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Abstract

The current USEPA cancer risk assessment for dichloromethane (DCM) is based on deterministic physiologically based pharmaco-
kinetic (PBPK) modeling involving comparative metabolism of DCM by the GST pathway in the lung and liver of humans and mice.
Recent advances in PBPK modeling include probabilistic methods and, in particular, Bayesian inference to quantitatively address var-
iability and uncertainty separately. Although Bayesian analysis of human PBPK models has been published, no such efforts have been
reported specifically addressing the mouse, apart from results included in the OSHA final rule on DCM. Certain aspects of the OSHA
model, however, are not consistent with current approaches or with the USEPA’s current DCM cancer risk assessment. Therefore,
Bayesian analysis of the mouse PBPK model and dose-response modeling was undertaken to support development of an improved can-
cer risk assessment for DCM. A hierarchical population model was developed and prior parameter distributions were selected to reflect
parameter values that were considered the most appropriate and best available. Bayesian modeling was conducted using MCSim, a pub-
licly available software program for Markov Chain Monte Carlo analysis. Mean posterior values from the calibrated model were used to
develop internal dose metrics, i.e., mg DCM metabolized by the GST pathway/L tissue/day in the lung and liver using exposure con-
centrations and results from the NTP mouse bioassay, consistent with the approach used by the USEPA for its current DCM cancer
risk assessment. Internal dose metrics were 3- to 4-fold higher than those that support the current USEPA IRIS assessment. A decrease
of similar magnitude was also noted in dose-response modeling results. These results show that the Bayesian PBPK model in the mouse
provides an improved basis for a cancer risk assessment of DCM.
© 2005 Elsevier Inc. All rights reserved.
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1. Introduction

Dichloromethane (DCM, methylene chloride) finds use
in industrial processes as an extraction solvent for decaffe-
inating coffee and as a carrier solvent in the textile and
pharmaceutical industries. It also is used in paint strippers
and for degreasing of metal parts, and it is well suited for
cellulose acetate production (Holbrook, 1993). Prior to
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the mid-1980s, the primary concern regarding exposure
to DCM was oxidative metabolism leading to carboxyhe-
moglobin formation. Additional studies identified a second
metabolic pathway for DCM catalyzed by glutathione
transferases (Ahmed and Anders, 1978). Based on these
findings, along with experimental evidence that other halo-
genated hydrocarbons exhibited carcinogenic activity in
rodents, several chronic toxicity/oncogenicity studies were
initiated in the late 1970s to address questions regarding
potential long-term health effects from exposure to DCM
(Burek et al., 1984; National Coffee Association, 1982,
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1983; NTP, 1986; Nitschke et al., 1988; Serota et al.,
1986a,b). Results from these studies indicated that inhala-
tion and possibly oral exposures to DCM were associated
with carcinogenic activity in mice. A statistically significant
increase in hepatocellular adenomas and carcinomas was
observed in male B6C3F; mice following exposure to
DCM in drinking water at 50 and 250 mg/kg/day com-
pared to controls, although no dose response was evident
(Serota et al., 1986a,b). In addition, treatment-related lung
(alveolar/bronchiolar adenomas) and liver (hepatocellular
adenomas/carcinomas) tumors were observed in B6C3F,
male and female mice exposed to airborne concentrations
of 2000 or 4000 ppm DCM (NTP, 1986).

Based on these results, the US Environmental Protec-
tion Agency (USEPA) classified DCM as a B2 carcinogen
(probable human carcinogen) and developed an oral slope
factor using results in mice from NTP (1986) and Serota
et al. (1986b), as well as an inhalation unit risk factor using
female mouse results from the NTP study (USEPA, 1987).
These values were developed using administered dose or
concentration and standard defaults to extrapolate experi-
mental findings in mice to humans.

Subsequently, a physiologically based pharmacokinetic
(PBPK) model was developed for DCM by Andersen
et al. (1987) to examine the importance of the known met-
abolic pathways, i.e., oxidative (mixed-function oxidase
(MFO)) and glutathione transferase (GST) on tumor for-
mation in laboratory animals and the potential implication
in humans. Both of these pathways produce reactive inter-
mediates that theoretically could be associated with the
carcinogenic activity observed in laboratory animals. How-
ever, PBPK modeling results showed that tumor incidences
from the NTP (1986) and Serota et al. (1986b) studies were
consistent with calculated tissue doses from the GST path-
way, which implicated a reactive glutathione metabolite,
presumably S-(chloromethyl)glutathione, as being associ-
ated with cancer induction. (This mode of action (MOA)
for DCM-associated carcinogenesis in mice has recently
been reviewed (Slikker et al., 2004)). Following extensive
internal and external review, the USEPA adopted the use
of PBPK modeling for DCM as a reasonable means for
extrapolating NTP study results in mice to humans. The
unit risk factor in the USEPA Integrated Risk Information
System (IRIS) for DCM was subsequently updated in 1991
to reflect PBPK modeling results—the first instance of the
use of PBPK modeling by the USEPA in cancer risk
assessment.

Since 1991, PBPK modeling techniques have evolved to
incorporate advances in the understanding of metabolism
and, in particular, statistical approaches to address vari-
ability and uncertainty. For example, probabilistic (Monte
Carlo) modeling techniques have been developed that pro-
duce distributions of target tissue concentrations or inter-
nal dose metrics, rather than point estimates, and thereby
reflect potential variability in input parameter values (Cle-
well, 1995; Thomas et al., 1996). In particular, however,
Bayesian probabilistic methodology has recently been

reported as a method to quantitatively address both vari-
ability and uncertainty in PBPK modeling (Gelman et al.,
1996; Jonsson, 2001; Jonsson and Johanson, 2003). This
methodology has also been used to address DCM (EI-Mas-
ri et al., 1999; Jonsson and Johanson, 2001).

