ABSTRACT

MASON, SHARON ELIZABETH. Comparative Pharmacokinetic Approaches to
Estimating the Pharmacokinetics of Water Medications in Swine. (Under the direction of
Ronald E. Baynes).

Although water medications have been used in the United States for over 40
years, the pharmacokinetics of these drugs have not been clearly discerned using
compartmental pharmacokinetics techniques. No repeated dosing pharmacokinetic
studies have been published on water medications in swine. Therefore we proposed to
use three proven techniques in veterinary medicine to model water medications in swine.

Non-compartmental modeling, physiologically based pharmacokinetic modeling
and population based pharmacokinetic modeling have improved veterinary medicine
pharmacology over the last decade. The applications of these techniques to the
pharmacokinetics of water medications, however, have not been published. Therefore
two in vivo studies were performed to collect pharmacokinetic information on these drugs
and then pharmacokinetic modeling was performed to test these techniques and their
applications to characterize the disposition characteristics of water medications in swine
production settings.

In vivo experiments were performed in pigs based on the age and dosing
schedules of those treated in commercial production units with tetracycline and
sulfamethazine. Non-compartmental analysis techniques were initially applied to these
populations. PBPK and population pharmacokinetic techniques were also applied where
relevant to these medications to provide insight into situations that traditional modeling

techniques were unable to elucidate. For sulfamethazine, the use of PBPK modeling



proved useful in characterizing the potentially small exposure concentrations that have
been documented in the literature for over 25 years.

In contrast to sulfamethazine which is chemically very stable, tetracycline has
been shown to degrade over time with exposure to high temperatures and sunlight.
Ancillary experiments were performed to characterize the bioactivity of tetracycline
water medication as dosed in a production setting. Furthermore, basic pharmacokinetic
information on tetracycline administered in water was collected and analyzed.

Finally population based modeling was applied to data collected from commercial
farm settings to determine factors that may apply to all water medication administration
in the swine industry. This mixed effect modeling technique was able to provide
increased support for the non-compartmental pharmacokinetic findings and to identify
factors important to plasma concentrations of medications administered in water.

PBPK and population based modeling techniques can be effectively used in
modeling water medications in swine. Furthermore, they were able to determine dosing
amounts and schedules as well as other factors that affect the concentration of water

medications in swine where traditional pharmacokinetic modeling is inadequate.
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INTRODUCTION

Food producing animals are often given medications in formulations or routes that are
not typically used in other animal species or in humans. Although these formulations and
dosing methods were approved by FDA, available published pharmacokinetic profiles have
been of a more observational nature. Over the last few decades, public policy changes have
resulted in a shift in the current process for drug approval being significantly different than
the methods employed over 30 years ago. However, during this evolution, formulations
previously approved have remained the same and bioequivalence methods have allowed the
use of these previously approved formulations to serve as guidelines for more recent
approvals. For example, chlortetracycline was approved for use in animal feeds in 1963 and

sulfamethazine was approved for use in 1975 (Vetgram, www.farad.org/vetgram/). There

have been many generic versions of these same medications, approved years after the first
drug approval, without having to undergo a full NADA (New Animal Drug Application)
process. These medications must meet bioequivalence requirements of the previously
approved drugs in order to receive approval (Jackson et al. 2004). However, this does not
require that they meet the requirements of the current NADA process. In addition to NADA
processes changing, withdrawal time procedures have expanded to better protect the human
population; however, older formulations and their approved withdrawal times may not meet
the safety level required by newer drugs, but, nonetheless, are still reaching the market today.
Some antibiotic medications, referred to above, were developed and implemented for
use in feed and water sources over 40 years ago. Many of the policy changes from FDA in

more recent years reflect an increased understanding and implementation of population



pharmacokinetics, but do not require scrutiny of previously approved drugs to meet those
standards (FDA 1999; FDA 2003; FDA 2005). As such, some currently approved
medications would not be granted approval in today’s climate. This includes very common
drugs like aspirin, which has never been official approved for food animal use.

These policy changes have been aided by our improved computational capabilities,
which allow more complicated methods of modeling to be applied to both new human and
new animal drug approvals, including drug approvals for food producing animals (Martinez
et al. 2000). One area that has received minimal scrutiny in the United States, but which has
harbored interest in Europe, is the use of pharmacotherapy via water. With the ban in 2006 of
all non-therapeutic antimicrobial use in Europe (EC 2003), understanding drugs that are used
and assumed to be therapeutic is of greater importance. However, compared to other
methods of treating disease, little research has been performed on water medications
compared to feed additives and parenteral dosing of these medications. A Pubmed search
(on October 27, 2009) for “water medication pharmacokinetics swine” revealed 93 papers, of
which only 4 were on water medications given to swine. Overall, only a handful of papers
have directly looked at water medications in swine (McCaughey et al. 1991; Agerso et al.
1998; Mason et al. 2008; Dorr et al. 2009; Mason et al. 2009), whereas quite a few more have
involved observational studies of these medications and reported plasma levels. Therefore
research in the area of water medications is of great importance; however despite the lack of
data, much of the pharmacokinetics of these medications was considered axiomatic.

Many of the limitations to analysis of water medications has related to the

computational abilities of pharmacokinetic programs using traditional, readily available PK



analyses, when other methods are necessary. One major limitation that is met with water,
and feed additives for that matter, is the lack of a known dose of medication taken by
animals. This is not a problem often encountered in human drug studies or in small animal
medicine because these patients are often dosed directly by clinicians or technical staff, often
using parenteral medications. Furthermore, individual animal and client compliance in
domestic animals is often good (over 50%) as reported by the American Animal Hospital

Association (http://www.aahanet.org/protected/ComplianceExecutiveSummary0309.pdf)

summary in 2008. However, in the case of herd health or food animal medicine, an
individual animal cannot be medicated several times a day due to labor and animal handling
constraints. Therefore, the technique of medicating a whole herd, barn, or pen is commonly
employed to avoid individual animal treatments. This ease of treatment, however, may
quickly become a pharmacokinetic nightmare. Limitations to pharmacokinetic analysis stem
from the way in which many pharmacokinetic programs (WinNonLin, WinBugs, etc) are
written. Because most PK programs were originally designed to facilitate quick and easy PK
analysis with a limited user interface, typically considered user friendly, these traditional PK
programs are exactly the opposite of what is necessary to analyze the data that are acquired in
a herd health situation. The largest problem presented by a herd health approach to
pharmacokinetics is the unknown dose of the drug. All traditional PK programs the author
has encountered allow for multiple dosing regimens; however, a known dose given at a
known frequency is required for the program to calculate PK parameters. Even if an
approximate dose can be provided, if there is large variability in dosing frequency, as with

water medications, the programs are typically unable to account for the large inter-subject



variability, which invariably occurs with water medication dosing. There are other sources
of variability including body weights (which cannot always be measured), competition
among animals, metabolic differences and sometimes other variables that are drug specific.
Fortunately, these populations of food animals, most often are also more homogenous in
other ways than clinically presented human or veterinary populations. Some of the relatively
uniform variables include clearance, weight ranges, and illness status. Due to the complexity
of modeling herds in a traditional manner, we have explored other pharmacokinetic methods
of modeling water medications. Three PK approaches (traditional, physiologically based and
population based modeling) were employed in this work. Hopefully, their applications to
water medications in food animals, which are the focus of this work, will assist in addressing
other problems faced by pharmacokineticists and toxicologists. These approaches may be
applicable to other animal species, such as wildlife and pet birds (often medicated with water
soluble drugs). There is also the potential that toxicologists may be able to use these

techniques to model exposure even when the doses are unknown.

PHARMACOKINETIC BASICS

Pharmacokinetics (PK) is the science that quantifies and characterizes the way in
which drugs are absorbed, distributed, metabolized and finally excreted from the body
(referred to as ADME) (Riviere 1997). The effects of a drug on the body, at either the
organism or molecular level, are known as pharmacodynamics (PD) (Lees et al. 2004; Rybak
2006). The PK of a drug applies the physiochemical properties of the drug, including (but

not limited to) polarity and ionic charges, pH, molecular weight, and stereochemistry, in the



context of absorption, distribution, metabolism and excretion (ADME). PK further defines
the duration of a drug’s effect on the body. A drug’s physiochemical properties are defined
outside of the body; therefore, the art and interpretation of pharmacokinetics begins when
that drug is administered to a subject.

With all PK modeling, the basis is rates of drug moved or cleared from the body over
time. Primary PK parameters are based on the idea of a mass of drug (i.e. the dose in mg,
typically) that moves around the body and is removed from the body over a certain period of
time (Riviere 1997). This mass over time is the rate and with most drugs at currently
approved doses, the clearance remains constant over time. These rates of change can occur
between compartments known as micro-constants, as with compartmental PK modeling, or
they can refer to the whole body elimination rates or macro-constants. These rates of change
within the body are best explained using the mathematical language of calculus through
differential equations. Basic pharmacokinetic parameters can be calculated for an individual
animal without a physiologic understanding of the processes that are ongoing; this is
common with traditional PK modeling. However, because this is a mathematical explanation
of physiologic processes, a good understanding of the body as well as the mathematics
provides the best situation for application of PK models. This is most important in that PK
models can be used to explain drug behavior to clinicians, scientists and pharmacists. And
when done properly, PK modeling can both explain and predict what happens to a drug
within the body. In the clinical setting, the most useful applications of PK are through
models that incorporate drug dosing regimens into the prediction of therapeutic drug levels,

with less invasive monitoring of patients (Martin-Jimenez & Riviere, 1998; Wahlby et al.



2004). For research scientists, PK models provide a greater understanding of the drug’s
action, disposition and toxic target tissues, as well as providing a method that requires use of
fewer experimental subjects (FDA 1999).

Pharmacokinetic models can be, and frequently are, applied to many species;
however, the most extensive information available is in humans. Much of the preliminary
pharmacokinetic information obtained on drugs is from basic PK studies in animals (FDA
1999). Therefore PK models are key in extrapolating safety in animals to humans prior to
testing (Caldwell et al. 1995).

The following review will touch on basic pharmacokinetic modeling principles
and design before discussing modeling differences among traditional compartmental models,
physiologic-based pharmacokinetic (PBPK) models and population pharmacokinetic models.
Understanding PK modeling techniques, their applications and limitations is needed to best
understand ADME and then predict drug deposition and elimination in vivo. A full review of
ADME is beyond the scope of this work and is best addressed by other reviews (Caldwell et
al. 1995; Grossman 2009). Finally, understanding pharmacokinetics (often via modeling)
and being able to apply that information to predict dosing regimens, species extrapolations,
and toxicity may assist with understanding how targeting a drug’s movement to a certain
application will or will not work (Theil et al. 2003; De Buck and Mackie 2007; Yengi et al.

2007; Hou and Wang 2008).



MODELING AND IDENTIFIABILITY

Modeling is a very important aspect of pharmacokinetic analysis. If experiments are
crafted in a meaningful and biologically sound way, PK models designed from the measured
data provide explanations and predictions for therapeutic levels of drugs and/or clearance
rates (Wahlby et al. 2004; Buur et al. 2005). However, models are never one hundred
percent correct. In order for that to happen, the model would be infinitely complex to
account for every possible outcome (Merle et al. 2004). Parameters (or independent
variables) are usually determined from experimental data, but they can be determined by
other experiments including ex vivo or in vitro ADME experiments and chemical properties
of the drug (Theil et al. 2003; De Buck and Mackie 2007).

Identifiability in modeling is the ability to determine a value to a parameter (Godfrey
et al. 1980; Williams 1990). In order for the model to be identifiable, there have to be
enough experimental data points from one or more experiment(s) that will help with
determining parameters. These parameters can be traditional parameters, population-based
parameters with variability as in population PK modeling, or physiologic rates or partition
coefficients for PBPK models. Therefore, careful experimental design will shape the type of
parameters to be determined and the overall usefulness of the model.

One aspect often overlooked is model structure which plays perhaps the most
important role in determining identifiability. Models with unidentifiable parameters or
parameters that may be quasi-identifiable (a range can be assigned), often lack enough data
due to inability to measure compartments. This is often seen by using a measured

compartment to link with unmeasured compartment(s) which leaves some micro-constants



unknown. In this case some of the parameters may not be uniquely identifiable or
identifiable only if one or more of the parameters in the measured compartment are known a
priori (Williams 1990). In traditional PK modeling, the concentration time profile is used to
determine values to parameters, but parameters may also be assigned values based on
physiologic functions, covariates (inter-individual variability of one or more parameters) or
other experimental methods mentioned above. This is important to population based PK
modeling because a simple model is usually used in order to allow for identifiability of
parameters (Wade et al. 1994). Unless external information is available, these simple models
are often used for population PK studies due to the complexity and bias that may occur with
more complex models (Ludden et al. 1994). Although models are unable to account for all
biological variation, less if the parameters are identifiable, a model may be useful to
prediction or explanation of a process (Godfrey et al. 1994; Wahlby et al. 2004). These
parameters may be general PK parameters such as Vd (volume of distribution) common to
compartmental modeling, or the parameters may be specific to a model, such as a metabolic
pathway for a drug in a PBPK model. However, assigning a value to these parameters is
necessary to solve the model based on the observed (plasma, tissue, urine concentrations)
data (Wahlby et al. 2004).

The parameters discussed above are generally understood to be global parameters
(variables). The parameters to which we typically refer are globally identifiable parameters,
which have one unique value, or a very small range of values in the case of quasi-identifiable
parameters or population models, when calculated under appropriate experimental conditions

of low signal to noise ratios for analysis and good experimental design. In some models, in



addition to the global variables, there are local parameters that are often within a
programming routine (or compartment) of a model. These locally identifiable parameters
can take on various values based on the data that is presented at that time in the program
(Godfrey et al. 1994; Evans et al. 2001). These local or unidentifiable parameters lack any
specific values and can take on an infinite number of values in the model (Evans et al. 2001).
Therefore, when solving or quantifying a model, it is the global variables that we typically
refer to needing solutions.

Identifiability in a model can only be determined if the model structure is valid and
the experimental design has adequate controllability and observability (Godfrey et al. 1994;
Evans et al. 2001). If the experimental designs do not adequately control for changes in
response(s) due to parameters or do not allow (direct or indirect) observation of the response
of interest, then there will be parameters in the model that are more likely to be unidentifiable
or misspecified (Williams 1990). Although a model may have global identifiability, such as
clearance in a compartmental PK model, the parameters predicted may be less specific or
correct than another model that lacks global identifiability, such as a PBPK model where
values are presumptively assigned. With PBPK models, because the physiologic processes
are not completely understood or able to be controlled, often assumptions must be made for
many of the parameters in the model. These values may be assigned to the model for various
organ compartments, including blood flow, metabolic functions and volumes; however, the
values may or may not be correct; and in reality we can never know their true values. PBPK
models may also contain good local (compartment-based) identifiability. Models with

unidentifiable parameters may be more useful or less useful than fully identifiable models



(Godfrey et al. 1994); however, the main assessment of a model is related to its usefulness,
not its identifiability, as will be discussed below. If the parameters are not at least quasi-

quantifiable, then the model is not solvable, and therefore, it is only a conceptual model.

ASSUMPTIONS AND MISSPECIFICATION

With all models, in order to solve the formulae for important parameters, certain
assumptions must be made for the mathematical structure to be solved with available data.
Generally, more complex models require more assumptions; however even if assumptions
are not directly stated, the model type often has certain assumptions that are generally
applied whether the modeler knows this or not. Some assumptions that are common to all
traditional PK models are compartment homogeneity (Evans et al. 2001) and first order
kinetics (Rescigno 2001). Most PBPK models assume a flow limited system (Kawai et al.
1994; Lee et al. 2009), while population based models assume normal distributions for most
population-based parameters, unless a non-parametric algorithm is chosen (Lindstrom and
Bates 1990; Davidian and Giltinan 1993; Park et al. 1997; Bustad et al. 2000).

Assumptions allow complicated mathematical formulae to be simplified into
formulae that can be solved. Based on the number of data points and subjects in the model,
modelers are left with a certain amount of room for predicting parameters and solving the
proposed model, often discussed in statistics as degrees of freedom. Given an unlimited
supply of data and infinite time and computational ability, all models could be solved.

However, this would be unreasonable, and therefore, simpler models that explain something

10



are often used in lieu of unwieldy giant models that explain everything, but cannot be
mathematically applied to real world situations (Ludden et al. 1994).

Unfortunately, even with well developed models, based on good experimental design,
there will always be model misspecifications (Merle et al. 2004). Misspecifications are
errors in the model that affect parameter predictions. They arise from various sources,
including falsely acquired variability in error terms, instrument errors and sometimes from
bias in the reporting of data. However, major misspecifications occur from making
assumptions that are not physiologically or chemically valid. Often this type of
misspecification arises from model over-simplification. Unfortunately, many models would
not be mathematically calculable without assumptions and simplifications to decrease the
number of unknown variables (Evans et al. 2001). Therefore, models often use the fewest
number of important parameters to account for the presumed pharmacokinetic processes
(FDA 1999; Martin-Jimenez and Riviere 2001; Buur et al. 2005; Buur et al. 2005). These
model simplifications are often made via assumptions, such as homogeneity in compartments
and instantaneous absorption for intravenous doses (Evans et al. 2001; Merle et al. 2004;
Buur et al. 2005; Buur et al. 2005), which may be physiologically equivocal.

For individual-based models, the variability in parameter estimations is assumed to be
a random error factor, usually distributed around a mean of zero. This random error should
account for both individual differences between subjects and the instrument error. However,
when assumptions are made that are not physiologically valid or reasonable to a model or
process, this random error term will become very large due to misspecification of the model.

One goal in picking a model design or type is to decrease model misspecification in order to
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better predict parameter estimates. Also one must know what he is attempting to learn prior
to designing an experiment, which should be based on the information needed. Table 1 has

an overview of the three types of models to be discussed.

TRADITIONAL MODELING

Traditional pharmacokinetic modeling has typically relied upon intensive-sampling
studies, with few to many subjects, with compartmental based results (FDA 1999).
However, over the last decade non-compartmental modeling techniques have gained favor.
Either of these conventional methods is based upon the idea (even with non-compartmental
analysis) of at least a vascular compartment, necessary for the simulation of a concentration-
time profile. The idea behind open compartmental analysis is that areas of the body which
experience similar disposition and elimination of a drug are lumped together into
compartments. These compartments are differentiated by curve fitting of an exponential
equation for intravenous data, where drug concentrations are eliminated from the measured
(central) compartment at constant rates per unit time (k,) of the various exponential curves.
For a two compartmental model, the following equation represents two compartments,
labeled A and B:

Cp = A*e™, + Bre ™' (1)

With compartmental models, there are several other assumptions of normality made
about the population, including: typically constant, first order processes of elimination and
partitioning, no saturation of tissues and absence of covalent/non-competitive binding in

tissues or compartments. These assumptions, although broad, also mean that some drugs
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cannot be accurately modeled using these techniques because they violate one or more of
these assumptions (Riond and Riviere 1988).

