of the low level 

of expression of IGF-1R receptors in Hs-578T cells. Hence, overall the GP sequence was 
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found to be either statistically superior or equivalent to the reverse sequence in the three 

cell lines with varying degrees of IGF responsiveness used in the present study. 

The cross-reactivity of IGF-1R inhibitors with IR as well as inhibition of the hybrid IGF-

1R/IR receptors could result in metabolic side-effects, in particular hyperglycemia 

(Gualberto A and Pollak M, 2009). Although the IGF-1R inhibitors currently being 

developed offers some degree of selectivity over IR, for instance, PQIP has 14-fold 

selectivity over human IR in intact cells, but the inhibition of hybrid receptors could still 

result in their metabolic side-effects (Ji Q et al., 2007). Combination treatment strategies 

of IGF-1R inhibitors with other cytotoxic drugs could also result in utilizing a lower dose 

of IGF-1R inhibitors, which could decrease the incidence of their metabolic side-effects.  

In summary, our study has important implication in designing the combination therapy of 

IGF-1R inhibitors with other cytotoxic drugs, which require DNA synthesis for their anti-

tumor activity. We found that exposure with cytotoxic chemotherapy, gemcitabine, first 

followed by IGF-1R inhibitor, PQIP, was either superior or equivalent to the reverse 

sequence. This observation could be critical as several IGF-1R inhibitors are currently 

under development and being evaluated in combination with other cytotoxic drugs in 

clinical trials. Future studies will be aimed at the evaluation of sequence effects and 

tolerability of IGF-1R inhibitors with gemcitabine in the mouse models of breast cancer 

in vivo, which could help in the development of treatment protocols which can be tested 

clinically. 
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                                   (a)                                                                    (b) 

Time (Days)Time (Days)

                                        

Figure 3-1 Time course of MCF-7 cell growth for single agent (a) gemcitabine and (b) 

PQIP. Solid circles represents mean of log viable cells, error bars represents SEM and 

solid lines represents model prediction.  

 

                                   (a)                                                                    (b) 

Time (Days)Time (Days)
 

Figure 3-2 Time course of MDA-MB-231 cell growth for single agent (a) gemcitabine 

and (b) PQIP. Solid circles represents mean of log viable cells, error bars represents SEM 

and solid lines represents model prediction. 
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Figure 3-3 Time course of Hs-578 cell growth for single agent gemcitabine and PQIP. 

Solid circles represents mean of log viable cells, error bars represents SEM and solid 

lines represents model prediction. 
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Figure 3-4 Posterior densities of the parameters of (a) MCF-7, (b) MDA-MB-231 and (c) 

Hs-578T cell line models.  
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 Figure 3-5 Goodness-of-fit plots of MCF-7 cell line model: (a) Standardized residuals vs 

time, (b) standardized residuals vs model prediction, and (c) Observed cell viability data 

vs model prediction. Grey line is the lowess smooth through the data. 
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Figure 3-6 Goodness-of-fit plots of MDA-MB-231 cell line model: (a) Standardized 

residuals vs time, (b) standardized residuals vs model prediction, and (c) Observed cell 

viability data vs model prediction. Blue line is the lowess smooth through the data. 
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Figure 3-7 Goodness-of-fit plots of Hs-578T cell line model: (a) Standardized residuals 

vs time, (b) standardized residuals vs model prediction, and (c) Observed cell viability 

data vs model prediction. Blue line is the lowess smooth through the data. 
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Figure 3-8 Time course of MCF-7 cell growth for sequence of administration 

experiments (a) 1 µM gemcitabine and 5 µM PQIP in GP and PG sequences and (b) 10 

µM gemcitabine and 0.5 µM PQIP in GP and PG sequences. 
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Figure 3-9 Time course of MDA-MB-231 cell growth for sequence of administration 

experiments (a) 1 µM gemcitabine and 5 µM PQIP in GP and PG sequences,  (b) 10 µM 

gemcitabine and 0.5 µM PQIP in GP and PG sequences, and (c) 10 µM gemcitabine and 

5 µM PQIP in GP and PG sequences. 
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Figure 3-10 Time course of Hs-578T cell growth for sequence of administration 

experiment with 0.1 µM gemcitabine and 5 µM PQIP in GP and PG sequences.  
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Figure 3-11 Posterior predictive check (PPC) P-values for single agent and sequence of 

administration experiments with MCF-7 cell line. Horizontal red lines represent the P-

values of 0.025 and 0.0975, while blue line represents P-value of 0.5.  
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Figure 3-12 Posterior predictive check (PPC) P-values for single agent and sequence of 

administration experiments with MDA-MB-231 cell line. Horizontal red lines represent 

the P-values of 0.025 and 0.0975, while blue line represents P-value of 0.5.  
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Figure 3-13 Posterior predictive check (PPC) P-values for single agent and sequence of 

administration experiments with Hs-578T cell line. Horizontal red lines represent the P-

values of 0.025 and 0.0975, while blue line represents P-value of 0.5.  

 

 



 72

Table 3-1 The concentrations of gemcitabine and PQIP studied in single agent 

experiments 

Cell line Drug Concentrations (µM) 

MCF-7 Gemcitabine 0.1, 1, 10, 100 

PQIP 0.5, 5, 20, 50 

MDA-MB-231 Gemcitabine 0.1, 1, 10, 100 

PQIP 0.5, 5, 20, 35 

Hs-578T Gemcitabine 0.1 

PQIP 5, 20 

 

 

 

 

 

 

 

 

 

Table 3-2 The dose combinations of gemcitabine and PQIP studied in sequence of 

administration experiments 

Cell line Dose combinations 

MCF-7 1 µM Gemcitabine and 5 µM PQIP 

10 µM Gemcitabine and 0.5 µM PQIP 

MDA-MB-231 1 µM Gemcitabine and 5 µM PQIP 

10 µM Gemcitabine and 0.5 µM PQIP 

10 µM Gemcitabine and 5 µM PQIP 

HS-578T 0.1 µM Gemcitabine and 5 µM PQIP 
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Table 3-3 Parameter estimates* for MCF-7, MDA-MB-231 and Hs-578T cell lines 

from single agent experiments  

Cell line Drug Amax 

(x106 cells) 

Kg 

(day-1) 

Emax 

(day-1) 

EC50 

(µµµµM) 

H   K0 

(day-1) 

MCF-7 Gemcitabine 2.029 0.518 1.71 0.19 1 0.90 

PQIP 3.89 9.53 

MDA-

MB-231 

Gemcitabine 0.579 0.773 1.03 0.157 0.3 0.116 

PQIP 1.41 20.4 6.2 0.324 

Hs-578T  0.459 2.38     

* Median values from the posterior density of the parameters; Amax - maximum number 

of cells at which the wells become confluent; Kg - rate constant for the net growth of 

cells; Emax - maximum cell-kill rate constant; EC50 – Michaelis-menton constant; H - 

hill coefficient; K0 describes the decay of Kd over time 

 

Table 3-4 Estimates* of the difference in cell-kill rate constant (Diff) in GP and PG 

sequences  

Cell-line Treatment combination Estimate (Diff) 

[95% CI] 

P-value 

MCF-7 1 µM Gemcitabine and 5 µM PQIP 0.48 [0.31, 0.67] 0.000 

10 µM Gemcitabine and 0.5 µM PQIP 0.14 [-0.02, 0.32] 0.039 

MDA-MB-231 1 µM Gemcitabine and 5 µM PQIP 0.26 [-0.05, 0.57] 0.051 

10 µM Gemcitabine and 0.5 µM PQIP 0.11 [-0.08, 0.30] 0.13 

10 µM Gemcitabine and 5 µM PQIP 0.46 [0.26, 0.68] 0.00005 

Hs-578T 0.1 µM Gemcitabine and 5 µM PQIP 0.64 [-0.66, 1.97] 0.10 

 * Median values from the posterior density of the parameters; CI – credible interval 



 74

Chapter 4  

High-performance liquid chromatography method for determination of 

gemcitabine in human plasma 

4.1 Introduction 

Gemcitabine (dFdC, 2′,2′-difluorodeoxycytidine) is a deoxycytidine analogue that is  

active against a variety of solid tumors. It is approved as a single agent for treatment of 

pancreatic cancer and in combination with other chemotherapeutic drugs for non-small 

cell lung, breast, and ovarian cancers. Gemcitabine is a prodrug, which undergoes 

intracellular phosphorylation to form the active diphosphate (dFdCDP) and triphosphate 

(dFdCTP) metabolites. Gemcitabine also undergoes metabolism by plasma and liver 

cytidine deaminase (CDA) to form 2′,2′-difluorodeoxyuridine (dFdU), which has little 

anti-tumor activity.  

Several analytical approaches, including F-NMR, enzyme linked immunosorbance assay 

(ELISA), high performance liquid chromatography (HPLC) with ultraviolet (UV) and 

tandom-mass spectrophotometry (MS/MS) have been reported for determination of  

gemcitabine and dFdU in human plasma, urine and tissues (Abbruzzese JL et al., 1991; 

Edzes HT et al., 1993; Kirstein MN et al., 2006; Honeywell R et al., 2007). To evaluate 

gemcitabine population pharmacokinetics in patients with solid tumors, Kirstein MN et 

al., 2006, developed and validated a HPLC-UV method for the measurement of 

gemcitabine and dFdU concentrations in human plasma. The validated assay enables 

measurement of concentrations ranging from 2 - 200 µM. Therefore, the lower limit of 

quantitation (LLOQ) is 2 µM for both compounds in this assay.  
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Gemcitabine is cleared rapidly from human plasma with elimination clearance ranging 

from 200-600 L/hr (Venook AP et al., 2000; Tham LS et al., 2008), whereas dFdU is 

cleared more slowly with elimination clearance ranging from 3.5-5.6 L/hr (Venook AP et 

al., 2000; Jiang X et al., 2007). Hence, concentrations for the parent molecule rapidly fall 

below the 2 µM LLOQ. To accurately estimate gemcitabine pharmacokinetics, this would 

necessitate a more intensive sampling strategy, which is often impractical. In a majority 

of the patients recruited in our population pharmacokinetic study, plasma concentrations 

of gemcitabine fell below the LLOQ within 1.5 hr after the end of infusion. 

Consequently, it was difficult to precisely estimate the pharmacokinetic parameters of 

gemcitabine. Our aim was to develop a sensitive and specific HPLC-UV method with 

LLOQ lower than the previously developed method for the quantitation of gemcitabine in 

human plasma. This new method has LLOQ of 0.01 µM, which is 200 -fold lower than 

our previously developed method and was used for the quantification of gemcitabine in 

plasma samples with concentrations less than 2 µM. 
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4.2 Materials and methods 

4.2.1 Chemicals and reagents 

Gemcitabine used for the preparation of calibration standards and quality control samples 

was provided by Eli Lilly (Indianapolis, IN, USA). Internal standard, 2′-Deoxycytidine 

(2′dC), and perchloric acid 70% were obtained commercially from Sigma (St. Louis, MO, 

USA).  Tetrahydrouridine (THU) was obtained from Calbiochem (San Diego, CA, USA). 

Ion-pairing reagent, 1-octanesulfonate sodium, was obtained from Regis technologies 

(Morton Grove, IL, USA). HPLC grade acetonitrile and methanol were obtained from 

Fisher (Fairlawn, NJ, USA). MCX Oasis solid phase extraction cartridges, 3 cc, were 

obtained from Waters (Milford, MA, USA). Heparinized human plasma was from 

Biological Specialties (Colmar, PA, USA). All other chemicals were of analytical grade 

and obtained from commercial sources. 

4.2.2 Instrumentation and chromatographic conditions 

The HPLC system used in the method development was comprised of an Agilent 

quaternary pump with on-line degasser, an 1100 variable wavelength detector with 

deuterium lamp (Agilent Technologies, Palo Alto, CA, USA), a thermostatted 

autosampler and column compartment, an 1100 control module. Data acquisition and 

processing were performed with Chrom Perfect Spirit software, v. 5.2 (Justice 

Laboratories, Denville, NJ, USA). 

A 25 µL volume of the standard and sample extracts was injected onto a Waters 

Spherisorb 4.6mm×150 mm, 3µm ODS2 column (Waters Corporation, Milford, MA, 

USA) with A-102X in-line filter, 0.5 µM Frit (Chromtech, Apple Valley, MN, USA). 
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Analytes were isocratically eluted with a mobile phase of acetonitrile: methanol: 50mM 

sodium phosphate buffer:: 5:5:90 (v/v) containing 11 mM 1-octanesulfonate sodium. The 

aqueous buffer was adjusted to pH 2.9 with 85% o-phosphoric acid. The mobile phase 

was filtered with 0.22 micron nylon filter (GE water and process technology, USA). The 

flow rate was 1.2 mL/min and the column temperature was 40° C. 

4.2.3 Sample preparation 

4.2.3.1 Preparation of calibration standards 

The stock solutions of gemcitabine and internal standard (2′dC) were accurately prepared 

in methanol at a concentration of 1 mg/ml. Aliquots of the stock solutions were stored at 

−20°C. Standard calibration solutions of 0.01, 0.02, 0.1, 0.5, 2, 10, 40 and 50 µM 

concentrations were prepared by subsequent dilutions of gemcitabine stock solution with 

methanol. Further dilution of internal standard stock solution, prepared to achieve a 

concentration of 50 µg/ml, was used in the sample preparation. Gemcitabine calibration 

standards were prepared at the time of assay from the standard calibration solutions by 

fortifying 500µl of heparinized human plasma with 20 µl of each of the standard 

calibration solutions to obtain the standard calibration curve at the following 

concentrations: 0.01, 0.02, 0.1, 0.5, 2, 10, 40 and 50 µM.  

4.2.3.2 Preparation of quality control samples 

The quality control samples of gemcitabine were prepared prior to validation of the assay. 

Gemcitabine is rapidly metabolized by cytidine deaminase, which is present in plasma. In 

order to prevent the metabolism of gemcitabine, tetrahydrouridine (THU), an inhibitor of 

cytidine deaminase (40 µL of 10 mg/mL THU in water per 5.0 mL of plasma) was added 
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to the human plasma prior to the addition of gemcitabine. The samples were then stored 

at −80°C. The internal standard, 2′dC, was added to obtain a final concentration of 9 µM. 