Bayesian inference offers a number of advantages in
PBPK modeling, including (a) the use of experimental
data and results from previous modeling efforts as start-
ing points (priors) for model calibration; (b) the capabil-
ity to update multiple variables simultaneously using a
hierarchical model, rather than holding certain parame-
ters constant, and varying others one at a time, as is
undertaken using typical optimization techniques; (c)
the ability to separately consider parameter variability
(i.e., population heterogeneity) and uncertainty (i.e., lack
of information about parameter values, which can be
reduced through additional data collection) in model cal-
ibration; and (d) the capability to account for covariance
of PBPK model parameters thereby precluding biased
uncertainty estimates, i.e., incorrectly assuming that all
variables are independent and thereby allowing related
parameters to be simultaneously set at their lowest or
highest values.

Although Bayesian PBPK modeling has been reported
in the literature for DCM, it has been used exclusively to
evaluate the influence of GST polymorphism in humans
on cancer risk estimates (El-Masri et al., 1999; Jonsson
and Johanson, 2001). These risk estimates were developed
using probabilistic modeling for human exposure in combi-
nation with dose metrics reported in the literature for the
NTP mouse study based on a deterministic mouse PBPK
model. The only available Bayesian modeling of DCM in
the mouse was undertaken to support the US Occupational
Safety and Administration (OSHA) Final Rule on Methy-
lene Chloride (OSHA, 1997). However, the model structure
of the Andersen et al. (1987) PBPK model for DCM was
modified to focus more specifically on occupational popu-
lations. Moreover, OSHA updated population distribu-
tions of physiological and partitioning parameters based
on the relatively small number of mice in the available
kinetic studies rather than more properly estimating these
parameters from information in the general literature
based on a large number of mice. Therefore, the study
reported here was undertaken to apply Bayesian and
dose-response modeling to the mouse in support of a
new cancer risk assessment for DCM (David et al., 2005).

2. Methods
2.1. Model structure

The PBPK model structure used for this analysis is the basic structure
developed by Andersen et al. (1987) (Fig. 1). The model describes the
metabolism of DCM in the liver and the lung by two competing pathways:
an oxidative pathway and a glutathione conjugation pathway. The cyto-
chrome P450 (oxidative) pathway is described with saturable kinetics,
whereas the glutathione transferase (GST) pathway is modeled as a
first-order process.
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Fig. 1. Structure of the DCM PBPK model for the mouse.

For inhalation, it is assumed that chemical concentrations in inhaled
air and pulmonary blood quickly achieve steady state, compared with
the time required for distribution to tissues. The lung is described by
two compartments: a gas exchange compartment and a metabolism com-
partment. This structure was assumed to allow for the equilibration of
DCM between air and lung blood before it enters lung tissue (Andersen
et al., 1987).

Some minor modifications were made to the model to facilitate the
varying input parameter values that result from the distributional
approach used in the Markov Chain Monte Carlo (MCMC) simulations.
The alveolar ventilation rate was correlated with the cardiac output by
replacing the parameter QPC with a ventilation/perfusion ratio (VPR),
which is the ratio of alveolar ventilation rate to cardiac output. The frac-
tional blood flows were constrained to sum to unity by dividing the frac-
tional blood flow for each tissue by the sum of all the fractional blood
flows. Likewise, the fractional tissue volumes were constrained to sum
to 0.9215, which is 100% minus a constant 7.85% carcass volume, by mul-
tiplying the fractional volume of each tissue by 0.9215 and dividing by the
sum of the sampled fractional tissue volumes.

2.2. Data for Bayesian analysis

Several experimental data sets, including closed-chamber inhalation
experiments and intravenous injection studies, were used to calibrate the
mouse model. In some of the closed-chamber experiments, the oxidative
pathway was inhibited by a suicide inhibitor of cytochrome P450 2EI,
trans-1,2-dichloroethylene (1,2-DCE), prior to exposure to DCM (Clewell
et al., 1993); thus, DCM metabolism would be primarily attributed to the
GST pathway. In these studies, the animals were first exposed for 1.5 h to
100 ppm trans-1,2-dichloroethylene, divided into groups of five, and then
exposed to initial DCM concentrations of 500, 1000, or 2000 ppm. DCM
uptake rates were determined by measuring the chamber DCM concentra-
tion every 5 min for the first 15 min and every 15 min thereafter (Clewell
et al., 1993). Additional closed-chamber experiments were conducted with
naive animals. In this case, the closed-chamber air concentration of DCM
was measured for up to 6 h in six groups (n = 5) of mice exposed to DCM
at initial chamber concentrations of 550, 1200, 1473, 2100, 3641, or
5237 ppm in separate gas uptake experiments.

Data from intravenous (IV) injection studies were also used to cali-
brate the mouse model (Angelo et al., 1984). In these studies, two groups
(n = 6) of mice were given intravenous injections of 10 and 50 mg of DCM
per kg of body weight. Venous blood concentrations were measured for up
to 1.5 h post injection (Andersen et al., 1987).