The most common PK modeling type is compartmental modeling, with one to three
compartments (Godfrey et al. 1994; FDA 1999). Once the number of compartments exceeds
three, modeling can become overly complex and often other mathematical techniques must
be used. Traditional modeling is based on known, directly measured values, usually
including the dose (D) and plasma concentrations time profile (Cp). These values are
assumed to be precise with little to no variability or error. Primary parameters are calculated
from these measured values. These fundamental parameters include the theoretical volume
of distribution (Vd) and body clearance (Cl); however, they must be calculated from the
concentration time profiles. The following equation illustrates the relationship between these
two primary parameters (Riviere 1997):

Cp=D/Vd (2)

Based on these primary parameters, volume of distribution and body clearance,
secondary parameters, not based on physiology, are calculated to represent processes,
occurring within the body. These parameters include half-life (T Y2 ) and entry and exit rates
for each compartment in multiple compartmental models.

Compared to compartmental models, non-compartmental models are usually
constructed from sparse data which does not allow a differentiation of compartments from
the semi-logarithmic curve or from situations in which inflection points in the elimination
curves have inadequate sampling, which would lead to potentially gross inaccuracies in the

compartmental rates and half-lives. Non-compartmental modeling is also used for groups of
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individuals where there is not one compartment model that fits all individuals (Riviere 1997).
Non-compartmental model analysis uses a simple curve or regression line that is often
calculated via a process called statistical moment theory (SMT) and referred by other names.
SMT uses most of the same assumptions for compartmental analysis, but relies on moments
of the concentration-time profile. In SMT, differential equations are often solved with
calculus to provide AUC moments per unit time using the trapezoidal rule. Based on the
AUC, as the primary moment, the secondary moment, i.e. the differential of the previous
curve, reveals a peak, that represents the mean (average) residence time (MRT) for the
average molecule. MRT is linked to the half-life of compartmental models by the equation:
T %2 = In2*MRT 3)

The MRT is the change in the concentration-time curve through time and its peak is
therefore equal to the most frequent interval of time that molecules remain in the body.
Therefore, non-compartmental analysis can be likened to compartmental analysis with fewer
restraints on curve fitting. Traditional parameters can be calculated from SMT as explained
elsewhere (Riviere 1997). Furthermore, the same drug over the same time frame may require
a three compartment model in one person and a two compartment model in a different
subject (Rescigno 2001; Merle et al. 2004). This physiologic variability makes a case for
non-compartmental analysis over compartmental analysis and also provides a comparison
between individual. Non-compartmental analysis can be used in cases where uncertainty in
dose, limitations to modeling or increased variability exist; however, this modeling often

requires pharmacokinetic or mathematical programs that do not require dosing schemes. One
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final benefit of SMT over compartmental modeling is the ability to calculate some primary
PK parameters without a dosing schedule at all (see Chapter 3 for an example).

With all types of traditional modeling, the need to have adequate sample times is
necessary, as can be seen in Figure 1. This figure exhibits the effects of sparse sampling
compared to more intensive sampling techniques. Much more information is available from
the top panel in Figure 1 than from the lower panel. From Figure 2, one can see the effect of
performing logarithmic transformation of the plasma concentrations. The result is that a one-
compartment model would fit data in Figure 2. The rate of elimination does not change, but
semi-logarithmic transformation of data is best able to demonstrate when no change in the
rate is present, compared to a non-transformed plot. The upper panel in Figure 2 shows
typical plasma concentration versus time results, while the lower panel shows the
transformation, which corresponds with a one compartment model.

For more than a one compartment, the true value of the distribution and elimination
rates cannot be directly seen from the curve and data stripping is necessary to differentiate
the elimination rates of the two compartments. The process of data stripping will not be
discussed further in this review. There are other resources for this and most PK programs
can perform data stripping (Riviere 1997; Rescigno 2001; Merle et al. 2004).

Traditional compartmental modeling techniques do not attempt to develop a
physiologic rationale to explain the data or even to link the data to compartments if the model
contains these. Rather traditional modeling relies upon the data for its constraints, using
distribution and elimination rate constants from the data to best fit it to a number of

compartments. It is often explained that compartments relate to physiologically related
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tissues or areas in the body; however, the time frame of experiments is often a better
explanation as to why the same drug requires different structural models most of the time.
The importance of the traditional approach is that data-intensive sampling is necessary to
avoid missing changes in rate constants as seen in Figure 1 (Riviere 1997; FDA 1999; Green
and Duffull 2003). From traditional models, physiology can be super-imposed upon the
results to explain what may be happening in the body and assign physiologic functions and
rationales to a mathematical process (Rescigno 2001). These approaches are often used for
initial studies, when PK parameters are unknown.

Compartmental PK modeling techniques have been used to look at sulfamethazine and
tetracycline in swine over the last few decades. However, no approaches used the SMT
approach. Pharmacokinetic studies for sulfamethazine have been performed by Nouws et al
(1986; 1989); and Sweeney et al (1993). Several compartmental studies have also been
performed on tetracycline given intravenous and compared those levels with plasma
concentrations attained by feed medicated with tetracycline (Kellaway and Marriot 1975;
Kniffen et al. 1989; Nielsen and Gyrd-Hansen 1996). These data can serve as a comparative

starting point for modeling these drugs dosed in water in commercially housed swine.

PHYSIOLOGICALLY-BASED PHARMACOKINETICS

Physiologic-based PK (PBPK) modeling requires an understanding of the above
concepts in conjunction with specific information about ADME for the drug(s) being
modeled. PBPK modeling is a data-intensive modeling system (FDA 1999; Buur et al. 2005;

Buur et al. 2005) and is based on heavily sampled individuals. Unlike traditional PK models
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that are generally simplified to a log-linear regression model or a compartment model, PBPK
modeling uses physiologically important parameters to develop a model that predicts known
data (Kawai et al. 1994 (Buur et al. 2005; Buur et al. 2005). In many ways PBPK is similar
to compartmental modeling; however, rather than allowing the drug profile to determine the
model, in PBPK modeling, the modeler sets up compartments that correspond most often to
tissues in the body with known volumes and blood flow rates (Emond et al. 2005). PBPK
modeling is therefore an individual-based model. PBPK models attempt to more accurately
predict the physiologic processes taking place than compartmental models. This is done by
using actual organ or organ systems data, physiologically important to the drug in terms of
drug distribution, drug targeting (PD), metabolism and elimination. Defining common
parameters such as cardiac output (heart rate and stroke volume), respiration rates, blood
flow rates, physiologic effectors (exercise, blood pressure) and metabolic processes are
necessary for a functioning model. The major difficulty of PBPK models is appropriately
applying the huge amount of physiologic data about organ volumes, blood flow rates and
percentages of cardiac output to the model in a meaningful way. Many of these measured
values are hard if not impossible to acquire in a valid and physiologically relevant way.
Furthermore, due to the complicated nature of PBPK models, there is a great need for
simplification. One major simplification of PBPK modeling has been and remains the need
for the model to be flow-limited (Kawai et al. 1994). Without the model being flow limited,
the model would be completely unsolvable without protein-binding/dissolution rates and
transporter processing rates. However, when making a PBPK model flow limited, one must

assign partition or diffusion constants that determine the rate or portion of drug in the blood
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that will enter the compartment or organ being modeled. The partition coefficient is often
very difficult to determine in vivo and model optimization is often performed to determine
partition coefficients. Finally, PBPK models assume instantaneous diffusion with
homogenous compartmental mixing. These simplifications ignore the effect of cells and
various cell types within compartments that represent organs, but often work to make the
model meaningful without being overly complex.

Because PBPK models are individual models, most variation in PBPK models is
intra-individual error (Evans et al. 2001; Buur et al. 2005; Buur et al. 2005). Intra-individual
error is found within an individual, often tied to physiologic processes discussed above. Due
to their individual nature, PBPK models often lump intra-individual error with measurement
error from variability in the analytical process which is up to 20% in some validated assays
(Bressolle et al. 1996). Measurement error is often assumed to be larger than the physiologic
error, and thus intra-individual error is often ignored. However, with some assays
measurement error is very small and therefore, assuming measurement error is the total error
in PBPK models can lead to misspecification of the model. This misspecification is
especially troublesome when developing PBPK models for application to non-homogenous
or genetically polymorphous populations, especially if differences in metabolic or
elimination processes are unknown between the model population and a genetically different
or diseased population. Model misspecification often cannot be differentiated from large
intra-individual errors. Crucial to proper PBPK model development is a good understanding
of ADME and its proper application. Based on the potential for misspecification, when

variability is large, validation of PBPK models can be difficult.
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The greatest limitation of PBPK modeling is its lack of certainty for many
physiologic parameters. This unfortunately provides a sizeable and unquantifiable error,
which makes model validation difficult. If two populations are known to be similar it may be
safe to make population predictions with PBPK models. However, populations must be
similar as the model may lack external validity in a target population due to variability not
represented in the model (FDA 1999). One example of this type of variability occurs with
genetic polymorphisms in populations. These polymorphisms result in a ‘high’ metabolic
status and a ‘low’ metabolic status (Clewell and Andersen 1996). Some modeling programs
allow optimization of models based on minimizing sum of squares of the residuals and allow
comparison of the model output to the observed data. Model optimization algorithms predict
the best parameter values based on the designed model, and they often allow other data sets
to be included for model comparison. However, with PBPK models, due to the variability in
sources of data for model development (including PK studies for comparable data,
metabolism data, etc), methods of model comparison are not easily performed. It may be
possible to use statistical programs to perform residual sum of squares comparisons between
models for a single data set in addition to graphical methods.

PBPK models have been used in various ways in the last 2 decades. First, they can be
used to extrapolate to situations of unknown dosing (e.g. (Mason et al. 2008), potential
changes in pharmacokinetic parameters or rates of elimination (Emond et al. 2005; Emond et
al. 2006) and extrapolation across species from those previously characterized (Kirman et al.
2003; De Buck and Mackie 2007). This techniques provides a way to scale physiologically

rather than on traditional allometric (body weight), surface area or other scaling factors
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(Kirman et al. 2003). This flexibility is a great asset and allows PK modeling of situations
not feasibly modeled via traditional methods, especially where physiologic processes are
known but there is limited data for that species (Emond et al. 2005). Chapter 2 of this work
compares a traditional model to a previously validated PBPK model (Buur et al. 2005) to
determine what might be happening in a production setting. The flexibility of PBPK
modeling is the only technique discussed in this work that allows the aforementioned
situation to be elucidated.

Finally, PBPK modeling can be combined with many other techniques including
Monte Carlo analysis, covariate modeling, Bayesian forecasting and statistical techniques to
provide a population approach to pharmacokinetics (Clewell and Andersen 1996; Sproule et
al. 1997; Jonsson and Johanson 2003; Buur et al. 2006; Sprandel et al. 2006). Typically,
since PBPK modeling is an individual-based modeling approach, the use of these population
methods are applied on top of the developed model. These population modeling techniques
are based on statistical analysis and typically apply normal distributions over parameter
values to account for physiologic variability and error in the model. By running a PBPK
model many hundreds of times using these distributions, one can develop a sense of the
likelihood of what may be happening in a population of animals or humans exposed to a drug
at a given route and dose. Buur et al (2006) applied this technique to residue analysis for
veterinary medicine recently. The aforementioned techniques have been used in conjunction
with PBPK models to determine population and pharmacodynamic effects (el-Masri et al.

1995; Gueorguieva et al. 2007) and should be reviewed for more information on PD.
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POPULATION PHARMACOKINETICS

Population PK modeling is a statistically based pharmacokinetic approach to
modeling sparse data of a large numbers of subjects. This techniques uses the variability
inherent to the population for better modeling sub-groups that cannot be addressed fully by
traditional PK models (del Castillo et al. 2006). The covariate structures, or subject specific
groupings, in a system of equations is overlaid on a traditional compartmental
pharmacokinetic model. The statistical components of the modeling allow for a normal
distribution for the error terms to account for intra-subject variability and variability in
pharmacokinetic parameter distributions. These parameter distributions can be parametric,
semi-parametric or non-parametric, but most modeling algorithms employ parametric
distributions. These distributions are applied to the PK parameters population mean by error
terms or equations based on multiplicative, additive or exponential relationships. The
determination of the error modeling scheme is best determined by the nature of the data and
is beyond the scope of this review (Davidian and Gallant 1992; Davidian and Giltinan 1993;
Park et al. 1997; Parke et al. 1999).

The benefit of this type of modeling is evidenced when data is scarce for individuals
and there are differences in pharmacokinetic parameters or measured outcomes across groups
of individuals based on factors, typically referred to as covariates. In population PK models,
it is useful to understand the physiology of the drug, as with PBPK (Karlsson and Sheiner
1994; Mager and Goller 1995; Martin-Jimenez and Riviere 2001; Martin-Jimenez and
Riviere 2002; Vinks 2002; Wahlby et al. 2004). However, population PK modeling is not

based on a physiologic model but rather statistical theory of population distributions with an
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assumed variability (set by the modeler). In order to help characterize or define the
individual variability seen in PK models, covariates are used to address this inter-individual
(or between subject) variability (FDA 1999; Merle et al. 2004; del Castillo et al. 2006).
Emphasis is often placed on covariates that provide information on differences in
pharmacokinetic parameters among subgroups. These differences typically relate to
physiologic parameters of metabolism or clearance of a drug (such as enzyme
polymorphisms or disease states), as well as other changes in basic physiologic parameters
(Martin-Jimenez and Riviere 2001; Wahlby et al. 2004) including volume of distribution and
protein binding. Population PK covariates may include physiologic functions, such as serum
creatinine, liver-specific enzyme levels, age, blood pressure, or body condition score or
weight; or they may be categorical variables, such as gender or health status (Martin-Jimenez
and Riviere 2001; Mager 2004; Wahlby et al. 2004). These covariates are used to provide
insight into the pharmacokinetics related to a drug by providing a physiologic basis for
mimicking variability present in the population. Because this technique is based in statistics,
not a physiologic-based technique, population PK experiments can use less intensive data
collection than PBPK models while maintaining a robust ability to predict population
parameters across subgroups (FDA 1999; Wahlby et al. 2004).

The strength to population PK modeling lies in its ability to account for both intra-
individual and inter-individual errors (Martin-Jimenez and Riviere 2001; del Castillo et al.
2006). The intra-individual error has to be set before the inter-individual error is addressed.
Once intra-individual variability is specified, often by repeated measures, the inter-subject

error is set using the covariate distributions in the model. Finally, undefined
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‘interoccasional’ or random error () accounts for other variability (Wahlby et al. 2004).
Therefore, we can say that the identifiable sources of variability (parameter variability,
covariate effects, and measurement error) for the model are what allow this method to work.
These are notated as follows:

y for intersubject error (i.e. individual differences)

o’ for intersubject variability.

¢ for random error for each observed 1, which may contain variability in intra-

individual error depending upon how the model is specified.

Each of these types of errors is set for the parameters involved in the model in order
to simulate the concentration-time profiles and other directly measured data. With
population PK modeling, it is essential that differences among these error terms be specified.
Without defining the error types, model covariates or bias may not be fully elucidated. It is
possible to develop a model without defining each error type; however, the coefficient of
variation across the PK parameters in the model would undoubtedly be very high or
incalculable. Therefore the accuracy and precision of the PK parameters would be poor
because of undefined error rates, which increase model uncertainty.

Because this is a statistical technique, one of the benefits of mixed effects population
modeling is the ability to employ bootstrapping, re-sampling, and data splitting to the
original data sets, if necessary, to increase sample population sizes. The above techniques
along with varying the type of parameter distributions can help modelers avoid
misspecification of parameter variability and improve model fit (Davidian and Gallant 1992;

Park et al. 1997; Parke et al. 1999; Oberg and Davidian 2000; Bustad et al. 2006; Sprandel et
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al. 2006). Various studies have been performed in the literature in both human and
veterinary medicine applying various programs including NonMEM, WinBugs and
WinNonMix to population pharmacokinetic modeling. Further review is directed to the
following sources (Davidian and Gallant 1992; Karlsson and Sheiner 1994; Yuh et al. 1994;
Vinks et al. 1996; Concordet and Toutain 1997; Martin-Jimenez and Riviere 1998; Gupta et
al. 2001; Martin-Jimenez and Riviere 2001; Martin-Jimenez and Riviere 2002; Peyrou et al.

2004; Anderson et al. 2006; del Castillo et al. 2006; Chervoneva et al. 2007).

MIXED EFFECTS MODELING OF WATER MEDICATIONS IN HERDS

The above population modeling techniques have been applied to veterinary medicine
very effectively. However, when attempting to model medications administered via water,
there are several unique concerns related to the method as well as to treating swine in
commercial facilities. Therefore, many of the premises in previous studies may not be
feasible in commercial settings. The largest aforementioned problem is the fact that there is a
variable and unknown dose for each animal. Using deconvolution techniques may be
laborious, unfeasible, or provide large ranges of doses based upon the structural PK model
used. Deconvolution techniques also require prior information relative to the PK parameters
for the model structure chosen as well. A priori information for PK parameters is helpful but
not necessarily required for a population model. Whereas for a traditional deconvolution
techniques, clearance or elimination rates must be known in order for a dose to be calculable.

With some types of population pharmacokinetic modeling one can actually bypass
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calculating the actual dose if known covariates and fixed variables are available to help
determine a dose. This technique is discussed further in Chapter 5.

Although the statistical portion of the model is defined by parameter distributions, a
traditional PK structural (i.e. compartmental) model is still the basis of the design In
determining which model type to use (compartmental type (micro vs. macro) and number,
sampling schemes, etc.), there are many approaches in the literature and often involve
different algorithms for crafting studies including D-optimal design (Tod et al. 1998; Green
and Duffull 2003; Gueorguieva et al. 2006) and two stage model approaches (Yeap and
Davidian 2001; Tam et al. 2003). There are also pharmacoepidemological (Clewell and
Andersen 1996; Dorr et al. 2009) and pharmacogenetic approaches (Borges et al. 2006) that
may be able to provide PK data for analysis. In Chapter 5, the final model chosen was an
open one-compartment traditional PK model. However, a two compartment model was also
considered as an option.

Due to the flexibility of pharmacostatistical models and the ability to use Bayesian
forecasting, some of the limitations to traditional modeling, such as needing a dose, can be
avoided. The model types chosen were based upon the data from the initial tetracycline
study. The data was collected from a two-stage modeling scheme, with relatively data rich
sampling in few animals over the dosing period. Much individual subject data was collected
and calculated in this process in addition to plasma concentration-time profiles, including
body weight, daily weight gain, water use, water concentration, and serum creatinine.

