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Learning Objectives 

Students who complete this chapter will be able to 

1. Understand why PBPK modeling is needed in risk assessment 
2. Know what PBPK modeling is 
3. Know how PBPK modeling is done, particularly in its application to risk 

assessment 
4. Learn how PBPK modeling of chemical mixtures is done 
5. Follow what are some of the latest development in the application of PBPK 

modeling in risk assessment 

The area of science called physiologically based pharmacokinetic (PBPK) modeling can be 
traced back to the 1920s. lnjune 2005, the first book on PBPK (Reddy, Yang, 
Clewell, and Andersen, 2005) was published and its contents encompassed over 
one thousand publications on PBPK modeling. Despite the fact that it is a mature 
science with almost one hundred years of history, active development is still going 
on in this area and a later section of this chapter provides a glimpse of some of 
these latest advances. It is important to emphasize that this chapter, though a learn­
ing tool, only provides some of the fundamentals to stimulate your interests. Alone, 
it will not make you a PBPK modeler. To be proficient, there is no alternative but 
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to attend specific training workshops, and most important, to get your hands dirty 
by doing PBPK modeling yourself: Only through repeated practice, reacting, and 
making all the mistakes everyone else has made before you will you then open the 
window to a very useful and powerful technology. 

The Need for PBPK Modeling in Risk Assessment 

Conventionally, risk assessment is done based on exposure dose or administered 
dose. This is neither accurate nor satisfying because an exposure or adminis­
tered dose will go through absorption, distribution, metabolism, and elimina­
tion (ADME) in our bodies before a sufficient amount of the dose reaches the 
target organ to exert its toxicity. To be able to follow, on a time course basis, the 
ADME processes of a given chemical in our bodies and, further, to follow an ac­
tive component (e.g., from a technical formulation) or a reactive species (e.g., from 
metabolic transformation) require the understanding of pharmacokinetics of that 
chemical. PBPK modeling is a very usefol tool for the integrated computer sim­
ulation of pharmacokinetics of a chemical or chemicals. Therefore, the need for 
PBPK modeling in risk assessment arises when we want to incorporate the state­
of-the-science technology to conduct a more accurate risk assessment. Additional 
arguments in favor of incorporating PBPK modeling into the risk assessment 
process include deliberations from the following perspectives. 

Toxicological Interactions of Multiple Chemicals 

Present EPA risk assessment guidelines on chemical mixtures, including the re­
cent effort on cumulative risk assessment of organophosphrous (OP) pesticides 
(Environmental Protection Agency, 2002a, 2002b), advocate the additivity ap­
proach. For instance, in the "Guidance on Cumulative Risk Assessment of Pesti­
cide Chemicals That Have a Common Mechanism of Toxicity" (Environmental 
Protection Agency, 2002a), it was assumed that at lower levels of exposure typi­
cally encountered environmentally no chemical interactions are expected (i.e., 
simple additivity). For additivity to hold true, a further assumption must be that 
all the common mechanism chemicals behave the same pharmacokinetically and 
pharmacodynamically (i.e., having the same PK and PD) (Environmental Pro­
tection Agency, 2002a). In reality though, a case study of cumulative risk assess­
ment of thirty-three organophosphorus pesticides provided BMDL (lower bound 
benchmark dose at ED10) with a range of a 3,977- to 5,528-fold difference between 
the highest BMDL for malathion and the lowest BMDL for dicrotophos (Envi­
ronmental Protection Agency, 2002b). These three to four orders-of-magnitude 
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differences among common mechanism chemicals suggest strongly that the PK 
and PD are not the same among these chemicals-thus the probability of toxi­
cological interactions at the levd of PK and PD. That being the case, PBPK mod­
eling will be a most useful, if not the only, tool available for the integration of PK 
and PD interactions of multiple chemicals. 

Minimizing Animal Experiments 

PBPK modeling, as a form of in silico toxicology, minimizes animal usage by avoid­
ing unnecessary animal experiments or extremely complex animal experiments. In 
essence, these complex experiments can be conducted on computer instead. Once 
a PBPK model is constructed, tested, and validated, an immense number of com­
puter simulations (i.e., in silico experiments) can be performed by varying exposure 
scenarios including different routes, doses, species, and the involvement of different 
chemicals. This is particularly relevant in considering toxicological interactions 
of chemical mixtures, which is an essential element in cumulative risk assessment. 

Food Quality Protection Act (FQPA) and the Subsequent 
Development of Cumulative Risk Assessment at EPA 

In 1996, the U.S. Congress passed the Food Quality Protection Act (FQPA). Among 
other mandates, FQA requires that EPA consider cumulative risk. As such, EPA is 
required to evaluate pesticides in light of similar toxic effects that different pesti­
cides may share or involving chemicals with "a common mechanism of toxicity" 
(Environmental Protection Agency, 1999). Pioneering efforts were provided by the 
Office of Pesticide Programs (OPP), at EPA. Scientists at OPP took the lead and 
developed and conducted cumulative risk assessment on organophosphorus (OP) 
pesticides (Environmental Protection Agency, 2002a, 2002b). Subsequently, an in­
teroffice endeavor on "Physiologically-Based Pharmacokinetic/Pharmacodynamic 
Modeling: Preliminary Evaluation and Case Study for the N-Methyl Carbamate 
Pesticides: A Consultation,, (Environmental Protection Agency, 2003a) at the EPA 
had been peer-reviewed by the F1FRA Science Advisory Panel in December 2003 
(Environmental Protection Agency, 2003b). A further effort, supported by the 
Office of Drinking Water and National Center for Environmental Assessment 
(NCEA), Office of Research and Development (ORD), EPA, is a complementary 
endeavor to earlier development to further advance a framework approach of in­
corporating PBPK modeling, particularly incorporating credible human tissue stud-
ies, into the cumulative risk assessment process (Environmental Protection Agency, 
2005b). These scientific activities illustrate the progressive incorporation of PBPK 
madding into the cumulative risk assessment process. 
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Internal Dose 

Internal dose, sometimes referred to as tissue dose or target dose, can be thought of 
as the integrated dose level over time (i.e., area under the curve [AUC]) of a bio­
logically effective chemical form (the parent compound or a reactive species) in a 
given tissue. Some consider the maximal concentration (Cmax) in the blood or 
plasma versus time curve as a convenient form of internal dose. In either case, 
the internal dose takes into consideration the ADME processes, and it is therefore 
a more accurate dose metric, which should be more closely related to the toxic 
endpoint(s) than the exposure or administered dose. Once again, PBPK model­
ing is a very useful tool for computer derivation of the internal dose. 

Exposure Dose Reconstruction and Human Biomonitoring 

One of the missing links of human biomonitoring results such as those published 
in the Centers of Disease Control and Prevention (CDC) third biannual report 
(Centers for Disease Control and Prevention, 2005) is that we do not know what 
exposure conditions and levels were in the environment for those chemicals. When 
we have a robust and validated PBPK model for one or more chemicals, we can 
theoretically carry out a large number of computer simulations for numerous hy­
pothetical exposure scenarios to reach the internal dose levels (i.e., human bio­
monitoring data reported). This is a form of back-extrapolation or back-calculation to 
estimate the possible exposure scenarios. It is not that we are trying to emphasize 
the importance of exposure dose when we have just stressed the importance of 
internal doses in the last section. We are interested in exposure scenarios leading 
to human biomonitoring results for a different reason. Possible environmental re­
medial actions may be taken when we are quite certain how and where the chem­
icals inside our body (i.e., human biomonitoring results) are coming from. 

Systems Biology 

The recent emphasis on the application of systems biology to biomedical research 
frequently traces its origin to cybernetics, as advanced by Norbert Wiener in the 
mid-twentieth century (Wiener, 1961 ). Even then, the integration of "computing 
machines" and biology was already advocated by a handful of visionaries. Systems 
biology integrates computational and experimental sciences in an effort to describe 
and understand entire biological systems (Kitano, 2002). PBPK modeling is a form 
of a systems biology approach toward toxicology where the physiology and bio­
chemistry of a given chemical in an organism are integrated with computational 
modeling. In two of our recent publications (Yang and others, 2006b, 2006c) we 
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further present a systems biology representation of the integration of different 
scales of biologically based computer modeling across a number of biological lev­
els of organization. The ADME model, as exemplified by PBPK modeling for 
whole-body pharmacokinetics, is linked with biochemical reaction network (BRN) 
modeling, a form of predictive xenobiotic metabolomics (or metabonomics). We 
can further link these integrated models with the genomic model, which is a gen­
eral representation of the gene and/ or protein expressions related to the toxico­
logical processes being studied. In doing so, we can link a complicated metabolic 
pathway model with an ADME model and a genomic model to capture the full 
systems biology of toxicological interactions and effects. 