2.3. Markov Chain Monte Carlo analysis

Variability in pharmacokinetic parameters can be estimated from
experimental data using a Bayesian optimization technique known as
Markov Chain Monte Carlo (MCMC) analysis. This approach facilitates
the combination of prior information about the parameter values, based
on the literature and experimental data from whole animal studies, to
obtain posterior distributions for the parameters (Bois, 1999, 2000; Gilks
et al., 1996). It is particularly well suited for updating model parameteriza-
tions with newly available experimental data, or for recalibrating models
that have been fit using less sophisticated approaches, such as visual fitting
or maximum likelihood estimation for a subset of the parameters (i.e.,
maximizing data likelihood by varying Vy.x and Ky while holding all
other parameters fixed). The MCMC analysis was performed using
MCSim (Bois et al., 2002), a publicly available software program for
MCMC analysis (http://toxi.ineris.fr/activites/toxicologie_quantitative/
mcsim/mcesim.php#article3).

For this analysis, a hierarchical population model was developed and
Bayesian analysis was performed to quantify the uncertainty and variabil-
ity in the PBPK model parameters for the mouse DCM model. This hier-
archical population model consists of two levels—the population level and
the subject or experiment level.

In the population level of the hierarchy, a distribution for the pop-
ulation mean (M) of each parameter represents uncertainty about the
population mean, and a distribution for the variance (S*) of each
parameter represents uncertainty in the amount of inter-individual var-
iability. As such, inter-individual variability is estimated separately from
the uncertainty in the population mean. The population mean distribu-
tion (M) is defined with the best estimate of the parameter mean, a
standard deviation (which reflects uncertainty regarding the true popu-
lation mean), and sometimes lower and upper bounds. Likewise, the
population variance distribution (S?) is defined by a mean that reflects
the best estimate of the variance of the parameter, and a standard devi-
ation that represents uncertainty about the true amount of inter-individ-
ual variability. The population level also contains distributions for data
errors (6%), which are actually a combination of measurement errors
and model error in the predictions of each endpoint, e.g., blood
DCM concentration and closed-chamber air concentration of DCM.
These combined errors were modeled using non-informative, log-uni-
form distributions.

In the experiment level, distributions for each subject or experimental
unit were constructed by iteratively sampling mean and variance distribu-
tions for the parameters being updated, i.e., kinetic parameters, cardiac
output, and the ventilation/perfusion ratio from the population level.
Physiological and partitioning parameters, i.e., bodyweights, tissue blood
flows, tissue volumes, and partition coefficients were not subject to updat-
ing, and these parameters were modeled more simply with one distribution
that represented the experiment level mean and variability. These param-
eters were not subjected to updating because they are more properly esti-
mated from information in the general literature that is based on a large
number of subjects rather than being redefined based on data from the rel-
atively small number of subjects in the kinetic studies.

The population means (M) of the kinetic parameters were log trans-
formed and modeled with truncated normal distributions. The population
variances (S?) were modeled with inverse gamma distributions, as recom-
mended by Gelman et al. (1996), with a shape parameter equal to three
and an inverse scale parameter set equal to 2 x In(1 + CV?), where the
coefficient of variation (CV) was set at 50%. The inverse gamma function
is defined as follows:

flsi ) = Hoxtbe®),
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where x, «, and > 0, and where « is the shape parameter and S is the scale
parameter. This parameterization corresponds to a vague prior distribu-
tion for the variance with much uncertainty (Carlin and Louis, 2000; Gel-
man et al., 1996).

Convergence of the Markov chains was monitored by analysis of var-
iance as described by Gelman (1996). The estimated potential scale reduc-
tion, a ratio of an upper bound and a lower bound of the variance in the
target distribution, is used to diagnose convergence. In the limit, as the
number of iterations of the Markov chains goes to infinity, the ratio
declines to unity. In practice, simulation of two or three independent Mar-
kov chains is continued until the estimated potential scale reduction is less
than 1.2 for the means of all parameters (Gelman, 1996).

2.4. Priors

Priors were selected to reflect parameter values considered to be the
most appropriate and best available. For the mouse kinetic parameters,
the mean values, shown in Table 1, used to define the population mean dis-
tributions (M) are either the visually fitted values of Andersen et al. (1987)
(VmaxC, Km, and KgC), or values from the OSHA final rule for occupa-
tional exposure to DCM (OSHA, 1997) (VPR, Al and A2). A default coef-
ficient of variation (CV) of 200% was selected, with a few exceptions to
avoid unnecessarily constraining the model. The CVs for VPR of 75%,
and for Al and A2 of 55% each, were based on the OSHA final rule for
DCM (OSHA, 1997).

Default truncation limits were defined as the mean 4 2.5 SD rather
than the mean 4+ 3 SD, as typically used in a Monte Carlo analysis, to
facilitate convergence. However, upper truncation limits for Al and A2
(relative lung-to-liver activities for the oxidative and conjugative metabolic
pathways, respectively) were set at 1 because metabolism in the lung by
either pathway is not expected to be greater than that in the liver. For
the analysis of trans-1,2-dichloroethylene treated mice, the upper bound
for VyaxC was set to less than 2.5 SD to constrain this parameter because
trans-1,2-dichloroethylene is a suicide inhibitor of cytochrome P450. To
maintain biochemical and physiological plausibility, the lower bound for
VmaxC, KgC, Al, and A2 was set to 0.0001 for each, a lower limit of
0.01 was set for Ky, a lower bound of 10 was set for QCC, and a lower
limit of 1.0 was defined for VPR because the alveolar ventilation rate
would not be expected to be smaller than the cardiac output rate.