Gemcitabine quality control concentrations were 0.075, 0.6, and 5 µM.  

4.2.3.3 Specimen preparation and solid-phase extraction  

Samples were concentrated with solid phase extraction. Prior to use, the solid phase 

extraction cartridges were washed with 2 mL of methanol and conditioned with 2 ml of 

50 mM NaH2PO4 (pH 2.9) buffer. For the preparation of gemcitabine calibration 

standards in blank plasma, 20 µL of each of the standard calibration solutions and 20 µL 

of the internal standard stock solution were added to the 12x75 mm centrifuge tube and 

evaporated under nitrogen at 37°C for 5 minutes. Five-hundred µL of blank plasma 

containing THU (1:125, THU: Plasma) was added to the dried 12x75 mm centrifuge 

tubes, mixed with vortexing, and acidified with 500 µL of 4% o-phosphoric acid. Patient 

plasma samples were processed similarly with 20 µL of the internal standard stock 

solution. Next, the acidified plasma is transferred to the conditioned SPE cartridges and 

centrifuged at 75xg for 5 min. The cartridges were then washed with 2 ml of 50 mM 

NaH2PO4 (pH 2.9) followed by 2 ml of methanol. Each wash step was followed by 

centrifugation at 75xg for 3 min. Finally, gemcitabine was eluted with 1ml of freshly 

prepared methanolic NH4OH (2% v/v). The eluates were evaporated under nitrogen at 

37°C and reconstituted with 50 µL of mobile phase. After vortex mixing, 25 µL was 

injected onto the HPLC column.  



 79

4.2.4 Assay validation 

Peak height was used for analysis of gemcitabine in plasma samples. The linear 

regression of the ratio of peak height of gemcitabine to peak height of the internal 

standard (2′dC) with nominal concentrations of gemcitabine in the samples was weighted 

by 1/x. The linearity of the calibration curve was evaluated by the squared correlation 

coefficient. The procedure developed for the quantitation of gemcitabine in plasma was 

validated over 5 days by analysis of quality control samples to determine the within-day 

and total variability along with the precision and accuracy of the assay. A single set of 

calibrators were used for each validation run. Quality control samples were analyzed in 

quintuplicate. 

The lower limit of quantitation (LLOQ) was defined as the peak height ratio of 

signal/noise ≥10. Gemcitabine concentrations of 0.01 and 0.02 µM were tested in 

quintuplicate for 5 days during the validation for determination of LLOQ. The LLOQ 

was defined as precision and accuracy of ≤10%. Accuracy parameters were determined 

with analysis of variance (ANOVA). 

4.2.4.1 Recovery 

Gemcitabine calibration standards were prepared with the internal standard using plasma 

as explained under the specimen preparation section earlier. Non-treated standards were 

prepared by using the same concentrations of standard calibration solution and internal 

standard, but not subjected to the solid phase extraction procedure. The percent recovery 

was calculated as follows  
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Percent Recovery =   
100*

standard treated-non of ratioheight Peak 

  standard plasma extracted of ratioheight Peak  

4.2.5  Analysis of patient plasma samples 

The assay was used for the analysis of plasma gemcitabine concentrations in a patient 

who received gemcitabine as part of a population pharmacokinetic study. All patients 

gave written, informed consent for participation in the study. Plasma gemcitabine 

concentrations, which were below the LLOQ (2 µM) of the previous assay, were 

reanalyzed by this newer method. For demonstration of the application of the assay, 

pharmacokinetic analysis was carried out by fitting of compartmental models to 

gemcitabine concentration-time data using maximum likelihood estimation method in 

ADAPT-II program (D’Argenio DZ and Schumitzky A, 1997). 
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4.3 Results 

4.3.1 Sample preparation 

In the process of developing the current method, we also evaluated a hybrid method for 

sample preparation, which involves protein precipitation followed by solid phase 

extraction. We found that addition of protein precipitation step before solid phase 

extraction does not provide any addition benefit in the analysis. We optimized washing of 

SPE column with methanol (2-4 ml) for the removal of interfering substances from the 

plasma matrix and found that washing with 2 ml of methanol is sufficient. The elution of 

gemcitabine with methanolic NH4OH (2% v/v) was also optimized using 1-2 ml of the 

solution. It was found that 1 ml of methanolic NH4OH was sufficient for the elution of 

gemcitabine from the solid phase extraction cartridges. 

4.3.2 Separation 

In a first step, the focus was directed towards the separation of gemcitabine from 

endogenous plasma components using a Waters Spherisorb 4.6mm×250 mm, 5µm ODS2 

column (Waters Corporation, Milford, MA, USA) with isocratic elution. We used 

reversed-phase chromatography with a mobile phase at pH 2.9 and 11.0 mM 1-

octanesulfonate sodium as an ion-pairing reagent for the best results. Kirstein et al., 2006, 

have previously described a similar assay with 3mM sodium octyl sulfonate as an ion-

pairing agent. We initially started with 3 mM 1-octanesulfonate sodium, but in order to 

separate an interfering endogenous substance in the plasma, different concentrations of 

ion-pairing agent were tested. Eventually, 11 mM concentration resulted in complete 

separation of gemcitabine from the interfering endogenous substances. Due to the higher 
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concentration of ion-pairing agent used and the presence of a late eluting endogenous 

substance in the plasma, the run time was about 25 minutes on the 250 mm column. 

Hence further method development and validation was performed on a 4.6mm×150 mm, 

3µm ODS2 column, which resulted in shortening of the run time to 16 minutes. 

Acetonitrile 5% (test range 4–12%) and methanol 5% (test range 4-12%) in the ion-

pairing buffer with a column temperature of 40° C produced the best resolution from 

endogenous substances. The retention time of 2′dC and gemcitabine was about 6.8 and 

9.5 minutes, respectively, at which no interfering endogenous peaks were detected in 

human plasma.  

4.3.3 UV wavelength determination 

The optimal wavelength for method development was selected to be 267 nm based on 

previous reports of UV maxima for gemicitabine (Kirstein MN et al., 2006; Keith B et 

al., 2003).  

4.3.4 Assay validation  

Accuracy and precision data for gemcitabine calibration standards is shown in Table 4-1. 

Accuracy of the calibration standards ranged from 96 – 108% and precision, from 1-7%. 

The mean (±S.D.) weighted linear regression slope, intercept, and coefficients of 

determination (r2 value) are shown in Table 4-2. Assessment of within-day and total 

variability in assay performance, precision, and accuracy was performed by an analysis of 

variance procedure (Table 4-3). Five injections of low, medium, and high quality control 

samples as described previously were made on days one through five to determine the 

within-run variability (Rodbard D, 1974). The samples were assessed with calibration 
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curves prepared in human plasma. We selected 0.01-50 µM range for calibrators based on 

published literature as well as our prior experience with gemcitabine concentrations in 

cancer patients. The lowest concentration of the calibration curve, 0.01 µM, had a 

precision and accuracy of 102% and 7.2%, respectively; hence assessed to be the LLOQ 

of the assay. The calibration curve was linear up to 50 µM. The average recovery of 

gemcitabine and internal standard was estimated to be 62.63% and 82.68%, respectively. 

Figure 4-1 shows the representative chromatogram of human plasma as blank and with 

internal standard and gemcitabine calibration standards. 

4.3.5 Patient Samples 

Patient plasma samples from a representative patient were analyzed using both the 

previously published method and this more sensitive one. Shown in Figure 4-2 are 

concentration-time data following gemcitabine given as 1000 mg/m2 over 30 minutes and 

analyzed by both methods. We were able to detect gemcitabine up to 6-hr post infusion in 

patient plasma samples with the newer method, whereas with the previous assay, plasma 

concentrations fell below the LLOQ within 1.5 hours post infusion in majority of the 

patients. Pharmacokinetics of gemcitabine is described by a two-compartment model 

(Tham LS et al., 2008). However, a one-compartment model best described the 

concentration-time data of gemcitabine when analyzed by the previous assay, while a 

two-compartment model best described the concentration-time data of gemcitabine from 

the same patient when analyzed by the new method. Hence the newer method is helpful 

in preventing model misspecification. The parameter estimates are shown in Table 4-4. 
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4.4 Discussion 

Several studies describing the analysis of gemcitabine in human plasma by HPLC with 

UV detection have been published. The LLOQ of gemcitabine reported in those studies 

ranges from 0.2 - 2 µM (Freeman KB et al., 1995; Keith B et al., 2003; Kirstein MN et 

al., 2006). The LLOQ in our analytical assay was 0.01 µM, which is at least 20 fold less 

than the previously reported values from HPLC-UV methods and comparable to 0.01 – 

0.04 µM LLOQ range in the tandem mass spectrophotomery (LC-MS/MS) methods (Xu 

Y et al., 2004; Honeywell R et al., 2007; Khoury H et al., 2007). With the low LLOQ we 

were able to measure gemcitabine in patient plasma samples several hours post infusion 

and get precise pharmacokinetic parameter estimates. 

One of the major metabolites of gemcitabine is dFdU. Others have published analytical 

methods for quantification of both gemcitabine and dFdU. We previously published a 

method that describes the quantification of both gemcitabine and dFdU (Kirstein MN et 

al., 2006). However, the concentrations of gemcitabine fell below the LLOQ (2 µM) of 

the assay within 1.5hr post infusion in majority of the patients; on the other hand the 

previous method was able to precisely measure the concentrations of dFdU until the last 

measurement time in our population pharmacokinetic study (i.e., 72 hours post infusion), 

due to the much longer half-life. Hence the focus of this work was on development of a 

new method for only gemcitabine.   

Sample stability studies were not performed in the present study. Earlier we 

demonstrated 1-month storage stability of gemcitabine at -800 C, others have also 

demonstrated sample stability for up to almost 2 years at -800 C (Kirstein MN et al., 
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2006; Freeman KB et al., 1995; Keith B et al., 2003). Hence sample stability studies were 

not performed. 

In summary, we developed a simple and reliable method for the separation and 

quantitation of gemcitabine in human plasma. The lower limit of quantitation for 

gemcitabine in our assay was 0.01 µM (accuracy and precision < 10%), which is at least 

20–fold less than that reported for other HPLC-UV assays.  
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Figure 4-1 Representative chromatograms of human plasma as blank, and with internal 

standard and 0.1, 0.5, 2 and 10 µM gemcitabine calibration standards. 
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Figure 4-2 Gemcitabine concentration-time plot in a representative patient (a) plasma 

samples analyzed by previous assay, (b) plasma samples analyzed by newly developed 

assay. Solid circles represent observed concentrations and blue line represents model 

prediction. Data were modeled with ADAPT II program.  
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Table 4-1 Accuracy and precision of gemcitabine calibration standards in human 

plasma 

Spiked Concentration 

(µµµµM) 

Calculated Concentration (µµµµM)   

(Mean ±±±± CV) 

Accuracy            

(%) 

0.01 0.0096 ± 6.99 96.0 

0.02 0.0216 ± 2.54 108.0 

0.1 0.0970 ± 4.78 97.0 

0.5 0.5044 ± 1.11 100.9 

2.0 1.925 ± 3.63 96.2 

10.0 10.02 ± 3.11 100.2 

40.0 40.39 ± 2.26 101.0 

50.0 50.83 ± 2.87 101.7 

 

 

 

 

 

                        Table 4-2 Parameters of gemcitabine calibration curve 

Parameters Mean  ±±±± SD 

r2 0.9998 ± 0.00017 
Intercept 

-0.00014 ± 0.00025 
Slope 

0.087994 ± 0.0048 
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Table 4-3 Accuracy and precision data for gemcitabine quality controls 

Concentration (µµµµM) Accuracy (%) CVw (%) CV t (%) 

0.075 95.6 3.8 4.5 

0.6 98.9 4.1 6.0 

5 103.6 4.7 6.4 

CVw – within-run component CV; CVt – total CV 

 

 

 

Table 4-4 Pharmacokinetic parameter estimates of gemcitabine in a representative 

patient after analyzing plasma samples by previous assay and the new assay  

Pharmacokinetic Parameters  Previous Assay 

Estimate (CV %) 

New Assay  

Estimate (CV %) 

Vc (L) 118.5 (7.8%) 108.9 (7.8%) 

Vp (L) -* 18.59 (11.3%) 

Q (L/Hr) - 7.4 (11.3%) 

CL (L/Hr) 420.7 (5.3%) 399.8 (5.4%) 

* = Not estimated, Vc and Vp are volume of the central and peripheral compartment, 

respectively; Q is inter-compartmental clearance; and CL is the elimination clearance 
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Chapter 5  

Population pharmacokinetics of gemcitabine and its metabolites in 

patients with solid tumors 

5.1 Introduction 

Gemcitabine (2′, 2′ -difluorodeoxycytidine, dFdC), a pyrimidine antimetabolite, has 

broad-spectrum activity against several solid tumors and is approved for treatment of 

pancreatic, breast, ovarian and non-small cell lung cancer. Figure 5-1 shows the 

metabolic pathway of gemcitabine. After administration gemcitabine is metabolized 

primarily by plasma and liver cytidine deaminase to 2′, 2′ -difluorodeoxyuridine (dFdU), 

which has little anti-tumor activity. Gemcitabine is transported into the cell and 

undergoes intracellular phosphorylation by deoxycytidine kinase (DCK) to its 

monophosphate metabolite (dFdCMP), which subsequently gets metabolized by 

nucleotide kinases to its active diphosphate (dFdCDP) and triphosphate (dFdCTP) 

metabolites (Wong A et al., 2009). Gemcitabine exhibits cell cycle specificity by 

primarily killing cells undergoing DNA synthesis in S-phase and also blocking the 

progression of cells through the G1/S-phase boundary. The cytotoxic effect of 

gemcitabine is attributed to the combined effects of the di- and tri-phosphate nucleosides, 

which leads to inhibition of DNA synthesis. The diphosphate metabolite (dFdCDP) 

inhibits ribonucleotide reductase, an enzyme that catalyzes formation of 

deoxynucleosides required for DNA synthesis, leading to reduction in the concentrations 

of deoxynucleotides, including dCTP. The triphosphate (dFdCTP) competes with dCTP 
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for incorporation into DNA, which results in termination of growing DNA strand (Wong 

A et al., 2009; Prescribing information of Gemzar, 2010).  

