
ABSTRACT

BUUR, JENNIFER LEEANN.  Applications of Physiologically Based Pharmacokinetic Models in 
Veterinary Medicine.  (Under the direction of Drs. Ronald E. Baynes and Jim E. Riviere.)

Classical approaches to pharmacokinetics, such as compartmental and non-compartmental 

analysis, provide the basis for most dosing regimens and meat and milk withholding 

intervals.  These models are limited by their descriptive nature to dose, route of 

administration, and species.  In addition, current pharmacokinetic modeling approaches are 

unable to predict possible adverse drug reactions due to drug interactions.  As combination 

drug therapy is rapidly increasing, so too does the chance for an adverse drug reaction due to 

drug interactions.  There is a need within veterinary medicine for more predictive and þexible 

pharmacokinetic modeling approaches that can also be used to explore the possibilities and 

consequences of adverse drug reactions.

Physiologically based pharmacokinetic (PBPK) models predict drug disposition based on 

mass balance.  This mechanistic approach is predictive and þexible in terms of dose, route 

of administration, and species.  Current uses of PBPK models include human health risk 

assessment, design of rational dosing regimens, and mechanistic studies of drug interactions.  

In veterinary medicine, there are only a few validated models.

Protection of the safety of the food supply is an important application of pharmacokinetics.  

By federal law, no animal products are allowed into the food chain until drug residue 

levels are below set tolerance limits.  Sulfamethazine is a sulfonamide antibiotic that is 

commonly found above tolerance limits in swine.  Sulfonamide drugs are associated with 

hypersensitivity reactions in humans and are carcinogenic in certain strains of rats.  Thus 

violative residues could contribute to a signiýcant public health hazard.  To address this 

concern, a PBPK model was designed and validated for intravenous use of sulfamethazine in 



swine.  This model had tissue blocks for all edible tissues.  Correlation coefýcients for each 

tissue ranged from 0.86 to 0.99.  The model accurately predicted withdrawal intervals after 

intravenous extralabel drug use.  This model was expanded to include population variability 

and oral route of administration.  The model was subjected to Monte Carlo analysis where 

parameter values were deýned by log normal distributions.  After validation, this probabilistic 

PBPK model approach was used to establish the meat withdrawal time for the upper limit of 

the 95% conýdence interval for the 99th percentile of the population for the labeled oral dose.  

The model predicted a withdrawal time of 21 days.

Sulfamethazine has also been implicated in adverse drug reactions.  It was postulated that 

the altered drug disposition in horses was due to protein binding interactions between 

sulfamethazine and þunixin meglumine.  Flunixin meglumine has recently been approved 

for use in swine.  Thus there is an increased likelihood that a drug interaction could be seen 

in swine.  To explore this possibility, a PBPK model for sulfamethazine was designed that 

included linear plasma protein binding and competitive inhibition of plasma protein binding 

due to þunixin meglumine.  The validated PBPK model accurately predicted both free and 

total sulfamethazine concentrations alone and in the presence of þunixin meglumine.  The 

interaction predicted and identiýed in vivo was transient and would not contribute to a 

clinically relevant adverse drug reaction.  However, this was the ýrst time a validated PBPK 

model was used to predict drug interactions due to alterations in protein binding.

Based on the success of the PBPK models for sulfamethazine in swine, it can be concluded 

that the PBPK approach can be effectively applied to problems in veterinary medicine.  

Ultimately, this type of modeling will enhance the safety and efýcacy of dosing regimens while 

further protecting our food supply.  In addition, the investigation of drug interactions based on 

physiological mechanisms will continue to enhance our understanding of basic pharmacology.
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1.  INTRODUCTION



2

ñAll models are wrong, some models are useful.ò George E. P.. Box

Pharmacokinetic models provide the basis for rational drug use.  This includes the design of 

dosing regimens that are both safe and effective.  In veterinary medicine, the large numbers 

of species and ability to prescribe drugs in extralabel manners contribute to the complexity 

of rational drug use.  Indeed, in food animal medicine, a veterinarian must also take into 

account the safety of the food supply by providing meat withdrawal intervals for every drug 

used in both label and extralabel manners (ñFederal Food, Drug, and Cosmetic Act,ò 2004).  

In addition, veterinarians are also faced with the challenges of combination drug therapy.  As 

more drugs have become available, combination drug therapy has become the standard of 

practice for treating many diseases.  This has led to an increase in the probability of adverse 

drug reactions due to drug-drug interactions (Saltvedt et al., 2005).  Thus there is a need in 

veterinary medicine for a pharmacokinetic modeling technique that is able to accommodate 

the large numbers of species, doses, and routes of administration, as well as to predict and 

evaluate the consequences of drug-drug interactions. 

Pharmacokinetics, in its most general sense, is the study of how xenobiotics move through 

the body.  It is studied using mathematical models that describe the course of drugs through 

the stages of absorption, distribution, metabolism and excretion.  Classical compartmental 

modeling is theoretical and descriptive in nature.  The compartments, rates, and other 

factors are not related to physiology or any other mechanistic model.  Compartments are 

mathematically described by rate constants and make no attempt to provide information 

about underlying processes.  These models comprise the bulk of what is published on 

veterinary pharmacokinetics and form the basis for drug dosing regimens and meat 

withdrawal times.  Other modeling techniques, such as non-compartmental and mixed 

effect modeling (population based), are used to describe the disposition of drugs.  They are 

also descriptive in nature and make no attempt to deýne underlying mechanisms (Riviere, 
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1999).  Physiologically based pharmacokinetic (PBPK) models, on the other hand, are based 

on mass-balance equations deýned by physiological mechanisms.  They are predictive in 

nature and allow for the use of in vitro mechanistic data and population variability data  

to be applied to in vivo modeling techniques (Grass et al., 2002).  Subsequently, there is 

an opportunity to increase speciýcation and accuracy within a model.  This allows more 

conýdent application of the models in such areas as dosing regimens, tissue residues, 

allometric scaling, disease state pharmacokinetic alterations, and drug-drug interactions.

Current standards of practice rely on formularies for dosing regimens as well as government 

approval for meat and milk withholdinf times.  These recommendations are based on 

classical compartmental pharmacokinetic analysis that use healthy animals.  Theoretically,  

PBPK modeling can make dosing and withholding time calculations after extralabel drug 

use more accurate and in accordance with the Animal Medicinal Drug Use Clariýcation 

Act (AMDUCA) (ñAnimal Medicinal Drug Use Clariýcation Act,ò 1994).  These regimens 

could be modiýed to include individual animal parameters or population variability.  Indeed, 

the stringent requirement of the time for the upper limit of the 95% conýdence interval for 

the 99th percentile of the population to be below tolerance limit, as required by the United 

States Food and Drug Administration (US-FDA) for regulatory approval, can be derived by 

PBPK as well as the currently accepted Tolerance Limit Method (US-FDA-CVM, June 21, 

2005).  However, there is a paucity of related PBPK models in the literature and the uses and 

limitations of PBPK modeling have not been explored with regards to veterinary medicine.

The purpose of this body of work is to validate the use of PBPK models in veterinary 

medicine.  PBPK models will be applied to the practical situations of meat withdrawal time 

prediction, for both extralabel drug use and regulatory requirements, and the theoretical 

situation of drug-drug interactions.  To do this sulfamethazine (SMZ) and þunixin meglumine 

(FLU) are used as test compounds in a PBPK model of swine.  These drugs represent the 
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common drug classes of sulfonamide antimicrobials and non-steroidal anti-inþammatory 

(NSAID) agents and are commonly used in swine medicine.  Chapter 2 provides the scientiýc 

foundation for the studies presented by reviewing the literature on modeling techniques in 

both pharmacokinetics and population diversity, the theoretical basis behind plasma protein 

binding interactions, current methods in withdrawal time and withdrawal interval estimation, 

and the pharmacokinetic proýles of SMZ and FLU in swine.  This is followed by speciýc 

studies showing the application of PBPK models to meat withdrawal interval estimation 

after extralabel drug use (Chapter 3) and in accordance with the US-FDA requirements for 

new drug approval (Chapter 4).  The pharmacokinetic proýle for FLU in swine is determined 

in Chapter 5 and then is applied to the prediction of plasma protein binding interactions 

between SMZ and FLU using a PBPK model in Chapter 6.  The speciýc studies are followed 

by a summary of ýndings and generalized conclusions as well as areas of further study 

(Chapter 7).
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2.  LITERATURE REVIEW
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Pharmacokinetic Models

Classical Compartmental and Non-Compartmental Models

Classical pharmacokinetic modeling can be compartmental or non-compartmental in nature.  

Both methods generate a series of parameters that describe the course of the drug throughout 

a system including absorption, distribution, metabolism, and elimination.  These phases are 

incorporated through the generation of rate constants that are based on passive diffusion 

across membranes.  The rate of diffusion across a membrane is described by

   
CffusionRate of Di

h

APD

 [1]

where D is the diffusivity coefýcient of the drug, P is the partition coefýcient of the drug, A 

is the surface area of the membrane, h is the thickness of the membrane, and æC represents 

the concentration gradient.  The diffusivity coefýcient represents the inherent properties of 

the drug itself including hydrogen bonding, stereochemistry and solubility.  The partition 

coefýcient represents the relative lipophilicity of the drug.  These parameters, combined with 

the thickness and surface area of the membrane, are all combined into a constant, Kp, that 

represents the permeability coefýcient of the drug.  Inserting Kp into Equation 1, you get

   
CKpffusionRate of Di CffusionRate of Di

h

APD

 [2]

This equation is linear in nature.  Thus the assumption of linear or ýrst order kinetics is 

inherent in classical pharmacokinetic modeling (Riviere, 1999).