Table 1
Prior distributions of the mouse model kinetic parameters

47

Table 2 presents distributions for the physiological parameters that
were not updated in the Bayesian modeling. As noted previously, these
parameters are more properly estimated from information in the general
literature, which is based on a large number of mice, rather than being
redefined based on data from the relatively small number of mice in the
kinetic studies. The means for the blood flows and tissue volumes present-
ed in Table 2 were set to be equal to the values in Andersen et al. (1987).
The means for the partition coefficients presented in Table 2 and all CVs,
with the exception of the fractional lung volume CV, were obtained from
Clewell et al. (1993). The CV for the fractional lung volume was computed
from the geometric standard deviation reported by OSHA (1997). Trunca-
tion limits were defined as the mean 4 2.5 SD except where biologically
implausible bounds resulted (i.e., values less than 0; in which case, 0 was
used).

2.5. Model calibration

Taking advantage of the Bayesian approach, the mouse calibration
was divided into three sequential steps: data from closed-chamber studies
with trans-1,2-dichloroethylene-treated mice were analyzed; followed by
data from mice that were given intravenous injections of DCM, and finally
data from naive mice exposed to DCM in the closed chamber. Each step
was run with three chains for a varying number of iterations to obtain con-
vergence. The chains for the trams-1,2-dichloroethylene-treated mouse
data were run for approximately 6000 iterations, the mouse IV data for
10,000 iterations, and naive closed-chamber mouse data for 50,000
iterations.

The approach was selected to take advantage of the different data sets.
The trans-1,2-dichloroethylene-treated mouse data were used first because
the pretreatment with zrans-1,2-dichloroethylene essentially eliminated the
oxidative metabolic pathway prior to subsequent DCM exposure. Hence,
this data set permitted estimation of parameters for the glutathione conju-
gation pathway more precisely without interference from the competing
oxidative pathway. The population mean and variance distribution defini-
tions were updated based on the posterior distributions from this analysis.
These updated distributions were then used as prior distributions to ana-
lyze the IV mouse data to estimate metabolism without the need to model
pulmonary absorption processes. The population distributions were again
updated based on this new set of posterior distributions, and were used as

Parameters M, S?, Population variance Boundary values
population
mean
Mean CV  Shape’ Inverse scale " Expected CV (%) Lower bound Upper bound
Flow rates
Qcc? Cardiac output (L/h/kg"7%) 28 0.58 3 0.446 50 10.0 68.6
VPR® Ventilation/perfusion ratio 1.2 0.75 3 0.446 50 1.0 80.1
Metabolism parameters
VmaxCrrans Maximum metabolism rate (mg/h/kg®’)  0.125 2 3 0.446 50 0.0001 0.25
VMax Maximum metabolism rate (mg/h/kg®7’) 11.1 2 3 0.446 50 0.0038 66.8
Kn® Affinity (mg/L) 0396 2 3 0.446 50 0.01 2.38
K4 First-order metabolism rate (kg’3/h) 146 2 3 0.446 50 0.0001 8.76
Al° Ratio of lung Vyax to liver Vypax 0.462 0.55 3 0.446 50 0.0001 1.0
A2° Ratio of lung K% to liver Kg 0.322 0.55 3 0.446 50 0.0001 1.0

# Population mean values are from Andersen et al. (1987). CV estimated based on OSHA (1997) to allow sufficient variability in this parameter.

® Population mean value calculated from OSHA (1997) (Table VI-5) geometric mean (GM) and geometric standard deviation (GSD) of 1.22 and 1.95,
respectively according to following formula: population mean = GM x exp((In(GSD)?)/2). CV are from OSHA, 1997 (Table VI-7).

¢ VmaxCrrANs 18 the Py C used for the trans-1,2-dichloroethylene-treated mice. CV represents a default value.

4 Population mean values are from Andersen et al. (1987). CV represents a default value.

¢ Population mean values calculated from OSHA (1997) (Table VI-5) geometric means (GM) of 0.405 for Al and 0.282 for A2 and geometric standard
deviation (GSD) of 1.67 for each according to following formula: population mean = GM x exp ((In(GSD)?)/2). CVs from OSHA (1997) (Table VI-7).

! The shape and inverse scale are parameters for the Inverse Gamma distribution.
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Table 2

Prior distributions for the mouse model physiological parameters and partition coefficients

Parameter Mean CvV Lower bound Upper bound
Fractional flow rates” (fraction of cardiac output)
QFC Fat 0.05 0.60 0 0.13
QLC Liver 0.24 0.96 0 0.82
QRC Rapidly perfused tissues 0.52 0.50 0 0.90
QSC Slowly perfused tissues 0.19 0.40 0 0.38
Fractional tissue volumes® (fraction of body weight)
VEC Fat 0.04 0.30 0.01 0.07
VLC Liver 0.04 0.06 0.034 0.046
VLuC Lung 0.0115 0.27 0.0038 0.019
VRC Rapidly perfused tissues 0.05 0.30 0.013 0.088
VSC Slowly perfused tissues 0.78 0.30 0.20 0.92
Partition coefficients®
PB Blood/air 23 0.15 14 32
PF Fat/blood 5.1 0.30 1.3 8.9
PL Liver/blood 1.6 0.20 0.80 2.4
Plu Lung/blood 0.46 0.27 0.15 0.77
PR Rapidly perfused/blood 0.52 0.20 0.26 0.78
PS Slowly perfused/blood 0.44 0.20 0.22 0.66

% Mean values are from Andersen et al. (1987). CVs are from Clewell et al. (1993). Boundary values = mean =+ 2.5 SD unless lower bound <0, in which

case 0 was used.

® Mean values and CVs are from Clewell et al. (1993). Boundary values = mean + 2.5 SD.

prior distributions to analyze naive mice exposed to DCM in the closed
chamber. This latter step would include both oxidative and GST-depen-
dent metabolism in both the lung and liver after absorption. This sequen-
tial approach was considered to more precisely calibrate metabolic
parameters in the mouse model because specific aspects of DCM metabo-
lism were addressed at each step, rather than a single overall effort to
update all parameters simultaneously.