There are numerous reports on the pharmacokinetics of gemcitabine and dFdU in 

patients, however, only a few clinical studies have described the pharmacokinetics of the 

active metabolite, dFdCTP. A mass-balance study reported that a median of 77% (range: 

30-96%) of the administered dose of gemcitabine was excreted within 24 hours in urine, 

of which a median of 5% was excreted as unchanged gemcitabine (Abbruzzese JL et al., 

1991). The pharmacokinetics of dFdCTP has been evaluated in circulating leukemic cells 

or peripheral blood mononuclear cells (PBMCs) as a surrogate for tumor (Grunewald R 

et al., 1990; Tempero M et al., 2003; Tham LS et al., 2008). 

In both, in vitro and in vivo reports saturable formation of dFdCTP from gemcitabine has 

been postulated. Investigators treated leukemia cells in vitro with gemcitabine 

concentrations ranging from 2.5 µM to 100 µM for 1 hr, and they observed that 15-20 

µM gemcitabine results in maximum cellular accumulation of dFdCTP (Grunewald R et 

al., 1990). In another study, investigators incubated PBMCs in vitro with gemcitabine 

concentrations ranging from 2.5 µM to 100 µM for 2 hours, and found that the 

accumulation of dFdCTP was maximal at 10-15 µM gemcitabine (Grunewald R et al., 

1991). Grunewald and colleagues conducted a phase-I dose ranging study in which 

gemcitabine doses ranging from 53 – 1000 mg/m2 were evaluated. The rate of dFdCTP 

accumulation and Cmax were highest following a dose of 350 mg/m2 over 30 minutes at 

which steady-state plasma concentrations of gemcitabine were 15-20 µM (Grunewald R 

et al., 1991). Abbruzzese and colleagues also conducted a phase-I study, testing doses 
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ranging from 10 – 1000 mg/m2 over 30 min. They reported that peak dFdCTP 

concentration in PBMCs did not increase following gemcitabine doses higher than 350 

mg/m2 (Abbruzzese JL et al., 1991). Based on these results, others have investigated 

prolonged gemcitabine infusions to keep the plasma gemcitabine concentrations within 

15-20 µM to maximize the accumulation of dFdCTP. Recently, Tham and colleagues 

conducted a population-pharmacokinetic analysis, and they reported that saturable 

formation of dFdCTP does not occur at 1000 mg/m2 dose of gemcitabine when 

administered over 30 minutes (Tham L et al., 2008). Hence, there is evidence both in 

support as well as against the saturable formation of dFdCTP from gemcitabine. Since 

dFdCTP is one of the major active metabolites, understanding its pharmacokinetics are 

likely to be important towards understanding the predictors of toxicity and anti-tumor 

activity. The primary objectives of this study were (i) to determine patient-specific 

characteristics associated with the inter-patient variability in the pharmacokinetics of 

gemcitabine and its metabolites in patients with solid tumors, and (ii) to investigate the 

possible impact of gemcitabine infusion rate on the disposition of the active metabolite, 

dFdCTP. Such information could eventually be helpful in dose optimization of 

gemcitabine.     
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5.2 Materials and Methods 

5.2.1 Patients 

Eligibility criteria included adult (≥ 18 years old) patients diagnosed with solid tumors 

for which treatment with intravenous gemcitabine, either as single agent or in 

combination with other chemotherapeutic drugs, was already planned by clinicians. The 

following information was prospectively collected from each patient: age, height, weight, 

body surface area (BSA), gender, smoking status, liver function tests (AST, ALT) and 

serum creatinine. The study protocol was approved by the institutional review board and 

a signed informed consent from all patients was obtained prior to participation in the 

study. 

5.2.2 Pharmacokinetic study 

A total of 40 patients were enrolled in the study. Blood samples were obtained at the 

following times: pre-infusion, 5, 15, 30, 45 min, and 1, 1.25, 1.5, 2, 6, 24, 48 and 72 

hours after the end of gemcitabine infusion. Six and 72 hour post-infusion sampling times 

were optional. At each sampling time, 8 ml of blood was drawn into Ficoll-Hypaque 

tubes (BD Vacutainer® CPTTM; Becton, Dickinson and Company, Franklin Lakes, NJ) 

pre-loaded with 10 mg/mL concentration of tetrahydrouridine (1:125:: 

tetrahydrouridine:blood) to prevent ex-vivo metabolism of gemcitabine to dFdU. 

Immediately after separating plasma by centrifugation the peripheral blood mononuclear 

cells (PBMCs) were isolated as per manufacturer’s procedure. Plasma was stored at -

80°C until analysis. The number of PBMCs in blood at each sampling time was 
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determined using hemocytometer. PBMCs were lysed with 0.5 ml of ice cold methanol: 

water (70:30) , and stored at -80° C until analysis.  

5.2.3 Analytical Methods 

Gemcitabine and dFdU concentrations in plasma samples were measured by a validated 

high-performance liquid chromatography (HPLC) assay with UV detection (Kirstein M et 

al., 2006). The standard curve of gemcitabine ranged from 2-200 µM and dFdU from 2-

100 µM. The LLOQ of the assay was 2 µM for both gemcitabine and dFdU. Gemcitabine 

concentrations below 2 µM were analyzed by a modified assay with solid phase 

extraction as described previously in chapter 4. The plasma concentrations of 

gemcitabine and dFdU in some patients were measured by a more sensitive, validated 

LC-MS/MS assay based up on a previously published report (Marangon E et al., 2008). 

The LLOQ of the assay was 0.05 µM for gemcitabine and 0.08 µM for dFdU. The 

standard curve of gemcitabine ranged from 0.05-100 µM and dFdU from 0.08-160 µM. 

The accuracy and precision of the assay for gemcitabine were 104.8 % and 4.3%, 

respectively; and dFdU were 95.4% and 4.2%, respectively. The dFdCTP concentrations 

were measured in PBMCs by a validated HPLC-UV assay in majority of the patients and 

by a more sensitive LC-MS/MS assay, in some patients, based up on a previously 

published report (Veltkamp SA et al., 2006). The LLOQ of the HPLC-UV assay for 

dFdCTP was 53 pmol and that of LC-MS/MS was 1 pmol. The percent accuracy and 

precision (%CV) of the HPLC-UV assay were 97.3% and 5.9%, respectively; and of LC-

MS/MS assay were 99.8% and 8.7%, respectively. The concentrations of dFdCTP were 

corrected for the number of PBMCs in each blood sample and expressed as pmol per one 
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million cells. The concentrations of intracellular dFdCTP were corrected for the reported 

mean cell volume of PBMCs to convert the units of concentration from mass/million 

cells to mass/volume (Cheung RK et al., 1982). The assumption made was that dFdCTP 

was uniformly distributed among all the PBMCs in each sample (Tham LS et al., 2008).  

5.2.4 Pharmacokinetic Modeling 

The population pharmacokinetic analysis of gemcitabine and its metabolites, dFdU and 

dFdCTP, was performed by means of non-linear mixed-effects modeling using 

NONMEM 7 (GloboMax LLC, Hanover, MD) on a personal computer (Intel® Pentium D 

processor). The first-order conditional estimation with interaction (FOCE-I) method and 

ADVAN6 subroutine were used for the analysis. Model selection between competing 

nested models was performed by the likelihood ratio test as well as graphical goodness-

of-fit diagnostics using R (version 2.9.0). For structural model, a significance level of 

0.05 was used, which corresponds to a decrease in NONMEM’s objective function value 

(OFV) of at least 3.83 for 1 degree of freedom, to distinguish between competing nested 

models. Model selection between non-nested models was performed by the bayesian 

information criterion (BIC) which was calculated by equation (1). 

BIC = -2LL+ p × Ln(n)                                                     eq (1) 

Where, -2LL is the -2 times log likelihood of the model or NONMEM’s OFV, p is the 

number of parameters of the model and Ln(n) is the natural log of the number of 

observations in the data. 

A sequential model building approach, using the IPP (Individual Phamacokinetic 

Parameters) method as described by Zhang L et al., 2003, was used to develop the 
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pharmacokinetic models for gemcitabine and its metabolites. Multi-compartment models, 

parameterized in terms of clearances (CL and Q) and volumes of distribution (V), were 

tested for each of the compounds during structural model building. Initially, plasma 

gemcitabine concentrations were analyzed and pharmacokinetic parameters were 

obtained. In the next step, the model for dFdU concentrations was developed. As 

mentioned previously, a mass-balance study reported that a median of 77% of the 

administered dose of gemcitabine was excreted in the urine, of which 5% was unchanged 

gemcitabine, within 24 hours (Abbruzzese JL et al., 1991). Therefore, the fraction of 

gemcitabine converted to dFdU was assumed to be 0.73, which is 95% of 0.77. Finally, 

the model for dFdCTP concentrations was developed.  The volume of the dFdCTP 

compartment was fixed to 5  mL based on the cell volume of 2.5x1010 PBMCs in 5 L of 

blood (Wheater PR et al., 1979; Cheung RK et al., 1982; Alberts B, 2008). Saturable and 

first-order rates of formation of dFdCTP were tested in model development. The 

saturable rate of formation of dFdCTP was described by the Michaelis-Menton model as 

in eq (2). 

               Rate of dFdCTP formation = 

gem

gem

CEC

CV

+50

max *                      eq (2) 

Where, Vmax is the maximum rate of dFdCTP formation; EC50 is the Michaelis-Menton 

constant in µM, which is the concentration of gemcitabine at which the rate of dFdCTP 

formation is half of Vmax; and Cgem is the gemcitabine plasma concentration in µM. 

Since, the model with saturable rate of formation and first-order rate of formation of 
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dFdCTP are non-nested models, model comparison was done by the bayesian information 

criteria (BIC). 

Forward inclusion and backward elimination strategy was used for covariate model 

building. A significance level of 0.01 was used for both forward inclusion and backward 

elimination steps. Table 5-1 shows the different covariates tested during model building. 

Creatinine clearance (CLCR) was estimated by the Cockcroft and Gault equation and BSA 

was calculated by the DuBois and DuBois formula (Cockcroft DW and Gault MH, 1976; 

DuBois D and DuBois EF, 1916). The covariate model was built multiplicatively as 

shown in eq (3). Categorical covariates, e.g. gender, were modeled using indicator 

variables. Continuous covariates were modeled by scaling the covariates by a clinically 

relevant value of the covariate as shown in eq (3) for body surface area (BSA).   

                                    INDBSA
TVP 3

2

1 *
76.1

* θ
θ

θ 





=

                (3) 

Where, IND is an indicator variable, which has a value of 1 for males and 0 for females, 

θ1 is the typical value of the parameter (TVP) for female patients with BSA of 1.76 m2, 

θ3 is the fractional change in the typical value of the parameter for male relative to female 

patients, θ2 is the exponent of scaled BSA term in the model, which defines the steepness 

of the relationship between scaled BSA and TVP.  

The inter-individual variability (IIV) on the PK parameters was modeled according to 

log-normal distribution as described by eq (4):  

                                           Pi = TVP*exp(ηi)                             (4) 
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where Pi is the parameter estimate for the ith individual, TVP is the typical value of the 

parameter P and ηi is a random variable, which accounts for the inter-individual 

difference between Pi and TVP. The values of ηi were assumed to come from a normal 

distribution with mean of zero and variance ω2.  

The residual unexplained variability (RUV) in the concentrations was described by a 

proportional error model for gemcitabine and dFdU as described by eq (5) and combined 

error model for dFdCTP as described by eq (6) below. 

                                          Cij = Fij*(1+ε1ij)                                (5) 

                                          Cij = Fij*(1+ε1ij) + ε2ij                       (6)                          

Where Cij and Fij are the observed and predicted concentrations, respectively, in the ith 

individual at jth time point; ε1ij and ε2ij are the random residual deviations between the 

observed (Cij) and predicted (Fij) concentrations. The values of ε1ij and ε2ij were assumed 

to be independent from each other and come from a normal distribution with mean zero 

and variances σ1
2 and σ2

2, respectively. A separate RUV parameter (σ2) was tested for 

the different assays used for the analysis of concentrations and included in the model if 

found significant at the α level of 0.05.  

5.2.5 Model validation 

The population pharmacokinetic model was evaluated by performing visual predictive 

checks (VPC), posterior predictive check (PPC) and nonparametric bootstrap analysis. 

For VPC, 1000 datasets were simulated from each model using the final model 
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parameters. The median, 5th and 95th percentiles of the simulated concentrations were 

calculated and compared to the observed data.  

For posterior predictive check (PPC), 1000 datasets were simulated from each model 

using the degenerate distribution of final model parameters. Every 10th percentile of the 

concentration from original dataset was used as the test statistic, T(y), for calculating 

PPC Pvalues as per eq (7).               

PPC P-value = Pr(T(yrep) ≥ T (y)|y)               eq(7) 

Where, T(y) is the test statistic based on the observed data and T(yrep) is the same test 

statistic based on the simulated data. The PPC P-values less than 0.025 and greater than 

0.975 were considered as extreme values, which would indicate lack of fit of the model to 

the data.  

Bootstrap analysis was done to assess the stability of pharmacokinetic models and to get 

the precision of the parameter estimates. For the bootstrap analysis, 400 bootstrap runs 

were performed using MIfuns R-package (Metrum Institute, CT). In this technique, each 

individual was randomly sampled with replacement from the original dataset to form new 

datasets having the same number of individuals as the original dataset. The final model 

developed from the original dataset was fitted to each of the bootstrap datasets to obtain 

the bootstrap parameter estimates. Bootstrap runs with successful minimization were 

used in further analysis. The median, 2.5th and 97.5th percentiles of the parameter 

estimates were computed from the successful bootstrap runs and compared to the point 

from the original dataset. 
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5.3 Results 

5.3.1 Patients 

A total of 335 gemcitabine concentrations, 454 dFdU concentrations and 373 dFdCTP 

concentrations from 40 patients who received gemcitabine as intravenous infusion, 3 out 

of which also received gemcitabine as bronchial artery infusion were used in the model 

development. Patients received gemcitabine doses in the range of 600-1500 mg/m2. Rate 

of infusion of gemcitabine varied from 8.11 – 49.52 mg/m2/min. Table 5-1 summarizes 

the patient characteristics, dosing information and potential covariates used in the 

analysis. Thirty-two patients received gemcitabine as single agent therapy, 6 patients 

received bortezomib (Velcade) 1 hour after the end of gemcitabine infusion, and 2 

patients received carboplatin after gemcitabine infusion.    