Compartmental kinetics uses a system of deýned theoretical compartments to link together 

each of the above phases.  Each compartment represents a portion of the biological system 

with similar rates of entry and exit.  They are linked together using a series of microequations.  

The number of compartments can be estimated from evaluation of plasma concentration-

time curves on a semilog axis, but have no relevance to physiology.  A change in slope on the 

concentration-time curve represents a different compartment.  The slopes can then be used in 
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combination with dose and plasma concentration values to calculate the kinetic parameters 

of half life (T
1/2

), volume of distribution (Vd), and clearance (CL).  Using these parameters, 

dosing regimens and withdrawal times can be calculated (Rowland et al., 1995).  

Non-compartmental analysis, in contrast, makes no assumptions about how many 

compartments are within the system.  Instead non-compartmental analysis uses stochastic 

methods to describe drug disposition.  This is based on calculations including areas under the 

plasma concentration-time curve (AUC) as well as the ýrst moment (concentration-time-time) 

curve (AUMC).  These models allow for the calculation of a Mean Residence Time (MRT), or 

the average time a molecule of drug remains in the plasma.  Using MRT as well as AUC and 

AUMC, you can calculate the pharmacokinetic parameters of T
1/2

, Vd, and CL (Brown, 2001).  

Noncompartmental models assume ýrst order elimination.  Like compartmental analysis, non-

compartmental approaches also make no claims as to physiological relevance.

Classical methods of pharmacokinetic analysis are not very labor intensive.  Experimentally, 

they require knowledge of dose, route of administration, and plasma concentration levels 

for the drug over a period of time.  They can be computed using a wide variety of easy to 

use software.  They are also well established in industry, within peer review literature, and 

provide the framework for almost all dosing regimens presented in formularies.  However, 

these models are not mechanistic in nature.  That is, they are limited to the description of 

plasma concentration for that speciýc drug within that speciýc set of animals at that speciýc 

dose.  By using doses calculated from these methods, a clinician is assuming that the patient 

will act in exactly the same way as the animals used in the kinetic study.  Since most studies 

are carried out in a small number of healthy animals and patients represent a large number of 

diseased animals, the assumption can often be erroneous.  However, most of the drugs used in 

veterinary medicine have a very high therapeutic index.  Thus the validity of this assumption 

is not necessarily of major consequence. 
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Alternative Pharmacokinetic Models

Beyond classical pharmacokinetic modeling, there are a wide variety of alternative modeling 

approaches.  Population or mixed effect modeling, non-linear modeling, and physiologically 

based pharmacokinetic approaches have all been applied to pharmacokinetics (Riviere, 1999).  

Non-linear modeling is very similar to classical modeling techniques.  The main difference 

is due to the assumption that not all rates are ýrst order in nature.  This allows for zero order 

processes such as metabolism, active transport, and protein binding to be included within the 

model (Riviere, 1999).  Like classical models, this approach is descriptive and focuses on a 

individual within the population.

Population based pharmacokinetic modeling, on the other hand, uses a pharmacostatistical 

approach to characterize both a structural pharmacokinetic model (ýxed effects) and a 

statistical model (random effects).  This technique can be used to predict the disposition of 

a drug within a population not directly studied.  Unlike classical modeling which heavily 

samples a small number of subjects, population modeling requires the incorporation of 

multiple subjects that are sporadically and sparsely sampled.  Thus the focus of population 

modeling is the population rather than the individual (Martin-Jimenez Tomas, 2000). 

Physiologically based pharmacokinetic (PBPK) models incorporate physiological and 

mechanistic descriptions into the mathematical representation of drug disposition.  These 

models, like population based modeling, can be predictive in nature.  They can also be easily 

changed to incorporate alterations in physiological state, age, dose, route of administration, 

and species (Krishnan et al., 2001).

A PBPK model is a series of tissue blocks linked together by a þuid plasma block.  The tissue 

blocks represent tissues according to anatomical and physiological properties.  Tissues can 
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be combined into fewer blocks or separated 

into more blocks depending on the need of 

the researcher.  For example, the simplest 

model includes a single high þow tissue 

block, a single low þow tissue block, and a 

single excretory tissue block (Figure 2.1).  

The number and characteristics of the tissue 

blocks is dependent upon the sensitivity 

and speciýcity needed in the model 

itself.  Each tissue block is subdivided 

into subcompartments that represent the 

vascular space of blood þow through the 

tissue, extracellular space, and ýnally the 

intracellular space.  These subcompartments, 

like the blocks themselves, can be combined 

and simpliýed if needed (Figure 2.2).

Tissue blocks are then further categorized 

into either þow limited or membrane limited 

depending on the rate limiting characteristic 

of that speciýc tissue.  Flow limited tissues 

are based on the assumptions of a well 

mixed model.  That is, all partitioning of 

the drug from the blood into the tissue takes 

place instantaneously and in a homogenous 

manner.  Thus the rate limiting step is the 

blood þow.  This is normally the case for 

Figure 2.1  Schematic representation 
of a generic physiologically based 
pharmacokinetic model

Solid lines represent blood þow; dotted line 
represents elimination through metabolism or 
excretion.

Figure 2.2  Schematic representation of a 
complex tissue block

Solid line arrows represent blood þow; dashed line 
arrow represents excretion; dual arrows represent 
mass transfer through subcompartments.
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compounds that have a small molecular weight and are lipophilic.  Organ systems that are 

relatively small in volume are also treated in this manner.  Membrane limited tissues, on the 

other hand, are described when it is the diffusion across membranes that is the rate limiting 

step in partitioning.  This occurs with higher molecular weight compounds that are polar 

in nature as well in large volume organs or in ñprotectedò spaces such as the brain or testes 

(Ritschel et al., 1986).

Once the number of tissue blocks and their rate limiting features have been deýned, the 

model is constructed by writing a series of mass balance differential equations.  Mass balance 

is the mathematical concept that the total mass of a drug in a system is constant and can be 

accounted for.  The differential equations describe the rate of change of concentration in the 

tissue block per unit time.  For a þow limited tissue block, the simple form of this equation is

[3]CvCaQt
dt

dCt
Vt

where Qt, Vt, and Ct are the blood þow, anatomic volume, and concentration of the drug in 

tissue t and Ca and Cv are the concentration of the drug in the arterial and venous circulations 

perfusing tissue t respectively.  If you assume that Cv is in equilibrium with the vascular 

space, Cv can be further deýned as 

[4]
Pt

Ct
Cv

where Pt is the tissue-to-blood partition coefýcient for tissue t.  Combining equations 3 and 4 

yields:

[5]
Pt

Ct
CaQt

dt

dCt
Vt
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The basic equation for a membrane limited tissue block, where the vascular space is assumed 

to be instantaneously in equilibrium with the extracellular space, is deýned by the rate of 

change in the extracellular space per unit of time.

[6]CiCeKtCeCaQt
dt

dCe
Ve

[7]
Pt

Ct
CeKt

dt

dCi
Vi

where Ve and Ce are the anatomic volume and drug concentration of the extracellular space 

in tissue t; Vi and Ci are the volume of the intracellular space and the concentration of drug in 

the intracellular space respectively; Kt is the membrane permeability coefýcient for tissue t. 

Tissue blocks that metabolize or excrete the drug require further modiýcation of  Equations 

5 and 6.  The addition of a mass removal term, Rex, is then added to account for the loss of 

drug.  Rex can be deýned by any set of parameters ranging from a simple ýrst order equation 

to detailed Michalis-Menten equations for multiple enzymes.  The resulting equation for a 

þow limited tissue block is 

    
Rex

Pt

Ct
CaQt

dt

dCt
Vt

 [8]

If Rex is a ýrst order process, it could be described as 

    CtKelRex  [9]

where Kel is the ýrst order elimination rate.  Thus making the ýnal equation 

[10]CtKel
Pt

Ct
CaQt

dt

dCt
Vt

In much the same manner, the model can be further reýned by adding terms to describe other 

processes including protein binding, tissue binding, active transport, biliary excretion, and 

enterohepatic metabolism.
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The ýnal step in writing the mathematical model is to write the equation that describe the 

plasma block.  This block is again deýned by mass balance where the inputs are the mass 

from each tissue blockôs venous return and the output is the arterial blood concentration.  The 

rate of change in the plasma space per unit of time is then

[11]CpQpCvQt
dt

dCp
Vp

where Vp, Qp, and Cp are the anatomic volume, the total blood þow, and the concentration 

of the drug in the plasma compartment respectively.  Cv represents the venous concentration 

of the drug from tissue t that has blood þow Qt (Colburn, 1988; Gerlowski et al., 1983; 

Krishnan et al., 2001).