2.6. Dose—response modeling

Using the mean values from the posterior distributions, the calibrated
mouse PBPK model was used to simulate inhalation exposures to DCM,
following the protocol in NTP (1986). The resulting internal dose metric of
mg DCM metabolized by the GST pathway/L tissue/day for both lung
and liver tissue in the mouse along with tumor incidence data reported
for female mice in NTP (1986), were used as input for dose-response mod-
eling, which was consistent with USEPA (2004). Dose-response modeling
was conducted with the multistage model set at two stages using the pro-
gram TOX_RISK (Version 5.3). A response level of 0.1 was chosen as the
point of departure, which is consistent with current USEPA practice.
Internal dose metric potency factors were then calculated for lung and liv-
er, using the point of departure and the LED,, (lower confidence limit of
the internal dose metric associated with a 10% probability of a response in
the population), i.e., 0.1/LED . These internal dose-metric potency fac-
tors were subsequently combined with Monte Carlo analysis of the poster-
ior distributions from the Bayesian PBPK model results in humans to
develop a distribution of unit risk factors (David et al., 2005).

3. Results
3.1. MCMC analysis

The results of the sequential calibration of the mouse
model are shown in Figs. 2-5 and Tables 3 and 4. Posterior
distribution definitions were determined based on the last
500 lines of output for the trans-1,2-dichloroethylene-treat-
ed mouse data, and the IV mouse data, and on the last 2000
lines of output for the naive closed-chamber mouse data.
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Fig. 2. IV Bayesian modeling: results using prior values.

Data were output for every fifth iteration of the chain to
define the posterior distributions for each dataset. The
use of longer chains was required in some cases to charac-
terize the posterior distributions because of slow mixing in
the chains. That is, the Markov chains moved very slowly
across the target distribution, and it took more iterations
of the chains to cover the spread of the distribution.

Scale reduction or R-factors were less than 1.2 for all
parameters with the single exception of the R-factor for
the blood-air partition coefficient (PB) from evaluation of
the middle dose level of 1,2-DCE pretreated study animals.
This R-factor was 1.4. However, this was the only value
that exceeded 1.2 of the 283 checked, i.e., the exceedance
rate was 0.35%. Moreover, R-factors for all remaining
parameters from evaluation of the middle dose level of
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Fig. 3. IV Bayesian modeling: results using posterior values.
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Fig. 5. Closed-chamber Bayesian modeling: results using posterior values.
1,2-DCE pretreated study animals were below 1.2 as were

all R-factors including PB R-factors at both the low and
high dose levels. In addition, the 1,2-DCE pretreated study

dataset was the initial dataset evaluated and all R-factors
including PB R-factors for all subsequent dataset evalua-
tions were below 1.2. Finally, PB was not a parameter sub-
ject to updating. Given this information, the single
incidence of an R-factor exceeding 1.2 is considered to have
little impact on the overall results of the study.

Figs. 2 and 3 show the model fits of the IV study data
using prior and posterior values, respectively. The figures
show considerably improved fits using posterior values at
both dose levels, i.e., 10 and 50 mg/kg. A similar result is
evident regarding the closed-chamber study data. Consid-
erably improved fits are noted in Fig. 5 (final model cali-
bration for the mouse), using posterior values over the
range of test concentrations, compared to model fits using
priors, as shown in Fig. 4.

Parameter values at each stage of the sequential calibra-
tion are presented in Tables 3 and 4. Based on Michaelis—
Menton enzyme kinetics, posterior mean values of Vy.xC
and Ky presented in Table 3 for the final calibration step
would yield a reduced rate of oxidative metabolism of
DCM in the liver for a given substrate concentration than
prior values. Since priors in this case reflect values from
Andersen et al. (1987), the Bayesian updating yielded a
lower rate of oxidative metabolism in the liver than that
reported by Andersen et al. (1987).

With the exception of Al and A2, prior means are with-
in one posterior standard deviation of posterior means for
all parameters in Table 3. Consequently, the sequential
updating produced little overall change in parameter value
means. For example, little change was noted in KgC (first-
order rate constant for GST pathways), i.e., prior mean is
1.46/h, and the posterior mean of the final calibration step,
i.e., closed-chamber data, is 1.41/h. Since the prior value in
this case was from Andersen et al. (1987); the Bayesian
updating yielded a similar activity for this pathway to that
reported by Andersen et al. (1987).

Bayesian updating resulted in notable changes in values
for Al (ratio of lung to liver V) and A2 (ratio of lung to
liver Kr). Mean values from the posterior distribution for
the final calibration step, i.e., closed-chamber data,
decreased >50% for A1 and by almost 40% for A2, compared
with mean values from the prior distribution, which were
obtained from OSHA (1997). These results indicate that
Bayesian updating yielded lower rates of metabolism in the
lung, relative to the liver, for both oxidative and GST path-
ways, compared with OSHA (1997). Mean values from the
posterior distribution of the final calibration step, i.e.,
closed-chamber data, were lower for Al, and higher for A2,
respectively, than values reported in Andersen et al. (1987).