5.3.2 Pharmacokinetics of gemcitabine, dFdU and dFdCTP 

The various components of pharmacokinetic model of gemcitabine, dFdU and dFdCTP 

are shown in Figure 5-2. The pharmacokinetics of gemcitabine was best described by a 

two-compartment model. The parameter estimates of gemcitabine model are shown in 

Table 5-2. BSA was found to be a significant covariate for elimination clearance, CLgem, 

of gemcitabine. The CLgem was estimated to be 384 L/hr for a typical individual with a 

BSA of 1.76 m2
. The covariate relationship of BSA with CLgem was described by eq (8), 

which shows that an increase in BSA was associated with increase in CLgem. 

                                                                                             

                                                                                                       eq (8) 





=

76.1
*384

BSA
CLgem
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BSA and age were found to be the significant covariates for volume of distribution of 

gemcitabine in the central compartment, VC-gem. The estimate of VC-gem was 116 L for a 

typical individual with BSA of 1.76 m2 and age of 70 years. The covariate relationship of 

BSA and age with VC-gem was described by eq (9), which shows that an increase in BSA 

was associated with an increase in VC-gem, while an increase in age was associated with a 

decrease in VC-gem. 

  

                                                                                                        eq (9) 

 

The exponent of the effect of age on VC-gem was -0.337, which suggests increase in age is 

associated with decrease in the volume of distribution of gemcitabine. All of the 

parameters of gemcitabine model were precisely estimated, except the inter-individual 

variability (IIV) of VC-gem, which had a relative standard error of 91.9%. The residual 

unexplained variability (RUV) in gemcitabine data was 26.1%. We tested the estimation 

of separate RUV parameters for the HPLC-UV and LC-MS/MS assays used in the 

analysis of gemcitabine plasma samples, however only single RUV parameter explained 

the data best. The goodness-of-fit plots of the gemcitabine model are shown in Figure 5-

3.     

The concentration-time profiles of dFdU were best described by a three-compartment 

model. The parameter estimates of dFdU model are shown in Table 5-3. Creatinine 

clearance (CLCR) was found to be a significant covariate for the elimination clearance of 

dFdU, CLedFdU, which was estimated to be 3.62 L/hr for a typical individual with CLCR of 

337.0

70
*

76.1
*116

−















=

AGEBSA
Vcgem
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75 ml/min. BSA was found to be a significant covariate for the volume of distribution of 

dFdU for the central compartment, VC-dFdU, which was estimated to be 13.1 L for a 

typical individual with BSA of 1.76 m2. The covariate relationships of CLCR with 

CLedFdU and BSA with VC-dFdU were described as follows 

 

                                                                                                             (10) 

                                                                                                                          

(11) 

The parameters of dFdU model were estimated with good precision with relative standard 

errors in the range of 7- 38%. Two separate RUV parameters, one for each of the two 

assays, best described the dFdU data. The RUV was 7.5% for the plasma samples 

analyzed by LC-MS/MS assay and 11.3% for HPLC-UV assay. The goodness-of-fit plots 

of the dFdU model are shown in Figure 5-4.     

The concentration-time profiles of dFdCTP were best described by a three-compartment 

model. The parameter estimates of dFdCTP model are shown in Table 5-4. The model 

with saturable formation of dFdCTP resulted in just 3 points drop in OFV as compared to 

the model with first-order formation. In model comparison, the model with saturable 

formation of dFdCTP had BIC slightly greater than the one with linear formation. Hence, 

the model with first-order formation of dFdCTP was selected for covariate model 

building and testing the effect of rate of infusion (ROI) of gemcitabine on the disposition 

parameters of dFdCTP. The formation clearance of dFdCTP in PBMCs, CLfdFdCTP, was 

found to be higher in the patients who received gemcitabine at a ROI less than 25 
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mg/m2/min than otherwise. The cut-off value of 25 mg/m2/min was chosen based on the 

maximum drop in NONMEM OFV. Several different cut-off values of ROI were tested 

in the model development, but 25 mg/m2/min was found to be associated with maximum 

decrease in the NONMEM OFV, which was significant at α level of 0.01. We also tested 

the estimation of separate RUV parameters for the HPLC-UV and LC-MS/MS assays 

used in the analysis of dFdCTP concentrations, however only single set of RUV 

parameter (additive and proportional) explained the data best. The RUV was estimated to 

be 32.2% from the proportional component and the standard deviation of the additive 

component was 1.3 µM. The covariance step could not be successfully implemented 

during estimation, due to which the standard errors of the parameters of dFdCTP model 

were not available. The goodness-of-fit plots of the dFdCTP model are shown in Figure 

5-5.  

As mentioned previously, only 8 patients received combination chemotherapy, in which 6 

patients received bortezomib 1 hour after the end of gemcitabine infusion and 2 patients 

received carboplatin immediately after the end of gemcitabine infusion. In the course of 

model development we tested if co-administration of bortezomib affects the disposition 

of gemcitabine and/or its metabolites. Bortezomib co-administration was not found to 

affect the disposition of gemcitabine and its metabolites.  

5.3.3 Model Validation 

The VPC plots of gemcitabine and its metabolites are depicted in Figure 5-6. The 

predictive check plots show that the model has adequately described the overall trend and 
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variability in the observed data. No systematic deviation was observed between the 

observed and simulated data.   

The posterior predictive check (PPC) P-values for gemcitabine and its metabolites are 

shown in Table 5-5. All of the PPC P-values are with in 0.025-0.975 range, except the 

one corresponding to 10th percentile of dFdCTP concentration for the group of patients 

with ROI ≥ 25 mg/m2/min.The P-value for this concentration was 0.02, which is 

marginally significant. However, overall, the PPC model evaluation does not provide any 

major evidence of model misspecification or lack of fit of the model to the data.  

In the bootstrap analysis, 347, 397, and 312 runs of gemcitabine, dFdU and dFdCTP, 

respectively, were minimized successfully. The median of bootstrap parameter estimates 

were similar to the NONMEM estimates based on original dataset and the 2.5th percentile 

of the bootstrap parameter estimates were all greater than zero.   
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5.4 Discussion 

We characterized the population pharmacokinetics of gemcitabine and its metabolites, 

dFdU and dFdCTP, and also tested the effects of the patient-specific covariates on the 

disposition of these compounds. The final model adequately characterized the 

pharmacokinetics of gemcitabine and its metabolites. The pharmacokinetics of 

gemcitabine was described by a two-compartment model, which is in agreement with the 

previous reports (Jiang X et al., 2007; Tham LS et al., 2008). The total elimination 

clearance of gemcitabine was estimated to be 384 L/hr/1.76m2, which is comparable to 

305.2 ± 13.8 L/hr/70 Kg/1.76 m in Asian population and 246 - 525 L/hr in western 

population (Venook AP et al., 2000; Soo RA et al., 2003; Tham LS et al., 2008). Inter-

individual variability of gemcitabine clearance was estimated to be 23.6%, which is 

comparable to 31% reported by others (Jiang X et al., 2007). The volume of distribution 

of gemcitabine was estimated to be 116 L/1.76m2/70 yr for the central compartment and 

203 L for the peripheral compartment, which are comparable to the Vss of 50 – 370 L/m2 

reported by others (Grunewald R et al., 1992; Venook AP et al., 2000; Prescribing 

information of gemcitabine, 2010). Both, elimination clearance and volume of 

distribution of gemcitabine were dependent on BSA, which is in agreement with the BSA 

based dosing of gemcitabine. Increase in age was found to be associated with decrease in 

volume of distribution of gemcitabine. With aging, the body's fat composition increases 

while the water composition decreases. Gemcitabine being a hydrophilic drug could have 

lower volume of distribution due to decrease in water composition with aging.   

 The pharmacokinetics of dFdU was described by a three-compartment model, which is 

in agreement with a previous report in humans (Venook AP et al., 2000). The elimination 
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Clearance of dFdU was estimated to be 3.64 L/hr/CLCR 75 ml/min, which is comparable 

to reported values of 3.5 - 5.6 L/hr (Venook AP et al., 2000; Jiang X et al., 2007). As 

shown by others, we also found creatinine clearance (CLCR) to be a significant predictor 

for the elimination clearance of dFdU, which is not surprising as dFdU is primarily 

excreted by the kidneys (Jiang X et al., 2007; Prescribing information of Gemcitabine, 

2010). The volume of distribution of dFdU was estimated to be 13.1 L/1.76 m2 for the 

central compartment and 148.2 L for the peripheral compartments, which are comparable 

to 19.3 - 33.5 L for the central compartment and 140-260 L for the peripheral 

compartments, under the assumption that fraction of gemcitabine metabolized to dFdU is 

0.73 (Venook AP et al., 2000; Jiang X et al., 2007). BSA was found to be a predictor for 

the volume of distribution of dFdU, which is consistent with another report (Jiang X et 

al., 2007).  

Reports on the pharmacokinetic parameters of the active metabolite, dFdCTP, have been 

scarce. To our knowledge there is only one other publication, which described the 

disposition of dFdCTP by a model based approach, in which the pharmacokinetics of 

dFdCTP was described by a one-compartment model (Tham LS et al., 2008). In this 

study, we found that the pharmacokinetics of dFdCTP was best described by a three-

compartment model. This discrepancy could be due to the differences in the sampling 

scheme; Tham LS et al., 2008, had sampling until 2-hr post infusion compared to 

prolonged 72-hr sampling in the present study. Tham LS et al., 2008, reported that linear 

formation of dFdCTP best describes dFdCTP formation at clinically used doses of 

gemcitabine.  In the present study, the model with saturable formation of dFdCTP had 3 

points lower OFV than the model with linear formation, which indicated a weak signal 
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for saturable formation of dFdCTP. The estimate of EC50 was 8.7 µM, which is 

comparable to the 10-20 µM concentration range in vitro at which the formation of 

dFdCTP become saturated (Grunewald R et al., 1990; Grunewald R et al., 1991). The two 

models, one with saturable formation of dFdCTP and the other with linear formation, 

being non-nested models were compared with BIC. After model comparison, the model 

with linear formation of dFdCTP was selected over the model with saturable formation 

due to its lower BIC. The rate of infusion (ROI) of gemcitabine was found to be a 

significant covariate for the formation of dFdCTP. The ROI of gemcitabine in the study 

ranged from 8.11 – 49.52 mg/m2/min. The effect of ROI of gemcitabine on formation of 

dFdCTP was modeled as a dichotomous variable because of the small sample size (40 

patients) of the study due to which there were very few patients who received 

gemcitabine at lower ROI, for instance just 2 patients received gemcitabine at a rate less 

than 10 mg/m2/min and a total of 5 patients received gemcitabine at a rate less than 20 

mg/m2/min in the study. One criticism of this model could be that it would predict the 

CLfdFdCTP to be 79% higher when the ROI is varied from slightly less than 25 (say 24.9 

mg/m2/min) to slightly higher than 25 (say 25.1 mg/m2/min), which does not seem 

physiologically plausible. The dependence of formation of dFdCTP on ROI of 

gemcitabine indicates saturable formation of this metabolite and is consistent with the in 

vitro literature (Grunewald R et al., 1990; Grunewald R et al., 1991).  

The comparison of fixed dose rate (FDR) infusion (10 mg/m2/min) with standard rate of 

infusion (1000 mg/m2 over 30 min, 33.3 mg/m2/min) of gemcitabine for clinical 

effectiveness has also shown conflicting results. Some studies showed that FDR is 

superior to the standard infusion (Tempero M et al., 2003; Ceribelli A et al., 2003). 
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Others have shown no improvement in the efficacy with FDR as compared to the 

standard infusion, unfortunately, these studies did not involve pharmacokinetic study of 

dFdCTP, which could have explained if the lack of superiority of FDR infusion is due to 

linear pharmacokinetics of dFdCTP (Cappuzzo F et al., 2006; Soo RA et al., 2006). 

Several authors have shown higher rate of dFdCTP formation at FDR compared to 

standard ROI of gemcitabine (Tempero M et al., 2003; Patel SR et al., 2001; Grimison P 

et al., 2007). Our results appear to be consistent with others, as we also observed higher 

formation of dFdCTP at lower ROI (ROI< 25 mg/m2/min) as compared to ROI greater 

than 25 mg/m2/min. However, due to small sample size, we could not test if the formation 

of dFdCTP could be even higher at FDR infusion. 

Several factors could be responsible for the decrease in formation of dFdCTP at higher 

rate of infusion of gemcitabine. Gemcitabine is transported into cells via members of the 

nucleoside transporter family. Two equilibrative nucleoside transporters, SLC29A1 and 

SLC29A2, and three concentrative nucleoside transporters, SLC28A1, SLC28A2, and 

SLC28A3 are involved in the intracellular transport, with SLC29A1, SLC28A1 and 

SLC28A3 being the primary mediators (Ueno H et al., 2007; Wong A et al., 2009). 

Saturation of these transporters at higher infusion rate could result in the decrease in 

formation of intracellular dFdCTP. In addition, several single nucleotide polymorphisms 

(SNPs) have been identified in SLC29A1 and SLC28A1 nucleoside transporter proteins, 

some of which have been shown to be associated with altered activity of the these 

transporters, e.g., 706G>C, 1050G>A and 1345C>G in SLC29A1 and 1153 deletion and 

1636T>C in SLC28A1. Intracellular gemcitabine is metabolized to its monophosphate 

metabolite, dFdCMP, by deoxycytidine kinase (DCK), which is considered as the rate-
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limiting step in the activation of gemcitabine. Two SNPs in the promoter region of DCK, 

360C>G and 201C>T, have been identified. The -360G/-201T containing haplotypes 

have been found to be associated with increased PBMC DCK mRNA expression and 

improved clinical response rates as compared to those with haplotype -360CC/-201CC in 

Chinese acute myeloid leukemia patients (Shi JY et al., 2004). Two SNPs in the coding 

region of DCK, 356C>G and 364C>T, have been found to be associated with significant 

reduction in DCK enzymatic activity, compared to the reference sequence (Lamba JK et 

al., 2007). Saturation of DCK at higher intracellular concentration could also result in 

decrease in the formation of dFdCTP at higher infusion rate of gemcitabine. The 

formation of dFdCTP can be further affected by the presence of above mentioned SNPs. 