What Is Physiologically Based Pharmacokinetics? 

The concept of PBPK had its embryonic development in the 1920s. PBPK model­
ing blossomed and flourished in the late 1960s and early 1970s in the chemothera­
peutic area due mainly to the efforts of investigators with expertise in chemical 
engineering. In the mid- l 980s, work on PBPK modeling of volatile solvents started 
yet another revolution in the toxicology and risk assessment arena. Today, there 
are more than one thousand publications directly related to PBPK modeling of in­
dustrial chemicals, drugs, environmental pollutants, and simple and complex chem­
ical mixtures. Our laboratory has recently published a book on PBPK modeling 
in collaboration with others (Reddy, Yang, Clewell, and Andersen, 2005). 

Differences Between Classical Pharmacokinetic Models and PBPK Models 

Classical pharmacokinetics refers to those empirical noncompartmental or compart­
mental pharmacokinetic studies routinely practiced in the pharmaceutical indus­
try (van de Waterbeemd and Gifford, 2003). As illustrated later, the compartments 
of a PBPK model have anatomical and physiological significance. This is a major 
difference from empirical noncompartmental or compartmental pharmacokinetic 
modeling approaches. PBPK models can be used to describe concentration-time 
profiles in an individual tissue or organ and in the plasma or blood. When the con­
centration of a certain target tissue, rather than the plasma concentration, is highly 
related to a compound's efficacy or toxicity, PBPK modeling is a more useful tool 
than classical pharmacokinetic models for describing the PK-PD relationship; 
thus, it better predicts the time course of drug effects resulting from a certain dose 

\ 

regimen for the compound of interests. Furthermore, PBPK models in combina-
tion with absorption simulation and quantitative structure-activity relationship 
(QSAR) approaches bring us closer to a full prediction of drug disposition for new 
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pharmaceutical entities, and help streamline the selection of the lead drug can­
didate in the drug discovery process (van de Waterbeemd and Gifford, 2003). Last, 
unlike empirical noncompartmental and compartmental pharmacokinetics, PBPK 
modeling is a powerful tool for extrapolation, whether for interspecies, interroutes, 
interdoses, or interlife stages. 

Conceptual Model: Graphic Representation 

A PBPK model, graphically and conceptually illustrated in Figure 5.1, reflects the 
incorporation of basic physiology and anatomy. The compartments correspond 
to anatomic entities, such as the liver and fat, while the blood circulation conforms 
to basic mammalian physiology. In the specific model in Figure 5 .1, a PBPK 
model for hexachlorobenzene (HCB) in the rat (Lu and others, 2006), the expo­
sure routes of interest are either oral gavage or intravenous (IV) as indicated. De­
pending on the need, other routes of exposures can be added easily. Some tissues 
are "lumped" together, such as richly (rapidly) or poorly (slowly) perfused tissues in 
Figure 5.1, when they are kinetically similar for the specific chemical(s) studied. 
On the other hand, a given tissue can be split as needed. In this case, HCB is 
known to bind with erythrocytes and the blood compartment is split into two sub­
compartments, the erythrocytes and plasma. Similarly, because of the complex­
ity related to the absorption and exsorption (plasma-to-gastrointestinal [GI] lumen 
passive dilfusion) processes of HCB, the GI lumen compartment is split into upper 
and lower portions. In conceptualizing the PBPK model, the Law of Parsimony 
should always be applied to keep the model as simple as possible. When the needs 
arise, complexity can be incorporated as illustrated. 

Mathematical Model: Mass-Balance Differential Equations 

A mathematical model, regarding PBPK modeling, is computer-code-formulated 
in such a way that it can be executed by the computer software to simulate the 
kinetic behavior of a chemical(s) in the body of an organism such as a rat, mouse, 
fish, or human. A key element of such a mathematical model is a set of mass­
balance differential equations representing all of the interlinked compartments 
such as liver or fat. This set of mass-balance differential equations is formulated 
to express a mathematical representation, or model, of the biological system. This 
model can then be used for computer simulation to predict the time course be­
havior of any given chemical included in the model. 

These mass balances are essentially molecular accounting statements that in­
clude the rates at which molecules enter and leave the compartment, as well as 
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FIGURE 5.1. A GRAPHIC OR CONCEPTUAL 
PBPK MODEL FOR HCB FOLLOWING IV OR ORAL EXPOSURE. 
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Note: For an N exposure, the uptake in the upper GI lumen was turned off, and the excretion of 
metabolites was tracked. For oral exposures, the reverse was true. 

Source: Adapted from Lu and others (2006). 

the rates of reactions that produce or consume the chemical. For instance, a gen­
eral equation, for chemicalj in any tissue or organ, is 

dC .. 
V: - 9 = Q.; (CA. - CV.) - Metab .. - Elim .. + Absorp .. - Pr Binding.. (5.1) 

t dt J 9 9 y y 9 

where ~ represents the volume of tissue group i, Q.is the blood flow rate to tissue 
group i, CA.j is the concentration of chemical j in arterial blood, and cij and cvij 
ate the concentrations of chemicalj in tissue group i and in the effluent venous 
blood from tissue i, respectively. Please note that Cij ht;re refers to the "free," un­
bound chemical concentration; in toxicology literature, Cij under similar condi­
tions may mean total chemical concentration (free and bound) and the equation 
would be different from above (Equation 5.1). A typical example is the TCDD 
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PBPK model (Leung, Ku, Paustenbach, and Andersen, 1988; Mills and Ander­
sen, 1993). Metabij is the rate of metabolism for chemical} in tissue group i; liver, 
being the principal drgan for metabolism, would have significant metabolic rates, 
while, with some exceptions, Metabij is usually equal to zero in other tissue groups . 
Elim

9
represents the rate of elimination from tissue group i (e.g., biliary excretion 

from the liver), Absorp9 represents uptake of the chemical from dosing (e.g., oral 
dosing), and PrBindingijrepresents protein binding of the chemical in the tissue. 
These terms are zero unless there is definitive knowledge that the particular organ­
tissue of interest has such processes, and more importantly, that such processes 
will have significant impact upon the pharmacokinetics of the chemical(s). 

A Priori Prediction Versus Curve Fitting 

Once a PBPK model is validated (as discussed later in this chapter), it has the pre­
dictive capability in carrying out a priori computer simulations given a set of ini­
tial conditions such as animal species of interest, dosing route, dosing levels, and 
regimen. Certain validation experiments under the precise simulation conditions 
can then be conducted to test the predictive capability of the PBPK model by 
comparing experimental results with the a priori computer simulation results. 
Therefore, PBPK modeling should not be considered as curve fitting exercises. 

Biological Relevance 

As the name pl!Jsiowgica~ based implies, another important consideration in PBPK 
modeling is that whenever an equation and its related parameter(s) are introduced 
into the model, they must have biological relevance. fu many ways, the mass-balance 
differential equations in PBPK modeling can be translated into simple English. For 
instance, the mass-balance equation for the liver compartment in Figure 5.1 is 

VL x dCL = ~ x ( CA - CVL) - KlvfET x CVL + KGILVI x AGIUp + KGILV2 x AG/LJw 
dt 

(5.2) 

Equation 5.2 looks like a rather formidably long equation. However, the En­
glish translations for both sides of the equation are really quite easy to follow. 

Left .nde: A small change in the amount of chemical (HCB in this case) with 
respect to a small change in time. We talk about "amount" because when volume 
of the liver (VL in ml) multiplies the concentration in the liver (CL in mg/ ml), it 
becomes amount (mg). Note the unit on the left side is finally amount/time or 
more specifically, mg/hr. 
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Right side: Amount coming into the liver from general circulation (first term) 
minus the amount metabolized (second term) plus amount absorbed from the 
upper GI lumen (third term) plus amount absorbed from the lower GI lumen 
(fourth term). The first term is derived from blood flow rate (~ in ml/hr) to and 
from the liver times the differential concentration between arterial blood ( CA in 
mg/ml) and venous blood (CVL in mg/ml). In the second term, KM.ET is meta­
bolic rate constant with a unit of ml/hr. In the third and fourth terms, KGJLVJ 
and KGILV2 are absorption rate constants from upper and lower GI lumen with a 
unit of 1 /hr whereas AG/Up and AG/Low are the amounts of HCB in the two GI 
lumen compartments. Note the unit for each term on the right side is also mg/hr. 

The above exercise simply illustrates that all the mass-balance equations and 
their respective parameters in a PBPK model should be explainable by biologi­
cally relevant concepts and terminologies. 

How Does a PBPK Model Work? 