Table 3 also shows that the variability in all population
means decreased with each sequential calibration step. For
example, population mean CVs decreased from 33% for A2
(0.55-0.37) to almost an order of magnitude for VyxC
(2.0-0.21), when prior CVs are compared to final calibrated
values. These results show that the calibration approach
utilized in this effort resulted in considerable improvement
in model precision.
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Table 3
Sequential calibration of the mouse model kinetic parameter means (M)

Parameter Prior Posterior distributions
distributions TRANS treated® 1V injection Closed-chamber
Mean CvV Mean CvV Mean CvV Mean Cv
Flow rates
QCcC Cardiac output (L/h/kg®7%) 28.0 0.58 24.2 0.19 — — — —
VPR Ventilation/perfusion ratio 1.52 0.75 1.45 0.20 — — — —
Metabolism parameters
Vax CTRANS. Maximum metabolism rate (mg/h/kg"”) 0.125 2 0.0767 1.6 — — — —
VmaxC Maximum metabolism rate (mg/h/kg”7) 11.1 2 — — 2.12 1.0 9.27 0.21
Ky Affinity (mg/L) 0.396 2 — — 0.395 0.85 0.574 0.42
KeC First-order metabolism rate (kg®3/h) 1.46 2 1.30 0.30 1.29 0.30 1.41 0.28
Al Ratio of lung Vypax to liver Vyax 0.462 0.55 0.325 0.42 0.275 0.39 0.207 0.36
A2 Ratio of lung K% to liver Kg 0.322 0.55 0.264 0.46 0.233 0.41 0.196 0.37
& TRANS treated refers to the trans-1,2-dichloroethylene-treated mice.
b VMaxCTrANS 18 the Vi C used for the trans-1,2-dichloroethylene-treated mice.
Table 4
Sequential calibration of the mouse model kinetic parameter variances (S?)
Parameter  Prior distributions Posterior distributions
TRANS-pretreated IV injection Closed-chamber
CV® CU® Shape Inverss CV® CU® Shape Inverse CV® CU® Shape Inverse CV® CU® Shape Inverse
scale scale scale scale
Flow rates
QCC 0.5 1 3 392 043 0.55 53 462 — — — — — — — —
VPR 0.5 1 3 045 039 0.62 4.6 052 — — — — — — —
Metabolism parameters
VMaxC 0.5 1 3 045 — — — — 0.58 1.2 2.7 0.48 043 0.67 42 0.55
Ky 0.5 1 3 045 — — — — 0.5 081 3.5 0.57 048 0.64 44 0.7
K C 0.5 1 3 045 046 0.63 45 0.66 048 0.8 3.6 0.53 047 0.64 44 0.68
Al 0.5 1 3 045 049 0.68 42 0.68 048 0.59 49 0.8 048 0.53 55 0.93
A2 0.5 1 3 045 049 076 3.7 0.59 05 0.66 4.3 0.74 0.5 056 5.2 0.93

QCC, cardiac output (L/h/kg®"#); VPR, ventilation/perfusion ratio; Vy.C, maximum metabolism rate (mg/h/kg®’); Ky, affinity (mg/L); KiC, first-order

metabolism rate (kg®3/h); Al, ratio of lung Vyjax to liver Viyax: A2, ratio of lung K to liver K.
# Coefficient of variation at the mean of the population distributions. These values were calculated as follows: CV =

_ \/sample mean of variance distribution
sample mean of the mean distribution

(QCC, which was not log transformed); CV = V/e(sample mean of variance distribution) _ 1.0 (All other parameters, as these were log-transformed).

® Coefficient of uncertainty in the variance distribution. This value was calculated as follows: CU =

The variance distributions are more difficult to inter-
pret, hence, these results are presented in Table 4 in terms
of coefficients of variation (CV) and uncertainty (CU) for
illustration, as well as inverse gamma shape and scale.
The values are estimated from the sample means and
sample standard deviations computed from the posterior
distributions. The CV values presented in Table 4 are
the mean CVs, i.e., the coefficient of variation at the mean
of the population distributions. These values reflect the
mean of the final population variance distribution (S?)
divided by the mean of the final population mean distri-
bution (M). For each parameter in Table 4, these CVs
changed very little across the three different steps suggest-
ing that inter-individual variability was relatively unaffect-
ed by model calibration. The CU values presented in
Table 4 are the coeflicients of uncertainty in the variance
distribution, 1i.e., the standard deviation of the final
population variance (S?) distribution divided by mean of
the final population variance (S?) distribution. These

sample standard deviation of the variance distribution
sample mean of the variance distribution

CUs tended to decrease across the various data sets,
and because the population variance distribution (S?)
reflects uncertainty regarding inter-individual variation,
these results suggest that model calibration tended to
reduce the uncertainty in inter-individual variability for
all updated parameters.

3.2. Dose-response modeling

Using the mean values from the posterior distributions,
the calibrated mouse PPBK model was used to simulate
exposures to DCM following the protocol in NTP (1986),
i.e., five daily inhalation exposures of 6 h each followed
by two non-exposure days/week. The simulation was run
until periodicity was reached, i.e., no change in internal
dose metrics was noted (18 weeks), and the average daily
amount of DCM metabolized by the GST pathway (mg
DCMY/L tissue/day) was determined from the last seven
simulation days. A bodyweight of 34.5 g was used, which
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reflects the weighted average of group mean terminal
bodyweights from NTP (1986), and is consistent with the
bodyweight used in the Andersen et al. (1987) and USEPA
(1987) PBPK models.