Other intracellular nucleotide kinases, e.g. cytidylate kinase (CMPK), also play an 

essential role by metabolizing dFdCMP to dFdCDP and eventually to dFdCTP. The 

dependence of intracellular dFdCTP formation on nucleoside transporters and several 

enzymes could make it susceptible to saturable formation. We did not genotype the 

patients for the detection of SNPs in the metabolic pathway of gemcitabine as majority of 

the above mentioned SNPs occur at very low frequency and our sample size was small 

(40 patients), which makes it less likely to have enough patients to draw a meaningful 

conclusion.  

Majority of the patients in this study received gemcitabine as a single agent; only 8 

patients received combination chemotherapy, in which 6 patients received bortezomib 

and 2 patients received carboplatin. Due to the limited number of patients, who received 

carboplatin, we did not test if co-administration of carboplatin affects the disposition of 

gemcitabine and its metabolites; however, others have shown that carboplatin co-
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administration dose not affect the pharmacokinetics of gemcitabine (Carmichael J et al., 

1996). In testing the effect of bortezomib co-administration, we found that 

pharmacokinetics of gemcitabine and its metabolites remain unaffected by the co-

administration of bortezomib. Our results are in agreement with others, who have shown 

that bortezomib administration before gemcitabine does not affect the pharmacokinetics 

of gemcitabine and dFdU (Voortman J et al., 2007; Ceresa C et al., 2009). On the other 

hand, Ceresa C et al., 2009, showed that exposure of bortezomib with gemcitabine, both 

concurrently as well as sequentially (bortezomib → gemcitabine) resulted in reduction in 

dFdCTP levels in PBMCs ex vivo, but not in H460 and SW1573 non-small cell lung 

cancer cell lines. However, we found that the pharmacokinetic parameters of dFdCTP 

were unaffected by bortezomib administration. It could be due to the reason that 

bortezomib was administered 1 hour after the end of gemcitabine infusion in our study, 

while Ceresa C et al., 2009, exposed PBMCs either simultaneously with gemcitabine and 

bortezomib or sequentially, bortezomib followed by gemcitabine. The other reason could 

be the small sample size of 6 patients, who received gemcitabine with bortezomib, due to 

which we were not able to see a difference in the pharmacokinetics of dFdCTP by 

bortezomib co-administration.  

This was an open enrollment study protocol, in which majority of the patients had prior 

treatment with chemotherapy, including gemcitabine, before being enrolled in the study. 

Our study was not designed to collect detailed information about adverse effects 

following gemcitabine administration; however, we collected information about complete 

blood count before the administration of gemcitabine on the day of the study and again at 

the time of next gemcitabine dose in the treatment cycle. Since the time interval between 
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the two visits, before and after gemcitabine administration, ranged from 1-2 weeks, the 

blood cell counts were already recovered to the pre-treatment levels in all of the patients. 

This could be one of the limitations of our study as it was not possible to study the 

exposure-toxicity relationship under this design. Another limitation of this study is the 

small sample size of 40 patients, due to which there were very limited number of patients 

who received gemcitabine at slower rate of infusion.  

In conclusion, BSA and age were found to be the important covariates for the disposition 

of gemcitabine; BSA and CLCR were found to be the important covariates for dFdU; and 

rate of infusion was found to be an important covariate for the formation clearance of 

dFdCTP. We found that patients who received gemcitabine at a rate of infusion (ROI) 

less than 25 mg/m2/min have higher formation clearance than those who received it at 

ROI greater than 25 mg/m2/min. Hence, administration of gemcitabine at a lower ROI, 

less than 25 mg/m2/min, is expected to result in greater exposure of dFdCTP. 

Dependence of elimination clearance and volume of distribution of gemcitabine on BSA 

was in agreement with the BSA based dosing of gemcitabine. The final model was 

judged adequate by posterior predictive check, visual predictive check and bootstrap 

analysis.  
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dFdU
CDA

 

Figure 5-1 Metabolic pathway of gemcitabine (Adapted from Wong A et al., 2009). 

Cytidine deaminase (CDA) converts gemcitabine to dFdU both inside and outside of 

cells. Gemcitabine enters the cell via members of the nucleoside transporter family and is 

phosphorylated to gemcitabine monophosphate (dFdCMP) by deoxycytidine kinase 

(DCK). dFdCMP is metabolized to the active diphosphate (dFdCDP) and triphosphate 

(dFdCTP) forms by nucleotide kinases (UMP/CMP kinase and nucleoside diphosphate 

kinase). Deoxycytidylate deaminase (DCTD) deaminates dFdCMP to 

difluorodeoxyuridine monophosphate (dFdUMP). 
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Figure 5-2 Pharmacokinetic model for gemcitabine, dFdU and dFdCTP. Q1 - Q5 are inter-

compartmental clearances; Vc-gem and Vp-gem are the volume of distribution of 

gemcitabine for central and peripheral compartment, respectively; CLfdFdU and CLfdFdCTP 

are the clearances associated with the formation of dFdU and dFdCTP, respectively; 

CLegem is the elimination clearance of gemcitabine by routes other than formation of 

dFdU and dFdCTP in PBMCs; CLgem is the total elimination clearance of gemcitabine; 

VC-dFdU, VP1-dFdU and VP2-dFdU are the volume of distribution of dFdU for central and 

peripheral compartments; CLedFdU is the elimination clearance of dFdU; VC-dFdCTP, VP1-

dFdCTP and VP2-dFdCTP are the volume of distribution of dFdCTP for central and peripheral 

compartments; CLedFdCTP is the elimination clearance of dFdCTP. 
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Figure 5-3 Goodness-of-fit plots of gemcitabine model. DV-Gemcitabine are the 

observed concentrations, PRED-Gemcitabine (and PRED) are population predicted 

concentrations and IPRED-Gemcitabine are the individual predicted concentrations of 

gemcitabine. CWRES are the conditional weighted residuals under the model. 
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Figure 5-4 Goodness-of-fit plots of dFdU model. DV-dFdU are the observed 

concentrations, PRED-dFdU (and PRED) are population predicted concentrations and 

IPRED-dFdU are the individual predicted concentrations of dFdU. CWRES are the 

conditional weighted residuals under the model. 
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Figure 5-5 Goodness-of-fit plots of dFdCTP model. DV-dFdCTP are the observed 

concentrations, PRED-dFdCTP (and PRED) are population predicted concentrations and 

IPRED-dFdCTP are the individual predicted concentrations of dFdCTP. CWRES are the 

conditional weighted residuals under the model. 
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Figure 5-6 Visual predictive check plots of gemcitabine, dFdU and dFdCTP models.  

Solid blue lines represent 5th and 95th percentiles of simulated data, while dotted red line 

represent median of simulated data. Open circles are observed data. 
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          Table 5-1 Patient Characteristics 

Patient Characteristics Median (Range) 

Age (years) 64 (20-87) 

Gender 22 females, 18 males 

Weight (Kg) 79 (58-132) 

Height (m) 1.7 (1.54 – 1.92) 

BSA (m2) 1.92 (1.63-2.54) 

SCR (mg/dL) 0.90 (0.58-1.67) 

Race Caucasians – 40 

Gemcitabine doses (mg/m2) 1000 (600-1500) 

Rate of Infusion (mg/m2/min) 30.3 (8.11 – 49.52) 

Smoking History  

                Nonsmokers 12 

                Current Smokers 2 

                Ex-smokers 25 

Cancer type  

                NSCLC 8 

                Breast 5 

                Ovarian  3 

                Pancreatic 8 

                Sarcomas 7 

                Others 9 

BSA – Body surface area, SCR – Serum creatinine, NSCLC – non small cell lung cancer 
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Table 5-2 Pharmacokinetic parameter estimates of gemcitabine  

Parameter Estimate (RSE%) Bootstrap Median [95% CI] 

CLgem (L/hr/1.76m2) 384.0 (6.2) 386.0 [343.4, 427.5] 

VC-gem (L/1.76m2/70yrs) 116.0 (6.5) 117.0 [104.4, 130.0] 

Q1  14.0 (24.1)  14.0 [7.3, 22.9] 

VP-gem  203.0 (35.9) 209.0 [56.7, 454.0] 

Exponent of AGE on Vcgem -0.337 (42.4) -0.318 [-0.821, 0.103] 

IIV – CLgem 23.6 (38.2) 23.7 [16.7, 35.5] 

IIV – VC-gem 11.6 (91.9) 11.2 [4.0, 23.7] 

IIV – Q1 85.9 (37.5) 86.0 [50.0, 117.5] 

RUV (CV%) 26.1 (16.9) 25.5 [22.0, 29.2] 

 RSE – Relative standard error; IIV – Inter-individual variability, expressed as CV%; 

RUV – Residual unexplained variability, expressed as CV%; CI- confidence interval 
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Table 5-3 Pharmacokinetic parameter estimates of dFdU  

Parameter (units) Estimate (RSE%) Bootstrap Median [95% CI] 

CLedFdU (L/hr/CLCR 75 ml/min) 3.64 (7) 3.64 [3.17, 4.10] 

VC-dFdU (L/1.76 m2) 13.8 (19) 14.10 [8.66, 19.30] 

Q2 (L/hr) 78.8 (14) 76.90 [58.30, 99.22] 

Q
3 (L/hr) 6.65 (9) 6.54 [5.50, 8.23] 

VP1-dFdU (L) 33.2 (7) 33.10 [28.99, 37.71] 

V
P2-dFdU (L) 115 (10) 116 [96.80, 139.05] 

IIV – CLedFdU 44.7 (33) 44.8 [33.3, 57.8] 

IIV – VC-dFdU 70.2 (28) 67.4 [50.0, 95.5] 

IIV – VP1-dFdU 33.8 (27) 33.8 [25.3, 41.0] 

IIV – V
P2-dFdU

 54.5 (36) 52.6 [35.7, 67.8] 

RUV-LCMS - CV%  7.5 (33) 7.4 [6.0, 8.8] 

RUV-HPLC - CV% 11.3 11.2 [7.7, 15.2] 

RSE – Relative standard error; IIV – Inter-individual variability, expressed as CV%; 

RUV – Residual unexplained variability, expressed as CV%; CI- confidence interval 
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Table 5-4 Pharmacokinetic parameter estimates of dFdCTP  

Parameter Estimate  Bootstrap Median [95% CI]  

CLfdFdCTP (L/hr) ROI < 25 0.156 0.155 [0.085, 0.307] 

CLfdFdCTP (L/hr) ROI ≥ 25 0.087 0.085 [0.058, 0.172] 

CLedFdCTP (L/hr) 0.00136 0.00151 [0.0004, 0.0028] 

VC-dFdCTP (L) 0.005 - 

Q4 (L/hr) 0.2 0.21 [0.087, 0.911] 

Q
5 (L/hr) 0.00122 0.0014 [0.0008, 0.0031] 

VP1-dFdCTP (L) 0.0282 0.027 [0.017, 0.057] 

V
P2-dFdCTP (L) 0.0787 0.050 [0.017, 0.435] 

IIV – CLfdFdCTP 59.6 58.2 [42.5, 70.4] 

IIV – VP1-dFdCTP 38.1 39.0 [18.8, 56.0] 

IIV – Q2  184 187.2 [136.3, 261.2] 

RUV-proportional (CV%) 32.2 31.8 [28.2, 35.1] 

RUV-additive (SD) 1.3 1.3 [0.76, 1.93] 

ROI – rate of infusion of gemcitabine, expressed as mg/m2/min; IIV – Inter-individual 

variability, expressed as CV%; RUV – Residual unexplained variability, expressed as 

CV%; CI- confidence interval 
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Table 5-5 The posterior predictive check (PPC) P-values for the models for 

gemcitabine and its metabolites  

Percentiles 

of Observed 

data 

PPC P-values 

Gemcitabine dFdU dFdCTP 

ROI < 25 ROI ≥≥≥≥ 25 

10th 0.129 0.335 0.332 0.020 

20th 0.410 0.897 0.547 0.100 

30th 0.439 0.597 0.194 0.108 

40th 0.347 0.553 0.431 0.055 

50th 0.355 0.146 0.456 0.063 

60th 0.634 0.078 0.591 0.193 

70th 0.626 0.064 0.65 0.263 

80th 0.822 0.063 0.729 0.382 

90th 0.119 0.350 0.716 0.478 

ROI – rate of infusion of gemcitabine, expressed as mg/m2/min. 
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Chapter 6  

Summary and Conclusions 

We had three primary aims for the present research work. The first aim was to test the 

concept that cranial radiation delivered during irinotecan administration can enhance 

uptake in to CSF, and also to characterize the pharmacokinetics of irinotecan and its 

metabolites in plasma and CSF in rats. One of the major limitations in the advancement 

of chemotherapy for the treatment of malignant gliomas is the inability of drugs to enter 

brain. Cranial radiation is known to cause damage to the BBB and BCSFB. Our 

hypothesis was that cranial radiation, delivered during irinotecan administration, can 

enhance uptake in to cerebral-spinal fluid (CSF). Irinotecan was selected for the study as 

it has shown activity against brain tumors in both in vitro and in vivo studies. As the 

dataset comprised of only one CSF concentration of irinotecan per animal, which was 

taken at different times for different rats, the dataset was unbalanced, and population 

approach using NONMEM was used for the analysis of concentration-time data. The 

analysis showed that cranial radiation delivered during irinotecan administration 

enhances uptake in to CSF. Similarly we can expect that cranial radiation could also 

enhance the CSF penetration of other drugs useful for the treatment of gliomas. However, 

enhanced CSF uptake does not guarantee enhanced uptake in to brain parenchyma. Brain 

tissues in the immediate vicinity of CSF might have higher concentration of drugs as a 

result of higher concentration in the CSF, due to cranial radiation treatment, but it will be 

hard to speculate about the tissues which are distant from the CSF. Since cranial radiation 

has destructive effects on both BBB and BCSFB, we can expect to see higher drug 
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concentrations in brain parenchyma as well, but this needs to be confirmed in future 

studies. One of the limitations of our study is that we administered radiation as a single 

dose; however, cranial radiation is usually clinically administered in fractionated doses. 

