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Methods 

A published adult human PBPK model for BDCM (Kenyon et al., 2016a) was re-parameterized 

for three pediatric age groups:  0-30 days (neonate), 31-90 days (infant) and 91days -2 years of 

age (toddler).  These intervals were selected based on the age groups identified in Johnsrud et al. 

(2003) that correspond to the CYP2E1 developmental trajectory that minimizes differences 

within while maximizing differences between age groups.  The pediatric CYP2E1 hepatic 

protein expression data are described in greater detail in the supplemental material and are part 

of a larger published database for XME ontogeny (McCarver et al., 2017). 

The model structure (see Fig. S1) and assumptions have been described in detail 

elsewhere; this model adequately predicted BDCM blood concentrations in studies of adult 

volunteers during water use exposures involving drinking, bathing and showering (Kenyon et al., 

2016a).  Model structure, assumptions and chemical-specific parameters for this analysis are the 

same as those used previously (Kenyon et al., 2016 a, b).  Adult physiological parameters are 

provided in Table 1, and many are the same as those used previously with some specific 

exceptions.  Alveolar ventilation rate (QPC), alveolar deadspace, ratio of QPC to cardiac output 

and fat volume were updated to use the more comprehensive sources used for pediatric 

parameters (Brochu et al., 2006, 2011, 2012, Brown et al., 1997, Haddad et al., 2001).   Organ 

volumes (Table 1) for pediatric age groups were calculated on the basis of the equations 

presented in Haddad et al. (2001) with total body fat calculated on the basis of Price et al. 

(2003).  Blood flows for pediatric populations were primarily derived from Edginton et al. 

(2006) and other physiological parameters were obtained from the literature as detailed in 

footnotes to Table 1 (Brochu et al., 2006, 2011, 2012; Laurent et al., 2007, Saito et al., 2015).  
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 Chemical-specific parameters are provided in Table 2.  Partition coefficients were treated 

as invariant across age groups.  Available data indicate that blood:air partition coefficients for 

volatile organic compounds do not differ between adult and pediatric populations (Mahale et al., 

2007).  In addition, tissue lipid and water composition does not differ substantively as a function 

of age from newborn to young adult for healthy tissues (White et al., 1991).  Other chemical-

specific parameters were the same as used in our previous analysis (Kenyon et al., 2016b) and 

treated as invariant across age groups.  The Vmax for hepatic CYP2E1-mediated BDCM 

metabolism (VmaxBDCM) in units of µg/h-kg was made specific for each age group and 

calculated within the model code during each simulation using the equation: 

VmaxBDCM = in vitro Vmax x MPPGL x CYP2E1 x FVL   (1)  

where the in vitro Vmax is in units of µg/h-pmol CYP2E1 (Table 2), MPPGL is in units of mg 

MSP/g liver, CYP2E1 is in units of pmol CYP2E1 protein/mg MSP and FVL is in units of g 

liver/kg BW (Table 3).  Distributional characteristics are provided in Table 3 and were based on 

data from Johnsrud et al. (2003), McCarver et al. (2017), Lipscomb et al. (1997, 2003a, b) and 

Young et al. (2009).  These data sets were selected because the complete original data were 

available enabling calculation of all needed distributional descriptors (Table 3) and descriptive 

statistics (Table S1).  Because subject age was available in these data sets, but measured data for 

MPPGL were not collected, MPPGL was estimated for each subject using the age-based 

equation published by Barter et al. (2008).    FVL, MPPGL and CYP2E1 were assumed to vary 

independently (Lipscomb et al., 2003a, b).   

Distributions for FVL and MPPGL, normal and lognormal, respectively, were selected 

consistent with U.S. EPA (2011b).  Lower and upper bounds for FVL and MPPGL were set at 

the minimum and maximum values from the original data sets.   Distributions for CYP2E1 were 
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fitted using the SAS SEVERITY procedure (SAS 2013) because 8 of the 42 neonatal CYP2E1 

protein expression measurements were below the limit of detection. The SAS SEVERITY 

procedure is appropriate when there are below-detection, left-censored data and uses maximum 

likelihood to estimate distribution parameters. Lognormal and gamma distributions were 

considered for each of the age groups using the Akaike information criterion (AIC), corrected 

AIC (AICC), and Bayesian information criterion (BIC) as the selection criteria. For consistency, 

the gamma distribution was selected for all age groups because it was either a better fit 

(neonates) or virtually indistinguishable from the lognormal distribution (Table S2). Input 

parameter distributions and values are given in Table 3.   