The two stage model allowed the data to be collected and interpreted by a traditional

SMT technique that gave estimates of apparent bioavailability and clearance for the groups
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of animals (discussed further in Chapter 3). This two stage method allowed individual PK
parameters to be calculated first and then group parameters were calculated. This initial data
was applied to the population mixed effects model to determine factors important to plasma
concentration variability for a larger population (Jonsson et al. 2000; Bustad et al. 2006).
This method also provided a priori parameter estimates of the group PK parameters and
served as a later comparison to the final model parameters.

In the initial model development, after this two-stage modeling was finished, a large
amount of variability was left among individual animal concentrations. Furthermore, two of
the treatment group’s steady state concentrations were not able to be differentiated. A basic
linear model was developed that related steady state plasma concentrations to the water
concentrations to which the animals were exposed (Figure 3). The reasons behind this large
variability were unknown in the initial study.

In creating the mixed effects model, potential covariates were selected from collected
data as well as from published covariates commonly found in population modeling (Mager
2004). The major covariates considered were serum creatinine as a marker for clearance,
body weight as a surrogate for volume of distribution and bioavailability. Other factors that
were measured and considered for inclusion in the model were water consumption and the
ambient temperature. The final covariates chosen for the model should account for inter-
individual variability in the model and decrease the overall intra-subject and random error
significantly.

However, not all covariates that seem important will be useful. Therefore a selection

process is necessary. The basic ANOVA (linear) model above that characterizes
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concentration—time profiles related to the potential covariates was considered first. By
graphically plotting residuals of this linear model as a function of the covariate values for
each subject, a wealth of information on that covariate and its relationship to the data
surfaced. The graphical method allows one to determine the effects of each variable to the
results of a either a linear or compartmental model (Davidian and Gallant 1992). This is
analogous to multiple linear regression analysis of data to compare model fits. The graphical
technique, if used properly, can also reveal non-linear relationships of covariates that
ANOVA methods cannot detect. The residuals’ plot also helps explain the relationship of
these covariates. When no relationship or bias to the model is present from the covariate, the
residuals are evenly spaced above and below the estimated value for the model. However, if
covariates skew the residuals in non-random patterns, then this covariate should be
considered in the model design. This technique is often used with linear regression model
evaluations. This highly useful tool provides some insight into variables of importance and
can also suggest the type of relationship (linear, exponential, polynomial, etc.) that the
covariate may have to the model.

In Figure 3, the ANOV A model for predicting tetracycline concentrations in swine
was used as a predictor of data for Dorr et al (2009). Based on the plotted residuals, it is
clear that there is some model misspecification that over-predicts most of the time points.
This supported the need for a population model because the assumed linear model was
inadequate to predict across the 2 populations.

Another method of selecting covariates is to use step-wise additions of suspected

covariates to a population compartmental analysis (Gobburu and Lawrence 2002). Most
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modeling programs will show plot graphical relationships between PK parameters and the
covariate being tested across the populations, so differences can be detected. This is another
method for selecting covariates without performing statistical assessments prior to model
inclusion (Phoenix WinNonMix 6.0, Pharsight Co., Mountain View, CA).

Once the basic model structure is selected, many programs include a list of different
modeling algorithms. The algorithm selection allows one to compare the model results using
various model algorithms to determine the best algorithm to use. However, there are also
various published comparisons among algorithms and types of modeling methods to use.
Different algorithms include differences in the assumptions on normality, independent of
samples, and use of previous data in determining PK parameters. A few algorithms are
implemented in most programs, including first order, first order conditional estimation and
extended least squares (or other algorithm that is semi-parametric). With population studies,
repeated measures from some individuals are present and therefore, intra-individual
variability can be easily calculated with an algorithm that handles repeated measures.

The first order (FO) sum of squares is commonly used and typically assumes
independence of samples with a normal (Gaussian) distribution of error terms (Tanigawara et
al. 1994; Jonsson et al. 2000; Bustad et al. 2006). It may stray more for data samples with
intensive sampling from fewer individuals than other modeling algorithms. The First Order
Conditional Estimate (FOCE) model which includes Bayesian forecasting, does assume
normality, but with a Lindstrom-Bates algorithm, it includes a correction for repeated
measures (Lindstrom and Bates 1990; Yuh et al. 1994). Bayesian forecasting allows the use

of previous data points and parameter estimates to help determine the next estimate for the
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model when used for each individual. This method can be more accurate for sparse
population sampling where the individual parameters would normally contain greater error
than the typical FO or least squares techniques (Tanigawara et al. 1994; Jonsson et al. 2000).
Finally, the FOCE-Extended Least Squares or semi-parametric approach does not require
normality and uses Bayesian forecasting as does FOCE to determine the parameters (Bustad
et al. 2006). This method is best used to determine bimodal or populations with non-normal
distributions of one or more parameters. However, when this type of algorithm is used for
populations with normal parameter distributions, parameter skewing is more common
(Bustad et al. 2006).

Differences in algorithms can only be appreciated by running a model with known
parameters and comparing algorithm outputs directly. In general, for normal or fairly normal
populations, FOCE -LB and FO work well (Gobburu and Lawrence 2002; Bustad et al.
2006). However, if there is a bimodal or non-normal population parameter, algorithms that
do not assume normality and non-parametric techniques are better at fitting the data (Bustad
et al. 2006). The algorithm may be chosen based on expected outcome or on model
simulations. Evaluating the differences between models with covariate or PK structural

differences can be very difficult. Some of the means to do this are discussed below.

VALIDATION AND COMPARISONS
Determining the validity of a model is quite subjective. Unfortunately when a model
is developed, there is no definitive way to know that a model is valid or useful; and models

can only be disproven, never proven true. However to determine a model’s validity, it may
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be good to ask whether the model needs to be useful within only a limited context, such as in
your laboratory among technicians, or whether validity is required in other contexts. This is
a commonality in laboratory testing, where most sample ranges are laboratory specific.

This same concept can be applied to models. A model can be evaluated on several
fronts. Firstly, a model that explains a process may not actually need to be validated. This
would be a conceptual model that cannot be quantified. However, with pharmacokinetics,
models need to often be applied to other similar situations. Applications of PK models to
other situations is of greater importance than conceptual models because applications
determine if the techniques used or methods employed are useful beyond the conditions of
initial development.

A model’s applicability beyond its development conditions is often referred to as its
overall validity. There are two types of validity: internal and external. If experiments are
designed and performed correctly, a model should have internal validity. Method validation
is especially important for PBPK and population PK analyses because the method ensures
internal validity (Bressolle et al. 1996; FDA 1999). However, external validity must be
determined from a separate validation process. Validation of models has been discussed via
FDA in its Guidance for Industry (2003). External validation is best done via at least two
data sets. The first set is needed to develop the model while the second set is used to validate
it. The validation set data are entered into the model and the model’s predictions are
compared to the response data. Model validation suggests that a model can predict data
outside of its sample population but within some constraints such as population type or

dosing range (FDA 1999; Wahlby et al. 2004; Buur et al. 2005; Buur et al. 2006).
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There are several model selection criteria described in the literature, but only three
will be mentioned here. Typically modeling programs provide at least one type of selection
criterion with model runs. These criteria and the graphical results of nested models with
progressive additions of covariates, including different relationships of the covariates, are a
helpful way to develop a model. In developing population PK models, using two or more
data sets collected from different studies provides for a more robust model design. However,
this approach may omit certain covariate data for some inter-study comparisons, which may
increase the total model score (show a decreased fit). Some of the typical model comparison
tests for non-linear models are the loglikelihood ratio, Akaike’s Information Criteria and
Bayesian Information Criteria. There are many other methods that are employed, but these
criteria are traditional recognized by many programs and are readily calculated.

The log likelihood ratio (LLR) is a test statistic that uses a value assigned to a model
based on a chi square distribution. This distribution assumes statistically independent
variables with a Gaussian distribution. If this assumption of independent variables or
covariates is violated then the LLR may be invalid. This ratio is based on the comparison of
two or more “nested” or similar models. When models are “nested”, they contain the same
basic structure and often additional variables are added one at a time to the model. When
comparing the ratio of two LLR with different degrees of freedom (different numbers of
parameters), the ratio is accessed based on the Type I error rate (alpha), which is set by the
modeler. If the test statistic is significant, then the new model is better than the previous
model. If the LLR is not significant then the model with fewer parameters is a better fit even

thought the likelihood value is smaller. Whenever more parameters are added to any model,
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the fit of the model based on a sum of squares estimate will increase because the random
error term of the model will decrease. This test provides a way to statistically compare
models based on a p-value statistic. However, this statistic often exhibits a bias towards a
simpler model and is considered biased when used with sparse sampling techniques (Ludden
et al. 1994).

Akaike’s information criterion (AIC) is one of the most popular and often used
methods for both linear and non-linear model comparisons. The AIC is an algorithm that can
also be used to compare similar models, but the models do not necessarily have to be nested
for comparison. However, the use of AIC across datasets should be approached with care as
this value tends to be affected by the sample size (Burnham and Anderson 2004). The AIC
values can be directly compared, but the total value is affected by the data as well as the
model itself which and therefore, changing only one at a time is the best practice for
comparison. The lower the AIC value, the better the model fit. The following equation
represents the AIC calculation:

AIC =2k -2 In (L), (5)

Where, k is the number of parameters and L is the maximized value of the likelihood
function (or sum of squares) for the model in question (Ludden et al. 1994). This formula is
based on the residual sum of squares for all observations (i.e. just the random error term
variance). This value does not have to be compared to another model by a statistic like the
LLR because it includes a small penalty, an increase in the AIC value, based on 2 times the
number of parameters in the model. Therefore when AIC values are compared between two

models, the modeler does not have to determine if over-fitting of the model is occurring but
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can rather directly compare the AIC values. The AIC is more predictive with complex
models and with sparse sampling methodologies than the LLR or F-tests. This criterion is
better for selecting complex models compared to either the LLR or the Bayesian information
criterion (Ludden et al. 1994; Vonesh et al. 1996; Burnham and Anderson 2004). There is
also a corrected AIC value, which has a modified equation to prevent bias when sample size
is small. With large sample sizes it converges to the original AIC value, but some scholars
suggest it always be used in place of the original AIC value (Burnham and Anderson 2004).

Bayesian information criterion (BIC), also called the Schwartz criterion, is another
method of model comparison that has gained favor in the last decade as well. It is based on a
similar equation as the AIC, residual sum of square (RSS) error with a penalty for over-
specifying the model. The main difference between the BIC and the AIC, besides the
philosophy of their bases, is the size of the penalty for adding parameters. The following
equation describes the BIC:

-2 In p(xlk) =-2 In L + k In (n); (6)

where p(xIk) is the likelihood of the observed data (x) given the number of
parameters, k; L is the likelihood function for the estimated model and n is the number of
observations. The value of -2 In L is equal to RSS/(variance of error terms) and is therefore
dependent on the number of observations (n). The statistics are more complicated with
repeated dosing regimens, but the basic premise is that the model is based on decreasing the
error term and avoiding an overfitted model. The BIC has been found to be less likely to
correctly select more complex models compared to the AIC (Ludden et al. 1994; Burnham

and Anderson 2004). However, overall, the BIC is good at selecting the correct model in
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sparse sampling situations (Markon and Krueger 2004; Link and Barker 2006). With the
BIC, a smaller model number is a better fit, as with the AIC and LLR. It is likely that
evaluating a model in light of these three criteria will give a better estimate than just using
one alone. By using two or more, some of the biases will be removed and the models can be
viewed in light of the limitations of each method.

Once a group of models is selected, one or more of the above criteria should then be
used to assess an independently collected data set when run on the models. If one of the
models represents a “good fit”, then that model may be valid for multiple datasets. The
model should then be applied to at least another population or dataset to determine its
validity. With a robust enough model design and analysis, a model that appears valid for
more than one dataset would appear to be potentially externally validated and should be
tested across various populations.

However, one reported drawback for population modeling is the accuracy to
individual patients (Vinks 2002). Using some traditional modeling techniques and known
covariates, a tighter range for the individual may be conceivable; however, the goal of
population pharmacokinetic modeling is not to model one person but to provide a way to
determine what doses of a drug should be applied to a group of individuals with known
disease (or other covariates), or conversely, to predict likely plasma levels of a drug when a
person within a covariate group is in need of a specific treatment. The population model will
determine a regimen that will work for a population of individuals; however, there are still 5
to 10 people per 100 that may not fit that population model. This lack of individuality is the

reported drawback to population modeling. However, if the model is well designed and
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enough information is known about a subject, population PK models should provide a range
into which most subjects will fall. In many respects this is better for most subjects as an
individual PK model cannot be made for individuals during a treatment period due to the
intensive sampling. This concept is beneficial in a clinical setting where ill patients cannot
be monitored as closely as experimental subjects. Using population modeling techniques can
also be applied as described above for water medication dosing because the average or
common levels of a drug within the herd are more important than any individual animal’s

plasma concentration of that drug (FDA 1999; Wahlby et al. 2004).

VETERINARY MEDICAL APPLICATIONS OF THIS RESEARCH

The application of models in pharmacokinetic analysis is important for explanations
and predictions of therapeutic drug concentrations in veterinary patients. Previous studies
have applied population pharmacokinetic modeling to veterinary medicine and specifically to
food animal medicine (Martin-Jimenez and Riviere 2001; Martin-Jimenez et al. 2002;
Martin-Jimenez and Riviere 2002). Traditional modeling has been used extensively in
veterinary medical research. PBPK models have used less frequently in veterinary medicine;
however, this technique has been found useful in predicting population based drug
elimination and withdrawal times in pigs (Buur et al. 2005). Finally, population based
pharmacokinetics began being used in veterinary medicine in the 1990s and has been used by
others (del Castillo et al. 2006) to better characterize observed concentrations in animal
populations. Therefore these kinetic techniques have already been described and applied in

veterinary medicine to oral and intravenous medications.
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The previous comparisons of traditional, PBPK and population PK models illustrate
that models can vary greatly and yet they can all be applied to veterinary medicine. Models
are only as useful as their ability to complete the tasks for which they are employed. Any of
the three model types can be used, but one model type may be better suited for one task over
another. The usefulness of these models lies in their application to better explain real life
circumstances. PBPK modeling used in Chapter 2 helps to better model a contamination
situation which cannot be adequately addressed by traditional modeling. In Chapter 3,
statistical moment theory is used to illuminate the pharmacokinetic parameters of tetracycline
water medication, when an unknown dose is drunk by animals. However, these kinetics may
only be dubiously applied to a population with various doses and situations. Therefore,
Chapter 5 describes a non-linear mixed effects model that was developed to handle an
unknown dose, with known exposure levels to three populations of animals. From this
population based modeling technique, the role of covariates, both internal and external to the
pig, are used to predict plasma levels that might be seen in swine operations. From this
model, a 90% confidence interval for a population of animals with similar characteristics can
be discerned. Finally Chapter 4 discusses the role of tetracycline water medication from the
perspective of stability and it biological activity to round out the usefulness of this
medication in industry settings.

These various PK techniques can add to the body of knowledge available on how to
creatively approach problems that have been avoided due to their complexity and difficulty.
These techniques may help with residue avoidance in populations of food animals (Martin-

Jimenez and Riviere 1998; FDA 1999), toxicology dosing dilemmas in back-calculating
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potential exposure (el-Masri et al. 1995; Jonsson and Johanson 2003; Mason et al. 2008) and
in other variable dosing situations such as in treating wildlife, pet birds and rabbits. The
applications of these methods to veterinary medicine in general and to herd medicine

specifically are the focus of this work.
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Table 1: Generalized Characteristics of the Three Model Types

Model Type Error Approach Direct Application ~ Sampling Extended
Application
Compartment Random Curve fitting Individual Few subjects, many  Averaging of PK
time points parameters is used
to apply to
populations
PBPK Random Mechanistic Individual Many time points Monte Carlo,
Intraindividual from few to many Bayesian and
subjects statistical
techniques can be
applied over model
to extend it to a
population
Population PK Random Curve Fitting Population Few subjects with Difficult to apply to
Intraindividual Statistical many time points to  individuals. May
Interindividual many subjects with  apply to covariate

few time points

specific populations
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Figure 1: The top panel shows a more intensive sampling regimen of the plasma
compartment than the lower panel. The compartmental PK analysis from the sparse
sampling scheme will not detect the distribution phase from 0 to 5 hours in this example.