The fundamental object of PBPK modeling is to identify the principal organs or 
tissues involved in the disposition of the chemical of interest and to correlate the 
ch~mical absorption, distribution, metabolism, and excretion within and among 
these organs and tissues in an integrated and biologically plausible manner. How 
individual components of PBPK modeling works has been shown in a previous 
section. However, we will briefly summarize the process in its entirety. 

After a conceptual model is developed as shown in Figure 5.1, time-dependent 
mass-balance equations ar~ written for a chemical(s) in each compartment. A set 
of such mass-balance differential equations representing all of the interlinked 
compartments are formulated to express a mathematical representation, or model, 
of the biological system. This model can then be used for computer simulation to 
predict the time-course behavior of any given chemical included in the model. 
Computer simulations may be developed for any number of desired time-course 
end points such as the blood levels of the parent compound, liver level of a reac­
tive metabolite, and similar information on different species at lower or higher 
dose levels and/ or via a different route of exposure. The experimental pbarma­
cokinetic data may then be compared with a PBPK model simulation. If the 
model simulation does not agree with the measurements, the model might be de­
ficient because critical scientific information is missing or certain assumptions are 
incorrect. The investigator, with knowledge of the chemical and a general un-

' derstanding of the physiology and biochemistry of the animal species, can design 
and conduct critical experiments for refining the model to reach consistency with 
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experimentation. This refinement process may be repeated again and again when 
necessary; such an iterative process is critically important for the development of 
a PBPK model. In tnat sense, PBPK modeling is a very good hypothesis-testing 
tool in toxicology, and it may be utilized to conduct many different kinds of ex­
periments on the computer, such as in silico toxicology. Note that there is always 
the possibility that a good model may not be obtained at the time because of the 
limitation of our knowledge about the chemical. Validation of the PBPK model 
with datasets other than the working set (or training set) to develop the model is 
necessary. Remember-a model is usually an oversimplification of reality: "all 
models are wrong; some are useful," as stated by George Box. The more the 
datasets against which a model is validated, the more robust is that model in its 
predictive capability. Once validated, the PBPK model is ready for extrapolation 
to other animal species, including humans. 

Data Requirements for PBPK Modeling 

What are the specific data needed for building PBPK models? Obviously, well­
conducted in vivo pharmacokinetic data are essential and usually the more the 
datasets (e.g., different doses, routes, species), the better. In each study, time-course 
blood and tissue concentration data are essential. These time-course data should 
include at least the following tissues and organs: blood (or plasma if blood cell 
binding is not an issue), liver (organ of metabolism), kidney (representing rapidly 
perfused organs/tissues), muscle (representing slowly perfused organs/tissues), and 
target organ(s)/ tissue(s). 

Three sets of parameters are needed for PBPK model building: physiologi­
cal parameters (e.g., ventilation rates, cardiac output, organs as percentage of body 
weight), thermodynamic parameters (e.g., tissue partition coefficients, protein bind­
ing), and biochemical parameters (e.g., Michaelis-Menten metabolism parame­
ters~ and V max). Most, if not all, of the parameters for laboratory animals are 
available in the literature (Brown and others, 1997). When information gaps exist, 
needed data can be obtained via experimentation or through allometric extrap­
olation, usually based on a power function of the body weight (Lindstedt, 1987). 

Datasets Used for Model Building and Model Validation 

When building a PBPK model, certain experimental datasets are necessary for 
comparing with simulation results to see if the theoretical data (computer simu­
lations) are superimposable to the observed data (experimental results). During 
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this phase of the work, we are trying to (1) test our hypotheses of pharmacokinetic 
fate of the chemical(s) of interest in the given biological system, (2) assess the ap­
propriateness of the assumptions that we made for the PBPK model, and (3) find 
appropriate values for those parameters that can neither be derived experimen­
tally nor extrapolated allometrically. The datasets used in this model-building 
phase should be considered as a training set or worldng set. Once a PBPK model is 
constructed, the next phase is model validation. This is where a priori simulations 
under a specific exposure scenario can be carried out and the simulation results 
then compared with available experimental data. Superimposition of the two sug­
gests validity of model prediction under that set of conditions. The more datasets 
there are against which a model is validated, the more robust is that model in its 
predictive capability. Validation of the PBPK model with datasets other than the 
training set (or working set) used to develop the model is essential. 

Available Software Comparison 

A PBPK model generally is a system of coupled ordinary differential equations, 
which are solved with the aid of computer tools. The available computer tools for 
P~PK modeling include programming languages, simulation software, and spread­
sheets. An excellent list of these tools, along with their developers/vendors, salient 
features, and application examples, has been compiled in a recent report on PBPK 
modeling (Environmental Protection Agency, 2005a). Earlier, Rowland, Balant, 
and Peck (2004) presented a somewhat different list. Certain commonly known ex­
amples in these lists are MATI.AB (Math Works, Natick, Massachusetts), Berkeley 
Madonna (University of California-Berkeley), SAAM II (University of Washington­
Seattle), SCoP (Simulation Control Program, Simulation Resources, Inc., Red­
lands, California), SimuSolv (Dow Chemical Company; Midland, Michigan), and 
ACSL, ACSL Tox, and acsIXtreme (AEgis Technologies Group, Huntsville, Ala­
bama). The available software for PBPK modeling varies in flexibility and user 
friendliness. Regardless of the variation in flexibility, PBPK software should at least 
have proper algorithms for integration, optimization, and sensitivity analysis. Given 
the diversity in the software in use, concerns have been expressed about standardiz­
ing the software for PBPK modeling (Rowland Balant, and Peck, 2004). In the tox­
icology community; ACSL, ACSL Tox, and acslXtreme, closely related, are the 
most commonly used software. 

Two PBPK simulation programs used in our la°Qoratory, Berkeley Madonna 
(version 8.3.6) and acslXtreme (version 2.0.1.6), are briefly introduced here. Both 
programs are general-purpose differential-equation solvers with high flexibility. 
The modeling process in each program follows the procedure of representing a 
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model graphically or in equations, compiling model equations into machine code, 
and reporting results. Berkeley Madonna is more affordable, easier to learn, more 
user-friendly, and requires less programming knowledge . 

The critical components of a model in both Berkeley Madonna and 
acslXtreme are the equations and statements that represent the parameter set­
tings, model structure, integration method, and other related conditions. In 
Berkeley Madonna, the equations need not follow a particular order or structure . 
They will be automatically sorted into a proper order for execution. For read­
ability and ease to debug, however, coding in the following order is recom­
mended: integration method and related conditions, parameters, parameter 
scaling, exposure conditions, and mass balance for each compartment. 

In the follov.ing sections, we first provide a general explanation of the blocks 
for a model written with ACSL. We then provide a detailed explanation of a 
PBPK model written with Berkeley Madonna. This seemingly preferential treat­
ment of Berkeley Madonna is due to the fact that Berkeley Madonna is more af­
fordable to students and easier to use. We believe that the readers of this book are 
more likely to be interested in starting their PBPK modeling experience with 
Berkeley Madonna. 

In acslXtreme, the model equations, saved in a CSL ( continuous simulation 
language) file, are organized to a specific structure with several blocks (acsIXtreme 
La.nguage Reference Guide, 2005): 

PROGRAM 
INITIAL 
Statements executed before the run begins. 
State variables do not contain the initial conditions yet. 
END 

DYNAMIC 
DERIVATIVE 
Statements to be integrated continuously. 
END 

DISCRETE 
Statements executed at discrete points in time. 
END 
Statements executed at each communication interval. 
END 

TERMINAL 
Statements executed after the run terminates. 
END 

END 
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Equations should be placed in the appropriate blocks; misplacement of equa­
tions may prevent the code from running or produce wrong results. In the Deriva­
tive block, however, the equations can be grouped in whatever way the modeler likes. 
Although no acslX.treme code is available in the literature, a reader can ref er to 
Thomas and others (1996a) and Easterling, Evans, and Kenyon (2000) for the codes 
in ACSL and SimuSolv that are structurally very similar to those in acslX.treme. 

After a model code is executed, both Berkeley Madonna and acslX.treme are 
amenable to in silica experimentation, including, but not limited to, tabulating and 
plotting simulation results, examining the effects of a parameter on model out­
puts, visual optimization, statistical optimization, sensitivity analysis, and Monte 
Carlo analysis. In this regard, Berkeley Madonna offers a user-friendly interface 
so that those manipulations can be achieved by selection of the self-explanatory 
options from the tool menu. AcslX.treme, however, requires some acquaintance 
with the specific command language, which is a challenge to a new user. 

Explanation of an Example of Computer Code 
for a PBPK Model in Berkeley Madonna 

A l;'BPK model code written in Berkeley Madonna simulates the exposure and 
pharmacokinetics in the rat of 1, 1, I-trichloroethane, a volatile organic chemical, 
which is lipophilic and slowly metabolized in the liver. Prior to explaining the code, 
we need to sequentially define the foundations on which the code is based: (1) ex­
posure conditions, (2) PBPK model structure, and (3) necessary assumptions/ sim­
plifications and mass-balance differential equations for all compartments. 