PBPK models include both physiological and physiochemical parameters.  The physiological 

parameters include tissue volumes and blood þow rates.  These are normally taken from the 

literature for the species of interest.  The physiochemical parameters include partitioning 

coefýcients for the drug as well as protein and tissue binding properties, Michalis-Menten 

metabolism constants, elimination rates, and absorption rates.  These values can be found in 

the literature or, as is more often the case, be derived from in vivo and in vitro experiments 

(DeJongh et al., 1996; Reitz et al., 1988; Tsuji et al., 1983).  In addition, in silica techniques 

that include quantitative structure-activity relationships (QSAR) can be used to estimate 

possible partition coefýcient parameters (Beliveau et al., 2003; Fouchecourt et al., 2001; Yang 

et al., 1998).  If parameters are unable to be derived or found in the literature, the parameter 

can be estimated using known data points.  In this case, the model is ýt to known data points 

until a ñbest ýtò is achieved.  There are several computational methods using maximum 

likelihood ratios that can produce these parameters.  The resulting parameter values are 

used in subsequent simulations.  Alternatively, parameters can be estimated by statistical 

distributions that represent possible population diversity (Price et al., 2003).  It is important 

to note that there is a limit to the number of parameters that can be estimated by any single 
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curve ýtting process.  The purpose of curve ýtting is to estimate a uniquely identiýable value 

for each parameter.  Uniquely identiýable parameters are ones in which there is a single and 

unique solution for its value.  Statistical limitations, including the degrees of freedom and 

number of data points available for each tissue block, limit the number of parameters that can 

be uniquely identiýed for any given curve ýtting technique.  Limitation of the curve ýtting 

data set can result in either non-uniquely identiýable parameters (more than one, but still a 

ýnite number of values for the parameter) or unidentiýable parameters (inýnite number of 

values) (Williams, 1990).  Models that incorporate non-uniquely identiýable or unidentiýable 

parameters have little predictive value or biological relevance.

The accuracy of a PBPK model is directly related to the accuracy of the parameters used 

within the mass balance equations.  If the parameters are not accurate or are not identiýable, 

the ýnal model will not reþect true in vivo concentrations of the drug.  Thus one major 

weakness of PBPK modeling is its dependence upon the source literature.  However, PBPK 

models also allow for the inclusion of improved parameters as more information and 

mechanisms are elucidated.

Simulations are achieved by the simultaneous solving of the differential equations.  Currently 

there are many software packages that are equipped to handle these types of computations.  

They can range from simple spreadsheet programs to more complex computer programming 

packages including Simusolv, ACSL, Cmatrix, MatLab and other fortran based programs 

(Ball et al., 1994; Johanson et al., 1988; Krishnan et al., 2001).  

Validation of PBPK models occurs by comparing simulated values from the model with 

external data sets.  Validation data sets are independent from data sets used for parameter 

estimation.  Correlation plots, residual plots, and simulation graphs are evaluated to look 

at the overall goodness of ýt of the model.  There is no standardized way to apply statistics 
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in the evaluation of goodness of ýt  in PBPK modeling.  However, the visual evaluation of 

these graphs do provide substantial information.  The United States Environmental Protection 

Agency (US-EPA) recently published a guidance on the use of PBPK models in human 

health risk assessment that acknowledges the lack of stringent statistical evaluation for the 

validation of PBPK models.  They suggest that visual inspection of simulation graphs is 

adequate in most instances (US-EPA, August, 2006).

Currently, the use of PBPK models is constrained mainly to toxicological applications 

including human health risk assessment (Bailer et al., 1997; Clewell H. J., 3rd et al., 1997; 

el-Masri et al., 1995; Gentry et al., 2002).  This is mainly due to the time and data intensive 

nature of the models and the lack of acceptance of these models within industry and 

regulatory agencies responsible for drug approvals.  The US-EPA allows for the inclusion of 

PBPK models within the risk assessment section for new pesticides (Anonymous, August, 

2006).  Beyond the myriad of examples of PBPK models describing disposition of individual 

toxicants, PBPK models have also been applied to the generation of reference doses and in 

the prediction of the disposition of chemical mixtures (Gentry et al., 2003; Haddad et al., 

2001; Leavens et al., 1996).  PBPK approaches allow for the inclusion of allometric scaling 

into the modeling of xenobiotic disposition (Clewell et al, 2004; Riviere et al, 1997).  As 

is appropriate to human health risk assessment, the focus is on the scaling from rodents to 

humans (Young et al., 2001).  However, these same techniques could be used to evaluate 

scaling between other types of mammals (ie. ruminants, horses) or non-mammals (i.e. 

reptiles, birds).

Beyond the applications in toxicology, PBPK is used in human medicine in the prediction of 

drug disposition for drugs with low therapeutic indices (i.e. cancer chemotherapeutics) as well 

as in patients with altered states of physiology such as pregnancy or pediatrics (Bjorkman, 

2004; Kawai et al., 1994; Tsukamoto et al., 2001).  However, the use of PBPK for speciýc 
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dose regimens, while touted as a strength of this modeling approach, has not been speciýcally 

published in the literature.  In veterinary medicine, there is a paucity of PBPK models.  

Currently models have been validated for oxytetracycline in ýsh and sheep and sulfathiazole 

in swine (Brocklebank et al., 1997; Craigmill, 2003; Duddy et al., 1984).   Like in human 

medicine, speciýc applications of these PBPK models have been mentioned but not published.  

PBPK has also been applied to areas of theoretical research.  PBPK models have been used 

to elucidate the underlying mechanisms and consequences of enzyme kinetic interactions, 

permeability alterations, absorption through the skin, and protein or tissue binding (Isaacs et 

al., 2004; Liu X. et al., 2005; Simmons, 1996; Teeguarden et al., 2005; van der Merwe et al., 

2006).  The PBPK approach has also been applied to drug development (Blesch et al., 2003; 

Charnick et al., 1995). 

Summary

In summary, there are a wide variety of pharmacokinetic modeling approaches.  These 

include classical techniques of compartment and non-compartmental analysis, non-linear, 

population, and PBPK modeling.  Each modeling approach has its own set of strengths and 

weaknesses.  PBPK models have some signiýcant advantages over classical pharmacokinetic 

models.  However, they are time and data intensive and are dependent upon the quality of 

data available for parameter estimation.  Due to the variability between models and lack 

of a standardized statistical method for validation, PBPK models are also problematic to 

regulatory agencies.  Advantages of the PBPK approach include the ability to incorporate 

multiple dosing routes of administration, dosages, species, as well as interindividual 

variability.  PBPK models are predictive in nature and can be used to look at variability in 

populations and subpopulations.  They can also continue to be reýned as new data is derived 

and mechanisms are elucidated.  Currently, they are mainly used in toxicology but could be 

applied to practical situations within veterinary medicine. 
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Quantifying Uncertainty in Pharmacokinetic Models

All models incorporate some amount of uncertainty.  Uncertainty can come from random 

variability, lack of knowledge, or error (Frederick, 1993; Jang et al., 1999).  There are a wide 

variety of ways that uncertainty can be incorporated into pharmacokinetic models.  Within 

population based pharmacokinetic modeling, uncertainty is modeled within the statistical 

model and covariates are incorporated that reduce the calculated error (Martin-Jimenez 

Tomas, 2000).  Within other types of models, uncertainty is often incorporated by deýning 

parameters in terms of distributions rather than single point estimates.  Simple Monte Carlo 

sampling techniques are used to incorporate distributions and randomness into parameter 

values.  Markov Chain Monte Carlo analysis allows for the incorporation of population 

variability into parameter estimation (Wakeýeld, 1996).  And ýnally, bootstrap resampling 

approaches are used to assess uncertainty and derive conýdence intervals around simulations 

(Hunt et al., 1998).  The end result of each of these techniques is a more transparent method 

of including stochastic methodology into the modeling system.

Simple Monte Carlo sampling is a stochastic approach that, unlike the point estimates 

used in deterministic approaches, uses a combination of random numbers and probability 

to determine the value of a parameter.  In this simplistic form, it allows for the estimation 

of uncertainty and the evaluation of the consequences of that uncertainty within a given 

mathematical model.  In the case of pharmacokinetics, this allows for the incorporation of 

population variability.  The end result is that simulations represent not just a single, average 

member of the population, but the diversity of the population itself.

Simple Monte Carlo sampling is an iterative process.  Values for each parameter are determined 

by a statistical distribution deýned by the parameterôs probability density function (pdf).  For 

each simulation, a random value is generated for each parameter based on the pdf.  These 

values are placed into the mathematical model, the model is run, and the simulation is stored.  
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These steps are repeated for N number of times (ranging from 500 to over 10,000 depending 

on the situation).  The entire set of simulations are then analyzed and conclusions are drawn 

regarding the population.  This process relies on several major assumptions.  The ýrst is that 

the pdf used to describe the parameters is true.  The second is that parameters are distributed 

independently (Wittwer, 2004).  Within a PBPK model, the independence assumption is often 

invalid.  This results in overestimation of the consequences of variability (Thomas et al., 1996).

Simple Monte Carlo sampling techniques have been used in a variety of ways since they 

explore the consequences of uncertainty within a system.  Simple Monte Carlo sampling has 

been incorporated into PBPK models and used  in human health risk assessment (Clewell 

H. J., 3rd et al., 1996; Clewell H. J. et al., 1999; Gearhart et al., 1993; Sweeney L. M. et 

al., 2001).  It is considered to be a useful tool in industry and is an accepted method of 

incorporating uncertainty into simulations required by US-EPA (US-EPA, March 1997).  

Its use in the estimation of meat withdrawal times has been theorized (Lathers, 2002).  In 

veterinary medicine, the use of simple Monte Carlo sampling techniques centers around 

epidemiological studies in disease risk factors, prevention of disease, and prevalence of 

disease within the population (Hopp et al., 2003; Karsten et al., 2005).

Bootstrap approaches use a similar iterative process as what was described for simple Monte 

Carlo sampling.  In bootstrap techniques, however, the data set used to derive parameter 

values is an actual data set of observed values and not a pdf.  This allows for the generation 

of conýdence intervals around simulations (Iwi et al., 1999; Parke et al., 1999).