39



251

Concentration (ppm)
&

0.5

0 5 10 15 20 25 30

Time (hours)
10
1
€
o
e
c
8
® 0.1+
t
8
c
Q
o
0.01
0.001 T T T T T .
0 5 10 15 20 25 30
Time (hours)

Figure 2: Data transformation of pharmacokinetic profiles by logarithmic transformation of
the y-axis is frequently performed prior to compartmental PK analysis. The top panel
exhibits untransformed data, while the lower panel shows the transformed data.
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by weighting the terminal time points.
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ABSTRACT

Sulfmetliging s often used Lo real discase it Uhe swine indusiey, Sullsmcthazine is available as water or leed nwdivation
aned hastorieally fover the past 0 et has been sssoviated with residug violations m bt the Daited Staes ansd Burope.
Despite sulfamethasine’s approv:
Lation s sovanlable. Therefone, o pilon stady wis e
medication, FPlasinta levels i pigs treated with o oral bolus £2500 mgfhge ), which s cguivalent we the whal drog comsuned
within a 24-h period, achieved therpeutic concemirmious (30 wgdmlh Noocomparmenial-losed phanmacokiaetic model po-
rameters Jor clesrance, hadl-lite, wd volume of distribugion were consistient with previously published values i swine, Howe
es b sulfmmetharine ot levels curremly above oleraaee (001 ppam),
e reemmment Jdose simulagion wis compared wath ohaerved plasina

fowr tise s 2 weiter medicanion, linde research on the phamuacokinetics of the water Fomu-

e e determiine the plsma levels of an approved sulGuneilagine swaler

ever, the abarve treatment resalted i cxposure of per o
Llsimg o physiologivally hased pharmmcokmetic moded,
levels of ingaled pigs |fi;-3gi|1i|i|:,- ol the phvsiologivally hased phormeacokinetic moded alsa allonwesd sanalanusn of contrd-pag
plasmma levels toestimate contamination expesure, A sinulated cxposune T LTS mfhge twice withen approsimaely S horesulted
in deteeble fuvels sl sullimethae it the comrrol prigs, Aler iniad expasare, o much lower dose of LO3Y mgfhg muaintained
the conummmtion levels above wlernee Tor a0l
hecause in commercial Girmes, the entire boen i olten ireated, and environmental contamination could result in fesidues of an

st A days, These resalis wre of concern Tor producers aml veleris

winkmwwnt dluaration

Over the past decade, the coneern of antimigrohial re-
sislanee Bas inereased the serutiny on velerinary medica-
tons routes of administration. and dosages adminstered w
ferne amimalds =30 £ TFE In 1996, as o dircet resol of
e Andmal Medicinad Drog Use Clailieation Avt of 19494
(200 the prescribing power of velerinarians nercased dri-
aattically, The Act also included swingent criteria concormn-
ing the administration of antibiutics W food-produciog an-
intls. Dlespate this step o inetease velerinarians” abilities
to coumbat animigl disense, human health advocacy and feg-
USSP LR have beconwe mone '\'Igil.ml in Ilh\l'liltll:illg
animall antibiotic use, emerging resistance. amd its potential
inpact vn public health, Tn the Tt decade, there have been
five Tederal nolices concernimg anbibiotic resistanee that re-
stricted the use ol certain clisses of antibiotics i foed an-
imatls (35 Do order W protect Tman bealth, withd ruwal
rimnes must be provided for all medications preseribed o
Toond apimals, Withdeawal times ane set by the VLS. Pood
amd Drug Addmpsirzieon (FI2AT bosed on the 95th conli-
dence interval of the Wth pereentile of the papulation, s
deseribed in thelr Crdalerrce for ey (21,

ULS, Depantment of Agricullure surveillanee programs
monitor cargisses Tor dmg residues, Over the past several

ul;

U1 S13-A2610 Pas: WI9-515-H35K

how fewr werespomdenee. Tel

Dl s 0 aesin el

¥ Present wllress, Westerin Lmveraty of Healil Sesmees, College of Ve
erimary Bledcine, W0 bt Second Stect, Poaneaw, UA W] TR, TSA,
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veirs, sullwmcthazine use has resulied inomuliple residoe
vielutions o swine, These vielations may be due 1o an ins
sweenrate withdrwal time (30, inaccurate medication of an-
imals, or from environmental contamination of the dmg {7,
FO-F 20 There is evidence B e corrent FODA withdriwn]
time of 15 duvs gset in 19823 is inadeguate Tor an ol
loauding dose of (247 mgdkgr and daily dose of 123 mpfke
for 4 consecutive davs €5 f40 Inoorder W prevenm viela-
tioms, due (o increasced Japanese imiport fesIAcEions., iy
swine prowluction units implement e 80-day withidrawal
time for sulfamethazine wuter medication in lcaled bams
1223

With herghtened serutiny on food ammal antimicrobial
use and legislators encouraging o ban oo all nostherapeutig
use of antimicrobials, the fued production indesiry peeds
effective and easily admipistercd medications. Smce no ex-
tra-label medicated Teeds can he prescribed 1200, drogs are
ulten administercd by water, To one knowledge, there
wo published reports on therapentic concentrations of sul-
famethazine water medications and their potemtial effect on
the animal environment.

This study wsed both traditional  nencompartmenlal
|1|1;||'m'.]|.:c'-k]|u:n'-.' {PE)Y muodeling .in't;ll:\-'::i:-u umd e prevaeusly
waliclwied physinlogie-based plarmacokinetic (PBPK) mold-
el 65, 6) to validme this onal gavage study and e predict
exposure in pen mates, PBPK has been uscd most in tox)-
culogy v explain dosing ranges in humans, Compared witk
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traclitionul PK modeling. PRBPK modeling uses parameters
based on animal physiclogy to medel dug deposition.
Some parameters used are organ perfusion. metabolic path-
witys, and exerction mechanisms. These parameters allow
ated mode] to use sparse time points, from which a
LK mad el would not be able w predicn. Buur e al.
{5, 6} have shown that PRPK modeling ean predict with-
diawal times for drugs. The U8, Foud Animal Residue
Avonlance Patbank program has wsed PEPK models 1o
caleulate withdrawal imtervals for letracveline in sheep and
Therefore, we extended this model
o predict oral exposure in nursery age pigs amnd pen male
exposure to sullfamethazine.

Bevause sick pigs do not drink as much as healihy pigs
P % 6) this pilet study moedeled the pharmacokinetic PK
parumcters when healthy pigs were orally gavaged with i
currently approved sulfwmethagine product (Sulmet, Fort
Dodge Animal Health, Madison, N b This provides mux-
imum plasma concentration levels that can be attained by
oral sulfamethazine. Furthermore. we compared tradimional
PE modeling with a PBPK model to mimic the treated-pig
levels. The purpose of this study was 1o validate our PBPK
meclel Tor oral data, by comparing the data obtained from
a known dose of sulfamethazine in an all-in—all-out pro-
duction system 1o previously obtained research data (5).
Furthermore, we used this information o model the con-
tamination seen in the control pigs housed with the weated
pigs. an unexpected finding, and 1 make predictions on the
magnitude of contaminativn that was scen.

MATERIALS AND METHODS

High-performance liguid chromatography methods, Sam-
ple preparation umlt processing were based on the method pub-
lished by Buur et al. 15 A1 Nine standard solutions containing
sulfamethazine (Spectrum Chemical Manufacturing  Company,
New Brunswick. N.L) were prepared MO 1, 0055, 01 05, 1L 2.5,
S0, and 20 ppimoew pgdml From a | AWKRppm stock solution} in
ol double dewnized water (ddHLOn and plasima. using no maore
than 5% tvolume) stock. Pliesma and water stndards produged
Calibration curves consistent and accurate. with variabhility less
than 200% and plasmaswater recovery of 93 W 965% , Plusina same
ples were iliered with o 3=em MOX solid-phase exiraction column
{Waters, Mildford. Mass.y before impection (35

All samples were ren on an Atlantis dC 1S colunm (C18 col-
wmnt, 4.0 h: 130w, 5 ply Witersy in 77% WAL ALeRale
hulter, pH adjosted w 4.5, and o 23%  scetonitrile wn a liguid
ehromuatograple (Waters 260 with autasampler) at T-mlin Mo
v, P2eteetion and guaniisication were perlomed on a Waters 996
photodiode array detector an 267 am. Prior we analy
were helid at 2970 belore each run while the calumn was heated
s 30°C (e S.5-min run fimes, with peak clution occirring at 5.1
min, Peaks were svametrical, sharp. and crispe Limit of quanti-
beamian wes st 1he curment FRA wlersace limil of 001 pgfiml and
1ol detection was sel al .05 pgdfml.

sulfamethazine m swine.

yain, samples

Animals, Pigs a4 w0 5 weeks of age were Boused at the
Nurth Careding Stae Umiversity Teaching  Ammial Unit {TALU)
R TRE |.,|,.\'i|i.|:‘I nursery burr on ikt Mowirs, The wiste 1s romoved
via i wash system thal runs under (e pens very hour. The TAL
aets ats o commercial all-in-all-ont one-site prodection Tacility,
Liversily Institutionad Animal Care and LUse Comminee approwval
was oblained For the animal stady, Foureen pigs between 115
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TABLE 1. Spertieel dovowr of aonimeaf pens

Pem A

Ten B . Pen ©
Animal For ¢ Al T or C Animal I C
Al C (L1 T [ e T
Al T 7 o Ci3 C
A3 T [LE] . Cl4 T
A T By T
AS C Bl T

B11 :

T, wreatmen: pigs, C. contral,

amd 15 kg from the TAL nursery were chosen i a complele
randomized block design {see Table 151 A 21 dlays of age, pigs
were weaned and moaved 1o the nursery, They were allowed 12
dhtvs of acclimation 1o the facility. domng which they were led o
melicated staner mtion containing penicillin for 4 davs, and were
provided a 21% protein, nonmedicated diet foe the remuainder of
the stady, O the first day of the study. unimals were weighed,
haud innial bleod <amples obtained. and were ear agged for wen-
rilication. %ix animals were uscd as controbs, OF the 14 pigs. 8
were chosen a randem ¢f bolh male and fentale sex for the g
meatnient. A metdl speculiem was osed as a g
pylene Foley catheter was insemed inte the esophugus of each pig.
Sullamethasine (Sulmet. For Dodge Animal Health) was given
orally wt approximately 24735 mpde aetual amount 25 dosed was
250 mgfhaed, s per e labelod inial-day water medivation dose.
Dhue wr the volume that had w be administered, the medication
could not be diluted, Mo gastromtesting] or other side ¢lfects were
observed from the reatment, Approsinttely 5 ml ol whale Dlood
was dliawin fronn each animal al G020 306, 8B E20 24 48, and 72
I postgavape. Blosd was centrifuged ar 1300 rpm for 15 min,
ardd the plisima was siphaned off and froeen at =BT unti] sam-
ples were processesh, within 6 weeks of the study being completed.

PK analvsis. Conventional PR analysis was perfonmed using
Winkonlin (Pharsighn, Mounin View, Calitl, which included a
woneompartmental analvsis on data from each pig. The erminal
slope Tnnm plotlmg the plismi eeneenirations over e was wasd
to caleulute hall-life. Az elenramee, volume of distabution (V3 snsd
area vder the curve (AUC) [or caeh of the treaunent pigs. The
abuve parameters except ot Voand AUC were caleulaed T the
comtri) pigs ws well We compared these values with the lieratere
1w valivane the study. A previously validaied PBPE model 13
sl gnakysis of bail seis of pig data, using AcsIXirems (Ae
Tevhnologies, Huntseille, Al The imisde]l was optinmiecd osing
physiologic parumeters from previeusly published data {14 185
Treutment-pig data were modeled and compared to this optimis
st [n order o analyze the control-plg daka, o dosing ponal
wits written 1o include an adjustahle lag twe and (lexible dosing
sehedule (in b tmve andd dose ). This opimized model. includimg
the vew dosing portal with lag time, was wsed 1o detenmine the
contral-piz expesire, These data were compiled with averages and
standard  deviations wsing Excel (Micrmosaft Corp.. Redmond,
Wash. ).

RESULTS
All treated pig plasma sulfamethazine concentrations
mose cduring the first 2 1o 12 b afer oral gavage, and thea
began to drop from peak levels hetween 400 and 700 pg/
wl {ppm) (Fig. LAY Within 24 h of the gavage dose. sul-
fumethazine was detectable in the plasma of untrested pigs
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FIGLURE 1. (A Mewrr camecafretion of e freatment pigs (n
Kp plonsme fevels with siediored deviarions presens oo sfow e
sppvwvgiel of elete. Moo pige 278 st fowee e paostenty were sereved
diwe b feerge adeviatfon frome e orfee oeitee, () Moean s
corteenivetions for e conteol pigs (n
die Tretenend ey, The stvceieht deottedd lmes cor eaclt gpeegale regs-

) o e sonaee pems as

reserd Mo Foderance Lt foe gl

and varied between 0200 w0 071 pp/ml The average ap-
pavent maximal concentration () 0 uniremed controk
pigs was 0573 peiml (Fig, L), Note thar plasma evels
were above lolermce in untreated pigs by 8 haler gavage
oo et pigs.

Mongompartnental analysiz using WinNonln of the
eight treated pigs and six cantrol pigs led o caleulation of
conventional PK parameters (Tables 3 amd 33 Average half-
life tor the treated pigs was 1A by with an apparent av-
crage lime o maximal coneentration of 5,75 b, Beeauss no
inravenos dili e bl bioavaiiability could o be
maessnred and therelore, PR parameters are confounded by
unkmown bicavailubility,

I ackelition 1o performing o trditional PE analysis, we
abser msed o pr\'\riuuxl}' wvalichted PEPE moadel (5, 6F inoan
anempt W improve modeling of observed data, Usig the
ariginal PRPE system, we optimized the madel using pub-
lished data, extending past 72 h (48 Using the optimized
maglel at a dosage of 250 mpfkg, the simulation Plci“ﬂud
aclual el pig plasina concenteations (g, 2A) A re-
aression line ol ubserved dati versus predicted data yickls
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orrelation covllicient ol .71 (Fig. 2B, and the residuals

suggest me systematic hins it the results (Fig, 20

W medeled contpal g expresire il determined wn
estimated oral exposure dose wud consistent time inlerval
of expostire, The ditain Figure 32008 0 PRPK medel sim-
wlation, which is a mone accurale represeolitisn ol contin-
ual ewal deng expuosure than s the nweadel in Figure T8,
Fagore 3 shows the simul 1omalel comipared with the
control-pig data. The residual graph indicales constan var-
iance, From PBPK simulation of the control-piz i, it
appears that pigs were exposed o the equivalent of 1w
minnl doses of 0005 mefhg o hours ol 3 on day L Bvery
I subseguently, the pigs hod ondy 0 consine approxi-
nlately £L059 mgefke sulfametbarine e maintin pliso lev-
els above wlerance. The moddel suggests this approxinate
exposure level until 36 b ofter the imital reaimenr.

IMSCUSSION

Trawhitiomal PR values obtained foom this animal siody
are consistent with PK data previously reported i the lin-
erature Tor adminisirion of sullfmethosine (13-05, 14,
20 Availahle papers ypically report pliasma convente-
tions o greater tham 30 wefml for conventionad twrapeutic
dosuges (1305 2000 The wreinment-pig data verily i
therapemic concentrations of sulfane e were achieved
through water medication, Thix sty did not investigate
the ability of sultomethazine as doseel in dinking waeer 10
achicve therapewtic concemrations. Insicad, o wlal Jduily
duse was given in one belus in order 1o detennime the igl-
est plasni conwentrtions ol ol sulfzmetlagine and 10 ob-
Lo eelevanm PR parnmeters. Approprite dosing ol waler
wedicutions 1o wehicve thermpeulic concentrions is o sub-
ject of funre research,

Al pigs, except for pig 12 {reatment grouph, hae ini-
tal suelfumethazine levels below the detection | Al-
themgh pig 12 had R padmd sudfamethasine s the start
ol the sy, this value is below the wlerines limat, This
dues hring o guestion il the pigs wene previously exposced
tor sullmmethazine.
rowing barmn through anfk or croep fead: however, the
day washout period should have been adegquate Lo remeve
any sulfamethagine comtamination, ax e pigs wene nod in-
tentionally exposed o sl Gumethazine, Studics have repon-
edd plasma samples containing race amonnts of sulfameth-
azine 1n pigs that were not previowsly treated §£4), lnterpig
vartability i metabolisng s another possible cause ol the
traee anoiits of sulfametheedne present (£2)0 There may
alsor be wmecognized age differences in pig acctylilion e
tabolism (8L Fimally, there was oo wide range of O val-
ues (413 1o 677 ppfml), which were nod associnled with
sex, age, o sipes Accelylation ditferences (although never
documented in pigsk could explain the variability ol peak
plasa levels in treated pigs, Due 1o the Targe dose of sul-
famctharine given o pig 12 G tresment pig), this mace
level worlld st signiticantly abler the peak plasma levels

Environmental contamination was shown 1o be o sig-
mabicant concerit i lhis study. Contrel prgs showed plasima
sulfametiine levels above toleranes by 8 B oafter gu
treatment of peat nites, Thus, i s possible 6o contaminile

xposure could bave oceurred in the fiir-
12-
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the pie cnclosure amd uchieve plasma levels of antibiotic in
el amiads et e of regelatory comcemm. To sty
the effevts of this contommmation, o PRPK mede] was adapi-
el sl vsed 1o exstinie possible oral esposire scenanios,
The mwsclel shmulation (Fig. 3A0, developed 1o meprosent the
contre] pigs, vses physiolopy consistent with pig bebavion
Pigs between | and 2 weeks of age suckle once every howy
LR Their requency ol drimking deereases gradually Trom
waatting ot 21 days vl it marrors adely drinking patlems.
Aclulis ik appros y TS5 ol their waler between B:00)
oatad S0 ponn, Based on e age o these pigs, the
mslel s consistent with pig helivior ¢ 435,

Based onn the PRPE simbateon, we Dy pothesicoe fll
comtrol pigs were being exposed from the chimination v
o pigs unti] approxinetely 360 hoafter minial
eaposure of e treated pies (g, 34 This s ul cencern
becanse kidney aoud muscle Tevels of the antibiolic see at
Jeatst en rd ol the peak plasma levels: Therefore, hidoey
and possibly mvesele could e contaninaed by sulfuemeth-
acine. Alter approximately 56 b i anounl ol excretion
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i and retheer predictions unii] the plisma levels are no longer Jdoiects
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we antd Ve been corrected B bioavailablily when e msmcompartinenta] valies were valeulatesd,

was Tow enongh that 30 conld he elimmated as tast as 0

entered b ol
comnbrol pigs nchiding elearismee and Bhadt=lie, are wor -
e I
s abmasrption: of (he dngg dictates e plasia coneen-
rration, Our maode] 15 Based on iternitient exposure [rom
King. although pigs nay be continueusly ex-
cliareine Trone urine andfor

Flwerelore. traditional PK paranwiees T

ity Lor ol et s of ip-dlop Kinetic, where

b

posed to low levels al sul
feves 17, =120

A e et ke B el contimination is now -
crring in larpe production systems Trom waler medbc
tions, However the apparent cise in transfer of antbisng
o treated o untreated piz can becone an s, The
mcthod of housing has Peen drawn into gquestion with other
studies (7. 0 FH MeCaugley (0020 20 demuonsirated pen,
Focul. atned wiler conbaniination oF pig housing at producten
and slamghier 1D i when Hovrs were selid or bedding
wis ot changed diily, Tlowever our ubservinions e sig-
nilicant because there are oo published reponts o the -
erature that Tave repeonied detectable levels of gonamma:
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FIGURE 2. (A} Stealevdemt duter shonies sthe pliysiodogie-Dosed
phoviracakinesie madel (FHaek i a gond repreesentation of the -
clividued posnrs, winef wre J'n_'ﬂrm['rrf-;afx lr.u"rr.v.'.l.'m‘ levels, (H) Ne-
gression fne iy oo goed gt given oot this amoded is opriagzed e
frttraveions instead of aval dura, () Resiehds show thet the picd-
ef preelives Detler qf feter tiere puants theee ol eariter Sl it

tion i tribar-Noor barns. Therelore, despite following an
FIxA-approved withdrawal time
untreated pigs housed i the sume environment as treated
pigs. days after the medication was oviginally given.
Some residucs may oceur because sulfamethazine is
stable in some environments. Ground water and soil studies
hiave found it present more thap 60 days since s last ap-
plicution (41 In many commercial pig systems. the lagoon
waler 1= recyeled, unlike at TALL fn this sitwation, the risk
ol contamination from a lagoon wish source, for instanee,
could result in extended residucs, In this ease, fecal con-
wmination is a likely way in which the medication was
availuble for consumption o the pigs. However, sullanmieth-
acine's stability combined with mene permanent eaviron-
mental contamination could result in unexpecied residues
and fines o producers and veterinarians. This may also ex-
plain why despite measures put in place by the FI>XA Center

violgtions may be seen in
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FIGURE 3. (A) Flre aprrtonized vwwde! preedicns the dosing regrimei
Jore fhe pigs B the stedve This eundel conuer b validared o s
time ilviee fe Tovek of doter poinis. () Residuad vadies shiow ol the
aeergled ix omear Piisedd aaned Feers consnand variarCe.