. &posure conditions: Two exposure pathways, not taking place simultaneously, 
are involved in this case. At time zero, a rat is orally administered a 1, 1, I -
trichloroethane water solution at the dose of 14.2 mg/kg body weight; or else it 
starts inhaling 1, 1, I-trichloroethane vapor at 150 ppm continuously for six hours. 
That determines the time-course concentrations of 1, 1, I -trichloroethane in the 
exhaled air and venous blood. 

PBPK model structure: The model structure (Figure 5.2) is determined accord­
ing to the exposure conditions and the pharmacokinetic characteristics of 1, 1, I -
trichloroethane. As 1, 1, 1 ~trichloroethane is lipophilic and slowly metabolized in 
the liver, the fat and liver are included in the model structure. The other organs 
and tissues have no individually distinct impact on the pharmacokinetics, and are 
thus lumped to a rapidly and slowly perfused compartment. The lung/lung blood 
and gastrointestine (GI) compartments accommodate the inhalation and oral dos­
ing exposures. 

We assume that each of the compartments is homogeneous, that the chemi­
cal uptake in each tissue compartment is perfusion-limited, that is the diffusion of 
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FIGURE 5.2. PBPK MODEL STRUCTURE 
FOR 1, 1, 1-TRICHLOROETHANE IN THE RAT. 
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the chemical into the tissue is rapid and the rate-limiting step is the blood perfu­
sion rate, and that I 00 percent of the oral dose in the GI compartment is ab­
sorbed. The amount of change of I, I, I -trichloroethane in a small time interval 
(d~ in the fat (F) compartment can be expressed as 

dAF CF - = QF X (CA - CVF) - QF X (CA - -) 
~ PF 

(5.3) 

where AF is the amount in fat, QFis the blood flow rate into fat, CA is the arter­
ial blood concentration, and CVF is the concentration in the effluent blood from 
fat, which is related to the fat concentration ( CF) divided by the fat partition co­
efficient (PF). Equation 5.3 can be applied to the rapidly (1?:J and slowly (S) per­
fused compartments by replacing the Fwith Rand S, respectively. 

The differential equation for the liver is a little more complicated than in 
Equation 5.3 because the absorption from the GI compartment and the metab­
olism should be considered therein. 

dAL dAB dAM - = (&x (CA-CVL)+ - - -
dt dt dt 

(5.4) 
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where dAB/ dt represents the rate of absorption from the GI compartment into 
the liver, and dAM/ dt represents the rate of metabolism that results in a negative 
change in the chemical amount in the liver. 

The differential equation for the GI lumen is 

dAGI dAB --= - - = - KAB x AG! 
dt dt 

(5.5) 

where AG! stands for the amount in the GI compartment, and KAB is the rate con­
stant of absorption from GI to blood and then to the liver. The minus sign indi­
cates that the amount left in the GI compartment decreases with time. 

The venous blood concentration, CV, can be expressed using an algebraic 
equation: 

cv ... (Qf x cVF + OJ x cVL + QR x CVR+ QS x cvs)IQC (5.6) 

where QC is the cardiac output. For the calculation of arterial blood concentra­
tion, CA, assumptions are involved that steady state in the lung is quickly reached 
upon inhalation, that the exhaled concentration is in equilibrium with CA, and 
tha,t the chemical is only absorbed in the alveolar region. In the blood flowing 
through the lung, the amount of change over time can be expressed as: 

_dAB_loo_d = QC x ( CV - CA ) + Qf x ( CI.N - CA_) 
dt PB 

(5.7) 

where Qj is pulmonary ventilation rate, CI.N is the concentration inhaled, PB is 
blood:air partition coefficient, and CAI PB is the concentration exhaled. At steady 
state, dABlood/ dt = 0. Thus, Equation 5. 7 is reduced to 

CA QC x ( CV - CA) + Qf x ( GIN - -) = 0 
PB 

Solving Equation 5.8 for CA, 

CA= -~-C_x_C_V_+_Qj_P_x_C_'IN_ 

QC+ QJ' 
PB 

(5.8) 

(5.9) 

Now that the exposure conditions, model structure, and mass-balance equa­
tions are clarified, let us turn to the Berkeley Madonna code for this case. Like a 
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typical PBPK model code, the 1, 1, I -trichloroethane includes documentation, in­
tegration method, parameters, mass-balance equations, and error-check equa­
tions. We will go tlirough it line by line. The code contents are followed by brief 
explanations; these are not meant to replace a PBPK modeling course or work­
shop. In a Berkeley Madonna code, documentation is composed of the text strings 
confined in paired curly brackets or preceded by semicolons . 

{1, 1, 1-Trichloroethane code originally supplied by Dr. Reitz. Converted into a Berke­
ley Madonna form for the 2005 Colorado State University Beginner's PBPK Workshop 
by Yasong LU and Ray Yang. 7/16/2005. Reference: Reitz RH, McDougal JN, Himmel­
stein MW, Nolan RJ, Schumann AM. 1988 Physiologically based pharmacokinetic 
modeling with methylchloroform: Implications for interspecies, high dose/low dose, 
and dose route extrapolations . 

Source: Toxicology and Applied Pharmacology, 95, 185-199}. 

These sentences are part of the documentation of this code. Different from 
the other components, documentation is not essential for code execution. How­
ever, it records important information pertinent to the code, such as the purpose(s) 
of the modeling, experimental conditions being simulated, date and author(s) of 
the code, history of the modifications to the code, rationale of the moaeling struc­
ture and parameter value selections, and explanation of the terminology in the 
code. Documentation is critical for model code maintenance. Therefore, it is al­
ways good practice to provide documentation as thoroughly as possible. 

Method Stiff 

The METHOD statement defines the numerical integration method for model 
calculation. For PBPK modeling, STIFF is a frequently used method that auto~ 
matically finds the appropriate integration intervals over time. See the next sec­
tion for more details on numerical integration methods. 

STARTIIME = 0 
STOPTIME = 12 

The STARTTIME and STOPTIME statements define the starting and end­
ing times of the simulation. The former is usually O; the latter varies depending 
on the experimental duration. 

{Physiological Parameters} 
{Constants set for the rat} 
BW = 0.233;Mean body weight (kg); Reitz et al. code. 
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QCC = 15.;Cardiac output constant [L/(hr*kg.,...0.74)]; Reitz et al., 1988. 
QPC = 15.;Alveolar ventilation constant [L/(hr*kg"0.74)]; Reitz et al., 1988. 
{Blood flow fractions} 
QLC = 0.24;Fractional blood flow to liver; Reitz et al., 1988. 
QFC = 0.05;Fractional blood flow to fat; Reitz et al., 1988. 
QSC = 0.18;Fractional blood flow to slowly perfused; Reitz et al., 1988. 
QRC = 1.0-(QFC+QSC+QLC);Fractional blood flow to rapidly perfused; 

Reitz et al., 1988. 
{Volume fractions} 
VLC = 0.04;Fraction liver tissue; Reitz et al., 1988. 
VFC = 0.07;Fraction fat tissue; Reitz et al., 1988. 
VRC = 0.05;Fraction rapidly perfused tissues; Reitz et al., 1988. 
VSC = 0.91-VLC-VFC-VRC;Fraction slowly perfused; Reitz et al., 1988. 

This block defines the physiological parameters necessary for the modeling. 
Each parameter statement is followed by a semicolon and text string (documen­
tation) explaining the meaning of the parameter symbol and the source of the pa­
rameter value. These statements, either following a semicolon or in between curly 
brackets, are for our own record or information and they are ignored by Berke­
ley Madonna. 

{Chemical specific parameters} 
{Partition coefficients} 
PB= 5.76;Blood/air; Reitz et al., 1988. 
PLA = 8.6;Liver/air; Reitz et al., 1988. 
PFA = 263.;Fat/air; Reitz et al., 1988. 
PRA = 8.6;Rapidly perfused/air; Reitz et al., 1988. 
PSA = 3.15;S1owly perfused/air; Reitz et al., 1988. 
PL= PLA/PB 
PF= PFA/PB 
PR= PRA/PB 
PS= PSNPB 

The tissue:air partition coefficients were experimentally measured; they are 
divided by a blood:air partition coefficient to convert to tissue:blood partition co­
efficients, which govern the distribution of the chemical in each compartment. 

{Metabolism; saturable; estimated from Schumann et a~. data and Reitz et al. drinking 

water study} 
VMAXC = 0.419;Capacity of saturable metabolism [mg/(hr*kg"0.7)]; Reitz et al., 1988. 
KM= 5.75;Affinity of saturable metabolism (mg/L); Reitz et al., 1988. 
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These lines define the Michaelis-Menten kinetic parameters for 1,1,1-
trichloroethane metabolism in the liver. 