Another limitation was the availability of only one CSF irinotecan concentration per 

animal. Future studies aimed at the evaluation of the effect of cranial radiation in 

fractionated doses on the uptake of drugs in brain parenchyma are warranted. Toxic 

effects of the long-term administration of radiation in fractionated doses will need to be 

assessed. Drugs with radiation sensitizing properties would be a good choice in order to 

have synergistic activity with cranial radiation for future studies.  

The second aim was to show the administration sequence effects for PQIP and 

gemcitabine in vitro using human breast cancer cell lines. Gemcitabine is a cytotoxic 

drug, while PQIP is an insulin-like growth factor type-I receptor (IGF-IR) inhibitor. A 

number of IGF-IR inhibitors are in the clinical development and several of them will 

likely be combined with other chemotherapeutic drugs for enhanced efficacy. In this 

study, we used three different breast cancer cell lines, with different sensitivities to PQIP, 

and used Bayesian analysis technique for the exposure-response analysis. The major 

conclusion of this work was that exposure with gemcitabine first, followed by PQIP (GP 

sequence) was either superior or equivalent to the reverse sequence (PG sequence) with 

these drugs.  

Gemcitabine is a cell-cycle dependant chemotherapeutic drug. IGF-1R inhibition is 

known to prevent cells from entering cell cycle. Therefore, IGF-1R inhibition first, 

followed by a cell-cycle dependant chemotherapeutic drug will render a lower fraction of 

cells sensitive to chemotherapeutic drugs. Hence, greater cytotoxic effect with cell-cycle 
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dependant drug, followed by IGF-1R inhibition is consistent with the mechanism of 

action of these drugs. Apoptosis is a common mechanism responsible for cell death 

following exposure with cell-cycle dependent as well as cell-cycle independent 

chemotherapeutic drugs. The IGF-1R receptors help cell survive due to inhibition of 

apoptosis; hence, blocking of IGF-1R following exposure with cell-cycle dependent as 

well as cell-cycle independent chemotherapeutic drugs will inhibit cell survival and result 

in greater anti-tumor activity. However, we did not test any cell-cycle independent drug 

for administration sequence effects with PQIP.  

Some of the IGF-1R small molecule inhibitors, e.g., OSI-906, are being evaluated in 

continuous and intermittent dosing schedules. Three intermittent dosing schedules of 

OSI-906 are currently being evaluated in Phase-1 studies, which includes, schedule 1: 

days 1-3, every 14 days; schedule 2: days 1-5, every 14 days; schedule 3: days 1-7, every 

14 days. We expect intermittent dosing schedules of IGF-1R inhibitors in combination 

with chemotherapeutic drugs, in which an exposure with chemotherapeutic drugs is 

provided first, would be more cytotoxic than continuous dosing schedule in combination 

with chemotherapeutic drugs. This is because we can easily utilize the greater cytotoxic 

effect of administering the chemotherapeutic drugs first followed by IGF-1R inhibitor in 

intermittent dosing schedule. On the other hand, with continuous dosing schedule of IGF-

1R inhibitors in combination with chemotherapeutic drugs, patients would be at steady 

state with IGF-1R inhibitors. Hence, it is theoretically similar to the sequence in which 

exposure with IGF-1R inhibitors is provided first, followed by chemotherapeutic drugs, 

which was found to be inferior in the present study. Also, the toxicity of IGF-1R 

inhibition would be expected to be less with intermittent dosing as compared to the 
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continuous dosing. Our results were based on in vitro experiments. Further studies are 

warranted to confirm these results in animal tumor models, as the drug exposure and 

tumor response could be different under in vitro and in vivo conditions. In addition, the in 

vivo tumor growth inhibition experiments would provide us the opportunity to test 

several regimens and figure out the best to carry forward for evaluation in clinical 

studies.  

Third aim of the present work was to determine the patient-specific characteristics 

associated with inter-patient variability of pharmacokinetics for gemcitabine and 

metabolites in patients with solid tumors. Part of the work for this aim also included 

testing the hypothesis that prolonged infusion rate for gemcitabine is associated with 

enhanced accumulation for the active metabolite, dFdCTP. The analysis of concentration-

time data of gemcitabine and its metabolites was performed by population approach using 

NONMEM. An intensive sampling strategy was used, especially during the first 6 hours 

after infusion, in an effort to characterize gemcitabine elimination and accumulation of 

the metabolites. A second assay had to be implemented to capture gemcitabine falling 

concentrations during the 6 hour time window. The LLOQ of the first assay is 2 µM, and 

gemcitabine concentrations often decrease below this level, typically between the 1- and 

2-hour time points. So another analytical assay for gemcitabine based on solid phase 

extraction was developed with a LLOQ of 0.01 µM, enabling measurement of 

gemcitabine to the six hour time point.  Ultimately, this would result in a more accurate 

modeling approach that yields a more precise and accurate estimate of elimination rate 

(i.e., helpful in avoiding numerical identifiablity in modeling).  
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In the analysis of gemcitabine concentration-time data, we found that BSA was a 

significant covariate for the elimination clearance of gemcitabine, while BSA and age 

were significant for the volume of distribution of gemcitabine. Creatinine clearance 

(CLCR) was found to be a significant covariate for the elimination clearance and BSA for 

the volume of distribution of dFdU. We also found that the rate of infusion (ROI) of 

gemcitabine was important for the formation of the active metabolite, dFdCTP. Patients 

who received gemcitabine at a rate less that 25 mg/m2/min had higher formation of 

dFdCTP than those who received gemcitabine at a rate greater than 25 mg/m2/min. Our 

results are in agreement with several in vitro and in vivo reports showing saturable 

formation of dFdCTP from gemcitabine. Based on these results, administration of 

gemcitabine at a lower ROI, less than 25 mg/m2/min, is expected to result in greater 

exposure of dFdCTP. Others have suggested gemcitabine administration as 10 

mg/m2/min to avoid saturation of dFdCTP formation; however, due to very few patients 

(n=2), who received gemcitabine at a rate < 10 mg/m2/min; we could not test if 

gemcitabine administration as 10 mg/m2/min would be even better. However, it is not 

clear if this increased exposure of dFdCTP would result in improvement in clinical 

outcomes or higher incidence of adverse effects as our study was not designed to collect 

such information.  Another limitation of the study is the lack of genotype information 

regarding the enzymes involved in the formation of dFdCTP. Such information would 

have helped to quantify the effect of different genotypes on the formation of dFdCTP. 

However, majority of the single nucleotide polymorphisms in the enzymes and 

transporters involved in the metabolic pathway of gemcitabine occur with very low 

frequency, which would require large sample size to draw a meaningful conclusion about 
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the effect of genotypes on the formation of dFdCTP. Future studies aimed at the 

evaluation of exposure-response relationship between gemcitabine and/or its metabolites 

exposure and tumor size and adverse effects in patients are warranted. The initial study 

should include patients with one tumor type such as breast cancer, who have not been 

extensively pre-treated with other chemotherapeutic drugs. Gemcitabine should be 

administered either as standard infusion over 30 minutes or prolonged infusion at a rate 

of 10 mg/m2/min. Such a study could help in determining if prolonged infusion results in 

enhanced exposure with dFdCTP and greater reduction in tumor size; hence, dosage 

optimization of gemcitabine.  
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APPENDIX 

Chapter 2: Population pharmacokinetic model of Irinotecan 
 
$PROB IRINOTECAN 
 
$INPUT HASH ID TIME DV CMT WT AMT TRT REG MDV EVID DVID 
 
$DATA Irinotecan.csv IGNORE=(HASH=#,CMT.EQ.2,CMT.EQ.3,CMT.EQ.4) 
 
$SUBROUTINE  ADVAN6  TOL=4  
$MODEL COMP(CENTRAL,DEFDOSE) ; 2 compartments 
       COMP(PERI) 
 
$PK  
   TV1 = THETA(1)*(WT/251.5)**THETA(5) 
   V1 = TV1*EXP(ETA(1))  
   CLT= THETA(2)*EXP(ETA(2)) 
   Q = THETA(3) 
   V2 = THETA(4) 
   S1 = V1/1000    
   K10=(CLT/V1) 
   K12 = Q/V1 
   K21 = Q/V2 
 
$DES  
   DADT(1) = A(2)*K21-A(1)*(K10+ K12) 
   DADT(2) =  A(1)*K12 - A(2)*K21 
 
$ERROR  
IPRED = F 
Y = F + F*ERR(1) 
 
$THETA  
   (0, 2.2)   ; V1  
   (0, 1.6)   ; CLT 
   (0, 0.8)   ; Q 
   (0, 1)     ; V2 
   (1 FIX) 
$OMEGA BLOCK(2) 
   .1  ;  BSV_V1 
   .01 .1  ;  BSV_CLT 
$SIGMA 
   .1 
 
$ESTIMATION SIG=3 MAX=9999 PRINT=1 NOABORT 
METHOD=CONDITIONAL INTERACTION 
 
$COV  
 
$TABLE ID TIME DV CMT WT AMT TRT REG MDV EVID ETA1 ETA2 Y  
PRED CLT V1 IPRED RES WRES NOPRINT FILE=2CM_CPT.fit ONEHEADER  
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Chapter 2: Population pharmacokinetic model of APC 
 
$PROB APC 
 
$INPUT HASH ID TIME DV CMT WT AMT TRT REG MDV EVID DVID VOL1 CLT1  
 
$DATA Irinotecan_APC_seq_2eta_pow.csv IGNORE=(HASH=# CMT.EQ.3,CMT.EQ.4) 
 
$SUBROUTINE  ADVAN6  TOL=5  
$ESTIMATION SIG=3 MAX=9999 PRINT=1  
METHOD=CONDITIONAL INTERACTION  NOABORT;  
 
$MODEL COMP(CENTRAL,DEFDOSE) ; 3 compartments 
       COMP(APC) 
       COMP(PERI) 
     
$PK  
   V1 = VOL1 
   V3 = THETA(4) 
   CLT= CLT1 
   FM = THETA(1)*EXP(ETA(1)) 
   FM2A = FM/(1+FM) 
 
   CLFA = FM2A*CLT 
   CLE = (1-FM2A)*CLT 
   Q = THETA(2) 
   CLEA = THETA(3)*EXP(ETA(2)) 
   V2 = VOL1 
   S1 = V1/1000 
   S2 = (V2/1000)*1.055 
     
    K12 = CLFA/V1 
    K13 = Q/V1 
    K31 = Q/V3 
    K20 = CLEA/V2 
    K10 = CLE/V1 
   
$DES  
   DADT(1) = A(3)*K31 - A(1)*(K12+K13+K10) 
   DADT(2) = A(1)*K12 - A(2)*K20  
   DADT(3) = A(1)*K13 - A(3)*K31 
 
$ERROR  
CPT = A(1)/S1    
FLG1 = 0  
IF (CMT.EQ.1) FLG1 = 1 
FLG2 = 0 
IF (CMT.EQ.2) FLG2 = 1 
 
Y1 = F + F*ERR(1) 
Y2 = F + F*ERR(2) 
Y=FLG1*Y1 + FLG2*Y2 
 
$THETA  
   (0,0.1)   ; FM2A 
   (0.681 FIX) ; Q 
   (0,8)   ; CLEA 
   (1.3 FIX) ; V3 
$OMEGA  
   .1  ;  BSV_FM2A 
   .1  ;  BSV_CLEA      
 
$SIGMA 
   0.0635 FIX 
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   .1 
 
$COV 
 
$TABLE ID TIME DV CMT WT AMT TRT REG MDV EVID ETA1 ETA2 CLT  
V1 V2 Q CLEA CLFA FM2A CLE MRATIO Y CPT PRED  
ONEHEADER NOPRINT FILE=2CM_CPT.fit 
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Chapter 2: Population pharmacokinetic model of SN-38 
 
$PROB 2CM_SN38 
$INPUT HASH ID TIME DV CMT WT AMT TRT REG MDV EVID DVID  
VOL1 CLT1 CLEA FM2A 
 
$DATA Irinotecan_SN_seq_2eta_pow_new.csv   
IGNORE=(HASH=#, CMT.EQ.4) 
 
$SUBROUTINE  ADVAN6  TOL=5  
$ESTIMATION SIG=3 MAX=9999 PRINT=1  
METHOD=CONDITIONAL INTERACTION  NOABORT;  
$MODEL COMP(CENTRAL,DEFDOSE)  
       COMP(APC) 
       COMP(SN38) 
       COMP(CPTPERI) 
       COMP(SN38PERI) 
$PK  
   V1 = VOL1 
   V2 = VOL1 
   V3 = VOL1 
   CLT= CLT1  ; Total CL of CPT-11 
    
   FRAC = THETA(1)*EXP(ETA(3)) 
   FM2S = FRAC/(1+FRAC) 
   CLFS = FM2S*CLT 
    
   CLFA = FM2A*CLT 
   CLE  = (1-FM2A-FM2S)*CLT 
    
   CLES = THETA(2)*EXP(ETA(1)) 
        
   Q1 = THETA(3) 
   Q2 = THETA(4)*EXP(ETA(2))  
    
   V4 = THETA(6) 
   V5 = THETA(5) 
   S1 = V1/1000 
   S2 = (V2/1000)*1.055 
   S3 = (V3/1000)*0.6689 
     
    K20 = CLEA/V2 
    K30 = CLES/V3 
    K12 = CLFA/V1 
    K13 = CLFS/V1 
    K10 = CLE/V1 
    K14 = Q1/V1 
    K41 = Q1/V4 
    K35 = Q2/V3 
    K53 = Q2/V5   
   
 
  
$DES  
   DADT(1) = A(4)*K41 - A(1)*(K12+K13+K14+K10) 
   DADT(2) = A(1)*K12 - A(2)*K20 
   DADT(3) = A(1)*K13 + A(5)*K53 - A(3)*(K30+K35) 
   DADT(4) = A(1)*K14 - A(4)*K41 
   DADT(5) = A(3)*K35 - A(5)*K53 
 
$ERROR  
CPT = A(1)/S1 
APC = A(2)/S2 
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SN = A(3)/S3    
 