Markov Chain Monte Carlo simulations are a type of Bayesian analysis that can be used 

for parameter estimation.  In this scenario the same type of iterative process that is used 

in simple Monte Carlo sampling is performed.  Parameter values are sampled from an a 

priori distribution.  Each iteration is analyzed using a likelihood function that dictates how 
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probable a population is to produce a particular set of data.  Parameter distributions are then 

updated based on each iteration and its likelihood ratio.  Eventually, parameter distributions 

converge into a stable pdf that is now termed a posteriori distribution.  In this way, the pdf 

of the population are included within the parameter estimation process (Jonsson et al., 2003, 

Krishnan K. et al., 2005).  Markov chain Monte Carlo techniques are used in toxicology to 

assess risk due to environmental exposures and in veterinary medicine to identify risk factors 

associated with disease (Green et al., 2004; Jonsson et al., 2002).

No matter how uncertainty is incorporated into PBPK models, it provides an added 

dimension to the usefulness of PBPK as a tool.  Indeed, it allows PBPK models to be used 

as a tool for both individual applications (ie. dosing regimens or estimated meat withdrawal 

time intervals after extralabel drug use) and population based applications (herd health 

management or public health).

PBPK Applications

Regulatory Applications 

The ability to accurately incorporate population variability creates an opportunity for PBPK 

models to be used in regulatory applications that ensure food safety.  Beyond the use of PBPK 

in US-EPA assessments, appropriate pharmacokinetic analysis is essential to protection of our 

meat supply.  To ensure public health, the United States Food and Drug Administration (US-

FDA) requires that all animal products that enter the food supply are free from harmful levels 

of drugs.  To ensure this, for all approved drugs used in food animals, a meat withdrawal time 

(time between the last dose of drug given and when animal products can be placed in the 

human food chain) is derived that guarantees drug residues will fall below stated tolerance 

levels.  This must hold true for the upper limit of the 95% conýdence interval for the 99th 

percentile of the population (ñFederal Food, Drug, and Cosmetic Act,ò 2004).  The tolerance 

is the concentration of drug below which is considered safe for human consumption.



20

Currently, meat withdrawal times are calculated using the Tolerance Limit Method.  This 

method calculates a regression line for the linear portion of the depletion curve of the drug 

of interest in the tissue of interest.  Data taken from individual animals serially slaughtered is 

used to estimate the variance associated with this regression curve.  Using the variance, a new 

line is plotted that represents the 99th percentile of the population.  A 95% conýdence interval 

is then calculated around the 2nd regression line.  The meat withdrawal time is then derived by 

plotting the depletion curve for the upper limit of the 95% conýdence interval and determining 

the time for that curve to be below the stated tolerance limit (US-FDA-CVM, June 21, 2005).  

The Tolerance Limit Method assumes linearity, normality, homoscedasticity, and independent 

sampling.  Critics cite violations of these assumptions as reasons for error and inconsistency 

within the method (Concordet et al., 1997a; Fisch, 2000).  They present the argument that 

since the time points used to generate the original data rarely contain the ýnal withdrawal 

time, that one must assume that depletion continues at the same rate.  There are many 

instances of drugs that show multi-exponential decay patterns in which this assumption of 

linearity does not hold true.  Furthermore, the linear depletion curve can be described by 

as few as 4 different time points.  Thus not only can the inference space from the residue 

study not include the withdrawal time, but the regression line could be artiýcially inþuenced 

by data points taken from a different phase of depletion due to the relative paucity of time 

points included within the regression line.  In addition, critics put forth that there is no basis 

for the assumption of a log normal distribution and that it would under predict withdrawal 

times.  They also question the assumption of homoscedasticy and cite variability in analytical 

method and population variability as reasons why this may not hold true.  Finally, critics 

raise questions regarding the independence of samples taken from the same animal, such 

as milk or biopsy (Concordet et al., 1997a; Fisch, 2000).  Taken as a whole, these concerns 

have encouraged debate and discussion about the validity of the underlying statistics inherent 

within the Tolerance Limit Method.
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The US-FDA has responded to these concerns (Martinez et al., 2000).  They address 

the concern of linearity by simply stating that proper study design will ensure that the 

assumption of linearity is met and the withdrawal time will fall within the inference space.  

If all samples are truly independent, then, they contend, the assumptions of a log normal 

distribution and of homoscedasticity would be true.  They also state that since variance is 

required to be calculated at every time point and then statistically evaluated for discrepancies, 

instances where the assumption is not valid would be detected.  Finally, they agree that 

statistical independence of sampling would not be the case in situations such as multiple 

biopsies.  Again, they defend the method by stating that these concerns are addressed by 

proper study design (Martinez et al., 2000).

The debate over proper statistical methods has led to a discussion regarding alternative 

approaches to the calculation of meat withdrawal times.  These alternative methods include 

non-parametric and Bayesian methods.  Brieþy, non-parametric methods do not assume any 

underlying statistical distribution and thus do not allow for interpolation between or beyond 

the time points tested.  Instead, it assumes that the probability of detecting a residue above 

the tolerance limit decreases over time.  It also assumes, as do parametric methods, that 

all samples are independent and that samples are taken during the depletion portion of the 

concentration-time curve.  Data, using this method, are tested using binomial procedures until 

an appropriate withdrawal time is found.  An appropriate withdrwal time is considered to be 

when the tissue residue limits are below the Minimum Residue Limit (MRL) established by 

the government.  This limits the ýnal withdrawal time to be a time point when samples are 

taken.  Also, the multiplicity of testing can result in an increase in Type I error (H
0
 is rejected 

when it is true) which can only be reduced by increasing the number of samples taken.  

Bayesian methods have also been suggested for such situations where there are violations 

in both parametric and non-parametric assumptions.  Using Markov Chain Monte Carlo 

methods, þexibility now is introduced into the model and its estimates while reducing the 
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dependence upon approximations.  Similarly, simple Monte Carlo analysis has been used to 

evaluate the assumptions of various withdrawal time estimation methods (Concordet et al., 

1997b; Fisch, 2000).

Beyond the determination of withdrawal times for labeled uses, veterinarians must also 

estimate withdrawal intervals when drugs are used in an extralabel manner.  Risk assessment 

strategies, most notably the Animal Medicinal Drug Use Clariýcation Act (AMDUCA), have 

been put in place to help preserve the safety of the food supply and still allow for appropriate 

treatment of food producing animals (Gehring et al., 2006).  Under AMDUCA, veterinarians 

are allowed to use drugs in an extralabel manner when there is a valid veterinary-client-

patient relationship, the drug is being used for therapeutic purposes, no other drug is approved 

for use in that condition in that species, the drug is a US-FDA approved therapeutic that is not 

speciýcally prohibited from extralabel drug use, and no violative residues in food will result.  

However, extralabel use of feed additives is speciýcally prohibited except when used in 

minor species (ñAnimal Medicinal Drug Use Clariýcation Act,ò 1994).  Withdrawal intervals, 

in this instance, must be based on scientiýc information and substantially extended to ensure 

food safety.  Currently, the Food Animal Residue Avoidance Databank (FARAD) provides 

estimated withdrawal intervals to veterinarians by applying the principles of pharmacokinetics 

to situations of altered dose, route of administration, or species.  FARAD uses a combination 

of methods to produce these withdrawal intervals including classical and population based 

pharmacokinetic analysis of published and proprietary data, the Extrapolated Withdrawal-

Interval Estimator (EWE) Algorithm, foreign drug approval recommendations, and half-life 

multipliers (Gehring et al., 2004; Martin-Jimenez T. et al., 2002; Payne et al., 1999).

PBPK modeling could be used as a tool to satisfy regulatory agencies and comply with 

current law.  Because PBPK models can incorporate uncertainty in ways that allow for the 

quantiýcation of risk, it could potentially be used as an alternative to the Tolerance Limit 
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Method.  Indeed, PBPK models are already used as tools within the US-EPA in other areas 

of human health risk assessment (US-EPA, August, 2006).  In addition, PBPK models have 

been postulated to be useful tools in the prediction of meat withdrawal intervals in situations 

of extralabel drug use (Craigmill, 2003).

Drug-Drug Interactions 

Beyond the practical application of PBPK modeling to regulatory concerns, PBPK 

approaches can be used to elucidate the underlying mechanisms and clinical consequences 

of drug-drug interactions.  Combination drug therapy is quickly becoming the standard 

of practice in both human and veterinary medicine.  As the number of drugs concurrently 

prescribed increases, so too does the chance for drug interactions (Saltvedt et al., 2005).  

Possible areas of interaction relate to altered metabolism (ie. enzyme kinetics), distribution 

(ie. protein binding), or efýcacy (ie. pharmacodynamic).

Among the known routes for drug interactions, alteration of enzyme kinetics has been 

the most studied using a PBPK approach.  Mechanisms of induction and inhibition have 

been successfully modeled using PBPK models due to the unique ability to incorporate in 

vitro data such as enzyme kinetics into the model itself (Kanamitsu et al., 2000; Reitz et 

al., 1988).  Validated models have been published that not only predict alterations in drug 

disposition due to enzyme alterations, but also that explore the underlying mechanisms of the 

interactions themselves (Isaacs et al., 2004; Leavens et al., 1996; Simmons, 1996).  Models 

that incorporate enzyme kinetics have been validated for fetal, neonatal, and adult exposures 

of single compounds as well as simple mixtures (Bjorkman, 2004; Haddad et al., 2001).  

These models have then been applied to human health risk assessment.