{Scaled parameters} 
QC= QCC*BW110.74;Cardiac output (L/hr); Reitz et al., 1988. 
QP = QPC*BW110.74;Alveolar ventilation (L/hr); Reitz et al., 1988. 
VF = VFC*BW;Fat volume (L) 
VL = VLC*BW; Liver volume (L) 
VR = VRC*BW;Rapidly Perfused volume (L) 
VS = VSC*BW;Slowly Perfused volume (L) 
QL = QLC*QC;liver blood flow (L/hr) 
QF = QFC*QC;Fat blood flow (L/hr) 
QR= QRC*QC;Rapidly Perfused blood flow (L/hr) 
QS = QSC*QC;Slowly Perfused blood flow (L/hr) 
VMAX = VMAXC*BW110.7;Capacity of saturable metabolism (mg/hr); Reitz et al., 1988. 

In this block, the physiological parameters and maximum metabolic velocity 
are scaled by the body weight. 

{Exposure conditions: oral dosing} 
BOOSE = 14.2;0ral bolus dose rate (mg/kg) 
KA= 1.25;Rat GI absorption rate constant (/hr); Reitz et al., 1988. 
ODOSE = BDOSE*BW;Oral bolus dose (mg) 

These statements define the oral exposure dose and the GI absorption rate 
constant. 

{Exposure conditions: inhalation} 
TCHNG = 6.;Length of inhalation exposure (hrs) 
;Unit conversion: from ppm to mg/L; often necessary for inhalation exposure scenarios. 
MW= 1 33.S;Molecular weight (g/mol) 
CONC = O.O;lnhaled concentration (ppm) 
CINO = CONC*MW/24450.;Convert ppm to mg/L 
CIN = IF TIME<TCHNG THEN CINO ELSE O;Turn off inhalation after exposure interval 

The inhalation exposure conditions are defined in this block. Two features 
here deserve some elaboration: 

1. Unit conversi.on. In inhalation experiments, chemical concentrations are fre­
quently expressed in parts per million (ppm), which must be converted to mg/L 
or something similar for further calculations. The theoretical basis of the unit con­
version is the ideal gas law. 
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2. The "if-then-else statement.'' This statement is used to change a parameter 
under certain condition(s). In this case, the inhalation exposure is turned off, since 
the TIME hits six hours. Please note that although this code accommodates both 
oral and inhalation exposure, they do not coexist. Thus, the inhaled concentra­
tion (CONC) is set as zero here to avoid the undesirable double-dosing; when run­
ning the. code for inhalation, we can turn off the oral dosing and give CONC an 
appropriate value. 

At this point all parameters have been defined in the code. The following 
sections demonstrate how the chemical amount and/ or concentration in each 
compartment are calculated. For each compartment, there is a mass-balance dif­
ferential equation coupled with a statement (INIT, which also signifies integration 
of the parameter that follows) defining the initial value of the amount in the com­
partment. When necessary, the concentration in a compartment is calculated as 
the ratio of the amount therein over the compartment volume. 

{Chemical distribution-mass balances} 
;AS = Amount in Slowly Perfused (mg);AS' = dAS/dt 
AS' = QS*(CA-CVS);Mass-balance differential equation. 
INIT AS = O.;lnitial amount in slowly perfused. 
CS ~ ASNS;Concentration in slowly perfused, mg/L. 
CVS = CS/PS;Effluent blood cone, in equilibrium with tissue cone, mg/L. 

These lines calculate the amount and concentration in the slowly perfused com­
partment and the concentration in the venous blood flowing out of that compartment. 

;AR = Amount in Rapidly Perfused (mg) 
AR' = QR*(CA-CVR);Mass balance in rapidly perfused 
INIT AR= O.;lnitial amount in rapidly perfused 
CR = ARNR;Conc in rapidly perfused, mg/L 
CVR= CR/PR;Effluent blood cone, mg/L 
;AF = Amount in fat (mg) 
AF' = QF*(CA-CVF);Mass balance in fat 
!NIT AF = O.;lnitial amount in fat 
CF = AFNF;Conc in fat, mg/L 
CVF = CF/PF;Effluent blood cone, mg/L 

The chemical amount and concentration in the fat and the rapidly perfused 
compartment are calculated in the same way as for the slowly perfused compartment. 

;AL= Amount in liver (mg) 
AL'= QL*(CA-CVL) -AM'+ AO';Mass balance in liver 
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INIT AL= O.;lnitial amount in liver 
CL = AL/VL;Conc in liver, mg/L 
CVL = CL/PL;Effluent blood cone, mg/L 
;AM = Amount metabolized (mg) 
AM' = VMAX*CVL/{KM+CVL);Rate of metabolism, mg/hr 
INIT AM= O.;lnitial amount metabolized, mg 
;AO' = Rate of input to liver from stomach after oral bolus (mg/hr) 
AO'= KA*MR;Rate of GI absorption, mg/hr 
!NIT AO = O.;lnitial value of absorbed amount, mg 

This block shows the calculations for the liver compartment. Different from 
the fat and the rapidly and slowly perfused compartment, the mass balance in the 
liver includes metabolism and absorption from the GI compartment . 

;MR= Amount remaining in stomach after oral bolus (mg) 
;First-order absorption 
MR'= -KA*MR;Absorption rate, mg/hr 
INIT MR = ODOSE;lnitial value of the amount in stomach = given dose, mg 

These lines demonstrate the calculation of the amoW1t in the GI compartment 

;Blood concentrations (mg/L) 
CV= {QL *CVL+QS*CVS+QF*CVF+QR*CVR)/QC;Venous blood cone, mg/L 
CA= (QC*CV+QP*CIN)/(QC+QP/PB);Arterial blood cone, rng/L 
CEX = CNPB;Conc leaving the alveolar region, mg/L 
CEXMGL = 0.667*CEX+0.333*CIN;Conc in exhaled air, mg/L 

I 

CEXPPM = CEXMGL*24450./MW;mg/L converted to ppm, for comparing with data 

The venous and arterial blood concentrations are calculated algebraically. By 
convention, the alveolar respiration has been assumed to account for two-thirds 
of total respiration (Ramsey and Andersen, 1984); hence the concentration in the 
exhaled air is a weighted average of the inhaled concentration (CIN) and the con­
centration leaving the alveolar region (CEX). 

;Error check 
;Total amount of chemical delivered should equal to the amount calculated by the code. 
;Amount inhaled 
AIN' = QP*CIN 
INIT AIN = 0. 
;Amount exhaled 
AEX' = QP*CEX 
INIT AEX= 0. 
;TOTAL= Total amount delivered 



The Application of Physiologically Based Pharmacokinetic Modeling to Risk Assessment 105 

TOTAL= ODOSE + AIN - AEX 
;Calculated = Total amount calculated 
Calculated= AF+AL+AS+AR+AM+MR 
ERROR= (TOTAL - Calculated)/(TOTAL + 1 E-30)1'1 OO;ERROR should be dose to 0. 

This final block is set to check the potential error(s) in the code. A small value 
(lE-30) is added to the denominator in the ERROR equation to avoid a situation 
where the denominator might end up being zero. If the total amount of chemi­
cal delivered experimentally is different from the summed amount in all com­
partments and eliminated, it would suggest that there is an error(s) in the code. 
This error-check tool, however, cannot uncover all errors in a code; thorough ex­
amination of a code is strongly encouraged. 

Numerical Integration 

Numerical integration, as opposed to finding an exact solution, is the basis for 
computer simulation in PBPK modeling. In essence, it is an approach for ap­
proximating very closely the true solution of a calculation in much the same way 
as.we approximate an area under the curve (AUC) using the trapezoidal rule. In 
this latter case, the smaller the trapezoids (i.e., the step size), the more accurate 
the approximation of the AUC. In Berkeley Madonna, there are five numerical 
integration methods available for use. They are Euler's Method, Runge-Kutta 2, 
Runge-Kutta 4, Auto-stepsize, and Rosenbrock (stiff). Detailed explanation of 
these methods is beyond the scope of this chapter. We will simply point out two 
things: (1) a very popular method for approximating solutions to first-order initial­
value problems is the fourth-order Runga-Kutta method (i.e., Runge-Kutta 4 in Berkeley 
Madonna; Runga-Kutta refers to two German mathematicians); (2) for some dif­
ferential equations, application of standard numerical integration methods such 
as the Euler and Runge-Kutta methods exhibit instability in the solutions. This 
instability or difficult-behavior in the equation is described as stiffoess and is often 
caused by the presence of different time scales in the underlying problem. Stiff 
problems are ubiquitous in many areas of science, including biology. One of the 
methods in Berkeley Madonna, Rosenbrock (stiff), is specifically to be used for 

the stiff problems. 