FLG1 = 0  
IF (CMT.EQ.1) FLG1 = 1 
FLG2 = 0 
IF (CMT.EQ.2) FLG2 = 1 
FLG3 = 0 
IF (CMT.EQ.3) FLG3 = 1 
 
Y1 = F + F*ERR(1) 
Y2 = F + F*ERR(2) 
Y3 = F + F*ERR(3) 
 
Y=FLG1*Y1 + FLG2*Y2 + FLG3*Y3 
 
$THETA  
   (0,1)   ; FM2S 
   (0,80)    ; CLES 
   (0.681 FIX)   ; Q1 
   (0,60)    ; Q2 
   (0,300)   ; V5 
   (1.3 FIX) ; V4 
$OMEGA  
    .1  ; BSV_CLES 
    .1  ; BSV_Q2 
    .1  ; BSV_FM2S 
$SIGMA 
   0.0635 FIX 
   0.199 FIX 
   .1 
 
$COV 
 
$TABLE ID TIME DV CMT WT AMT TRT REG MDV  
EVID ETA1 ETA2 ETA3 V3 CLES CLEA CLE CLFS CLFA  
FM2A FM2S MRATIO Y CPT PRED  
ONEHEADER NOPRINT FILE=2CM_CPT.fit 
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Chapter 2: Population pharmacokinetic model of CSF Irinotecan 
 
$PROB CSF IRINOTECAN  
 
$INPUT HASH ID TIME DV CMT WT AMT TRT REG MDV  
EVID DVID VOL1 CLTO CLEA FM2A FM2S 
 
$DATA Irinotecan_CSF_seq_2eta_pow_new.csv IGNORE = (HASH=#) 
; dataset contains only plasma and CSF Irinotecan data ; 
 
$SUBROUTINE  ADVAN6  TOL=6  
$ESTIMATION SIG=4 MAX=9999 PRINT=1  
METHOD=CONDITIONAL INTERACTION  NOABORT;  
 
$MODEL COMP(CENTRAL,DEFDOSE) ; 3 compartments 
       COMP(CSF) 
       COMP(PERI) 
$PK  
   V1 = VOL1  
   V3 = 1.3 
   CLT= CLTO 
   Q1 = THETA(1) 
   CL20= THETA(2) 
    
   IF (TRT.EQ.0) THEN 
      TFR=THETA(3) 
   ELSE 
      TFR = THETA(5) 
   ENDIF 
  
   FR = TFR*EXP(ETA(1)) 
   FRAC = FR/(1+FR) 
   CL12 = FRAC*CLT 
 
   FEUN = 1-(FRAC+FM2A+FM2S) 
   FTOT = FRAC+FM2A+FM2S+FEUN 
    
   V2 = THETA(4) 
   S1 = V1/1000 
   S2 = V2/1000 
       
   K10 = (FM2A+FM2S+FEUN)*CLT/V1 
   K13 = Q1/V1 
   K31 = Q1/V3 
   K12 = CL12/V1    
   K20 = CL20/V2 
 
$DES  
   DADT(1) = A(3)*K31 - A(1)*(K10+K13+K12) 
   DADT(2) = A(1)*K12 - A(2)*K20 
   DADT(3) = A(1)*K13 - A(3)*K31 
    
    
$ERROR  
FLG1 = 0  
IF (CMT.EQ.1) FLG1 = 1 
FLG2 = 0 
IF (CMT.EQ.2) FLG2 = 1 
 
Y1 = F + F*ERR(1) 
Y2 = F + F*ERR(1) 
 
Y =  FLG1*Y1 + FLG2*Y2  
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$THETA  
   (0.681 FIX)    ; Q1 
   (0, 0.02) ; CL20 
   (0, 0.005) ; FR 
   (0.0004 FIX) ; V3 
   (0, 0.008) ; FR 
$OMEGA  
   .1 ;  BSV_K13 
$SIGMA 
   .0635 FIX  
 
$COV 
 
$TABLE ID TIME DV CMT WT AMT TRT REG MDV EVID ETA1  
K13 CLTO VOL1 V2 Q1 FRAC FM2A FM2S FEUN FTOT Y PRED  
ONEHEADER NOPRINT FILE=2CM_CPT.fit 
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Chapter 3: Pharmacodynamic model for MCF-7 cell line 
 
model {            
 for (i in 1:n.ind) {        
    for (j in 1:n.grid) { 
   dat[i, j] ~ dnorm(log.model[i, j], tau1[i, j])  
   log.model[i, j] <- log(model[i, j])    
   model[i, j] <- c.language[i, j]    
   c.language[i, j] <- a.language[i, j, 1] 
   tau1[i, j] <- tau*nu[i, j] 
  sresid[i, j] <-(dat[i, j]-log.model[i,j]) *sqrt(tau1[i, j])  
  } 
 } 
 
   for (i in 1:9){  
 a.language[i, 1:n.grid, 1:dim] <- ode.block(     
    inits[i, 1, 1:dim], grid[1:n.grid], D(A[i, 
1:dim], t), origins[i, 1], tol) 
        
D(A[i, 1], t) <- Kg* (1-(A[i, 1]/Amax))*A[i, 1] - Kdg[i]*exp(-
Keq*t)*A[i, 1] - Kdp[i]*exp(-Keq*t)*A[i, 1] - Kd2[i]*exp(-Keq2*t)*A[i,1]  
            
  inits[i, 1, 1] <- exp(ini[i])      
  origins[i, 1] <- 0 
  Kd2[i] <- 0 
  Kdp[i] <- Emaxp*Dp[i]/(EC50p + Dp[i]) 
  Kdg[i] <- Emaxg*pow(Dg[i],H)/(pow(EC50g,H) + pow(Dg[i],H) ) 
  ini[i]  ~ dnorm(10.3, 65) 
            } 
  
for(k in 10:14){ 
 a.language[k, 1:n.grid, 1:dim] <- ode.block(    
    inits[k, 1, 1:dim], grid[1:n.grid], D(A[k, 
1:dim], t), origins[k, 1], tol) 
       
D(A[k, 1], t) <- Kg1*(1-(A[k, 1]/Amax1))*A[k, 1] - Kd2[k]*exp(-
Keq2*t)*A[k, 1] 
  
 inits[k, 1, 1] <- exp(ini[k])       
 origins[k, 1] <- 0 
 ini[k] ~ dnorm(10.3, 65) 
      } 
  
for(l in 15:16){ 
 a.language[l, 1:n.grid, 1:dim] <- ode.block(    
    inits[l, 1, 1:dim], grid[1:n.grid], D(A[l, 
1:dim], t), origins[l, 1], tol) 
       
D(A[l, 1], t) <- Kg1* (1-(A[l, 1]/Amax1))*A[l, 1] - Kd2[l]*exp(-
Keq2*t)*A[l, 1] 
  
 inits[l, 1, 1] <- exp(ini[l])       
 origins[l, 1] <- 0 
 ini[l] ~ dnorm(10.3, 65) 
      } 
 
 Kd2[10] <- EFF1 
 Kd2[11] <- EFF2 
      Kd2[12] <- EFF7 
 Kd2[13] <- EFF3 
 Kd2[14] <- EFF6 
 Kd2[15] <- EFF4 
 Kd2[16] <- EFF5 
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      Kg1<- cut(Kg) 
      Amax1 <- cut(Amax) 
  
 EFF1~dunif(0.01, 10) 
 EFF2~dunif(0.01, 10) 
 EFF3~dunif(0.01, 10) 
 EFF4~dunif(0.01, 10) 
 EFF5~dunif(0.01, 10) 
 EFF6~dunif(0.01, 10) 
      EFF7~dunif(0.01, 10) 
         
 
 KdF15 <- Kd2[11] 
 KdF10.5 <- Kd2[13] 
 KdR15 <-  Kd2[15] 
 KdR10.5 <- Kd2[16]  
  
      pval1 <- step(KdR15 - KdF15) 
 pval2 <- step(KdR10.5 - KdF10.5)  
 pval3 <- step(Kd2[13] -Kd2[14]) 
      pval4 <- step(Kd2[10] -Kd2[11]) 
 pval5 <- step(Kd2[10] -Kd2[12])  
      pval6 <- step(Kd2[11] -Kd2[12]) 
      pval7 <- step(Kd2[11] -Kd2[14]) 
      pval8 <- step(Kd2[10] -Kd2[13]) 
       
      diff1 <- KdF15 - KdR15 
 diff2 <- KdF10.5 - KdR10.5  
      diff3 <- Kd2[14] -Kd2[13] 
      diff4 <- Kd2[11] -Kd2[10] 
 diff5 <- Kd2[12] -Kd2[10]  
      diff6 <- Kd2[12] -Kd2[11] 
      diff7 <- Kd2[14] -Kd2[11] 
      diff8 <- Kd2[13] -Kd2[10] 
  
      log.Keq2~dunif(-6, 1) 
 Keq2<- exp(log.Keq2) 
 H <- 1 
 log.Emaxg ~ dunif(-4, 4) 
 Emaxg <- exp(log.Emaxg) 
 log.Emaxp ~ dunif(-4, 4) 
 Emaxp <- exp(log.Emaxp)  
 log.EC50g ~ dunif(-4, 3.5) 
 EC50g <- exp(log.EC50g) 
 log.EC50p ~ dunif(-4, 3.5) 
 EC50p <- exp(log.EC50p)  
 log.Kg~dunif(-4, 3) 
 Kg<- exp(log.Kg)  
      log.Amax ~ dnorm(14.5, 40) 
 Amax <- exp(log.Amax) 
 tau~dgamma(0.001, 0.001)   
 sigma <- 1/sqrt(tau)   
 log.Keq~dunif(-4, 1) 
 Keq<- exp(log.Keq) 
      
} 
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Chapter 3: Pharmacodynamic model for MDA-MB-231 cell line 
 
model {           
 for (i in 1:n.ind) {        
  for (j in 1:n.grid) { 
  dat[i, j] ~ dnorm(log.model[i, j], tau1[i, j])  
  log.model[i, j] <- log(model[i, j])     
  model[i, j] <- c.language[i, j]     
  c.language[i, j] <- a.language[i, j, 1] 
  tau1[i, j] <- tau*nu[i, j] 
  sresid[i, j]<-(dat[i, j] -log.model[i, j])*sqrt(tau1[i, j])  
  } 
 } 
  
  for (i in 1:9){  
 a.language[i, 1:n.grid, 1:dim] <- ode.block(    
    inits[i, 1, 1:dim], grid[1:n.grid], D(A[i, 
1:dim], t), origins[i, 1], tol) 
        
D(A[i, 1], t) <- Kg* (1-(A[i, 1]/Amax))*A[i, 1] - Kdg[i]*exp(-
Keq*t)*A[i, 1] - Kdp[i]*exp(-Keq1*t)*A[i, 1]  - Kd2[i]*exp(-
Keq2*t)*A[i,1]   
 
 inits[i, 1, 1] <- exp(ini[i])       
 origins[i, 1] <- 0 
 Kdp[i] <- Emaxp*pow(Dp[i],H2)/(pow(EC50p,H2) + pow(Dp[i],H2))    
 Kdg[i] <- Emaxg*pow(Dg[i],H1)/(pow(EC50g,H1) + pow(Dg[i],H1)) 
  ini[i]  ~ dnorm(10.3, 65) 
            Kd2[i] <- 0 
  } 
  
for (i in 10:15){  
 a.language[i, 1:n.grid, 1:dim] <- ode.block(    
    inits[i, 1, 1:dim], grid[1:n.grid], D(A[i, 
1:dim], t), origins[i, 1], tol)        
D(A[i, 1], t) <- Kg1* (1-(A[i, 1]/Amax1))*A[i, 1] - Kd2[i]*exp(-
Keq2*t)*A[i, 1]  
    
              inits[i, 1, 1] <- exp(ini[i])     
    origins[i, 1] <- 0 
    ini[i]  ~ dnorm(10.3, 65) 
       } 
 
 
 Amax1 <- cut(Amax) 
 Kg1 <- cut(Kg) 
         
      EFF10~dunif(-10, 10) 
      EFF11~dunif(-10, 10) 
    EFF12~dunif(-10, 10)  
      EFF13~dunif(-10, 10) 
    EFF14~dunif(-10, 10) 
 EFF15~dunif(-10, 10) 
      Kd2[10] <- EFF10*1 
      Kd2[11] <- EFF11*1 
      Kd2[12] <- EFF12*1 
      Kd2[13] <- EFF13*1 
      Kd2[14] <- EFF14*1 
      Kd2[15] <- EFF15*1 
 
 diff1 <- Kd2[10] -Kd2[14] 
 diff2 <- Kd2[11] -Kd2[13] 
 diff3 <- Kd2[12] -Kd2[15] 
 diff4 <- Kd2[10] -Kd2[12] 
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 diff5 <- Kd2[11] -Kd2[12] 
    
      pval1 <- step(Kd2[14] -Kd2[10]) 
      pval2 <- step(Kd2[13] -Kd2[11]) 
      pval3 <- step(Kd2[15] -Kd2[12]) 
      pval4 <- step(Kd2[12] -Kd2[10]) 
      pval5 <- step(Kd2[12] -Kd2[11]) 
 
      H1~dunif(0.01,20) 
 H2 ~dunif(0.01,20) 
 log.Emaxg ~ dunif(-4, 4) 
 Emaxg <- exp(log.Emaxg) 
 log.Emaxp ~ dunif(-4, 4) 
 Emaxp <- exp(log.Emaxp) 
  
 log.EC50g ~ dunif(-4, 4.5) 
 EC50g <- exp(log.EC50g) 
 log.EC50p ~ dnorm(3, 10) 
 EC50p <- exp(log.EC50p) 
  
 log.Kg~dunif(-4, 3) 
 Kg<- exp(log.Kg) 
 log.Amax ~ dnorm(13.15, 20) 
 Amax <- exp(log.Amax) 
 tau~dgamma(0.0001, 0.0001)   
 sigma<- 1/sqrt(tau)   
 log.Keq~dunif(-4, 1) 
 Keq<- exp(log.Keq) 
 log.Keq1~dunif(-4, 1) 
 Keq1<- exp(log.Keq1) 
 log.Keq2~dunif(-4, 1) 
 Keq2<- exp(log.Keq2)     
} 
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Chapter 3: Pharmacodynamic model for Hs-578T cell line 
 
model {            
 for (i in 1: n.ind){          
  for (j in 1:n.grid) { 
  dat[i, j] ~ dnorm(log.model[i, j], tau1[i, j])  
  log.model[i, j] <- log(model[i, j])     
  model[i, j] <- c.language[i, j]     
  c.language[i, j] <- a.language[i, j, 1] 
  tau1[i, j] <- tau*nu[i, j] 
  sresid[i, j]<-(dat[i, j] -log.model[i, j])*sqrt(tau1[i, j])  
  } 
 } 
 
 
 for (i in 1:1){  
 a.language[i, 1:n.grid, 1:dim] <- ode.block(    
    inits[i, 1, 1:dim], grid[1:n.grid], D(A[i, 
1:dim], t), origins[i, 1], tol) 
        