There are substantial quantities of PBPK models that incorporate protein binding and 

single or multiple pharmacodynamic effects (Leavens et al., 1996; Teeguarden et al., 2005; 



24

Tsuji et al., 1983; Yassen et al., 2005).  However, there have not been any published PBPK 

models that look at interactions within or between these characteristics.  Indeed, aside from 

the modeling of enzyme interactions, there is a paucity of PBPK models for other areas of 

possible drug interactions.

Protein binding interaction is an area where the physiological nature of PBPK models would 

be useful to explore both mechanism and clinical impacts of possible drug interactions.  

Albumin is the most common binding protein found in plasma and thus the site for potential 

interactions.  There is evidence that albumin is highly þexible and contains multiple sites 

for drug binding, both speciýc and non-speciýc in nature (Kragh-Hansen, 1988).  However, 

there are signiýcant species differences in binding characteristics of drugs to plasma 

albumin (Kosa et al., 1997).  In humans, both antimicrobial agents and non-steroidal anti-

inþammatory agents have been found to bind to albumin (Honore et al., 1984; Zeitlinger et 

al., 2004).

Within PBPK modeling, there are a large number of models that incorporate plasma protein 

binding to albumin.  In fact, these models have been used to explore the effects of binding 

parameters on tissue distribution and alterations in efýcacy and toxicity (Liu X. et al., 

2005; Teeguarden et al., 2005).  However, there are no published models showing potential 

interactions at the level of plasma protein binding.

Plasma protein binding is important in determining the safety and efýcacy of 

chemotherapeutics.  Both are determined by the concentration of free drug since only 

unbound drug is available for distribution into other sites or to produce a pharmacological or 

toxicological effect.  The amount of free drug in a system is related to the maximum binding 
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capacity (Bmax) of the individual drug and the equilibrium dissociation constant (Kd), which 

is the concentration of drug at half of Bmax.  For linear binding,

[12]
KdB

KdC
C

tot
free

max

where C
free

 and C
tot

 are the concentrations of free and total drugs respectively (Toutain et al., 

2002).  Both Kd and Bmax can be altered in the presence of other substances (Ascenzi et al., 

2006).  Based on Equation 12, the result would be an alteration in the free drug concentration.

The clinical relevance of these interactions in an open system is a topic of confusion (Benet 

et al., 2002; Toutain et al., 2002).  There are several mathematical proofs for why these 

interactions may not be clinically relevant.  However, these theoretical models have not been 

validated by in vivo experiments.  The most common proof is summarized as follows.  Free 

fraction of a drug is deýned as

[13]
tot

free

C

C
fu

where fu is the free fraction of the drug.  For low extraction ratio drugs (ER<0.3), 

     intCLfuCL tot  [14]

[15]intCLCLfree

[16]
CL

ER
C

CL
int

, CL
free,

 and CL
tot

  are intrinsic, free, and total drug clearance respectively; C is 

concentration of drug at steady state; and ER is extraction ratio of the drug.  CL
tot

 is dependent 

upon fu while CL
int

 is independent of fu.  Thus CL
tot

 will increase and CL
free

 will stay the same 

when fu is increased.  Since steady state concentrations are determined by CL (Equation 16), 

the result is a decrease in C
tot

 and a transient increase of C
free

 during times of competition.  

The resulting alteration in fu would fall back to the normal value after 4 half lives (Figure 
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2.3).  The corollary to this argument is that high ER drugs could have a sustained increase 

in fu since CL
free

 is now dependent upon fu while CL
tot

 would remain the same (Figure 2.3) 

(Rowland et al., 1995).  However, there are very few high ER drugs used in veterinary and 

human medicine that are also highly protein bound.  Clinically relevant drug interactions due 

to protein binding would be uncommon (Benet et al., 2002; Toutain et al., 2002).

While protein binding interactions may not be relevant to alterations in clinical effect, 

they can be relevant to therapeutic drug monitoring.  Most techniques measure total 

drug concentration.  As can be seen in Figure 2.3, the C
tot

 decreases in the presence of a 

competitive inhibitor.  This could lead to erroneous increases in dose that could lead to 

toxicity or other adverse drug reactions (Benet et al., 2002).

Model Compounds

Sulfamethazine

Sulfamethazine (SMZ), also known as sulfadimidine, is a sulfonamide antimicrobial labeled 

for use in pigs as a feed additive to prevent and treat cervical abscesses, colibacillosis, swine 

Figure 2.3  Theoretical schematic illustration of the consequences of protein binding 
alterations in an open system for a low ER drug (A) or high ER drug (B) during steady 
state conditions

Solid line represents total drug; dot-dashed line represents free drug; dotted line represents binding inhibitor

A B
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dysentery, and bacterial pneumonia, as well as for increasing feed efýciency in the presence 

of other disease such as atrophic rhinitis (Anonymous, 2006).  Sulfamethazine is a zwitter ion 

(has both acidic and basic functional groups) with pKaôs of 2.65 and 7.4.  It has a molecular 

weight of 278.33 g/mol.  Sulfamethazineôs polar nature is reþected in the octanol:water 

partition coefýcient (K
o/w

) of 1.41 and a log (K
o/w

) of 0.15 at pH 7 (Carda-Broch et al., 2004).  

The US-FDA and other international regulatory agencies have set a residue tolerance limit 

for sulfamethazine to be 0.1 ppm in all edible tissues of swine (ñFederal Food, Drug, and 

Cosmetic Act,ò 1982) 

The pharmacokinetics of SMZ have been extensively studied in multiple species including 

carp, cattle, chickens, goats, horses, humans, rats, sheep, snails, swine, and turtles (Nouws 

J.F.M. et al., 1986b; Paulson et al., 1983).  In swine, SMZ is directly metabolized to N4-

acetyl metabolite in the liver by the N-Acetyltransferase 2 (NAT-2) enzyme rather than the 

more common phase I pathway of hydroxylation found in most other species.  The N4-acetyl 

metabolite is then cleared by the kidneys or is deacetylated back into the parent compound 

(Mengelers et al., 1997; Shimoda et al., 1997).  Both genetic and gender differences in 

the NAT-2 enzyme have been documented in hamsters, humans, mice, rabbits, rats, and 

ruminants; resulting in the classiýcation of fast and slow acetylators.  However this variability 

has not been documented in swine (Hoogenboom et al., 1989; Mengelers et al., 1997).  SMZ 

has a moderate extraction ratio of around 0.58 in the rabbit (du Souich et al., 1981).

Sulfamethazine in swine is most commonly described using a 2 compartmental model that 

is characterized by a short distribution phase followed by a longer elimination phase.  On 

average, the elimination half life (T
1/2

) in swine is 17 hours, total body clearance (CL
body

) 

is 33 mL/kg/h and the volume of distribution (Vd) is 0.54 L/kg.  Bioavailability (F) of oral 

preparations ranges from 48 to 89 % depending on formulation and the presence of feed 

(Kokue et al., 1988; Kuiper et al., 1988; Nouws J. F. et al., 1989; Nouws J. F. et al., 1986a; 
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Nouws J.F.M. et al., 1986b; Piva et al., 1997; Poucke et al., 1994; Romvary et al., 1976; 

Shimoda et al., 1997; Sweeney R. W. et al., 1993; Yuan et al., 1997).  Sulfamethazine is 

moderately protein bound (ranging from 60 to 87 %) to albumin at the warfarin binding site 

(Munsey et al., 1996).  A summary of the average pharmacokinetic parameters for SMZ in 

swine is presented in Table 2.1.

Flunixin Meglumine

Flunixin Meglumine (FLU) is a non-steroidal anti-inþammatory (NSAID) used in many 

species.  It is currently labeled for intramuscular (IM) use in swine for the treatment of 

pyrexia associated with respiratory disease (Anonymous, 2006).  The molecular weight of the 

salt is 491.46 g/mol.  It is a weak acid with a pKa of 5.82 and a log (K
o/w

) of 5.22 for the free 

þunixin acid (TerraQSAR-LOGP).

The pharmacokinetics of FLU have been studied in camels, cattle, chickens, equines 

(including donkeys, mules, and horses), felines, goats, llamas, rabbits, and sheep (Anderson 

et al., 1990; Baert et al., 2002; Cheng et al., 1998; Coakley et al., 1999; Elmas et al., 2006; 

Horii et al., 2004; Konigsson et al., 2003; Navarre et al., 2001; Oukessou, 1994).  In swine 

Range
Parameter Abbreviation Unit Mean Lower Upper

Elimination Half Life T
1/2

h 16.8 9.8 28

Total Body Clearance CL
t

mL/kg/h 33 21 54

Renal Clearance CL
r

mL/kg/h 21 5 34

Volume of Distribution Vd L/kg 0.54 0.28 0.77

Bioavailability (oral dose) F % 74 48 89

Rate of Absorption K
a

1/h 0.34 0.12 0.5

Protein Binding % 69.5 64 72

Table 2.1  Published pharmacokinetic values for Sulfamethazine in swine after 
intravenous and oral dosing
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after IM dosing, FLU is characterized by a 2 compartment model.  The mean elimination 

T
1/2 

is between 3 to 4 hours; Vd is 2.003 L/kg; and CL
body

 is 390 mL/kg/h.  Bioavailability of 

an IM dose is reported to be 87% (ñFreedom of Information Summary,ò 2005).  Flunixin is 

cleared via biliary excretion and there is evidence of enterohepatic recycling in cats, cattle, 

and goats (Anderson et al., 1990; Horii et al., 2004; Konigsson et al., 2003).  It is over 99% 

protein bound in plasma in cats, cattle, and horses (Anderson et al., 1990; Coakley et al., 

1999; Horii et al., 2004).