for Veterinary Medicine as well as indusiry, sulfamethazine
residue viokutions have continued w oveur

L wee recommend that procedures be pur
in place to protect untreated animauls from contaminant ex-
psure, Technigues need w be developed to ensun: contame
ipation s removed from e environment, Plasma levels of
approximately 1 pgfiml from contamination are significant
when compared 1o feed-addinve studies, with plasma sul-
famethazine levels of 9.5 w0 16 pg/ml (/40 The PBPK
model supgests that 0,039 medkg is capable of causing plas-
ma drug leveks 1o exeeed wleriiee, These bloed levels are
consistent with an 11-kg pig receiving less than 4 mg of
sulfamethazine orally per day, With such low sulfametha-
Fine levels contaminating pig enclosures, violative residucs
may comtinue wooeewr despite producer and  velerinary
compliance. Animal housing aind husbandry throughout the
entire production process remains important. Betier ap-
proaches 1o mode] antibiotic use in populations of animals
are needed in addinon o rescarch on e ellicaey ol waler
imnediviions.
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Pharmacology of tetracycline water medication in swine'

S. E. Mason,*t R. E. Baynes.*{* G. W. Almond,} J. E. Riviere,*}{ and A, B. Scheidti

*Comter {for Chemical Toxteology and Rescarch Pliarmacology; tDepartment of Population Health
and Pathobiology, College of Veterinary Medicine, North Caroling State Universily, Raleigh 27006
andl $Pfwer Animal Health, Hampstend, NC 28443

ABSTRACT: Medicating drinking waler witl Letra-
cyeline is commonly used in swine production systems
to Lreal and prevent disease outhreaks. However, little
information is known of the pharmacokinetics of Lhis
medication in water formulations, Twoenty-four barrows,
divided imto 1 control gronp {of nontreated animals)
and 3 cpually sized freatiments groups (n = §/group).
wore Lreated with tetracyeline water pusdication e 5
el at 125, 250, awd 50O mg/L. Blood samples were col-
lected at O (prestody), 4, 8 12, 24, 320 48, 56, T2, 80,
9G. and 104 b alter exposure, Data analyses consisted
of & noncompartmental pharmacokinetic anslysis and
statistical analvsis of steady state concentrations with
repeated measures ANOVA and mnltiple-comparisen
testing to deterniine whether plasma coneentrations dif-
fered among proups. Derived phnrmacokinelie parame-

ters woere consistent with previously published feed andd
intravenous data. Plasma tetracyeline concentralions
at steady state wepe 00 0233, 047, and 0.77 pg/ml lor
0-, 125-, 250-. and S00-mg/L exposures, respectively.,
Treatment group steady-state plasma concentrations
were significantly different from plasia concentrations
in comtral animals (7 < 0L0001Y; however, whereas the
125- and 250-myz/L groups were significantly diffurem
fronen the 500-wgfL group (0 < 0.0001), their mean
plustn teteaeveline concentrations did ool differ from
one another. Furthermoere, Lhe study showed that tel-
vacveline oral bicavailabilivy is very small. The dose re-
sponse curve also shiows that concentrations of plasma
tetracyeline incresse linearly, yel not ina 1 to 1 ralio,
for the direct Increase in water medicallon dose.

Key wards: pharmacokivetios, plasma concentration, swine, tetvacyeline, water medication

D2009 Amuerican Society of Aramel Sewnee. AN vights reserved.

INTRODUCTION

I comunercial swing production, antimicrobial medi-
cation often is used wller weaning, transport, or dor-

"The antlors Chank Beth Barlow (Certer fur Chemical Tosiool
v and Fescarch PhnTlT}H('IIJIw‘; U"EJilﬂ'I]il!II'l. of Poprilaticon Health
and Pathobiology, Coellege of Veterinary Meddicine, Navtl Corelina
Stare University) for HPLO assistance, Mhssy Llovd {Animal Sei-
enee Department. XNocth Caroling Stare Universily) [or performing
atomic wksofplion analysis vy carboy minorad content, Patty
Rouih (Department of Popmlstion Healllh abd Pathobiology, College
af Veterinary Medicine. Novth Caroline State Vhiiversily} [or her
wasistanen: o orgiadention and faeility set-up as well as bleeding and
lrandling animals. Whitney Weeks (Collexe of Veterinay Medicine
Maorth Carolinag State University) nssisted with sample preparation.
wod Juliet Allen [(Center for Chemieal Loxicolozy and Tlesoareh
Pharnweobogy. College of Veternory  Medicine, North Carolina
State Flaiversity) supplicd sratistical cxpertise. Al of the stall o
MOSU Swine Edueation Dol who peovided fuwility scl-up and main-
tenanee, animal care, handling, and movement weee Indispensible 1o
this shudy, Finadly, we thanz Amatowerk GmbEl & Cao, in Gerioany
for Lhe donation of ArmtoSk driokers and Plieer Aunimai Health for
Paading whe cutirery of this study,

"'{hrn_ﬂwndiu,; ikl vomald, Laymwesfinesuodu

Bewedvnd Pobruacy 9, 209,
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clerit 102527 fJas. 2008 1877

ing disease outbreaks. Coneern has grown over the last
decade between inereased antimicrobial resistance in
human pathopens and food animal anlimicrohial use
(FDA, 2003). In Europe, this policy led to the ban of
feed additives (EU. 2003) and a concurrcnl inereasce
in the use of water medications {personal obscrvalion
in European countries). Currently, there is only lim-
ited published phapnacokinetic (PK} data on waler
moediention formulations. inelading amoxicillin (Agerso
et al, 1998}, sulfamctlagine (Mason et al., 2008}, and
telracveline (Mielsen and Gyrd-1lansen, 1996).

Although a ban on {eed additives is not in effect in
the United States, PR studies to evaluate antibiotic
treatment and its effects should be conducted before
addopling blanket policies prohibiting drug use. Phar-
macokinetic stwlies would  characterize  1herapeutic
potential wud P parameters unigue Lo water antini-
crobiuls. ln addition to traditional PK paramcters, I'K-
plarmacodynmnic studies ean potentially relate the
impact of autimicrobinl nse on the ood supply and
public health (CDC, 2006},

Tetracyeline, an antibiotic labeled for the control and
treatment of salmonellosis, some entetic bacteria, and

3170
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susceptible respiratory diseases in pigs, was selected
as a test compound because of its common use (Aar-
estrup, 2005) and lack of PK data from observation-
al studies (Luthman et al., 1989; Pijpers et al., 1989;
Reeve-Johnson, 1998). An experiment was designed to
measure tetracycline concentrations in swine plasma.
This study design allowed for group comparisons of 4
doses, including control, and to determine if the dose
response of tetracycline is linear. These studies also as-
sessed whether tetracycline concentrations in plasma
consistently reached minimum inhibitory concentra-
tions of quality control (sensitive) bacteria (Isenberg,
2004; CLSIL, 2007; Qaiyumi, 2007).

MATERIALS AND METHODS

All_animals used in this study were housed and
treated in accordance with the North Carolina State
University Internal Animal Care and Use Committee
standards.

Animals, Treatment, and Facility

Twenty-four Yorkshire-Landrace cross barrows were
housed at North Carolina State University’s Swine
Unit Facility in individual pens on concrete. Barrows,
approximately 8 wk of age and weighing 16 to 18 kg at
the initiation of the study, were assigned to 1 of 4 treat-
ment groups {n = 6/group). One group received 0.5
times the label dose (125 mg/L) of tetracycline hydro-
chloride; the second, a label dose (250 mg/L); the third,
2 times the label dose (500 mg/L); and the control
group received water without tetracycline. Treatments
of 125, 250, and 500 mg/L were achieved by dissolv-
ing a preweighed amount of an approved tetracycline
water medication (AmTech, IVX Animal Health Inc.,
Saint Joseph, MO) into 19.2 L of water in individual
carboys for each animal. All animals were given 5 d
to acclimate to the facility and adapt to the carboy
drinking system before the start of the trial. The Nal-
gene carboys (Thermo Fisher Scientific, Waltham, MA)
were suspended from the ceiling and attached to the
barn plumbing via 0.9 to 1.4 m of 1.27-cm plastic tub-
ing and plumbers fittings. Arato80 drinkers (Aratowerk
GmbH & Co., Koln, Germany) were mounted in the
individual pens to minimize waste and spillage of wa-
ter used. Water flow rates varied between 500 and 800
mL/min, which is consistent with flow rates needed to
prevent dehydration in adult pigs (Leibbrandt et al.,
2001). Daily maximum and minimum temperatures
within in the barn were collected with a thermometer
and recorded daily.

Feed and Waier Composition

Water was assessed the month before the trial by the
North Carolina Agronomics department to determine
water quality on the farm. A 17% protein antibiotic-
free feed, ground on site, was fed to all animals ad

59

Mason et al,

libitum. Animals did not receive any antimicrobials or
growth promotants at least 10 d before the start of the
study. Carbadox, which did not interfere with HPLC,
was the only medication these pigs received in the nurs-
ery. Water was changed and tetracycline was remixed
every other day (i.e., d 1, 3, and 5) except for 2 pigs.
One pig drank excessively, using most of 1 carboy every
day; therefore, the water was replaced daily. One other
carboy fell on d 2, and the water was replaced. Water
use by each pig was measured with a graduated cylin-
der (to within 10 mL) on 2 separate days, the day be-
fore the study began, and on d 2, which was consistent
with daily water use. Water samples, randomly chosen,
were collected daily except for on d 2 and 5 when all
carboys were collected.

Other Measurements

Free catch urine samples were attempted daily (AM
only). Urine specific gravities were determined using a
refractometer, and tetracycline concentrations were de-
termined. All animals were weighed at the start of the
acclimation period and on the final day of the study.

Plasma Sample Preparations
and Chemistries

Blood was collected from each pig via venipuncture
of the anterior vena cava into 10-mL sodium heparin
tubes belore administration of the tetracycline water
medication (time 0, 800 h) and then at 4, 8, 12, 24, 32,
48, 56, 72, 80, 96, and 104 h after dosing. Whole blood
(before centrifugation) was assayed for hematocrit with
microcapillary tubes and total protein (via specific
gravity) on d 1. Antech Diagnostic Labs (Ithaca, NY)
performed urine creatinine (daily as collected) and se-
rum creatinine on d 1 and 5 for all pigs. Plasma was
harvested from all blood samples after centrifugation
(1,110 % g; 15 min; 4°C) within 1 h of collection and
split into 2 samples, for processing that week and for
storage at —80°C.

HPLC Analysis

A Waters Alliance 2695 HPLC with vacuum pump
and autosampler (Milford, MA) was used for tetracy-
cline quantification. The assay was a modified version of
Cheng et al. (1997) and Santosa et al. (1996). Two hun-
dred microliters of plasma were added to an equivalent
volume of releasing agent (78% water, 20% acetonitrile,
2% o-phosphoric acid) in a YM 10,000 Ultracel kit (Mil-
lipore Corporation, Milford, MA). The Ultracel appara-
tus was placed in an Eppendorf tube and centrifuged at
7,840 x g for 30 min at 22°C. Tetracycline was quanti-
fied using a Photodiode Array at 354.4-nm wavelength,
with peak integration by Empower software (Waters
Corporation). Samples were held away from light at
4°C for up to 7 d before a 4-min run on a Waters Atlan-
tis 4.6- x 150-mm C18 column in 28% acetonitrile, 72%
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005 A oxalic acied bnffer wl 35°C, Limil of ool ilica-
Liont, 1l lesst coneenbention that can be pepradacibly
gpaantified, for plasioan i distilled water was 0.1 g/
mal, sl the limit of detection wis consistently al or
Lelow 0.05 pe/mL. A linear curve for well water from
the Farn spiked with tetracyeline from 80 te 2800 mg/L
wis awloguate for our water samples sualyaesd hy HPLC.
AN vadues were within Uhe acceplad OV al 209, bosed
4 n|:1i|.lr sbivplard enrvies,

Pharmacokinetic Analysis

Pharmacokinetic analvsis was performed on each
gronp with WinNonLin {Pharsight, Mounlain View,
CAY ustisg o noncompartmental analyvsis Lo ealenlade
micsitn residence e (MR avea mader Che anoiiend,
cirve (AUMC), arca msder the eveve {AUC), and the
AUC between 32 and A8 h { AUCy 42). Die to animal
use limitations and the availability of previonsly pub-
lished data, an apparent oval bioavailability (F, 4] was
eslimated using experiuental orad datiand inbravenons
daba Trong nilken o1 ol (1S9 ncluding the inleave-
tnts cleeses mndd AUC, Tl Bollowing copuabinn was usedd
to calenlate F, oy lor cach animal:

Bogr & Dose o _ Doseyp
Al AUE, .

wlheve £, b e apparent o Dicavailability of the
telracyeline, fose, s e dose Tromn the widad [neis
sured concentralions ol the waler medieation mitiplied
by the amonnt of water consamed over 240 h) for the
animal (Supplemental Table 1 in hidp://jas fassorg/
comtent Vol 87 fissuel L), AUC,,; s Lhe AUC,, o from
WinNonLin e that anitesl, snd ALC - mind Dosegyyare
Wlae AU sl corvespemneding intravenous dese Trome Ue
Knitfen ot al, (1989 stwady. The caloulated  F was
then uscd to estimate clearance aoed vobeme of distribo-
tion al steady state for ench group based on the follow-
ing couabions:

R I  fhiar, Doage, # K
Vel — ey
L fr, T Ae 0, =

whewe Vil Is Lhe volume of distribution st steady state,
C1,, is clearance for the group, F.qis apparent Hoavail-
ahilily of the gronp. Dosey, is the dose [waler consimgp-
tion wultiplied by the coneentration of wiber) aver i
24=11 period for the g, and € is Whe coneentralion
af the mroup sl sterdy stabes For eaclr gromp, Lhe -
dividual snimal peak plasing concenteation (€, ) is
reporied with its corresponding tioe |

|||.'|'n.:|'

Statistical Analysis

A randomized Dlock design wis cinployved o Lest the
Ly potheses that tedraeveline coneentrations in plast
diflered mnong 4 treatment groups and il sleady-state
concentrations of any group reached 1 pg/ml. Daily
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3%V gain aand groanp BW pre- sl posistiady woere calon-
Lteel anveel compired] viae T-wae ANOVAL Dl maxinnmn
arw] windnman temperadiies were sl Wocaleukde o
mean i ad iwinhimun lemperature during e
study, Twor-way repeated ANOVA was performed (SAS
Tust, Ine., Cary, NC} using PROC MIXED with dose
amdl lime as independent variables Tur concentratinns
al stesdy state (frome 32 toc 104 L)L Moltiple compari-
sont Lesting was perforined with Sehelfe o deterimine
il dresebment of tetvaeyeline grotgs 125, 2500 awd S0
meg/L were dilforent. The dats were then graphed 1o
delermine if treatment groups displayed a linear ex-
postire-concentration enrve, One-wny ANOVA, using
dose ax Lhe independent variable with PROC MIXED.
wars anlso perlformoed on gronp PR pavseters, Al errors
warrer cpenlnded as per ervor mlysis nweLhods by Taylor
(L=,

The ANOVA compared plisia steady state coneen-
tration (32 to 104 h) poinis across all groups. Steady
stale i considerod the lime at whiclt ot least 5 half-
lives have tramspired. Provions data {Kuillen et al.
1hseh: Mg l=en il f:_\'n J-Hansen, 1G] anel onre eacrent
anndysis indionte Lhal the hall<life for Letraeveline i
swine ramges [vom 15 1o 6 b Therefore, steady state
should be reached between 200 and 30 Ly and the lrst
time point alter steady state was reached, 32 L, was
nsed 8 g conscrvalive initial thoe lor steadv-state PR
aitlysis.

RESULTS

All amiimals penained Lealthy throughout the study
irrespective of treatment gronp as evidenced by values
for BV, hemnloeril, semun creatinine, and arine spe-
cifie pravity {oxeept pig 13 disenssod below) Lypieal for
prigzs ol this age (Supplemental Table 1 available online
sl b/ e fssorg feondend fvol 8T fissne 1] Daily
peak temperatures were elevated at the beginning of ihe
week, were loss in Lhe middle of the week, and then in-
creased 1o above 32°C by the o of the week [Table 1)
Plasini coneentrations of tetvaeyeline o oach proup
juereased Tron Dedow the Tt of detection o stealy-
state concenbrations withio a 32-h pegiosd (Figue 1)
Stesuly-stale concentrabions etween gronps given 125
and 250 myg/L were not different from each other, hut
were different [rom control (£ < 00001} and the 500
mg/L (P < 00001 treatment {Table 2). The AUC
were alse dilferont hetween the condvol (7 < 00001
anil dloeses] wronaps, 125 and SH) /L (P < 0.8001)
presttisents, 200 and H00 mg /L {8 = 0L0025) groups, A
linear b indivect exposure-concenteation relalionship
of tetracyeline woter concentration and plasing conee-
Lration is proseuted in Figare 20 This is consistent with
reporls in human literatire and resourees hat indi-
cale deeroased absorplion of Targer doses of Letraeyeline
{Cezunleers, 20006},

Fharmenkinetie puraeweters [ Thble 2) were caliubal-
el based on the HIPLC data os explainoed o the Maderi-
als sl Moeihods section. A water analysis on the Lem
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Table 1. Daily maximm and minimam anbient tem-
peralires :!l'll'it!_'.; Lhe :-Ll.lldj\'

Thay Ehaily PrTETT Flaily minimnme.”
! 2.5
a 2.1
i 203
1 21.7
0 b
i ]
Avernge Al L N4 LhA L 02
"Waily okt teperatoee i Dosed o Ui peak lempeeraies

Ty #vening,
- lws] wil | Tae
[FFRL{RFHIT] |l'|||!a|"]l||'|l|l"

resmchies] witbiin the plg Tacilicy cach adtorasim o

"'I'I.'uilll. It i Ll vris B e Lamupmea ey f
Py Lawilivy in the carly worwing, listed as vhe
e the peevions ey,

{Talsde 3) shows that the water quality was approprinte
for the study wad did ool vesult in elevated levels ol
tetraeyeline caliot-complexitg. Waler teirneyeline con-
centrialions were measured for cach animal on 3 o or
wore, anrd freshly mived tetracyeline water concentra-
Lions were within Uhe assiy variability (20046) of the ex-
pecled coneenteation (Tablde 4}, which farther supports
waler quality. Wader consnplion wis Dol differen
across all proups of pigs. Based on lnear scattor plols,
Lhere was o alservable tl"l:11iu|1:-'|li|:| Tretwecens bl witler
consuEpiion and flow rates on Le r:-t[:}'l'lill(: ﬁtl.‘.‘lti}' stale
or average plasoe coneend rallons,