D(A[i, 1], t) <- Kg* (1-(A[i, 1]/Amax))*A[i, 1]  -  Kd1[i]*A[i, 1]  
            
  inits[i, 1, 1] <- exp(ini[i])      
  origins[i, 1] <- 0 
  ini[i]  ~ dnorm(10.3, 65)   
  } 
  
 
for (k in 2:6){  
 a.language[k, 1:n.grid, 1:dim] <- ode.block(    
    inits[k, 1, 1:dim], grid[1:n.grid], D(A[k, 
1:dim], t), origins[k, 1], tol) 
        
D(A[k, 1], t) <- Kg1* (1-(A[k, 1]/Amax1))*A[k, 1] -  Kd1[k]*A[k, 1]  
            
  inits[k, 1, 1] <- exp(ini[k])      
  origins[k, 1] <- 0 
  ini[k]  ~ dnorm(10.3, 65)   
  } 
 
 
   Kg1 <- cut(Kg) 
   Amax1 <- cut(Amax) 
   EFF1 <- 0 
   EFF2 ~ dunif(0, 100) 
   EFF3 ~ dunif(0, 10) 
   EFF4  ~ dunif(0, 10) 
   EFF5  ~ dunif(0, 10) 
   EFF6  ~ dunif(0, 10) 
    
 
   Kd1[1] <- EFF1*D[1] 
   Kd1[2] <- EFF2*D[2] 
   Kd1[3] <- EFF3*D[3]     
   Kd1[4]  <- EFF4*D[4] 
   Kd1[5]  <- EFF5*D[5] 
   Kd1[6]  <- EFF6*D[6] 
   pval1 <- step(Kd1[6] -Kd1[5]) 
    
 
   log.Kg~dunif(-4, 2) 
   Kg<- exp(log.Kg) 
   log.Amax ~ dnorm(13, 20) 
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   Amax <- exp(log.Amax) 
   diff <- Kd1[5] -Kd1[6] 
   tau~dgamma(0.0001, 0.0001)   
   sigma<- 1/sqrt(tau)         

} 
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Chapter 5: population pharmacokinetic model of gemcitabine 

$PROB gemcitabine 
$INPUT C ID TIM=DROP TIME CMT DV MDV AMMG=DROP AMT RATE BAI=DROP 
AGE WT SEX BSA HT SCR AST ALP=DROP ALT ESMO DOSE REG BORT  
 
$DATA GEMC_NONMEM3_dFdCTP_BORT.csv IGNORE=(C=C, CMT.EQ.2, CMT.EQ.3) 
$SUBROUTINE  ADVAN6  TOL=6  
$MODEL COMP(CENTRAL,DEFDOSE) 
       COMP(PERI) 
$PK     
IF (BSA.GT.0) THEN 
 TBSA = BSA/1.76 
ELSE 
 TBSA = 1.75/1.76 
ENDIF 
   TVV1 = THETA(1)*TBSA*(AGE/70)**THETA(6) 
   V1 = TVV1*EXP(ETA(1))  
   CLT= THETA(2)*TBSA**THETA(5)*EXP(ETA(2)) 
   Q = THETA(3)*EXP(ETA(3)) 
   V2 = THETA(4) 
   S1 = V1 
   K10=(CLT/V1) 
   K12 = Q/V1 
   K21 = Q/V2 
 
$DES  
   DADT(1) = A(2)*K21-A(1)*(K10+ K12) 
   DADT(2) =  A(1)*K12 - A(2)*K21 
 
$ERROR  
IPRED = F 
Y = F + F*ERR(1)  
 
$THETA  
   (0, 100)   ; V1, bounded below at 0 
   (0, 250)   ; CLT 
   (0, 6)   ; Q 
   (0, 40) ; V2 
   (1 FIX)  ; Exponent_of TBSA 
   (-0.5) ; Exponent of AGE 
$OMEGA  
   .2  ;  BSV_V1 
   .2  ;  BSV_CLT 
   .2  ;  BSV_Q 
$SIGMA 
   .05     
$ESTIMATION SIG=3 MAX=9999 PRINT=1 NOABORT METHOD=CONDITIONAL 
INTERACTION 
$COV 
$TABLE ID TIME DV CMT AGE HT SEX BSA WT SCR MDV ALT ESMO DOSE ETA1 ETA2 
ETA3 Y PRED CLT V1 Q REG BORT IPRED WRES CWRES NOPRINT FILE=2CM_CPT.TAB 
ONEHEADER   
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Chapter 5: Population pharmacokinetic model of dFdU 
 
$PROB dFdU 
 
$INPUT C ID TIM=DROP TIME CMT DV MDV AMMG=DROP AMT RATE BAI=DROP AGE WT 
SEX BSA HT SCR AST=DROP ALP=DROP ALT=DROP ESMO=DROP DOSE REG=DROP VOL1 
CLT1 Q1 LCMS 
 
$DATA GEMC_NONMEM3_SEQ_dFdU_AGBS_V_BS_CL_LCMS.csv IGNORE=(C=C,CMT.EQ.3) 
 
$SUBROUTINE  ADVAN6  TOL=5  
$ESTIMATION SIG=3 MAX=9999 PRINT=1 METHOD=CONDITIONAL INTERACTION  
NOABORT 
 
$MODEL COMP(CENTRAL,DEFDOSE)  
       COMP(META) 
       COMP(PERI) 
       COMP(METAPERI) 
       COMP(METAP2) 
$PK  
 IF (WT.EQ.0) THEN 
   WEIGHT = 70.7 
 ELSE 
   WEIGHT = WT 
ENDIF 
 IF (SCR.EQ.0) THEN 
   SECR = 0.96 
 ELSE 
   SECR = SCR 
ENDIF 
IF (SEX.EQ.1) THEN 
  CRCL = (140-AGE)*(WEIGHT)/(72*SECR) 
ELSE 
 CRCL = (140-AGE)*(WEIGHT)*(0.85)/(72*SECR)  
ENDIF 
IF (BSA.EQ.0) THEN 
  TBSA = 1.75 
 ELSE 
  TBSA = BSA 
ENDIF 
   V1 = VOL1 
   V3 = THETA(1) 
   CLT= CLT1 
   Q3 = THETA(2) 
   Q2 = THETA(3) 
   CLES = THETA(4)*(CRCL/75)**THETA(8)*EXP(ETA(2)) 
   V2 = THETA(5)*(TBSA/1.76)**THETA(9)*EXP(ETA(1)) 
   V4 = THETA(6)*EXP(ETA(3)) 
   V5 = THETA(7)*EXP(ETA(4)) 
   S1 = V1 
   S2 = V2 
   K10 = (CLT*0.04)/V1 
   KAC = (CLT*0.23)/V1 
   K12 = (CLT*0.73)/V1 
   K13 = Q1/V1 
   K31 = Q1/V3 
   K20 = CLES/V2 
   K24 = Q2/V2 
   K42 = Q2/V4 
   K25 = Q3/V2 
   K52= Q3/V5 
 
$DES  
DADT(1) = A(3)*K31 - A(1)*(K12+K13+K10+KAC) 
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DADT(2)=A(1)*K12 +A(4)*K42 +A(5)*K52- A(2)*(K20+K24+K25)  
DADT(3) = A(1)*K13 - A(3)*K31 
DADT(4) = A(2)*K24 - A(4)*K42 
DADT(5) = A(2)*K25 - A(5)*K52 
 
$ERROR  
DC = A(1)/S1    
DU = A(2)/S2 
IPRE =F 
FLG1 = 0  
IF (CMT.EQ.1) FLG1 = 1 
FLG2 = 0 
IF (CMT.EQ.2) FLG2 = 1 
 
Y1 = F + F*ERR(1)  
Y2 = F + F*LCMS*ERR(2)+ F*(1-LCMS)*ERR(3)  
Y=FLG1*Y1 + FLG2*Y2 
 
$THETA  
   (203 FIX)   ; V3 
   (0,10) ; Q3 
   (0,50)   ; Q2 
   (0,3)   ; CLES 
   (0, 20) ; V2 
   (0, 40) ; V4 
   (0, 100); V5 
   (1 FIX)    ; CRCL ON CLES 
   (1 FIX)    ; BSA ON V2    
$OMEGA  
   .1  ;  BSV_V2 
   .1  ;  BSV_CLES 
   .1  ;  BSV_V4  
   .1  ;  BSV_V5 
$SIGMA 
   .0682 FIX 
   .1  ; RUV_LCMS 
   .1  ; RUV_HPLC 
$COV 
 
$TABLE ID TIME DV CMT WT AMT MDV EVID ETA1 ETA2 ETA3 ETA4 CLT V1 V2 V3 
V4 V5 Q1 Q2 Q3 CLES Y IPRE PRED DU DC AGE WT SEX BSA HT SCR  
DOSE CWRES ONEHEADER NOPRINT FILE=2CM_CPT.TAB   
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Chapter 5: Population pharmacokinetic model of dFdCTP 
 
$PROB dFdCTP 
 
$INPUT C ID TIM=DROP TIME CMT DV MDV AMMG=DROP AMT RATE BAI=DROP AGE WT 
SEX BSA HT=DROP SCR AST=DROP ALP=DROP ALT=DROP ESMO=DROP DOSE=DROP 
REG=DROP VOL1 CLT1 QC1 RINF 
 
$DATA NONMEM3_SEQ_dFdC_dFdU_dFdCTP_censored_RATE.csv  
IGNORE=(C=C, CMT.EQ.2) 
 
$SUBROUTINE  ADVAN6  TOL=5  
 
$ESTIMATION SIG=3 MAX=9999 PRINT=1  
METHOD=CONDITIONAL INTERACTION  NOABORT;  
 
$MODEL COMP(CENTRAL,DEFDOSE)  
       COMP(PERI) 
       COMP(META) 
       COMP(METAP) 
       COMP(METAP2) 
 
$PK  
IF (WT.EQ.0) THEN 
 WEIGHT = 83.5 
ELSE 
 WEIGHT = WT 
ENDIF 
 
 
IF (SCR.EQ.0) THEN 
 SECR = 0.95 
ELSE 
 SECR = SCR 
ENDIF 
 
 
IF (SEX.EQ.1) THEN 
  CRCL = (140-AGE)*(WEIGHT)/(72*SECR) 
ELSE 
  CRCL = (140-AGE)*(WEIGHT)*(0.85)/(72*SECR)  
ENDIF 
 
 
IF (BSA.GT.0) THEN 
  TBSA = BSA 
ELSE 
  TBSA = 1.75 
ENDIF 
 
 
   ROI = RINF/TBSA 
   V1 = VOL1 
   CLT= CLT1 
   Q1 = QC1 
   V2 = 203 
   CL2U = 0.73*CLT  
   
IF (ROI.LT.25) THEN  
  TCL2T = THETA(1) 
  ELSE 
  TCL2T = THETA(7) 
 ENDIF 
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IF (ROI.LT.25) THEN  
  IND = 1 
  ELSE 
  IND = 0 
 ENDIF 
    
   CL2T = TCL2T*EXP(ETA(1)) 
   CL2E = CLT - CL2T- CL2U 
   V3= 0.005 
   V4 = THETA(2)*EXP(ETA(2)) 
   V5= THETA(3) 
   Q2 = THETA(4)*EXP(ETA(3)) 
   Q3 = THETA(5) 
   CLES = THETA(6) 
   S1 = V1 
   S3 = V3     
    
   K10 = CL2E/V1 
   K12 = Q1/V1 
   K21 = Q1/V2 
   K34 = Q2/V3 
   K43 = Q2/V4 
   K30 = CLES/V3 
   K13 = CL2T/V1 
   K35 = Q3/V3 
   K53 = Q3/V5 
   KdU = CL2U/V1 
 
$DES  
DADT(1) = A(2)*K21 -A(1)*(K12+K10+KdU+K13) 
DADT(2) = A(1)*K12 - A(2)*K21 
DADT(3) =K13*A(1)+A(4)*K43+A(5)*K53-A(3)*(K34+K30+K35) 
DADT(4) = A(3)*K34 - A(4)*K43 
DADT(5) = A(3)*K35 - A(5)*K53 
 
$ERROR  
DC = A(1)/S1    
DTP = A(3)/S3 
IPRE =F 
FLG1 = 0  
IF (CMT.EQ.1) FLG1 = 1 
FLG3 = 0 
IF (CMT.EQ.3) FLG3 = 1 
 
Y1 = F + F*ERR(1)   
Y3 = F + F*ERR(2) + ERR(3) 
Y=FLG1*Y1 + FLG3*Y3 
 
$THETA  
   (0,0.14)    ;1 CL2T of ROI.LT.25 
   (0,0.026)   ;2 V4  
   (0,0.04)    ;3 V5   
   (0,0.2)     ;4 Q2   
   (0, 0.0011) ;5 Q3   
   (0, 0.0015) ;6 CLES   
   (0,0.1)     ;7 CL2T of ROI.LT.25 
 
$OMEGA  
   .1  ;  BSV_CL2T 
   .1  ;  BSV_V4 
   1  ;  BSV_Q2 
 
$SIGMA 
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   .0682 FIX 
   .1    
   1 
 
$COV  
 
$TABLE ID TIME DV CMT WT AMT MDV ETA1 ETA2 ETA3 V1 V2  
V3 CL2T CL2E V4 Q1 Q2 CLES Y PRED IPRE DC DTP BSA AGE  
WT SEX SCR ROI IND CWRES ONEHEADER NOPRINT FILE=2CM_CPT.TAB 
 

 

 

 

 

 

 