Clinical relevance

According to the United States Department of Agriculture-Food Safety Inspection Service 

(USDA-FSIS) Red Book, in 2000 SMZ was the number one violative residue found in swine 

and in 2003 was the only sulfonamide found in violation of tolerance limits (FSIS, 2001; 

FSIS, 2004).  This presents a signiýcant public health concern due to both a large percentage 

of human allergic reactions related to sulfonamide drugs and evidence that SMZ can 

contribute to the formation of thyroid tumors in rats (Poirier et al., 1999; Slatore et al., 2004; 

Wong et al., 2005).  The current meat withdrawal time is 15 days.

In addition to the meat safety issues, sulfonamides have been associated with serious adverse 

drug reactions due to drug interactions.  In particular, SMZ and Cyclosporin A were reported 

to have had a signiýcant drug interaction (Jones et al., 1986).  In veterinary medicine, there 

is a report of altered pharmacokinetics of SMZ when given in the presence of FLU in horses.  

The authors concluded that the alterations were based on protein binding interactions (el-

Banna, 1999).  The concurrent use of an antimicrobial agent and an NSAID is becoming 

the standard of practice in both human and veterinary medicine, making SMZ and FLU 

reasonable model drugs to use for both food safety and drug-drug interaction models.
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Analytical Techniques

Chromatography

Chromatography is a common method for the quantiýcation of drugs within biological 

systems.  Thin layer chromatography (TLC), liquid chromatography (LC) including high 

pressure (HPLC) or ultra-high pressure (UPLC) chromatography, and gas chromatography 

(GC) are all methods that use the different physiochemical properties of drugs to provide 

adequate separation between the molecule of interest and biological interferences.  The 

results can be used for both conýrmation and quantiýcation of drugs within a biological 

matrix (de Silva, 1985; Stolker et al., 2005).  Each method has its own uses, advantages, and 

disadvantages.

Separations by TLC are achieved by differences in adsorption or partition properties of 

the plate and the molecules of interest.  This technique is rapid, inexpensive, and allows 

for visual semi-quantiýcation.  Quantiýcation can be achieved directly by þuorescence, 

þuorescence quenching, and densitometry; or indirectly by using TLC as a clean up 

technique prior to some other form of quantiýcation such as HPLC (de Silva, 1985).

Gas chromatography methods offer high levels of sensitivity and speciýcity.  They are suited 

for drugs that are heat stable and semi-volatile or volatile in nature.  The mobile phase in GC 

analysis consists of an inert gas that serves as a medium to pass the gaseous drug through a 

column where differences in binding properties will allow for adequate separation.  The wide 

variety of detectors that can be connected to GC systems allows for signiýcant versatility (de 

Silva, 1985).  The model drugs described above are neither semi-volatile or volatile in nature.  

Thus LC methods were developed for both plasma and tissue quantiýcation.

Both HPLC and UPLC methods use liquids, rather than gas, as the mobile phase.  They can 

be run in normal phase (organic solvent as the mobile phase) or reverse phase (inorganic 
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solvent as the mobile phase) conditions depending on the molecule of interest.  Differences 

between HPLC and UPLC are derived from the pressures generated within the system.  

The higher pressures found in UPLC systems allow for quicker analysis and slightly 

altered separation properties.  Like GC systems, LC systems can be combined with a wide 

variety of detectors making them versatile, sensitive, and speciýc.  LC methods are suited 

to the analysis of thermally unstable compounds, non-volatile compounds or zwitterionic 

compounds.  It is the method of choice for the quantiýcation of SMZ in tissues (de Silva, 

1985; Stolker et al., 2005).

Protein Binding Parameters

The protein binding parameters Kd (equilibrium dissociation constant) and Bmax (maximal 

binding) can be determined from analysis of in vitro saturation binding experiments.  

Saturation binding experiments require the quantiýcation of speciýc binding of drug at 

various concentrations while levels of protein are held constant.  Quantiýcation of bound 

drug is most often done using radioligand approaches.  However, unlabeled drug can be 

quantiýed in vivo using microdialysis, or in vitro using equilibrium dialysis, ultraýltration, 

high-performance frontal analysis, and automated sequential trace enrichment of dialysate 

(Liu Z. et al., 1999).

Ultraýltration methods are simple and quick to perform.  Plasma samples containing both 

bound and free drug are placed in a cartridge that contains a semipermeable membrane.  

Free drug is forced through the membrane using the negative pressure created during 

centrifugation and collected as ultraýltrate.  Ultraýltrate is subjected to chromatographic 

analysis and free drug concentration is quantiýed.  There is often a very small volume of 

ultraýltrate collected that can make quantiýcation of highly bound drugs difýcult due to 

limitations in detection within the analytical method.  This method assumes that there is no 

adsorption of drug to the membrane, the drug-protein binding is at equilibrium, the binding 
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equilibrium does not change with altered concentrations of protein, and there is no leakage 

of bound proteins through the membrane.  Unlike equilibrium dialysis, there are no issues 

with volume shifts and dilution of samples.  And unlike high-performance frontal analysis it 

does not require large volumes of sample for analysis.  These traits make it a very common 

procedure for therapeutic drug monitoring as well as in basic pharmacology research (Liu Z. 

et al., 1999; Wright et al., 1996).

Once obtained, speciýc binding data is used to estimate Kd and Bmax.  Values are estimated 

using nonlinear regression techniques that ýt a one site binding hyperbola equation 

(Equation 17) to the data using least likelihood ratios.

[17]
tot

tot
bound

CKd

CB
C

max

C
bound

 is the concentration of speciýcally bound drug.  Older methods including Scatchard, 

double reciprocal, or Rosenthal plots require the transformation of data to linearize the data.  

The transformation process distorts error and violates assumptions of linear regression by 

altering the relationship between the values on the X and Y axis.  Since nonlinear techniques 

do not require the transformation of data, they provide more accurate parameter estimations.  

However, this type of analysis does assume that binding follows the law of mass action, 

the sample is at equilibrium, there is only one site for binding, there is no cooperativity, 

and only a small fraction of the drug is bound.  The last assumption addresses alterations 

in binding afýnities due to ligand depletion.  Ligand depletion creates variability between 

concentrations.  It is minimized by reducing the amount of protein or by increasing the 

amount of drug in the system (Motulsky, 1995).

Summary

There are several ways to mathematically model the disposition of drugs.  These include 

compartmental, non-compartmental, population, and PBPK approaches.  PBPK models 
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have the advantages of being mechanistic, predictive, þexible in terms of dose, route of 

administration and species, and can include in vitro mechanistic data.  The accuracy of these 

models can be continually improved over time as more is learned regarding the underlying 

processes of drug disposition.  In addition, PBPK models can incorporate uncertainty by 

the use of Bayesian techniques like simple Monte Carlo sampling that use a combination of 

statistical distributions and randomness to predict population parameters.

The versatility of PBPK models makes them uniquely suited to applications in food safety 

where they could serve as an alternative method to the Tolerance Limit Method currently 

used for establishing meat withdrawal times for labeled drugs and as a collaborative method 

for the estimation of meat withdrawal intervals for drugs used in an extralabel manner.  

Beyond the practical applications, PBPK models are also used to study the underlying 

mechanisms that determine drug disposition for single drug exposures as well as in times of 

concurrent drug administration.  The techniques have been used in enzyme alterations and 

could be extended to situations involving protein binding interactions.

To look at the possible applications of PBPK models in veterinary medicine, SMZ and FLU 

were chosen as model drugs.  Large number of violative tissue residue levels in swine have 

been attributed to SMZ.  This represents a signiýcant risk to human health.  In addition, SMZ 

is reported to have signiýcant drug interactions that are thought to be due to plasma protein 

interactions.  The large body of literature detailing SMZ kinetics in swine provide the basis 

for PBPK model parameterization and validation.  FLU has not been extensively studied in 

swine.  However, it has recently become an approved product.  This could lead to a potential 

increase in the number of cases where SMZ and FLU will be given concurrently.  Reports of 

interactions between these drugs in other species make modeling possible interactions both 

clinically and theoretically relevant.
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Abstract

Objective

To develop a þow-limited, physiologically based pharmacokinetic model for use in 

estimating concentrations of sulfamethazine after IV administration to swine.

Sample PopulationðFour published studies provided physiological values for organ weights, 

blood þows, clearance, and tissue-to-blood partition coefýcients.  Three published studies 

provided data on plasma and other tissue compartments for model validation.

Procedure

For the parent compound, the model included compartments for blood, adipose, muscle, 

liver, and kidney tissue compartments with an extra compartment representing the remaining 

carcass.  Compartments for the N-acetyl metabolite included liver and the remaining body.  

The model was created and optimized by use of computer software. Sensitivity analysis was 

completed to evaluate the importance of each constant on the whole model. The model was 

validated and used to estimate a withhold interval after an IV injection at a dose of 50 mg/kg. 

The withhold interval was compared to the interval estimated by the Food Animal Residue 

Avoidance Databank (FARAD).

Results

Speciýc tissue correlations for plasma, adipose, muscle, kidney, and liver tissue 

compartments were 0.93, 0.86, 0.99, 0.94, and 0.98, respectively. The model typically over 

predicted concentrations at early time points but had excellent accuracy at later time points. 

The withhold interval estimated by use of the model was 120 hours, compared with 100 

hours estimated by FARAD.