DISCUSSION

Pharmaeokinetic parnmelers of MRT. AUC, and
e wrere colsistent with previously  collecled data
{Kuillen et al.. 1989; Niclsen and Gyrd-Linnsen, 18990G)
froen s given telrneyveline orally. Tle wein ifTer-
enees and intended test vartable among the treatment
wronpes are Whe coneenbration ol steely stale (O ). This
is sipnificant because the other parameters of halflile,
MET, T and Vil are all sinilae b those provionsly
reported, Based on statistical analysis, parametoers with
nb least ane dilfvrence were plasina coneentradions af
steady state, o3 disenssed above, and the correspowd-
ing AUC, - Calenlated elesranees are similar to pravi-
omsly veporled values but should be interpeeted care-
Mally Based on the pee of Ghe pigs i our stady el
onr crlendation of apparent bioavailability, Aw apparent
hieavailability, or more covrectly the ratio betwern U
it of tedracveline in waler Wal wis nsed by Lhe
pigs compared with the aronnt of an inlravenous deose,
wis enlenlabed ol approximalely 6% aerces all Gread-
ment gronps, This ralio may be used o the fubire 1o
bl s dlederine Lo meh Lelreyeline i walie wonld
be necded to resch known concentrations in the blood.
Fasentilly, Lhis ratio theoretically meatis Ut nocdosie of
teteacyeline n water wonld lave to e approximately
2 times the dose given intravenously to approach the
AUC of that intravenous dose, This is based ooly on
1lais stuehy and may not hold for olher scenarios; how-
ever, il provides an estimade of the magnitiude of the
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dilference helbween an oral dose in a produclion setGing
ane anintravenons dose, This may nol be w Lene bio-
availability as is olserved by the potential diserepaney
in the clarances, Clearanee vates were simnilar among
the groups Dt slightly less (00080 pz o= ol = ")
than those previonsly veported between 016 and (.22
pg > ol e Y (Kaillen el ol 1985 Niclsen aned
Gyrd=-Hansen, 1996G), which adds crodenoe Lo the ap-
paenr! Diceeendlability pot being a0 tene Daoavadlabelity.
Based on this £, valne, vohoues of distribation at
stesuely stade | Vel) sdsoowere eadealated bl eaned. be
direetly compared with previous PR stndics values ol
¥il,,, . o Vil beeause they may nol be eguivalent
{Williaans, 190407,

I s inderesting boonode 1at s fow of Lhe andeals ap-
peared Lo overshoot steady state at 12 by, as seen by the
plastina coneentrations, hut steady state is ool reached
fon anetlier day. Purthermore. the peak conecoleation
fon Lo 5O g /1 pronps is ol 12 he However, for some
of these andanads, the peak ol 12 1owas subseguently fol-
lewed T addvop Lo steady-state concenlations by 32 T
This ey Tue explained by the Pl Lhad somee aniads
drank very little overnight and that the Grst day of the
shiaedy ws wari,

Furthermove, 2 aniinabs on the dose responsze curve
lid preater dhon anlieipled concentylions (grenter
than 1.5 SD [romn the average, with each auimal -
clucled i the avernge ). The fivst outlier, withio the 125
wig /L group, nsed approximadely 12 Loof water within
I dd. The seconed autlior did wol exhibit e measealile
differenee in BW, water L':JJl.'illlllpiji.nl., ar other Gutors
that cxplain the high plasma concentrations. Exelnsion
of bulh wuiwals increnses the coclTicien of deternin-
tion [or mean concentrations at steady-state from 0.7
Lo (LT [or the dose-response velationship,

The high temperatnres minged from 284 to 33.2°C
[oar Lhe whole week, Aceording Lo provions stadies, (he
maximal estimated water consumption of 1 L oof water
peer 10 Ky of BW s excpusete] esel ey for pias up Lo 50
el of ape (Tlarvey, 1994). DBased on this estinated waler
consiinption o plg BW of 15 Lo 20 kg, the expeeted
water consumpiion for the pigs in o study was L5 W
21 oof water daily, However, the pigs in our stady con-
sianed 2 Targer anwount of water relabive to their siae.
The inereased witer conswnplion for the animal size
cottld be explained Ty inerensed ambienl Lemporalares
as cotpared] with other stadies. On average, the water
consamption was 8 o B Loper pig por day (Suppleien-
tal Tulile 1 available online at http:/ fias. fassorg /eon-
Lot S0l 87 fissue 110 e b Lhe wearon sauldent bem-
peratures, it is anticipated that plasma concentralions
of Llaese aninuds aee close to peak attainaksle coneentra-
tiones based o the ainount of water consmned {Harvey,
LGOS, Btk

Only | animal appeared Lo use water excessively, up
Lo 12 Loewer otwe 24-h pegiod. This emay b duoe fo cither
pevehogenic waler drinking, whicl ean ocenr in o stall
propartion of animals o multiple species or from the
pigg plaving with L dreinker, The arine-specilic gea-
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Table 2. Pharmacokinelic parunoters for tetraeyeline waler wedicalion for each treal-
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iy of that pig o thal same day was LOKE which is
consistenl. with medullary washout amd excessive con-
snuplion of waler. Regardless of this particalar anind,
inereased waler congimmption is Che only varialde that
appenrs cormelated Lo Increased temnperalures,

14 wins ndso nelaed Tl Clee teteweveline Teoon Ue 260-
g/ Logromip began darkening in color by the late af-
Lernoown of o 2. This color change was also seen in Lhe
125 s B0/ L=torcated) carboys al Luder Bimes, The
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eonlro] water never changed color, This color change
was presumed to be velated 1o degridation rom tetra-
eyeline exposare Lo light; bowever, ashioly by Wiz aud
Fassihi {2000) suggested (hiatl increased tempoeridures
and inereased bunidity conse degradation ol tetraey-
eline and wot light exposure, The BPLC assay conlin-
nedd o detect the tefracyeline present in the water even
aller the color clange began, Follew-up shudies are be-
ing performed o boetter claroelerize the anlimierohind
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efTects of this eolor chaegme, bal Che widely Leld HETHET IS
Lion that tetracyeline is deactivated by light appears
ineorreet.,

One finel potential source of conecrn for Lhe tetracy-
elitee comevnlradions is eation-complexing dne Lo oon.
condrations of divalent and trivalent cations within the

Table 4. Tetracyeline HHPLC assiy guantilation com-
pareet with the expected oot of tetracyeline nibcl
into earboy wider on d 3 of the study’
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Aceerding to the Norlh Caroling Apronomics
Dyepart mwent report, e wiler was .'|Ll[-||mLI ool HIE R
priate for famm animals. The concentrations of Ca, Mg,
Au, Zu. Fe, and Cuowhen subled fogether aoe less chan
26 mg/I.. This implies that catiou-complexing effeels
[ty wiler are |1'|z|l'lt"|‘l.\' wpnll. (‘H]jl'n'iiﬂl_\' i respoct Lo
[eod sonvers. The water analysis also reported that the
waler was sBghily acidie, pll G058, wlhicl woulkd tend Lo
stabilize the tetracyeline (Harvey, 1998 Wi aned Fasesi-
hi, 20003). This stability is supported by HPLC analysis
on water samples within 24 b of the stapt of the stody
aaed thiose mwe i nliler Iui.\']ll;_ll. Bavsed o =
vions work, the wedication shookd he stable for 48 b
(Harvey., 15108,

After addressing the tvpical concerns {eation-com-
plesing, waler concendridions, and dilferenees anong
the groups) and new problems woted {waler color
inclivech  lear  exposire-coneentealion).
telracyveline water medication concentrations as dosed
wore foned fo Lee consistent witl tetraeyeline faod suledi-
Live concentrations. In ane feed additive study, Kniffen
oL al, (1080} deesex] il with 0055 g of letracyeline per
kilogeaan of BW. Tetracveline concentratious reached
A4 o 06 e/ ml ek ). Another study acdministersd o
singgle waler dose of letracyeline in fasted aued led pigs
(Nielsen sn] Gyrd-Tacsen, 1996), Animals received o
dose of 15 me/kg of tetracyeline, aned peak 1etracyeling
concenbenkions of gl wern seen i fsteas] i
however, when fed pigs were given Lhis single orab dose,
peak letrwyeline concentrations only reachoed 0.8 jugf
k. These data are consistent with the data report-
ead Doy Ltlean ot ol (FOR30F on ol letreyeline nse
According o our study, if pigs consomed only 2 Loof
tresledl wndor per day, hen they wonlil Lave reeeivid
a 205 or 50 mee/ke dose of telracyeline for the 250- and
S0-rag /L Areat el wronps, respeetivele, Becanse i s
impraciieal to [ast pigs in a production Dncilily, Lhis
imformation blieates that waler mesbicntion  valoes
are i line with feed additive concentrations and will
lilely Liewvee similoe eMieacy, Fortherore, based o the
Clinical anel Laboratory Standards Institule goidelines,
semsibive control baclerin wsed i antibiotic suseoplikil-
ity wssays need at least 1 pg/ml lor growtl inhibition
[CLSIL z[le} Oy in o Bew pigs is | pgfml reached
or exeovded, wid even Lhis level is not consistently met
Ty sy animad or greonp. Based oo treatioenl geonp PIK
analvses, it is evident s all steady state plasi con-
coemtrafions are ir|.'|:1('q|!.'t1 o for treatimert of highly sas-
:'l.‘|:l,i|1|:[.' Laeleria, Fartherinore, letracyebne L THaen
wad wwre than any other mediealion i acliwl tons in
Europe and e Lnited Stales (Aarestenp, 2005). Bau-
ner et al. (2007) showed that Eseherichio eoli are highly
resistant fo ledracyeline with minimo inhilitory eon-
ceontritioms above 16 |1gftl:l;. which is often eonsidered
Lhe breakpoint of tetracyeline.

Asaoeeforence for in vivo telracyeline coneentrations,
the Foodl and Drog Administeation liss sel o toleraee
of tetraeveline at 2 pgfinl for musele, 12 pg/ml for
kiclney aned Tad, and G pgfil in fiver (DA, 200%).

winloer.
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Concentrations within the plasiwa [rom our sbudy are
notl even 50% of the least muscle tolersuce concentra-
tion for any time points. At this time no published
tetrpeyveline residue studies ave available: therefore, the
frue bssue eoncentrations of tetracyeline in vivo are -
known, Hewever, based on axytetracyeline lissue con-
cenfrations in pigs awd ruminants, the concenlvations
of tetracyeline will likely be a macscimuom of 6 to 7 times
the plasma concentrations in the kidoey (Mercer el al.,
L978). The lung, which is olten the target of tetracy-
cline treatment, u[]llrr reaches or _-i]igill;l:.’ exeeods the
cancentration in the plasma. Other tissues such as [al
renclt less than one-half of ]:n-.n.]i. |:|.i-.1.ﬂl]’|.r-1 concetd rations
(Mereer et al., 1973; Craigmill, 2008).

lnjectable antibivtics are still used in lvestock pro-
duction; however, doe to labor constraims, the possi-
hility of needle breakage, and the expense of inject-
abile medieations, other methods of medicating animals
are used first, Food producers need Lo be aware of Lhe
medieations available and wha they actually can treat.
Based on this study and corroboration with previous
work on letracyeline oral wedicalions in pigs, Letracy-
clines should oot be used enterally 1o treat salmonello-
sin and respiratory disease. There may still be positive
gastrointestinal effects [vom using oral Letracveline for
prevention of scours and other enteric diseasc, but this
needs to be assessed [urther.
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Summary

Tetracycline hydrochloride-treated water on commercial farms may change color over
time but its stability is unknown. Water samples containing tetracycline, darkened to
yellow or brown, were assayed by HPLC and MI1C micro-broth dilution for biological
activity. Water samples were biologically active in the expected bioactivity range, but

safety could not be determined.
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Tetracycline hydrochloride (TcHCI) added to water isindicated for use in swine for the
therapeutic treatment for Escherichia coli scours and susceptible respiratory pathogens. It was
suggested that medications be mixed daily for use in swine facilities; however, mixing of water
medications is often only performed when the batch of medication has been used. However,
tetracycline hydrochloride medications may change color in water after mixing. During two
recent studies, it was observed that the stock solution of tetracycline hydrochloride medicated
water began to change color between 24 and 48 hours after mixing of the medication 2. At least
two reports state that tetracycline is deactivated by a combination of high humidity and
temperatures over 100°F 34, Tetracycline has also been shown to degrade after exposure to

ultraviolet and fluorescent light °.

Mason et al % took water samples from carboys from which 24 individual pigs were

exposed to TcHCI medicated water at three different concentrations (the label dose (250 ug/mL
or ppm, twice the label dose (500ppm) and one-half the label dose (125ppm). The medicated
water sample concentrations of tetracycline were measured viaHPLC. Those HPLC results are
compared to MIC microdilution assays used to test the bioactivity of those same medicated water
samples. The bacterial standard (E. coli ATCC25922) for the Clinical Laboratory Standards
Institute (CL SI) was compared to both standard TcHCl MIC assays and the reported MIC. This
study was performed because of changes in color of water medicated with tetracycline
hydrochloride and the lack of knowledge of its stability and bioactivity once the color change has
occurred. Therefore, we proposed that TcHCI in water is adequately stable and biologically

active despiteits color change.
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Materialsand Methods. HPLC analysis was performed on a Waters Alliance 2695 High
Performance Liquid Chromatograph with autosampler (Waters Corporation, Milford, MA)
coupled to a Photodiode Array. Peak integration at 354.4-nm wavelength by Empower software
(Waters Corporation, Milford, MA) was used for tetracycline quantification for each run on a
Waters Atlantis 4.6- x 150-mm C18 column held at 35°C during a4 min run time in 28%
acetonitrile, 72% 0.05 M oxalic acid buffer mobile phase. All sampleswere kept in darkness at
4°C and wereinitially run within 14 d of collection. Two hundred microliters of plasmawere
added to an equal volume of releasing agent (78% water, 20% acetonitrile, 2% o-phosphoric
acid) inaYM 10,000 Ultracel kit (Millipore Corporation, Milford, MA), placed in an Eppendorf
tube and centrifuged at 7,840 x g for 30 min at 22°C. The lower limit of quantification, the
smallest concentration that can be reproducibly quantified, for all water sasmpleswas 0.1 pg/mL,
and the limit of detection was consistently at or below 0.05 pg/mL. The standard curve for water

sample standards from 80 to 800 pg/mL had an R? of 0.99 and intraday CV less than 15%. The

clean up assay was based on Dorr et a ! and the HPL C method was a modified version of Cheng

et al. “and Santosaet a. ®. Thistechni que was identical to the procedure used by Mason et al®.

Mueller Hinton broth (Sigma-Aldrich, St. Louis, MO) was made and cation adjusted to
CLSI specifications "8 \with CaCl, and MgCl, and then steam autoclaved. Two stock solutions

of 250 pg/mL of tetracycline hydrochloride water medication (AmTech, IA) and tetracycline
hydrochloride standard (Sigma, Thermo Fischer, Milford, MA) were made and filter sterilized

(0.45 pm) under vacuum. These two standards were run on HPL C to confirm concentrations.
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CLSI clinical isolate standards of E. coli ATCC 25922 were cultured at 37°C on
MacConkey agar. CLSI procedures 9 \were followed for media preparation and for MIC testing.

Briefly after 24h, a suspension of E. coli ATCC25922 was prepared by suspending growth in
PBS to a McFarland turbidity standard of 0.5 with anephelometer. This standard was diluted
1:100 into the above mentioned Mueller Hinton broth to give approximately 10° colony forming
units (CFU)/mL. This suspension was used in the bacterial susceptibility testing. Two sets of
serial dilutions of 107 to 10° were made in sterile glass vials for confirmation of the
concentration of the standard suspension. Aninitial 1:100 dilution was made and serially diluted
at 1:10 into vials to achieve the 10 to 10°° concentration of the original standard suspension.
Then 10 pL from each of the serial dilutions was plated onto two separate quadrant MacConkey
agar plates, dried and then incubated at 37°C. Plate counts were performed approximately 24 h
later on quadrants containing 30-300 colonies. Sterile Costar round bottom 96 well plates with
lids (Thermo Fischer Scientific, Milford, MA) were obtained for all experiments. Water samples
from individual carboys collected from the study (Mason et a?) were thawed. A 0.01 mL aliquot
of cation adjusted Mueller Hinton broth was dispensed into each well of the 96 well plates. An
aliquot of 0.01 mL of each water sample and control was then dispensed into the first column of
wellswith an additional 0.01 mL of Mueller Hinton broth. One-hundred microliters from the
first well was used to begin a seria dilution across the columns of the plates, as per the CLSI
method. Plates were then covered with lids and cultured for 20-24 hours at 37°C before being
read for the lowest dilution that demonstrated no visible growth. All samples and controls were

performed in duplicate. Any samples that varied more than one level of dilution were repeated.
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Results. HPLC analyses of bothTcHCI standard and water medication solutions were within the
expected AUC integration range. These controls exhibited the expected inhibition for the low
end of the MIC range of E. coli ATCC 25922. HPLC analysisresults (Table 1) show that the
various treatment group levels from HPL C analysis were very close to the expected tetracycline
concentrations. The HPL C assay showed that there is some degradation of tetracycline over
time, but the grand mean for al concentrations was 84% of the expected levels based on mixing
concentrations (i.e. not including the control samples). Figure 1 shows comparative
chromatographs of TcHCI asit ages. The first chromatograph (A) shows the TcHCI standard,
while chromatograph B represents the medicated water samples at Y2 the concentration strength
of chromatograph A. The final chromatograph (C) demonstrates the change in TcHCI after
refrigeration for 6 months to exaggerate the changes discussed below. On the 3 chromatographs,
the first peak changes markedly from chromatographs A& B to chromatograph C. These
differences show that the second and tallest peak represents TcHCI while the smaller initial peak
corresponds with an epimerization product. The small peak enlarges as tetracycline ages and

becomes very large in the oldest tetracycline standard as seen in chromatograph C.

The MIC assay results (Table 1) show that TcHCI concentrations were within one
microdilution of the expected value based on HPLC. All control samples (i.e. tetracycline stock
solutions of both the water medication product and a chemical standard) inhibited bacterial
growth at between 0.5 and 1 pg/mL, while bacteria grew in all of the untreated water samples.
These results and those of the medicated water samples were consistent with the HPLC analysis

run shortly after collection of water samples.
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Discussion. The HPL C analysis shows that tetracycline, despite its change in color, was still
biologicaly active against E. coli ATCC25922 at the CL S| reported susceptible concentrations.
Tetracycline hydrochloride (TcHCI) inhibited bacteria at concentrations consistent with HPLC
analysis despite freezing and thawing. There may be increased variability in the MIC dilution
assay due to the delay in processing of samples and the thawing process. The control runs for
TcHCI for both the chemical standard and water medication standard solutions were consistent
across plates and days. The TcHCI standards results were consistent with the MIC values for E.
coli ATCC25922 and thus should be able to inhibit the growth of susceptible bacteria. Table 1
shows that as tetracycline ages, there is no significant difference in the microbial inhibition for
the first 24 to 48 hours. Based on thisinformation, the stability of the drug is adequate for at
least the first 24 hours after mixing in water. However, thereisadlightly greater drop of the
stability of the 500 ppm medicated water samples, compared to either the label dose or one-half
label dose medicated solutions. Thisdrop in stability may be consistent with the decreased
buffering capacity of the water when alarge amount of drug is present. It has been reported that
tetracycline hydrochloride is more stable in acidic conditions than normal to alkaline pH*. This
may be due to the ability of the increased number of hydrogen atoms to prevent epimerization of

the drug.