Sensitivity and Uncertainty 

A PBPK model provides pharmacokinetic profiles of a chemical given physio­
logical, biochemical, anp thermodynamic parameters. For various reasons, it is 
valuable to identify the sensitivity of an output to the model parameters and to 
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measure the effect of the variability or uncertainty in a parameter on model out­
puts. These evaluations involve sensitivity analysis and uncertainty analysis. 

Sensitivity Analysis 

Sensitivity analysis examines the influence of model parameters on outputs. Con­
ceptually, there are two kinds of sensitivity analyses in mathematical modeling: 
local and global (Blower and Dowlatabadi, 1994; Nestorov, Aarons, and Rowland, 
1997; Saltelli, Tarantola, and Chan, 1999). Lncal sensi.tiviD' refers to the response 
of model outputs to the perturbation of a single parameter, whereas global sensi­
tivity refers to the response of outputs to the simultaneous alterations in all para­
meters. Sensitivity analysis in the PBPK community is currently predominantly 
limited to local sensitivity (Clewell, Lee, and Carpenter, 1994; Easterling, Evans, 
and Kenyon, 2000; Emond, Birnbawn, and De Vito, 2004; Evans and Andersen, 
2000; Evans, Crank, Yang, and Simmons, 1994; Sweeney, Gargas, Strother, and 
Kedderis, 2003). 

The sensitivity of an output to a parameter can be quantitatively reflected by 
a sensitivity coefficient (SC). Considering an output R is a function of a parame­
ter x, that is, R = F(x}, then: 

SC= F(x + Llx)- F(x) 
Llx 

(5.10) 

where Llx is a perturbation in x. When the Llx is sufficiently small, the SC is a par­
tial derivative of R with respect to x. Thus, Equation 5.10 can be reformulated 
into: 

SC= iJR 
ax 

(5.11) 

Since parameters and outputs have distinct units and magnitudes, the SC should 
be properly normalized for interparameter or interoutput comparisons. Thus: 

aR 

SC = Ji. = alnR 
ax alnx 

(5.12) 

X 

where SC can be recognized as the sensitivity of the logarithm of an output R 
(lnR) to the logarithm of a parameter x (lnx), hence it is also known as a log­
normalcyd sensitivity coefficient (LSC). An LSC identifies the percentage change in an 
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output due to a percentage change in a parameter. It has been suggested that 
LSCs should be in the range of -1 to 1; a value substantially beyond the range in­
dicates that the error in a parameter is greatly amplified in the output, and hence 
implies undesirable feature(s) in the model (Clewell, Lee, and Carpenter, 1994). 

The utilities of sensitivity analysis include 

• Identifying the most sensitive parameters for an output, which helps us under­
stand a pharmacokinetic behavior of interest (Emond, Birnbaum, and De Vito, 
2004; Evans and Andersen, 2000). 

• Evaluating the necessity of carefully measuring unknown parameters. If the 
output of interest is sensitive to an unknown parameter, precise measurement 
of this parameter is required. 

• Directing targeted experimentation and improving study design. For example, 
sensitivity analysis may suggest optimal exposure conditions, necessary data to 
be collected, and the frequency of data collection (Evans, Crank, Yang, and 
Simmons, 1994; Schlosser, 1994). 

Uncertainty Analysis 

T~e term uncertainty is often used along with variability although they are distinct 
co~cepts. Uncertainty is defined as the possible error in estimating a true value of 
a parameter; it is a defect in knowledge and can be reduced by improving exper­
imental methods (Clewell and Andersen, 1996). Variability, however, refers to the 
difference of a parameter among individuals; it is a fact that can be measured but 
not be changed (Clewell and Andersen, 1996). 

For the purpose of risk assessment, average pharmacokinetic information is 
not very useful because it does not take into account the uncertainty and vari­
ability of the parameters (Clewell and Andersen, 1996). Uncertainty analysis mea­
sures the effects of uncertainty and variability in model parameters on predicted 
pharmacokinetics. Monte Carlo simulation is a common technique for uncertainty 
analysis. Before conducting a PBPK simulation, the statistical distributions of all 
parameters are determined. A set of the parameters is sampled from those distri­
butions using Monte Carlo simulation. These parameters are then input into a 
PBPK model, which is executed and generates a set of outputs. Then another set 
of parameters is sampled, the PBPK model is reexecuted, and the outputs are 
recorded. This process is repeated many times (e.g., 1,000) until many sets of out­
puts are generated. The outputs are statistically analyzed to get the means and 

I 

variances. As such, the effects of the uncertainty and variability of parameters on 
outputs are measured (Blower and Dowlatabadi, 1994; Clewell and Andersen, 
1996; Hetrick,Jarabek, ~nd Travis, 1991; Thomas and others, 1996b). Recently 
a more advanced statistical approach, Bayesian analysis, has been applied in PBPK 
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modeling to explore the effects of uncertainty and variability in model parameters 
(Bois 2001; David and others, 2006;Jonsson, 200l;Jonsson andjohanson, 2001a; 
Marino and others, ".2006). This approach can separate uncertainty from variabil­
ity. More information on the Bayesian approach is introduced in a later section. 

PBPK Models for Chemical Interactions 
(Interactive PBPK Models) in Chemical Mixtures 

Since humans are rarely, if ever, exposed to a single chemical, a key feature of 
PBPK modeling is that it can be used to integrate information on toxicological 
interactions. The most ideal and scientifically defensible data requirement for es­
tablishing an interactive PBPK model is that an established, validated PBPK 
model is available for each component chemical in the mixture. Furthermore, 
there are many pharmacokinetic datasets in laboratory animals as well as in hu­
mans available for each of these component chemicals. We use the term of inter­
acti.ve PBPK model to mean a PBPK model that is capable of simulating interactions 
between and among chemicals in a mixture. The interactive PBPK model is then 
built on the basis of known pharmacokinetic interactions. For instance, one chem­
ical may inhibit the biotransformation of other mixture components. The indi­
vidual PBPK models may then be linked together at the liver compartment by 
introducing competitive (or other) inhibition terms in the mass-balance differen­
tial equation. In our opinion, the application of PBPK modeling to toxicological 
interactions of chemical mixtures is necessary in cumulative risk assessment. How­
ever, this area is very complex, and it is still an emerging field. For a more thor­
ough discussion, see the chapter on PBPK modeling of chemical mixtures in 
Reddy, Yang, Clewell, and Andersen (2005), as well as the chapter on the appli­
cation of PBPK modeling in cumulative risk assessment in Yang and others 
(2006b). It should be emphasized here that PBPK modeling handles only part of 
the chemical mixture issue in cumulative risk assessment (i.e., the pharmacoki­
netic interactions at the whole body level). PBPK modeling must be integrated 
with "biochemical reaction network modeling" in order to go to the molecular in­
teraction reaction network level, and further to the linkage with toxic end points to 
fully address the chemical mixture issue in cumulative risk assessment (Mayeno, 

Yang, and Reisfeld, 2005; Yang and others, 2006b, 2006c). 
A research group led by Professor Kannan Krishnan, U niversite de Mon­

treal, Canada, pioneered efforts in the PBPK modeling of more complex chem­
ical mixtures. Earlier work from this group concentrated on interactions and 
PBPK modeling between two chemicals (Pelekis and Krishnan, 1997; Tardif and 
others, 1995; Tardif, Lapare, Krishnan, and Brodeur, 1993). As progress was 
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made, these investigators began to build up the mixtures and devoted their efforts 
to PBPK modeling of more and more complex chemical mixtures (Haddad, 
Charest-Tardif, Tardif, and Krishnan, 2000; Haddad, Tardif, Charest-Tardif, and 
Krishnan, 1999; Tardif, Charest-Tardif, Brodeur, and Krishnan, 1997). So far, 
these investigators have successfully carried out PBPK modeling on the pharm­
acokinetic interactions on chemical mixtures involving up to five chemicals 
(Haddad, Tardif, Charest-Tardif, and Krishnan, 2000; Krishnan, Haddad, 
Beliveau, and Tardif, 2002); however, they have advanced the hypothesis that 
pharmacokinetic interactions of complex chemical mixtures, regardless of the 
number of components, may be predicted based on the PBPK modeling of bi­
nary mixtures of the component chemicals (Haddad, Charest-Tardif, Tardif, and 
Krishnan, 2000; Krishnan, Haddad, Beliveau, and Tardif, 2002). Thus, accord- . 
ing to their concept, PBPK models for mixtures of any complexity can be created 
as long as the quantitative information on the mechanism of interaction for each 
interacting pair (e.g., competitive inhibition rate constant) is available (Krishnan, 
Haddad, Beliveau, and Tardif, 2002). 