The resulting internal dose metrics for both lung and liv-
er tissue of average daily mg DCM metabolized by the
GST pathway/L tissue/day and tumorigenicity incidence
data from NTP (1986) were used as inputs for dose-re-
sponse modeling with the program TOX_ RISK (Version
5.3). Consistent with current USEPA methodology, the
multistage model was run with two stages, and a point of
departure for the dose-response modeling of 10% extra
risk. The LED,ps were 39.12 mg/L tissue/day (ED;o of
53.56 mg/L tissue/day) based on the incidence of the lung
adenomas and carcinomas, and 642.56 mg/L tissue/day
(EDyo of 1170.3 mg/L tissue/day) based on the incidence
of liver adenomas and carcinomas. These values yielded
internal dose metric potency factors, i.e., 0.1/LED;o, of
2.56 x 1073/(mg/L tissue/day) for the lung, and
1.56 x 107*/(mg/L tissue/day) for the liver. These internal
dose-metric potency factors were subsequently combined
with Bayesian PBPK modeling results in humans that
included data on GST polymorphisms to derive a distribu-
tion of unit risk factors (David et al., 2005).

Table 5 presents the lung and liver dose metrics used in
the dose-response modeling, along with those reported by
Andersen et al. (1987) and USEPA (1987). Differences of
approximately 3- to 4-fold are attributable mainly to the
use of improved partition coefficients (Clewell et al.,
1993), as well as refined kinetic parameters resulting from
Bayesian updating. This difference in internal dose metrics
translated to a comparable difference in LED;ys and inter-
nal dose metric potency factors.

4. Discussion

This report presents the results of Bayesian PBPK and
dose-response modeling of DCM in mice. A hierarchical
model was developed consistent with approaches reported
by other investigators (Bernillon and Bois, 2000; Jonsson,
2001). For this effort, kinetic model parameters (VyaxC,
Ky, KrC, Al, and A2) were updated in a sequential man-
ner with experimental results from studies in mice, whereas
other model parameters (bodyweight, partition coeflicients,
and tissue blood flows) were not. As noted previously,
these latter parameters are more properly estimated from
information in the general literature that is based on a large
number of mice rather than being redefined based on data
from the relatively small number of mice in the kinetic
studies. The sequential updating was designed to calibrate
the model in stages, i.e., closed-chamber study results in
mice treated with trans-1,2-dichloroethylene, a suicide
inhibitor of cytochrome P450 2E1, were used first to esti-
mate KrC (GST pathway), IV study data in mice were then
used to estimate the contribution of the cytochrome P450
pathway without introducing potential variability of
absorption and excretion processes in the lung during inha-

Table 5

Dose-response modeling information

Potency factors®

Dose metrics®

Number of
animals

Number of

NTP exposure

level

Target organ

Andersen et al. (1987)°  USEPA (1987)f

Bayesian model®

USEPA (1987)

Andersen et al. (1987)

Bayesian model

animals with tumor®

45

Control

Liver

5.59E-04

1.56E—04 4.42E-04

727.8
1670

851
1811

2359.99

4869.85

46

16
40

2000 ppm

46

4000 ppm

45

Control

Lung

1.06E—02

2.56E—-03 9.80E—03

111.4

243.7

123
256

474.991

46

2000 ppm

973.343

46

41

4000 ppm

% Number of animals with either a carcinoma, adenoma or both.
® mg DCM metabolized by GST pathway/L tissue/day.

¢ Potency factor (mg DCM metabolized by (GST pathway/L tissue/day)~") = 0.1/LED,.

¢ LED;s using the multistage model were 39.12 and 642.56 mg/L/day for lung and liver, respectively.
¢ LED)¢s using the multistage model were 10.2 and 226.3 mg/L/day for lung and liver, respectively.

! USEPA used a different breathing rate (0.043 m>/d) in its PBPK modeling to derive dose metrics rather than to the Andersen et al. (1987); breathing rate (0.084 m>/d). Cardiac output was set equal

to alveolar ventilation. LED s for USEPA dose metrics using the multistage model were 9.46 and 178.9 mg/L/day for lung and liver, respectively.
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lation, and finally, closed-chamber study data were used to
incorporate these later processes. This approach resulted in
an improved calibration procedure than would have result-
ed from analyzing all data sets simultaneously. Results
show that each calibration step reduced model uncertainty
and produced good fits to the modeled datasets. This is the
first reported effort undertaken with this approach for
DCM in mice.

This effort differs from that of OSHA (1997) in a number
of important aspects. The OSHA Bayesian modeling effort
included updating physiological and partitioning parame-
ter distributions, and, as such, parameter values that are
best determined by literature references or larger studies
were estimated by OSHA with study results from small
experiments. Moreover, sequential calibration of the
mouse model did not include IV studies to estimate cyto-
chrome P450-dependent metabolism activity, apart from
confounding processes of absorption and excretion of
DCM from the lung during inhalation. Normalization of
blood flows and tissue volumes was undertaken by adjust-
ing values for a single compartment to account for inci-
dences where random selection produced blood flows to
tissues that exceeded cardiac output, or total tissue vol-
umes that exceeded bodyweight. (Blood flows and tissue
volumes in this study were proportionally adjusted to
ensure that total flows and volumes did not exceed cardiac
output or bodyweight, consistent with more typical
approaches for PBPK modeling (Clewell, 1995; Gelman
et al., 1996)). Finally, the OSHA PBPK model reflects a
modified model structure that was designed to address
occupational populations compared with that of Andersen
et al. (1987).