In relation to this stability concern, it was noted on HPL C analysis that the chromatographs
contained a small peak that increased in size when the samples were run 2 weeks after they had

been thawed. This peak placement is consistent with peaks associated with tetracycline

10,11

epimerization products called epitetracyclines . Onetetracycline called quatrimycin displays
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an increased UV spectral peak at approximately 270 nm to tetracycline’ s greater peak at 250nm

1 The results of the chromatographic analysis correspond with this non-toxic epitetracycline

peak, shown in detail on HPLC analyses by Naidong et a 19 and Stephenset d 1 Although we

did not run standards for tetracycline epimers, there are several papers that discuss the

3,10-12

metabolism and formation of these products as well astheir HPL C characteristics The

epimerization product is not necessarily responsible for the color change of the medicated water
but its placement is consistent with reported peaks on HPLC analysis. It is possible that acarrier

or other molecule present in the TcHCI formulation is responsible for the color change.

It iswell known that expired or aged tetracycline products may result in renal damage, a
reversible Fanconi’s syndrome of proximal tubular necrosis with proteinuriain mammals, of

13,14

which anhydro-4-epitetracycline is the reported cause . Theenlarged initia

chromatographic peak (Figure 1A) is not consistent with the chromatographic elution of peaks
reported for epimers that result in renal damage. However, toxicology is beyond the scope of

this study, but further evaluation of the safety of TcHCI should be performed in the future.

Implications. Our study showed that tetracycline water medication is effective in inhibiting the
growth of susceptible bacteria, even after amild to moderate color change. The stability of the
product when used on label is within the margin of error of the assay for the first 24-48 hours

after mixing for on-label preparations.
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Table 1: Comparison of HPLC Assay and MIC range for bacterial inhibition

Treatment
Group

(ug/mL)

o
125
125
125
125
125
125

Average
250
250
250
250
250

Average
Concentration on
HPLC (ug/mL)

0.00a
100.01
104.49
114.46
121.96
107.91

118.87

220.48
205.54
238.66
211.84

182.56

&CV is Coefficient of variation

Expected CV?for HPLC
HPLC to Concentrations
Treatment (%)
Group (%)
100 173.21
80 33.39
84 10.31
92 7.58
98 19.85
86 ND?
95 18.50
89+6.9
88 3.33
82 6.43
95 4.73
85 9.24
73 20.03

Water

Concentration
Ranges (ug/mL)®

0
125-250
125
125-250
125-250
125-250

125-250

125-500
250-500
250-500
125-500

250-500

P\Water concentrations were back calculated from the M1C found for the bacteria based on control runs.

¢ All concentrations of tetracycline were below the limit of detection for unmedicated water samples. Therest of the

results were from the 6 controls were identical for treatment concentration and Coefficient of Variation

9ND isnot done. There was only one acceptable sample run and therefore CV was not calcul ated.
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Table 1 Continued

Treatment
Group

(ug/mL)

250
Average
500
500
500
500
500
500
Average

Grand Mean

Average
Concentration on
HPLC (ug/mL)

233.14

398.66
337.40
376.06
372.30
400.41

428.58

Expected
HPLC to
Treatment
Group (%)

93

86+8.0

80
67
75
74
80
86

77£6.5

76

CV for HPLC
Concentrations
(%)

6.13

6.90
43.43
14.58
28.24
13.14

2.75

Water
Concentration
Ranges (ug/mL)

250-500

250-500
250-500
250-500
250-500
250-500

250-500
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Figure 1: Chromatographs of three different aged water samples containing tetracycline. A.)
Standard water sample containing 500 ppm tetracycline. B.) Water sample from farm
containing 250 ppm of tetracycline. C.) A water sample containing 250 ppm of tetracycline after
being stored for 6 months at 4°C. Asthe tetracycline ages the first visible peak beginsto enlarge
in relation to the major (tetracycline) peak. This peak appearsto correspond to the increase in 4-
epitetracycline formation as described in the literature.
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ABSTRACT

Population based mixed effects pharmacokinetic modeling has not been applied to water
medi cations despite there common use in swine productions units. We propose a non-linear
mixed effects model to simulate and then predict factors that may determine plasma
concentration levels of tetracycline water medication in swine. The model identified several
covariates that may have an effect on the plasma concentration levels in popul ations of
exposed animals. These covariates combined with knowledge of the pharmacokinetic and
chemical properties of currently approved water medications may result in more prudent use

of water medications in the future.
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INTRODUCTION

Water medications have been used extensively in the livestock industries to treat
populations of animals. However few pharmacokinetic studies have been conducted on
water medicationsin general (2, 20, 21). Thisislikely related to concerns over determining
the correct dosing levels and adequately modeling the pharmacokinetics of the drug (29).
One potential technique that could provide insight and improved pharmacokinetic modeling
is population based modeling using non-linear mixed effects (19). It appears that few
popul ation pharmacokinetic studies have been performed in veterinary medicine (3, 17, 18,
25, 27), and none on water medications. Only one study by del Castillo et. a.(3) looked at
the population pharmacokinetics of doxycyclineinadurry (liquid) feed in swine. However,
because this was slurry feed, the factors most important to plasma concentration levelsin
pigs from water medication treatments has not been investigated. Therefore this topic
requires further investigation. Mason et a (20) determined the pharmacokinetics of three
tetracycline water medication treatment levelsin individually housed swine, while Dorr et al
(4) investigated the pharmacoepidemiology of tetracycline water medication in an industrial
setting. However, the predictability of plasma concentration levels was extremely variable
and unable to be characterized by either of these methods alone.

Thus an understanding of water medication pharmacokinetics and the factors that
contribute to in vivo plasmalevelsisimportant given the frequency and use of antibioticsin
the swineindustry (1). Therefore we used data collected by Mason et al (20) to develop a

population pharmacokinetic model on tetracycline administered as awater medication to
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swine. Thismodel was then externally validated with data independently collected by Dorr
et a (4) to validate our model. Thismodel can be used to predict plasma concentration levels
in swine and more importantly has helped to identify production factors and
pharmacokinetics factors that will affect plasmatetracycline levelsin pigs.
MATERIALSAND METHODS

Study Design. A population pharmacokinetic program (Phoenix WinNonMix NLME,
Pharsight Corp., Mountain View, CA) was used to conduct all of the population PK analyses.
The model was a non-linear mixed effects model using written code (i.e. not a pre-coded
model from the program database). Three data sets were input separately in individua
spreadsheets as different populations of animals. The training set data were used to develop
theinitial model, which was written as a one compartment pharmacokinetic model. The tow
other datasets, from two separate populations, were compared to the best models for analysis
(150 ppm dataset) and validation (80 ppm dataset). Plasma concentrations were set as the
dependent variable. The program was run using first order conditional estimate (FOCE) with
the Lindstrom-Bates algorithm (11). This algorithm was used for early model selection due
to the time to run the FOCE-Extended |least squares algorithm (ELS) and independently
compared to the FOCE-EL S models to determine the best fit (34). However, in the end, the
final model predictions and selection for figures was run with the FOCE-LB due to no
obvious model fit benefit from the extended |east squares algorithm. A Gaussian curve to the
data distributions based on the initial data set allowed for adequate model fit and required

much less computational time to run.
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A priori parameter estimates were used for model development (20) and to elucidate
which potential covariates improved modd fit (30, 35). Theinitial parameter estimates for
the model validation datasets were initiated at the training data popul ation average for each
parameter. Covariates were included in the model based on statistical analysis (one-way
ANOVA in SAS 9.1 Cary, NC) and graphical comparisons for residuals, before inclusion in
the model. Some parameters, such as bioavailability, were set as fixed values because little
variability existed in the initial parameter estimates and there was statistical and graphical
support that they did not contribute to the model fit. By fixing this parameter, parameter
degeneration was prevented for the rest of the model and a better fit was achieved for most of
the data (31).

Structural model determination. Due to the type of information available from the
previous study data collected on water medications and tetracycline pharmacokinetics (9,
24), both one and two compartment models were attempted for modeling the data. The three
initial PK parameters included in the structural model were: volume (of the plasma
compartment), absorption (bioavailability) and elimination (Kel) (16, 32).

Covariate Selection. Theinitial linear equation predicted by Mason et a (20) was a direct
correlation between water concentration and plasma concentrations in treated pigs and was
set as the default or null covariate model (which included only water concentration). Several
parameters including volume of distribution at steady state, body clearance and apparent
bioavailability were calculated in the study by Mason et al. The use of covariates (as

surrogates) for bioavailability and clearance did not prove useful. Serum creatinine (often a
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covariate for clearance) was found to be non-predictive because all values for the population
of animals were within 0.1 mmol/dl of each other. The urine specific gravity was also not
predictive, due to highly concentrated urinein all animals. Bioavailability (F) was found to
be consistent across all animals and when included in the structural model as a variable
parameter. Model parameter estimates for F were very close to literature values of 0.06 or
6% (20, 24). Finaly, body weight was linked to water use and volume of distribution and
was therefore considered a covariate to two different factors, volume of the central
compartment and tetracycline dose.

Based on both graphical and ANOV A comparisons, measured water use proved to be
auseful parameter as did individual and group body weights. The water use in the training
data set was high, compared to expected water use based on other investigators (7, 8). The
Dorr data also fell significantly below the predicted linear relationship predicted by the null
model (Figure 1). Based on thisinformation and previous studies, water use was positively
correlated with increased temperatures (23). Thus, temperature was included in the model
covariate selection. Of all of variability in the proposed PK models, the most significant
variable to data fit was water use rate for each animal. Therefore the various PK models
included a variable drinking rate (called drate in the model code) that is the only difference
represented by 5 different equations (Table 1) that included the above identified covariates
and model structure.

Model Selection and Validation. These five models were run individually and compared to

each other and the linear model based on graphical fit, Akaike's Information Criteria (AIC),
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Bayesian Information Criteria (BIC) and the loglikelihood ratios (LLV) (10, 12, 13, 15). The
coefficients of variation, standard deviations of the observed values, and comparison of each
model’ s parameter estimates to literature parameter values for animals of similar ages (9, 14,
20, 22, 24) were also taken into consideration of the model fits.

RESULTS

Initial model testing was used to select between a one and two compartment model.
Although the two compartment model was able to fit the data, the coefficients of variation for
all parameter estimates were high in relation to the coefficients of variation for the one-
compartment model. Therefore, the two compartment model was eliminated.

The five model covariate relationships were then run under the structure of the one-
compartment model. By comparing the five models using the training data, two models,
Model 3 and 4, were found to fit the data poorly (Table 1). The other three models showed a
similar fit with Model 1 exhibiting the lowest scores for each of the AIC, BIC and LLV tests
(Table 1). The graphical fits of Models 1 and 2 appeared to mimic an asymptotic fit, while
Model 5 exhibited an almost sine wave pattern, better following peak and trough levels,
based on temperature variations. Using LLV, BIC and AIC, Model 5 exhibited a dlightly
lower fit than either Models 1 or 2. However, this model was included in subsequent
comparisons due to the graphical fit and consideration of covariate selection.

The final model selection was then based on the effect of the Dorr datafor 150 ppm
exposure to tetracycline. This data set was run on the above three covariate models since this

was an independently collected data set. Covariates are listed under each model with model-
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specific based parameter estimates (Tables 2 and 3). The performance of the models showed
that Model 1 exhibited poor parameter estimates of drinking rate, due to high variability, and
volume of distribution outside of physiologic ranges for tetracycline. The variability in
estimates for Model 1 can be compared to Models 2 and 5 which aso exhibit goodness of fit
based on AIC, BIC and LV (Table 1).

The two more accurate models were compared using simulations compared to the
Dorr 80 ppm validation dataset. Individual graphic results for the two final model
predictions of Mason dataare in Figure 2. The conditional weight residuals for each model
(2 and 5) are shown graphically for both the 150 ppm and 80 ppm population values (Figure
3). Theweighted residuals for the population etas represented an approximate Gaussian
distribution for Model 5 data better than for Model 2 data (data not shown). Model 5
predictions for individual pigs from Dorr’s 150 ppm dataset are in Figure 4. The predictive
check data exhibits some values that fall below the expected distribution, but overall the data
are encompassed by the model prediction of a 5% to 95% confidence interval (26). Finaly,
simulations using both models were run for the Dorr 80 ppm data to compare models (Figure
5). When the parameters are set to the model predictions from the initial training set
predicted values (Table 2), the simulations exhibit a robust fit to the data for the 90%
confidence interval.
DISCUSSION

Based on the tetracycline water medication study by Mason et al, thereis an initial

linear relationship between plasma concentration and the concentration of tetracycline in the
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water of pigs dosed in commercial settings (Figure 1). Thisrelationship is predicted by the
following equation:

Plasma Concentration =0.0019* Water concentration + 0.0435 Q)

This relationship appears to hold for the animals in the Mason study with a R? for
approximately 0.79. The equation applied to a certain extent in the Dorr study but the
average concentrations are less than those for the Mason et a data. Thislinear relationship
does not address the variability in animals that is seen from the prospective of the population.

The major differencesin animal plasmalevels from the same treatment group (i.e.
similar water concentration levels of tetracycline), when using the previously calculated
population parameters, is not the apparent bioavailability or the values of the clearances. The
obvious variability appears to arise mostly from water use in this modeling scheme. The
water consumption is what determines the intake dose of the water medication, when
compared to the base water concentration alone. With water medications, the typical
pharmacokinetic programs cannot be easily used because they require a known dosing
schedule. However, truly knowing how much an animal is dosed is not easily extrapolated
(23, 33); therefore, by using an approximation based on calculated PK parameters and known
water use, atheoretically determined dose of tetracycline that would be consumed can be
related to a population of animals. Thisiswhat has been done with the model and the
simulations with the ability to determine the factors that appear most important for the

plasmalevelsin the study.
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The model results show that in order to adequately model the dose of tetracycline
with atrue physiologic variability, not a random error from an average, we need to know
several covariates. These covariates and fixed effectsinclude daily water use (for each
animal or the group); average body weights with a range or variance; temperature when
available, and finally the anticipated or known concentration of the water medication. Based
on the data and modeling, both Model 2 and Model 5 can adequately model the data.
However, when more datais available, i.e. daily high and low ambient temperatures, it
appears that Model 5 could potentially be more useful. Model 5 aso exhibited less
variability in the drinking rate than Model 2, which is most likely due to the temperature
effect being removed from the primary drinking rate. Thisrelationship is further supported
by Figure 1 which shows that water concentration is not the only factor contributing to the
water medication levels.

When the two models are compared, with and without the temperature variable, the
validation dataset etas appear more skewed and random in Model 2 than when temperatureis
controlled in Model 5. Unfortunately the validation datasets did not contain temperature data
and, therefore, Model 5 temperatures for validation datasets were based on alikely range.
However, due to this artifact, the temperature accuracy is unknown, which prevents Model 2
and 5 from being accurately compared. Thisinaccuracy is due to unknown variability in
temperature, which may mask its true effect on dosing in the three populations.

Unfortunately, we also do not have any information on water consumption in the barn

from the comparison and validation datasets; therefore, the similarity in dosing rates between
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the training and validation data setsis likely due to the model converging on theinitial
parameter estimates. Furthermore, there is no published relationship between the
temperature and water use for grower-finisher pigsin the literature. The only published
relationship we found is based on the equation from Vandenheede and Nicks for 150 kg sows
(23).

|I=0.92T —1.52 ),

where | iswater intake, T istemperature and 1.52 is the y-intercept for baseline water
consumption. When applied on amilligram per kilogram basis, water use is influenced by
temperature. Based on the average drinking rate from our groups per day compared to the
high temperature, drinking rate can be estimated by the following equation:

Water use = ((Temperature-20)+Constant)* Wt (2,

where, temperature isin degrees Celcius, Wt is the body weight (kg) and Constant is
adrink rate per hour within the thermoneutral zone for that age pig. This equation appears to
hold pretty well for the relationship to water consumption and it is predictive in Model 5.
We see similar values can be achieved for sows (150kg body weight) for temperature ranges
over which the above equation is valid, however the low end of the thermoneutral zone
temperature for sows would be considered 10°C. One other major difference about these
animalsisthat they are growing. Thus, their water use may be much higher (mg/kg) than a
sow due to the fact that they have a higher concentration of body water (23).

Body weight fitsinto this model well because it directly affects the apparent volume

of distribution and the dose (mg) of tetracycline. A large variability is present in the model
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volumes (of distribution) which can be assumed to be due to age variability or due to model
misspecification. However, it isdifficult to determine which. Datafrom the literature shows
awide range of volume values from lessthan 1 L/kg to 4.5 L/kg for tetracycline (9, 24).
These differences may be affected by the plasma volume or total body water for various
animals which islinked with age. In young animals, due to body water levels being very
high, volumes of distribution may be higher than in older animals because as animals age,
body fat percentage increases.

In addition to wide changesin Vd, total body clearance (Ke) is the other important
factor to consider. This factor showed values of between 0.08 and 0.27 across the model. It
is best to compare Ke across animals of the same age group, not across individual animals.
The literature values reported by Kniffen et al (9) and Nielson and Gyrd (24) were based on
12 week and older aged pigs whereas in Mason et a (20) and Mevius et a (22), pigs were
only 8-9 weeks old at the start of the study. Although thisisonly afour week difference at
the start of the study, the clearance of young animalsis often “impaired” up to 16 weeks of
age in many of our domestic species that reach puberty at approximately 6 months of age (6).
Therefore, the clearance for younger animals may in fact, as the model predicts, be much
lower than for the validation set of 12 week old animals, which match the literature values of
0.16 to 0.25 mi/kg/h clearance rates.

This age related change has been documented for gentamicin in very young pigs
(newborn) which have alower renal clearance and alarger volume of distribution than 42

day old pigs (5). This phenomenom is also seen for doxycycline in which pigs at 18 kg have

91



asubstantially lower clearance (28) than pigs weighing 25 kg (3). However, for tetracycline
thisis not explicitly documented in the literature, but the time line of development to reach
adult renal and hepatic clearance for pigs has not been fully elucidated.