Applying the same approach created by Krishnan and coworkers, investigators 
in our laboratory have studied PBPK modeling of a ternary mixture of trichloroeth­
ylene (ICE), tetrachloroethylene (PERC), and 1, 1, 1-trichloroethane (methyl chloro­
fo~m, MC) in rats and humans (Dobrev, Andersen, and Yang, 2001, 2002). 
Furthermore, Dennison, Andersen, and Yang (2003) in our laboratory character­
ized the pharmacokinetics of gasoline, a very complex mixture, in rats using an in­
tegrated PBPK modeling and lumping approach. The PBPK model tracks selected 
target components (benzene, toluene, ethylbenzene, o-xylene, and n-hexane) and a 
lumped chemical group representing all nontarget components. Competitive inhi­
bition was the principal mechanism of pharmacokinetic interactions among these 
five selected target single chemicals and a pseudo-chemical from the lumped com­
ponents. Computer-simulation results from the six-chemical interaction model 
matched well with gas uptake pharmacokinetic experimental data from single chem­
icals, a five-chemical mixture, and the two blends of gasoline. The PBPK model 
analyses indicated that metabolism of individual components was inhibited up to 
27 percent during the six-hour gas uptake experiments of gasoline exposures. 

The Current Status of PBPK Modeling of Chemical Mixtures 

For a more comprehensive discussion of PBPK modeling of chemical mixtures, 
we refer you to Chapter Thirteen in a recently publishfd book on PBPK (Yang and 
Andersen, 2005). Currently, the largest number of chemical components incor­
porated into a PBPK model is five individual chemicals and one lumped pseudo­
chemical (Dennison, 2004"; Dennison, Andersen, and Yang, 2003). Mechanistically, 
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competitive enzyme inhibition is still the prevalent toxicological interaction con­
sidered. As indicated earlier, K. Krishnan and his colleagues have advanced the 
idea that predictability of pharmacokinetic and pharmacodynamic consequences 
of chemicals in more complex chemical mixtures is possible as long as quantita­
tive data in the literature on binary chemical interactions is available (Haddad, 
Charest-Tardif, Tardif, and Krishnan, 2000; Krishnan, Haddad, Beliveau, and 
Tardif, 2002). So far their approach has worked for the volatile organic chemicals 
that they studied. Whether or not this concept has a broader application to mixed 
classes of chemicals in a mixture remains to be evaluated. 

Our current thinking is that PBPK modeling of chemical mixtures is limited 
in that it would not be possible, at least for the time being, to handle very com­
plex chemical mixtures in a refined and predictive way. We believe that bio­
chemical reaction network (BRN) modeling is a very important tool for helping 
us break out from such limitation, and we can envi<;ion the handling of very com­
plex mixtures with the integration of PBPK and BRN modeling (Liao, 2004; 
Mayeno, Yang, and Reisfeld, 2005; Yang, Dennison, and Lipscomb, 2006a; Yang 
and others, 2006b, 2006c. Furthermore, BRN modeling brings us closer to toxic 
end points, thus, potentially bringing in pharmacodynamics of chemical mixtures 
into focus. 

Predictive Toxicology for Chemical Mixtures: PBPK 
and Biochemical Reaction Network Modeling 

In the last two sections, we introduce the term biochemical reaction network (BRN) 
modeling. Integrated with PBPK modeling, this is one approach in attempting to 
solve the problems of assessing chemical mixture toxicity. What is BRN model­
ing? How does it work? How is it integrated with PBPK modeling? How does it 
help to solve the problems of assessing chemical mixture toxicity? Although more 
detailed answers to these questions are given elsewhere (Klein and others, 2002; 
Liao and others, 2002; Mayeno, Yang, and Reisfeld, 2005; Reisfeld and Yang, 
2004; Yang, Dennison, and Lipscomb, 2006a; Yang and others, 2006b, 2006c), 
here we provide a brief discussion of these subjects. 

BRN modeling had its origin in chemical and petroleum engineering. It was 
successfully employed in computer modeling and simulation of the complicated 
processes in oil refineries. In the chemical or petroleum engineering field, a reac­
tion network (RN) model is a tool that is used to predict the amounts of reactants, 
intermediates, and products as a function of time for a series of coupled chemi­
cal reactions (potentially numbering in the tens of thousands of reactions). The 
reaction network itself is the interconnected, time-dependent series of reactions 
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that occur in the system. In toxicology of chemical mixtures, we transplant the 
concepts and technology of RN modeling to examine biochemical reaction net­
works associated with the toxicological processes in an organism upon exposure 
to toxicants. To bring into focus the role of biochemical reaction networks in re­
lation to the molecular events leading to toxicological changes in the body, the 
fundamental biological processes involved are as follows: First, mRNA, through 
the process of transcription, is derived from DNA (genomics). From mRNA, 
through the process of translation, proteins are formed (proteomics). Enzymes are 
functional proteins that catalyze reactions, creating biochemical reaction networks 
(i.e., different pathways). The toxicants, once in the body, can affect any of the 
steps described above. Furthermore, these toxicants undergo metabolic transfor­
mations themselves by the enzymatic pathways existing in the body, and some of 
their metabolites, being reactive species, become new toxicants. The outcome 
of the dynamic balance of all these biochemical reaction networks (metabonomics for 
intrinsic chemicals and xenobiotic metabolomics for extrinsic toxicants) determines the 
cellular physiology and toxicology. The term biochemical reaction network (BRN) mod­
eling was principally derived based on the above description of biological events. 

How does the BRN modeling work? How is it integrated with PBPK model­
ing? How would it solve the problems of assessing or predicting chemical mixture 
to~city? The essential idea is that the BRN model software takes, as input, speci­
fications for the reactants (usually in terms of their chemical structures), as well as 
the enzymes (or other catalysts) involved. Inherent in the virtual enzymes used in 
the modeling software are certain reaction rules, stipulating the nature of the rele­
vant chemical and biochemical reactions. Algorithms within the software develop 
the associations between chemical species and create and solve the controlling ki­
netic equations in the reaction model. Thus, the output fro~ the simulation is 
formed by the detailed metabolic pathways (biochemical reaction networks) show­
ing the interconnections between the metabolites as well as the concentrations of 
all of these chemical species over time. As more and more information (e.g., chem­
ical properties, chemical reaction mechanisms) is entered into the databases of the 
BRN model software, the predictive power of the software increases. At some point, 
the BRN model grows to the stage where it can accurately predict the biochemi­
cal reaction networks of a chemical mixture, be it simple or complex. An investi­
gator can examine the nature and lifetimes of species of interest and, in the context 
of health risks, easily locate highly reactive species. Moreover, due to its design and 
flexibility, information can be fed back and forth between the BRN model software 
and lower-level (e.g., molecular-level such as gene and protein expression) and 

\ 

higher-level (organ/organism-level) modeling tools such as gene network model-
ing or PBPK modeling to give a more complete picture of the risk. 
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Application of PBPK Modeling in Dichloromethane 
Risk Assessment and Its Recent Development in 
Bayesian Population Approach 

Dichwromethane (DCM, methylene chloride) is a volatile organic solvent used in de­
caffeinating coffee and in the textile and pharmaceutical industries, as well as in 
paint stripping and metal degreasing. Animal studies in the early to mid- l 980s im­
plicated carcinogenic potentials of DCM in mice (National Toxicology Program, 
1986; Serota and others, 1986a, 1986b). The initial cancer risk assessment, carried 
out by the EPA, was based on administered dose from drinking water studies in 
mice (Serota and others, 1986a, 1986b ), and exposure concentrations in inhalation 
studies (National Toxicology Program, 1986). In 1987, Andersen and others (1987) 
calculated internal dose (i.e., target tissue dose) using PBPK modeling based on 
mechanisms of biotransformation and incorporated PBPK modeling into the can­
cer risk assessment process. Their conceptual PBPK model for DCM is shown in 
Figure 5.3; it is quite similar to the PBPK models shown in Figures 5.1 and 5.2. 