Conclusions and Clinical Relevance

Use of this model enabled us to accurately predict sulfamethazine pharmacokinetics in swine 

and has applications for food safety and prediction of drug residues in edible tissues. 
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Introduction

Sulfamethazine is an antimicrobial commonly used as a feed additive in swine production. 

It is currently labeled for use in the prevention and treatment of cervical abscesses, 

colibacillosis, swine dysentery, and bacterial pneumonia as well as for increased feed 

efýciency in swine with other diseases, such as atrophic rhinitis (Entriken, 2001).  The 

United States Food and Drug Administration (US-FDA) and other international regulatory 

agencies have set a residue tolerance limit for sulfamethazine at 0.1 Õg/g in all edible swine 

tissues (ñFederal Food, Drug, and Cosmetic Act,ò 1982).  However in 2000, sulfamethazine 

represented the drug found most often as a cause of violative residues in swine (FSIS, 2001).

Under provisions of the Animal Medicinal Drug Use Clariýcation Act (AMDUCA), 

veterinarians in the United States are allowed to use drugs in an extralabel manner only when 

there is a valid veterinarian-client-patient relationship, the drug is used for therapeutic use, 

no other product is approved for use in that species, the drug is an US-FDA approved human 

or animal drug, no violative residues in food will result, and the drug is not speciýcally 

prohibited. In addition, drugs used in this manner cannot be feed additives unless they are 

used in a minor species (ñAnimal Medicinal Drug Use Clariýcation Act,ò 1994). To insure 

that no violative residues are found in food, an appropriate extended withdrawal period 

must be speciýed by the attending veterinarian. The Food Animal Residue Avoidance 

Databank (FARAD) helps veterinarians provide these extended withdrawal times by applying 

principles of pharmacokinetics to scenarios for alternate routes and doses. Currently, this is 

accomplished through intensive literature searches, use of classical pharmacokinetic models, 

and use of techniques for modeling population pharmacokinetics (Martin-Jimenez et al., 

2002).  Often there is insufýcient information regarding adsorption, distribution, metabolism, 

and excretion of a drug to allow for a scientiýcally accurate estimate of drug residues in 

tissues at speciýc time points after administration. When there is a lack of data on depletion 

of drug concentrations in tissues, the recommended withdrawal times provided by FARAD 
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are based instead on depletion curves of plasma concentrations, which are the only data 

available to scale systemic drug exposure between label and extralabel dosing. In these cases, 

data would be unavailable to directly correlate drug depletion to tolerance concentrations 

allowed in tissues (Damian et al., 1997; Gehring et al., 2004).

Physiologically based pharmacokinetic (PBPK) models are used to describe and predict the 

kinetics of xenobiotics on the basis of physiological mechanisms by linking physiologic 

tissue blocks together via a communal plasma compartment. These models have been used 

in human medicine to predict therapeutic doses for chemotherapeutics, drug development, 

and in toxicologic studies for development of reference concentrations and doses (Charnick 

et al., 1995; Clewell et al., 1997; Gentry et al., 2003; Grass et al., 2002).  They have also 

been used in conjunction with pharmacodynamic studies to investigate mechanisms of action 

in novel or toxic compounds for which classical testing is insufýcient (Kawai et al., 1994).  

In veterinary medicine, PBPK models have been described for sulfathiazole administration 

to swine and oxytetracycline administration to sheep and ýsh (Brocklebank et al., 1997; 

Craigmill, 2003; Duddy et al., 1984).

The objectives of the study reported here were to develop and validate a PBPK model and to 

estimate sulfamethazine concentrations after IV administration in swine. We also applied the 

model to the prediction of extended withholding intervals for use under AMDUCA.

Materials and Methods

Development of a PBPK model

A þow-limited PBPK model was developed for predictive purposes. For predicting 

sulfamethazine concentrations, it consisted of tissue compartments for edible tissues (blood, 

muscle, adipose, liver, and kidney) and a single compartment representing the remainder of 

the carcass. Additional compartments for the N-acetyl metabolite were created and included 
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compartments for the liver and blood 

speciýcally and a generalized compartment 

representing the remainder of the body. No 

concentration-vs-time data were available 

for the carcass compartment or for tissue 

concentrations of the N-acetyl metabolite. 

Thus, a model with 9 compartments was 

developed (Figure 3.1).  

Physiological constants of organ volume, 

tissue blood volume and blood þow for 

market-weight pigs were obtained from 

published reports (Table 3.1) (Kawai et 

al., 1994; Lundeen et al., 1983; Pond, 

2001; Tranquilli et al., 1982).  The density 

of plasma was assumed to be 1 g/mL. 

Physiochemical constants of tissue-to-blood 

partition coefýcients were calculated from 

published values (Haasnoot et al., 1996; 

Mitchell et al., 1986; Nouws et al., 1986; 

Sweeney et al., 1993). Hepatic blood þow 

was modeled as the combination of hepatic 

arterial and portal circulations. Other 

biological constants included in the model 

are also found in Table 3.1.
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Figure 3.1  Schematic representation of 
a physiologically based pharmacokinetic 
model for use in determining 
concentrations after IV injection of 
Sulfamethazine in swine
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Values for renal and hepatic clearance were based on kinetic data published elsewhere 

(Nouws et al., 1989; Sweeney et al., 1993; Yuan et al., 1997).  The main pathway of 

metabolism in pigs is direct acetylation of sulfamethazine to the N4-acetyl metabolite. 

Michalis-Menten kinetics were not incorporated into this model because it has been 

reported that clinically relevant doses do not saturate the hepatic acetyltransferase enzyme 

and thus zero-order kinetics are not needed (Mengelers et al., 1997). Therefore, hepatic 

clearance was modeled by use of a linear-excretion constant. Enterohepatic recycling of the 

parent compound was considered insubstantial and not included in the model. Because the 

deacetylation of the N-acetyl metabolite can increase plasma concentrations of the parent 

compound, we incorporated this aspect into the model (Shimoda et al., 1997). Compartments 

for the N-acetyl metabolite were linked to the model for the parent compound through the 

liver because these reactions mainly take place in hepatocytes. Renal clearance is mainly 

through ýltration. Because there is no evidence of active secretion, renal clearance was 

modeled by use of a ýrst-order excretion constant. Starting values for hepatic and renal 

clearance were the mean of the published values.

Table 3.1  Organ weights and blood þow distributions for market-weight swine determined 
from published studies

Blood þowa Organ weightb Vascular spacec

Organ
(percentage of 

cardiac output)*
(percentage of 
body weight)

(percentage of 
organ weight)

Adipose 0.08 0.340 0.040
Kidneys 0.10  0.004 0.105

Liver   0.24À 0.020 0.115
Muscle 0.25 0.400 0.026

Carcassÿ 0.33 0.176 ND
Blood 1.00 0.060  ND

*Mean cardiac output determined in 3 studies was 12 L/kg/h and PCV was 33%. ÀValue incorporates hepatic 
arterial and portal circulations. ÿValues calculated as 1 minus the sum of values for the other organs.   ND = Not 
determined.  Source a:  Tranquilli, 1982; Lundeen, 1983.  b:  Pond, 2001.  c:  Kawai, 1994
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Protein binding was incorporated into the model by the inclusion of a mass-balance equation 

within the blood compartment. The fraction of unbound drug was calculated and then applied 

to the total mass of drug within the plasma compartment. Binding of drug within tissues was 

not incorporated into the model.

A homogenization term was created that combined tissue concentration with tissue blood 

concentration. This represented the process used in quantitative analysis of tissue samples 

whereby the total drug within the sample is directly related to the proportion of tissue 

blood and tissue within the sample. The amount of drug within the vascular space was then 

calculated. The concentration of the total homogenized sample concentration was expressed 

by use of the following equation:

   tttt CVbcCtbVbcCh 1  [1]

where Cht is the concentration of sulfamethazine in the homogenized sample, Vbct is the 

volume of the vascular space for a given tissue (reported as a percentage of organ weight), 

Ctb is the concentration of sulfamethazine in the tissue blood, and Ct 
 is the concentration of 

sulfamethazine in the tissue.

Model simulations were solved by use of a commercially available computer program 

(ACSLxtreme, version 1.4, Aegis Technologies Group Inc, Huntsville, Ala) that was 

equipped with a graphic modulator for model development and an optimizer for sensitivity, 

determination of constants, and prediction analysis. Differential equations were used to 

describe the rate of change in mass in each compartment (Table 3.2). 

Sensitivity analysis and optimization of constants

Data used for optimization of the N-acetyl metabolite distribution were obtained from 2 

studies (Nouws et al., 1989; Nouws et al., 1986).  Data used for sensitivity and optimization 

of sulfamethazine were obtained from a single study (Nouws et al., 1989).  Optimization of 
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constants was limited to mean (n = 12) plasma concentration data. Sensitivity analysis was 

performed for several constants, including hepatic clearance, renal clearance, protein binding, 

tissue-to-blood partition coefýcients (muscle, adipose, liver, and kidneys), and blood þow 

(muscle, adipose, liver, and kidneys). Final determination and optimization of constants 

was accomplished for blood þows to compartments (liver, kidneys, muscle, and adipose), 

Table 3.2  Differential equations used to describe the rate of change of sulfamethazine 
in each tissue compartment
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each method (renal, acetylation, and deacetylation, respectively). C
liver metabolite

 = Concentration of N-acetyl 
metabolite. IV dose = Total amount of drug injected. Q

tot
 = Cardiac output.