The PBPK model structure for the mouse used in this
effort is that of Andersen et al. (1987). Recently, Sweeney
et al. (2004) reported better fits to certain human time
course exposure profiles if extrahepatic metabolism
(10% of liver cytochrome P450-dependent metabolism
added to the slowly perfused tissue compartment) was
included in the PBPK model. This study involved expo-
sure to low DCM concentrations. Extrahepatic metabo-
lism was not added to the mouse PBPK model for a
number of reasons. Fig. 6 presents the percent difference
in the amount of DCM metabolized/L tissue/day by the
oxidative and GST pathways in the lung and liver of
mice with and without extrahepatic metabolism at expo-
sure concentrations of 50, 100, 250, 500, 1000, 2000, or
4000 ppm. Consistent with Sweeney et al. (2004), extrahe-
patic metabolism, i.e., 10% of the liver rate of oxidative
metabolism was included in the slowly perfused tissue
compartment. As shown in Fig. 6, PBPK model results
using the Andersen et al. (1987) PBPK model showed
that extrahepatic metabolism was more important at low-
er concentrations with negligible effect on metabolite pro-
duction in the lung or liver at higher concentrations. For
example, there was a 5-6% reduction in formation of
GST metabolites in the lung and liver at 50 ppm if extra-
hepatic metabolism was included in PBPK modeling. In

0.0%
-2.0%
9 -4.0% *
e —%— AM1
g o - 4 - AM2
g 6O%RwT -.e-- AM1P
a b - AM2P
* 8.0% A
L
-10.0% 1%
-12.0% , , ,
0 1000 2000 3000 4000

Concentration (ppm)

Fig. 6. Percent difference in the amount of DCM metabolized by MFO
and GST pathways with and without extrahepatic metabolism. AMI,
Amount DCM metabolized by MFO pathway in liver/L tissue/day; AM2,
Amount DCM metabolized by GST pathway in liver/L tissue/day; AMIP,
Amount DCM metabolized by MFO pathway in lung/L tissue/day;
AM2P, Amount DCM metabolized by GST pathway in lung/L tissue/day.

contrast, there was only a 0.77 or 0.37% reduction,
respectively at 2000 and 4000 ppm, the two concentra-
tions used in the NTP (1986) bioassay. As such, inclusion
or exclusion of extrahepatic metabolism in the mouse mod-
el was judged as having little potential effect on resultant
dose metrics or dose-response modeling results. Moreover,
closed-chamber mouse studies used for Bayesian-model
calibration in the present effort involved exposure concen-
trations of 550-5237 ppm, levels for which extrahepatic
metabolism would have negligible impact on model calibra-
tion. Finally, the PBPK modeling results in the mouse pre-
sented in Fig. 6 were consistent with Bayesian modeling of
various human data sets, which showed that extrahepatic
metabolism was reduced in studies using higher exposure
concentrations (David et al., 2005).

Using treatment levels from the NTP (1986) mouse
bioassay, the calibrated PBPK model yielded internal
dose metrics for the mouse that were increased by
3- to 4-fold, compared with those reported by Andersen
et al. (1987) or the USEPA (1987). This difference is
mainly attributable to the use of improved partition
coefficients (Clewell et al., 1993), as well as refined kinet-
ic parameters resulting from Bayesian updating. As not-
ed previously, Bayesian modeling is well suited for
updating model parameterizations with newly available
experimental data, or for recalibrating models that have
been fit using less sophisticated approaches, such as
visual fitting or maximum likelihood estimation for a
subset of the parameters (i.e., maximizing data likeli-
hood by varying Vyax and Ky while holding all other
parameters fixed).

Deterministic dose-response modeling was undertaken
for this study, consistent with current USEPA methodolo-
gies. This approach is also consistent with that reported
by Jonsson and Johanson (2001). Although probabilistic
approaches have been reported, such approaches have inher-
ent methodological difficulties. Probabilistic approaches
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would typically involve randomly selecting points from each
dose metric distribution.

For a subset of these selections, however, dose-response
modeling would not yield acceptable fits, e.g., a dose met-
ric from the higher exposure group is either equal to, or
lower than, the selected dose metric from the lower expo-
sure group. Typically, model results yielding poor fits are
rejected, and in this case, doing so would eliminate validly
selected dose metrics from the output distribution of
ED¢s or LED;os. OSHA (1997) alleviated potentially
poorly fitting dose-response curves by apparently using
the same physiological parameter values to generate dose
metrics at different exposure levels. However, this
approach also does not account for the full range of poten-
tial outcomes from dose-response modeling. Because of
these difficulties with probabilistic dose-response modeling
and to be consistent with current USEPA methodology, a
deterministic approach was selected, and both EDys and
LED,os were generated for potential use in developing unit
risk factors. The LED;q or the lower bound of the ED
reflects a statistical adjustment so that there would only
be a 5% chance or less that the “true” maximum likelihood
estimate could be lower, and therefore, it would address, in
part, variability in modeling or experimental datasets.
LED,gs in the lung and liver from this effort were used to
generate internal dose metric potency factors, i.e., 0.1/
LED,(, and subsequently combined with Bayesian PBPK
model results in humans that included GST polymorphism
to derive an inhalation unit risk factor for DCM. This
subsequent effort is reported in David et al. (2005).

5. Conclusion

Bayesian PBPK and dose-response modeling were
undertaken in the mouse for DCM and the results show
that internal dose metrics from the calibrated mouse mod-
el are 3- to 4-fold higher than values used by USEPA to
derive its current unit risk factor for DCM. This differ-
ence is mainly attributable to the use of improved parti-
tion coefficients (Clewell et al., 1993), as well as refined
kinetic parameters resulting from Bayesian updating.
Bayesian modeling is known to be particularly well suited
for updating model parameterizations with newly avail-
able experimental data, or for recalibrating models that
have been fit using less sophisticated approaches, such
as visual fitting or maximum likelihood estimation for a
subset of the parameters. Therefore, the results of this
effort are particularly well suited for derivation of an
improved unit risk factor for DCM (David et al., 2005).
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