Two metabolic processes were considered for both the liver and the lungs: the 
oxidative pathway involving cytochrome P450 (CYP) 2El (AMIL and AMlLU 
in Figure 5.3), which follows Michaelis-Menten saturation (nonlinear) ~etics, and 
a glutathione S-transferase (GST) pathway (AM2L and AM2LU in Figure 5.3), 
which follows first-order (linear) kinetics. Reactive metabolites formed from these 
respective processes include formyl chloride and chloromethyl glutathione based 
on mechanistic understanding. The PBPK model was constructed and calibrated 
using datasets from a series of gas uptake pharmacokinetic studies conducted in 
their own laboratory (Andersen and others, 1987), and model validation was car­
ried out using four different sets of data under a variety of experimental condi­
tions; these included human experiments, as well as studies published by different 
investigators (Angelo, Bischoff, Pritchard, and Presser, 1984). Using the resulting 
DCM PBPK models for mice and humans, Andersen and his colleagues per­
formed extensive computer simulation in mice under the experimental conditions 
of cancer bioassay studies, as well as extrapolations to humans under similar ex­
posure conditions. Based on their calculated internal dose (target tissue dose) and 
in comparison with the tumor incidence data from the canccx· biuassays (National 
Toxicology Program, 1986; Serota and others, 1986a, 1986b), they concluded that 
the GST pathway is the critical one producing carcinogenic metabolites. Fur­
thermore, based on their analyses, they suggested that the conventional linear­
extrapolation risk analyses conducted by the EPA greatly overestimated (by about 
140- to 170-fold) the risk of DCM in humans. In many ways, the Andersen study 
(1987) created a scientific revolution in the risk assessment process. The EPA fol-
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FIGURE 5.3. A GRAPHIC OR CONCEPTUAL 
PBPK MODEL FOR DICHLOROMETHANE. 
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lowed up on the incorporation of PBPK modeling into the DCM risk assessment; 
after extensive internal and external deliberations, the EPA adopted the use of 
PBPK modeling in DCM cancer risk assessment. Subsequently, in 1991 the unit 
risk factor for DCM in the EPA Integrated Risk Information System (IRIS) was 
updated to reflect the incorporation of PBPK modeling; that is the first instance 
of the application of PBPK modeling by the EPA in cancer risk assessment 
(Marino and others, 2006). 

In the meantime, scientific deliberations and advancements were made in the 
application of PBPK modeling to risk assessment, particularly in the coupling of 
Monte Carlo simulation with PBPK modeling to address the issue of variability, 
not only in DCM (Clewell, 1995; Portier and Kaplan, 1989; Thomas and others, 
1996b), but also in other chemicals (El-Masri and others, 1996; Thomas and oth­
ers, 1996a). In these studies, the utilization of MontJ Carlo simulation with PBPK 
modeling produced distributions of internal doses rather than point estimates, 
thereby reflecting var\ability in input parameters. In addition, in one study 
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(Thomas and others, 1996b) where pharmacokinetic studies were conducted in 
parallel with a two-year chronic toxicity study, PBPK/Monte Carlo analyses pro­
vided kinetic changes in mice in relation to age and acute, subchronic, and chronic 
inhalation exposure. 

Two other developments related to DCM risk assessment are notable and both 
emphasized a population approach (El-Masri, Bell, and Portier, 1999; Sweeney, 
Kirman, Morgott, and Gargas, 2004). El-Masri and colleagues (1999) considered 
genetic polymorphism of glutathione-S-transferase theta 1 (GS'ITl) in human as 
this is the specific enzyme responsible for the biotransformation of DCM to 
formaldehyde which, in turn, causes DNA-protein crosslinks (DPX) or formalde­
hyde RNA adducts in mouse liver (Casanova, Bell, and Heck, 1997). Since the 
frequency of the GS'ITl homozygous null genotype ranges from lo-60 percent 
in different ethnic and racial populations around the world, El-Masri, Bell, and 
Portier ( 1999) studfed how varying GSTT I genotype frequencies would impact 
cancer risk assessment using Monte Carlo simulation and PBPK modeling. These 
investigators carried the internal dose a step further by estimating the DPX as the 
target tissue dose metric. Their studies revealed that the average and median risk 
estimates were 23-30 percent higher when GSTTl polymorphism was not in­
cluded in the model simulations. Thus, in the specific case of DCM risk, inheri­
tance of a GSTTl null genotype is protective because the GSTTI1 enzyme is 
necessary for bioactivation of DCM (El-Masri, Bell, and Portier, 1999). In the 
other development of DCM risk assessment, Sweeney, Kirman, Morgott, and 
Gargas (2004) revisited the original PBPK model on DCM (Andersen and oth­
ers, 1987) by re-analyzing a set of previously published (DiVincenzo and Kaplan, 
1981) human pharmacokinetic data for DCM. Even with a relatively small sam­
ple size of 13 individuals, Sweeney and colleagues were able to detect a bimodal 
distribution of CYP2El with varying V maxC values ranging from 7 .1 to 23.6 
mg/hr /kg0·7• Furthermore, Sweeney and colleagues (2004) indicated that extra­
hepatic CYP2E 1 metabolism is important and should be incorporated into the 
PBPK model for DCM since CYP2E 1 protein and RNA have been detected in 
human bone marrow, esophageal mucosa, small intestine, blood lymphocytes, 
bladder, pancreas, brain, and kidney. 

The Bayesian population approach to PBPK modeling is another important 
recent development, which is currently one of the most active scientific activities 
in PBPK modeling, particularly with respect to DCM risk assessment. Pioneering 
efforts on Bayesian population approach to toxicology, particularly in PBPK mod­
eling, are from F. Bois and colleagues (Bernillon and Bois, 2000; Bois and others, 
1996; Bois,Jackson, Pekari, and Smith, 1996), El-Masri and colleagues (1999), 
and F. Jonsson and colleagues Gonsson, 2001; Jonsson and Johanson, 200 I a, 
2001b, 2003). A dissertation by F.Jonsson at Uppsala University in Sweden pro-
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vides a very nice discussion on PBPK modeling in risk assessment and the devel­
opment of Bayesian population methods Gonsson 2001 ). The Bayesian popula­
tion approach may best be explained by a passage from a 2003 publication by 
Jonsson andjohanson Gonsson andJohanson 2003): 

In a Bayesian analysis, the inclusion of previous knowledge is a fundamental 
and integrated part of the modeling process. The knowledge of model param­
eters before taking the present experimental data into account is quantified by 
assigning probability distributions, so-called "priors" to the parameters. These 
distributions are subsequently updated with regards to the data at hand. The 
resulting, so-called "posterior probability distributions", or "posteriors" for 
short, are consistent with both the experimental data and the priors, as the 
posteriors are derived as the product of the likelihood of the data and the 
prior probability of the parameters. 

Until the early 2000s, Bayesian analyses were hampered by limitation of avail­
able methodologies. However, the advent of Markov Chain Monte Carlo 
(MCMC) methods overcame a number of the difficulties and these powerful 
methods, along with the availability of MCSim, a software in the public domain, 
greatly contributed to the recent surge of Bayesian analyses in PBPK modeling 
(Bois, 2001; Bois and others, 2002). 

Marino and others (2006), in their recent revised cancer risk assessment of 
DCM using Bayesian PBPK modeling, indicated that Bayesian population ap­
proach offers a number of advantages. These include: (1) the utilization of data 
and computer simulations from previous modeling efforts as starting points (priors) 
for current model calibration; (2) the capability to update multiple variables si­
multaneously using a hierarchical model, rather than varying one parameter at a 
time while holding others constant as is typically done in optimization process in 
PBPK modeling; (3) the ability to separately consider parameter variability and 
uncertainty in model calibration; and (4) the capacity to account for covariance of 
PBPK model parameters without the risk of incorrectly assuming all variables are 
independent. In the Marino and others (2006) paper and the companion publica­
tion (David and others, 2006), DCM cancer risk assessment reaches a new height 
with their Bayesian PBPK modeling approach. These investigators used "priors" 
from Andersen and others ( 198 7) and the earlier Bayesian modeling of DCM in 
mice from the U.S. Occupational Safety and Health Administration (OSHA) (1997) 
and demonstrated the dramatic improvement of •Bayesian PBPK modeling results 
of DCM in mice between using prior values vs. posterior values (Marino and oth­
ers, 2006). Further dose-response modeling was carried out and the results show 
that internal doses from the calibrated mouse model are 3- to 4-fold higher than 

I 
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values used by EPA to derive its current unit risk factor for DCM. David and oth­
ers (2006), subsequently, extrapolated Qie DCM PBPK model to human and 
metabolic data for'individual subjects from five human studies were used to de­
rive population values using MCSim. The human PBPK model, calibrated with 
the population values, was used to perform a cancer risk assessment for DCM. 
The risks of cancer from exposure to I µg/m3 DCM over a lifetime (i.e., the unit 
risks) were estimated using the calibrated model. Taking into consideration of ge­
netic polymorphism for GSTTl metabolism, the unit risks range from O (for 
GSTTl -/-) to 2.70 x 10-9 at the 95 percentile. The median (50 percentile) is 
9.33 x 10-10, which David and others (2006) pointed out to be 500 x lower than 
the current EPA unit risk of 4. 7 x 10-7 estimated from an earlier PBPK model. 
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