This potential immaturity in body clearance is also supported by the rapid drop in
percent body water from approximately 80% to 50% between 28 and 180 days of age, with a
plateau between 28 and 89 days at 65% (23). Thisdrop in percent body water also appears to
correspond to an inverse rate (increase) of renal clearance over time for young animals.
Therefore, the clearance values reported by Mason et a appear to be potentially correct both
physiologically and by the model in light of this interpretation. Unfortunately, there does not
appear to be alot of research conducted on the clearance of juvenile pigs, which isthe age-
range most dosed with antibiotics.

In conclusion, our non-linear mixed effects model relates plasma tetracycline levelsin
three groups of pigs to tetracycline concentrations in water and their water use. It appears
based on the two best models that water concentration levels of medication and water use are
the two biggest factors in determining the plasma concentrations of swine exposed to
tetracycline dosed in water. These factors appear to effect plasma concentrations most as
clearance and bioavailability exhibit tight estimates when ageis considered. These two
models were able to predict plasma concentrations for approximately 90% of the population.
While the ability to predict plasmalevelsis necessary, the fact still remains that plasma
concentration levels are very low for tetracycline as compared to bacterial MIC levels (14,

20).
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The two factors may also apply to all other medications administered viawater. Once
bioavailability is known, water concentration levels and water use are the major factors that
likely contribute to plasma concentration levels. Therefore, in selecting antibiotics for usein
water, ideal candidates should have high bioavailability in the treated species and be readily
dissolvable in water. If these two criteria are not met, then it appears, as with tetracycline, no
matter what the water use and water concentrations of the medication, plasma levels will
remain low. Asaways, prudent discrimination in the initial antibiotic selection should be

performed prior to the criteria suggested above.
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Table 1. Model types and Associated Model Selection Criteriafor training data (Mason et al)

No. Model Specification® LLV AIC BIC
1 drate = average drate * exp (ndrate) -286 588 616
2 drate = average drate * Wt* exp(ndrate) -284 584 612
3 drate = average drate* (Temp-20)* exp(ndrate) -310 635 664

4 drate = average drate* Wt* (Temp-20)*exp(ndrate) | -489 993 1022

5 drate = (teffect + average drate)* Wt*exp(ndrate), | -293 602 631

®Model specifications and their associated selection criteria. LLV isthe loglikelihood value, AIC isthe Akaike' s Information Criteria,
BIC isthe Bayesian Information Criteria. Variablesin the model include drate, the average population water use rate, calculated from
known drinking rates; ndrate, the interindividual variability of the calculated drate; Wt the body weight of the animal; Temp, the
ambient temperature in degrees Celcius, where 20°C represents the low end of the thermoneutral zone of early grower pigs; teffect =
Temp -20 in order to allow an additive drinking rate to the model instead of a multiplicative rate.
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Table 2: Parameter Estimation for Models 1, 2 and 5 with CVsfor Training Data (Mason et al)

Popul ation Model 1 Model 2 Model 5
Parameter’ Mean CV% | Mean CV% | Mean CV%
Volume 963 189 792 20 2577 15.5
(ml/kg)

Kel 0.253 18.8 0.298 19.6 0.0876 16.1
(I/h)

Drate 203 9.8 8.32 10.1 5.22 27.6
(var)*

Concentration 0.192 5.0 0.189 5.0 0.198 55
st dev.

(Hg/ml)

Water use 1512 14.0 1604 13.3 1318.42 17.4
st dev. (ml)

TCV% isthe coefficient of variation of the parameter estimate.

* Unitsfor Drate are ml/h for Model 1, ml/(h*kg) for Models 2 and 5
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Table 3: Parameter Estimation of Dorr Datafor Models 1,2 and 5 for Second Training dataset (Dorr et al)

Population Mode 1 Model 2 Mode 5
Parameter’ 150ppm 150ppm 150ppm
Volume 160 910 973
(ml/kg)

Kel 0.278 0.278 0.279
(I/h)

Drate 41.73 8.05 6.54
(var)*

Concentration 0.121 0.121 0.121
St dev.

(ng/ml)

e Unitsfor Drate are mi/h for Model 1, ml/(h*kg) for Models 2 and 5

e "Water use datawas not included because no water use was directly measured.
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Figure 1. Relationship between water concentration and the plasma steady state concentrations of swine treated with tetracycline
water medication. Diamonds represent plasma concentrations from Mason et al. Squares represent pigs exposed to approximately
150 ppm of tetracycline during the winter (Dorr et a); Triangles represent pigs exposed to 80 ppm tetracycline from an
independent farm (Dorr et a). The trendline is for data from Mason et a. Notice that the data from Dorr’s data is on average
below the trendline for both farms. Thisislikely due to higher temperatures during the collection period for Mason et al.
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Figure 2. Model Estimation of Mason data. The upper panel displays the model estimations for Model 2, which shows little daily
variability compared to Model 5 (lower panel). This is because the water use rate varies throughout the day in Model 5 as a
function of temperature, while Model 2 uses a constant daily water use rate. Circles are actual water use data (top points) and
plasma concentration data (lower points); the complete line is predicted plasma concentrations; dotted line is predicted water use.
Each |attice represents an individual animal.
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Figure 3: Conditional Weighted Residuals Comparison for Models 2 and 5. Dorr 80 ppm
data is modeled by Model 2 and Model 5, respectively in upper A) and B) lower panels.
Both models show a bias in the water concentration at 8 hours into treatment; however,
Mode 2 (A) tends to under-predict later time points, which is likely due to model
misspecification. The second set of figures shows residuals for Model 2 (C) and Model 5 (D)
for Dorr data at 150 ppm. Both models underestimate later time points and overestimate
earlier time points. This may be due to degradation of tetracycline over time during the Dorr
experiment.
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Figure 4: Model 5 Simulations of Dorr 150 ppm Data using Predictive Check Feature of PK program (n=50). It can be seen that
the majority of data falls within a 90% confidence interval as predicted by the model. Circles are actual plasma concentration
data; the complete lines show the predicted 5%, 50% and 95% plasma concentrations intervals by the model. Each lattice
represents an individual animal.
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Figure 5. Simulations of Dorr 80 ppm Data. Latticesin A and C can be compared directly for Models 5 and 2, respectively; while
B and D compare the same group of pigsusing Model 5 and 2, respectively. There are subtle differences between the outcomes of
these two models but both models appear to ssimulate the datarelatively well. Model 5 tends to predict slightly lower
concentrations overall than model 2. Circles are actual plasma concentration data; the complete lineis predicted plasma
concentrations by the model. Each lattice represents an individual animal.
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For more than 40 years, water medications have been approved to control and treat
disease in swine. Over the last two decades their use has increased and they have become a
mainstay in the United States and in Europe for the treatment, control and prevention of
bacterial diseases. However, during that same time period, few studies have looked at the
pharmacokinetic disposition of these medications in swine when dosed viawater. Due to the
nature of the treatment regimens necessary to administer water medications, traditional
pharmacokinetic techniques that can and have been used for individual animals are
inadequate to address the dosing of a population. Furthermore, due to the lack of individual
dosing and follow up, greater understanding of the consequences on the population as a
whole are necessary for the best possible treatment in these herd situations.

In treating any animal with water medication (or other “at-will” dosing regimens),
there is aneed to know the plasma or tissue concentrations of the antimicrobials or other
medi cations being used in the population. The largest challenge to this understanding is a
dosing regimen or determining an amount of drug to which these animals are exposed.
Sometimes, in traditional pharmacokinetic studies, this can be circumvented by using AUC
ratios. Further research using other non-traditional pharmacokinetic techniques including
physiologic based pharmacokinetic modeling (PBPK) and popul ation pharmacokinetic
modeling enables understanding of the mechanisms or factors that affect the dose and
subsequent in vivo levels of water medications used in food animals. Using these

pharmacokinetic modeling techniques in conjunction with assays that determine chemical
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properties of drugs are necessary to adequately model water medications and to explain the
final pharmacokinetic behaviors of the drugs when used in aclinical or farm setting.

Two prominent medications dosed viawater in food animals, namely swine, are
sulfamethazine and tetracycline. There have been various studies on sulfamethazine in pigs
that have described pharmacokinetic profiles with emphasis on its high bioavailability and
metabolism. However, more papers have documented contamination of sulfamethazine
within farms and abattoirs. In the early to mid-2000s, sulfamethazine had the highest number
of residue violations in swine in the United States. Research by Buur in conjunction with
FARAD used a PBPK model to show that the approved US label withdrawal time should be
extended to prevent future tissue residues. In industry, for the last decade, there has been an
industry wide increase to an 80-day withdrawal time of sulfonamide medicationsin response
to residue violations, contamination concerns and exportation restrictions. With this
extended withdrawal time, a pig must be younger than 3 months of age when treated with
sulfamethazine to still meet the extended 80 day withdrawal time.

Theinitia study was conducted at the Teaching Animal Unit at North Carolina State
University in nursery age pigs to determine the pharmacokinetic parametersin animals this
young when orally dosed with sulfamethazine at product approved levels. Eight pigs aged 4
to 5 weeks were treated via oral gavage with an undiluted daily dose of sulfamethazine.
Pharmacokinetic parameters for young animals were not directly compared to adult values
for this medication, but contamination was seen in the control animals (6 pigs) who received

no sulfamethazine in food or water. This study demonstrated contamination in a swine barn
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with oral sulfamethazine treatment of a water medication formulation. Secondly, the above
mentioned PBPK model was employed to calculate a dose that would mimic the plasma
profiles of the control pigs exposed to sulfamethazine via contamination. This PBPK model
was validated by the oral data collected on the treated pigs and then showed that a validated
PBPK model can be used to calculate a dose of water medication when the plasma profile is
known.

The second drug that is used regularly in commercial swine production unitsis
tetracycline. In the case of this drug, much less research has been performed in swine and
none on water medication pharmacokinetics at the youngest age at which pigs are exposed.
The study design was a two-stage model with rich sampling to determine the common
pharmacokinetic parameters in these animals exposed to tetracycline at three different water
concentration levels. Twenty-four 8 to 9 week old barrows were housed individually with
separate carboy drinking systems. The animals al received tetracycline exclusively in the
water and had never been exposed to tetracycline prior to the study. The results showed that
bioavailability was extremely low in these pigs which matched reports in previous studies.
The pharmacokinetic parameters appeared to be slightly different from those reported for
older animals (22-33 kg), with clearance being approximately half that experienced in pigs
12 weeks and older. The plasma concentrations were similar to those observed in other
animal studies. Non-compartmental modeling was employed in this situation and it revealed
that the pharmacokinetics were dlightly different under a repeated dosing regimen of water

medi cations than typical dosing. This study confirmed observations that volume of
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distribution often decreases in animals as they age while clearance increases during
maturation. The study also helped to show that a dosing rate could not be easily determined
from traditional modeling techniques and therefore other pharmacokinetic techniques are
necessary to explore water medications further. Namely, there remained a need to determine
covariates and other factors that affect the plasma concentrations of tetracycline dosed via
water.

During the course of this study, it was noticed that the treated water changed color
over time, with the 250 ppm dose changing first, followed by the 500 ppm dose and finally
by the 125 ppm dose. The control water did not experience this color change. There
remained the question of whether the tetracycline was degrading in the water with this color
change and if the medication would be effective against susceptible bacteria. These
observations led to the following study that determined the antimicrobial bioactivity of the
tetracycline. Initially, all water samples were assayed by HPL C and quantified with
ultraviolet spectrum for tetracycline. A couple of control tetracycline compounds were also
stored for 6 months and then rerun to determine the tetracycline peak concentrations to
document peak changes over time. Samples were compared for bioactivity and HPL C assay
guantification to see if they remained effective. Based on HPL C assay, the amount of
tetracycline was approximately 77 to 85% of theinitial concentration depending on the
mixed concentration, while the bacterial assay determined that they were within the expected

micro-dilution range for the compound. Therefore, tetracycline, although unstable, was still
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effective at close to the expected concentrations and would be expected to treat susceptible
bacterial infections, if appropriate levels were acheived in vivo.

The final modeling study used data from the study on tetracycline and data from an
independently collected study of three distinct popul ations to develop a model for plasma
concentrations of tetracycline in commercia swine herds exposed to tetracycline in water.
The model used the two-stage data to determine which covariates would contribute to the
model. Based on the measured data, covariates that were found to be useful were body
weight and water drinking rate. The measured effects that contributed to the model were
temperature and water concentration of tetracycline. The only fixed effect not directly
measured but determined a priori, was bicavailability. Based on the model selection process
using both Akaike's Information Criteria and Schwarz Criteria (Bayesian Information
Criteria) there were two models that could predict concentrations based on the circumstances.
When temperatures were constant or close to the thermo-neutral zone, temperature was not
important to the model and therefore, the use of drinking rate as a function of body weight
was only necessary. During ambient known temperature fluctuations, values were better
predicted using the temperature based model. Overall, population pharmacokinetic modeling
was useful in determining factors both farm- and situation-dependent and specific to the pigs
to better predict steady-state plasma tetracycline concentrations compared to a general linear
model. More importantly, this model helped to elucidate the factors for selection of

appropriate medication candidates for dosing in water over other available medications.
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In order to validate the model for other water medications, it would be necessary to
take a subset of commonly used drugs in swine production and test the above-mentioned
model using known PK parameters and using sparse sampling designs to see if the model can
be validated for drugs other than tetracycline. If the model were useful for several water
medications, swine production could be positively affected and candidate drugs better
selected than in the past.

The data from these studies show that various techniques are available and can be
used to model drugs for which there is no known specific dose delivered. Thisis often the
case in barn treatments of water medication or in medicating wild animals or pets such as
psittacine birds. However, these modeling techniques could be used in phase 111 clinical
trials, where patients take oral chemotherapeutics at home. Instead of treating a group as an
intention to treat for PK analysis, the dose could actually be estimated and compared to the
rest of the population to better characterize drugs and their efficacy.

Aftermarket surveillance of drugs by FDA is also amajor undertaking. The use of
population based techniques could predict doses and side-effects better on a per body weight
basis than currently used techniques. Determining if doses are inappropriate for patients
based on clinical presentations (which may not be overtly visible with pharmaco-
epidemological studies) may be one benefit. This surveillance could be used to educate
health care professionals on at-risk populations who need dosing adjustments, based on

simulations and population based modeling.
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Finally toxicologists are often faced with situations in which there is doubt or no
known dose for an exposure. With either PBPK or population based modeling techniques,
the use of validated models in humans already exposed or exposed at variable levels, adose
might be determined when other factors are known, or when plasma concentrationsin
exposed individuals can be simulated with PBPK or population models. Population
pharmacokinetic modeling techniques have also been shown to provide useful information
not just from the clinical perspective that has been used with human population modeling,
but in determining other fixed factors that are not patient-related, but nevertheless can
contribute to pharmacokinetic outcomes.

In conclusion, the exploration of modeling techniques in unknown dosing situationsis
an area of toxicology and pharmacology that heretofore was either not addressed or involved
risk factor terms, with dubious merit. In the future, the use of these modeling techniques
may continue to provide potentially improved approaches to unknown exposure risks, both

intentionally and unintentionally.
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Supplemental Data Published in the Journal of Animal Science
"Pharmacology of tetracycline water medication in swine"

Table 1: Individual pig data divided into treatment groups

Parameter/ Anima Hematocrit  Urine Day 1 Day 2 Weight Urine

Pig IDear Dayl1l, % Specific Serum  Water Gain, Creatinine,
number notch Gravity? Creatinine, Use, Ib mg/dL
mg/dL®  mL

pig 1 11210 39 ND® 1.0 3380 100 ND
pig 2 11304 40 1.028 0.8 4000 149 116.6
pig 3 12208 42 ND 1.0 3320 126 ND
pig 4 12008 44 1.023 0.9 4160 117 147.8
pig 5 11613 38 1.030 0.7 3550 134 140.6
pig 6 12007 46 1.029 0.8 1750 134 93.7
pig 7 11605 34 1.030 0.7 3140 153 141.8
pig 8 12310 31 1.037 0.7 1540 9.3 197.8
pig 9 12111 36 ND 0.8 2240 9.7 198.7
pig 10 12005 37 1.033 0.7 1960 12.7 137.1
pig 11 11803 34 1.019 0.9 4160 129 89.8
pig 12 12311 37 1.031 0.8 1820 149 168.1
pig 13 11309 37 1.006 0.9 2850 15.2 65.6
pig 14 11709 33 1.026 1.0 4480  14.6 114
pig 15 11307 40 1.028 0.9 1320 142 Err
pig 16 11102 35 1.026 0.8 1500 14.3 200.1
pig 17 11910 42 1.026 1.0 3340 116 194.2
pig 18 11207 30 1.029 1.0 2650 13.0 185.6
pig 19 12012 38 1.031 0.8 4180 120 219.3
pig 20 11410 37 1.030 0.8 5720 165 ND
pig 21 11105 37 1.030 0.9 2340 125 207
pig 22 11408 38 ND 0.8 4580 145 ND
pig 23 11907 37 1.010 0.9 3700 159 71.2
pig 24 11802 35 1.026 0.8 2840  16.0 Err

@A few animals had repeated water specific gravity measures, but none were more than
0.006 different from each other in the same animal

P Serum creatinine levels were performed on the last day of the study, but no changes
were seen with these values

“ ND no urine was collected on these animals on any day

9 Err was reported by Antech lab when tried to run test, some urine samples had a very
small volume
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Code for Model for “Variables Important for Modeling Water Medications”

test(){
#Structural Model
deriv(Al = drate*Wconc*fa- Ke* Al) # 1 compartment model

deriv(W = drate) #mL/hr water use rate
C=Al/V # ug/mL units

error(CEps=1)

error(WEps=1)

observe(CObs = C + CEps) # observed Conc read in
observe(Water = W + WEpS) # observed water useread in

#Statistical model parameter definitions

stparm(V = (tvW*Wt)*exp(nV) )

stparm(Ke = (tvKe)* exp(nKe))

stparm(teffect = Wt* (Temp-20))

stparm(fa=0.06)

stparm(drate = (teffect+tvdrate* Wt)* exp(ndrate)) # Model 5

stparm(drate = (tvdrate* Wt)* exp(ndrate)) #Model 2
#Covariates

covariate(\Wconc)

covariate(\Wt)

covariate(Temp)
#Error Structures

fixef(tvV = ¢(0, 2600, ))

fixef(tvKe = ¢(, 0.084, ))

fixef(tvdrate = ¢(0, 3.856,))

ranef(diag(ndrate,nV,nKe) = c¢(1,1,1)) # model error structure

sequence{ W=0;sleep(56); W=0} # alows correct water use sampling
}

Additional features of the validation models to account for unmeasured variables
stparm(Wt = (tvWt))
stparm (Temp=(tvTemp))
fixef(tvWt = c( 25, 30, 35))
fixef(tvTemp = c(20, 22,24))
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