53

hepatic clearance, renal clearance, protein binding, and partition coefýcients (muscle, liver, 

kidneys, and adipose) for sulfamethazine. Determination and optimization of constants was 

accomplished for N-acetyl protein binding, N-acetyl deacetylation rate, renal clearance, and 

partition coefýcients (liver and body). Model constants were adjusted to best ýt the curve by 

use of a maximum-likelihood estimation algorithm. Limits were set to insure biologically 

plausible values.

Model validation

The model was validated by comparison with an external data set created from published 

studies and estimates included in the FARAD database. Studies were excluded from 

comparison on the basis of assay methods and physiological status of the pigs. Excluded 

studies incorporated colorimetric analysis of drug concentrations, general anesthesia, and 

experimentally infected pigs. The resulting data set encompassed 3 studies performed 

separately by 3 research groups (Nouws et al., 1986; Sweeney et al., 1993; Yuan et al., 

1997). Pigs ranged in weight from 18 to 32 kg. Dosages ranged from 20 to 50 mg/kg. 

Sulfamethazine concentrations were reported for plasma, muscle, kidney, liver, and adipose 

tissues. Data points represented the means of values reported in studies and were obtained 

by use of a data extraction program (UN-SCAN-IT, version 6.0, Silk Scientiýc Inc, Orem, 

Utah). Mean values in our study were calculated from 6, 7, and 3 samples/ data point for the 

each of the 3 studies, respectively (Nouws et al., 1986; Sweeney et al., 1993; Yuan et al., 1997).

Predicted values for tissue concentrations were reported as a combination of tissue and 

tissue blood samples that would mimic the homogenization process used in analysis of tissue 

samples. Simulated predicted values were compared with values for observed data points, 

and regression lines were plotted. Linear regression correlation values were calculated. 

Residual plots were also created and evaluated for spread and distribution. All simulations 

were adjusted on the basis of dosage.
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Application of model to determine interval to prevent violative residues in tissues

The optimized model was then used to determine a reasonable tissue-withhold interval after 

IV administration of sulfamethazine at a dosage of 50 mg/kg. This was compared with the 

value currently provided by FARAD to practitioners. Currently, FARAD estimates a withhold 

interval by use of 10 times the plasma half-life of sulfamethazine, an approach that is 

appropriate for many drug classes.

Results

Because sulfamethazine is a small polar molecule with small tissue-to-blood partition 

coefýcients, a diffusion-limited model was also created (data not shown) to determine 

whether blood þow or permeability would be rate-limiting. The diffusion-limited model did 

not signiýcantly increase the predictive power of the model; therefore, the simpler þow-

limited model was accepted.

Sensitivity analysis revealed that hepatic clearance, renal clearance, and protein binding of 

sulfamethazine were the most important constants included in the model. Because of the lack 

of available tissue data, it is quite possible that the partition coefýcients did not reveal their 

true sensitivity and importance within this model. Results of the optimization for blood þows, 

renal clearance, hepatic clearance, protein binding, and tissue-to-blood partition coefýcients 

for sulfamethazine and its N-acetyl metabolite were determined (Table 3.3).

When compared with means of external data sets, the model had correlations for plasma, 

kidney, liver, muscle, and adipose tissues of 0.93, 0.94, 0.99, 0.99, and 0.86, respectively. 

Results for validation of the model were determined (Table 3.4). Residual analysis revealed 

a pattern of over prediction of values at early time points in all tissues with the exception 

of muscle, in which the model under predicted values at all time points. However, good 
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Table 3.4  Results for model validation accomplished 
by comparison of predicted concentrations to 
observed concentrations by use of an external data set

Tissue Slope (m) Intercept (b) R2

Plasma 0.7358 5.498 0.9286
Kidney 0.2469 4.8166 0.9422
Liver 0.4082 2.1849 0.9792

Muscle 1.4278 1.0028 0.9945
Adipose 0.3338 1.3145 0.8554

Slope (m) and. Intercept (b) for the regression line y = mx + b  
R2 = Correlation coefýcient

Constant Lower 
limit

Starting 
value

Upper 
limit

Final 
value

Hepatic clearance (mL/[min X kg]) 0.05 0.078 3 0.62
Renal clearance (mL/[min X kg]) 0.01 0.59 4 0.03
Protein binding (%) 0.5 0.64 1 0.57
Tissue-to-blood partition coefýcient

     Adipose 0.01 0.1 5 0.336
     Kidney 0.01 0.38 5 1.68
     Liver 0.01 0.4 5 0.378
     Muscle 0.01 0.17 5 0.08
Blood þow (% cardiac output)

     Liver 0.01 0.24 0.5 0.38
     Kidney 0.01 0.1 0.5 0.1188
     Muscle 0.01 0.25 0.5 0.25
     Adipose 0.01 0.08 0.5 0.08
Acetyl metabolite protein binding (%) 0.5 65 1 0.57
Acetyl metabolite liver tissue-to-blood   
     partition coefýcient 0.01 0.23 5 0.079

Acetyl metabolite body tissue-to-
     blood partition coefýcient 0.01 1 5 1.297

Rate of deacetylation (/h) 0.01 0.357 5 3.66
Acetyl metabolite clearance  
     (mL/[min X kg]) 0.01 0.5 5 2.558

Table 3.3  Starting and ýnal values and upper and lower limits for constants of a model 
used to determine concentrations after IV administration of Sulfamethazine to pigs.
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accuracy was found at the terminal time points. Results of the resulting simulations are 

plotted (Figure 3.2).  Results of the residual analysis and validation procedure were also 

plotted (Figures 3.3 and 3.4).

Figure 3.2  Results for the ýnal ýtted model simulation (solid line), compared with 
results for an external data set (circles), for plasma (A), liver (B), kidney (C), adipose 
(D), and muscle (E) tissue compartments
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Depletion curves of edible tissues after IV administration of sulfamethazine at a dosage of 50 

mg/kg, in relation to the tolerance value of 0.1 Õg/g, were plotted (Figure 3.5). These depletion 

curves represented the 50th percentile of the population, not the upper limit of the 95% conýdence 

interval of the 99th percentile of the population needed to satisfy regulatory agencies such as the 

US-FDAïCenter for Veterinary Medicine. The model predicted that all tissue concentrations 

Figure 3.3  Standardized residual plots for ýt of the results of the model for plasma (A), 
liver (B), kidney (C), adipose (D), and muscle (E) tissue compartments
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would be below the tolerance value of 0.1 Õg/g by 120 hours after injection and that plasma 

concentrations would be below the tolerance value by 109 hours after injection. The kidneys 

had the longest duration for sulfamethazine concentrations above the tolerance value. Because this 

would constitute an extralabel use of sulfamethazine, there currently is no withdrawal time listed 

Figure 3.4  Graphs of predicted and observed data for validation of the model for 
plasma (A), liver (B), kidney (C), adipose (D), and muscle (E) tissue compartments

The solid line represents the line of best ýt. Observed data was obtained from published studies.  Notice that the 
scale of the x-axis differs among graphs in the ýgure.
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on the US-FDA-approved product. The current FARAD recommendation is 100 hours and is 

determined on the basis of a value that is 10 times the plasma half-life.  

Discussion

We developed and validated a model for plasma and tissue pharmacokinetics of 

sulfamethazine after IV administration to swine. To increase the accuracy and robustness of 

the model, several techniques were used.  

Figure 3.5  Predicted depletion curves for tissue concentrations of drug in tissue 
compartments after IV administration of Sulfamethazine at a dosage of 50 mg/kg in 
swine

adipose (thin dotted and dashed line), kidney (thick solid line), liver (thick dashed line), muscle (thick dotted 
and dashed line), and plasma (thin dashed line)  The horizontal line represents the tolerance limit of 0.1 Õg/g
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Addition of the N-acetyl metabolite and its deacetylation back to the parent compound was 

incorporated in the model, which was found to increase the accuracy of concentrations at 

later time points. The importance of this metabolic pathway differs among sulfonamides. 

In 1 study, investigators documented that this is an important metabolic pathway for 

sulfamonomethoxine and sulfamethazine but that the deacetylation pathway has less 

importance for sulfadiazine (Shimoda et al., 1997). Another model of sulfathiazol did not 

include the deacetylation metabolic pathway (Duddy et al., 1984). However, it is unknown 

whether the pharmacokinetics of sulfathiazol are inþuenced by the deacetylation pathway.

A homogenization term was used to calculate the concentration of sulfamethazine in 

speciýc tissues that accounted for the techniques used experimentally to determine those 

speciýc tissue concentrations. Techniques used to calculate tissue concentrations require the 

homogenization of tissue blood along with cellular tissue. Due to the relatively larger mass 

of drug found in blood relative to the cellular tissues themselves, artiýcially increased tissue 

concentrations may result for drugs with small partition coefýcients (Khor et al., 1991). 

Inclusion of the homogenization term increased correlation values and the resulting ýt of 

data (data not shown), especially at terminal end points at which more drug is in the plasma 

compartment than in the cellular tissue matrix.

Protein binding was an important aspect of drug distribution in this model. Generally, when 

a drug is not considered to be highly protein bound (binding > 90%), this aspect is neglected 

to simplify the model (Munsey et al., 1996).  In another study, investigators also stated that 

changing the free fraction of a drug does not result in a change of the free concentration of 

drug when the drug is at a steady state (Toutain et al., 2002). However, the model described 

here does not consider the drug at a steady state. It was seen in the results for our model that 

moderate protein binding of 57% can have an inþuence on the kinetics of sulfamethazine 

which may prolong tissue concentrations and increase the likelihood for violative residues in 