Monte Carlo analysis was used to assess effects of variability in model input parameters, 

CYP2E1, MPPGL and FVL, on PK outcomes (Figure 1).  The Monte Carlo method was used to 

randomly sample CYP2E1, MPPGL and FVL from defined distributions (Table 3) to estimate 

Vmax for BDCM within the model.  Running the model for 10,000 iterations provided PK 

outcome data for which summary descriptive statistics were calculated.  Two exposure scenarios 

(single 0.05-liter drink or 20-minute bath) were simulated to encompass the range of relevant 

exposure routes for BDCM (Kenyon et al., 2016b) at typical (5 µg/L) and plausibly high (20 

µg/L) water concentrations across age groups; total simulation length was 2 hours for all 

scenarios.  PK model outcomes evaluated were area under the curve (AUC) for BDCM in venous 

blood (AUCv), amount of BDCM metabolized in liver (AML), maximum BDCM concentration 

in blood (CVmax) and maximum concentration of BDCM in exhaled breath (CalvMax).  Model 

responses selected for evaluation were those that were either likely to be measured in water use 

studies (blood concentration, exhaled breath) as well as pharmacokinetically-relevant measures 
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of internal dose (AUCv, AML).  The workflows for the methods used in this analysis are 

illustrated in Figure 1. 

Global sensitivity analysis (GSA) was performed in AcslXtreme 3.0.2.1 using the Morris 

method (Morris, 1991) to provide a relative ranking of importance for all model parameters.  To 

implement the Morris GSA method in AcslXtreme, it is necessary to set ranges for input 

parameters that are allowed to vary under the assumption of a uniform distribution, which is 

considered appropriate for a screening level analysis.  For physiological parameters, partition 

coefficients and the dermal absorption coefficient, ranges were set as ± one standard deviation 

from the average value used in the model (Tables 1 and 2) assuming a coefficient of variation of 

30%.  This assumption has been used in reverse dosimetry applications of PBPK models (e.g., 

Tan et al. 2007).  Variation in VmaxBDCM was set based on available data (Table 3) and the 

range of variation for all other chemical-specific parameters was as described in Kenyon et al. 

(2016b).  Algorithmic settings used in the analysis were 100, 25 and 1000, for p, jump, and Ns, 

respectively.  P is the number of values in discretized parameter range (divides parameter range 

into p-1 ranges or hypercubes); jump is the step size in computing effects (effectively computing 

a number of local sensitivities); Ns is the number of samples (AEgisTechnologies 2010).  These 

algorithmic settings were selected to optimize analysis performance; i.e., multiple test runs were 

done until no changes were seen in the overall ranking. 

 

Results 

Pharmacokinetic outcome results from the Monte Carlo simulations for oral exposure at 5 

µg/L across age groups are shown in Figures 2A and B and Table 4 for AUCv, AML, and 

CVmax, respectively.  Corresponding figures and tables for the 20 µg/L oral exposure are in 
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supplemental material (Figures S2A and S2B, Table S3).  For all PK outcomes, variability was 

greater in the neonate compared to other pediatric age groups or adults as assessed by coefficient 

of variation (%CV) and ratio of 95th to 5th percentile.  For AUCv, CVmax and CalvMax, 

concentrations were higher in pediatric age groups compared to adults due to the smaller body 

mass in the former (e.g. 3.81 kg neonate vs. 80.8 kg adult, Table 1), i.e., the same absolute 

amount is distributed into a smaller volume.  For CalvMax, the % CV and ratio of 95th to 5th 

percentile values are the same as CVmax, and the concentrations are uniformly ~17-fold lower 

across age groups for CalvMax (model results not shown) compared to CVmax.  The total 

amount of BDCM metabolized in liver (Fig 2B) was similar across age groups because 

metabolism is not saturated under this oral exposure scenario and overall liver metabolic 

capacity is not exceeded (Kenyon et al., 2016a).  Results were essentially the same for the 20 

µg/L exposure scenarios; the observed dose-dependent differences in the parameters were ~ 4-

fold because the processes of absorption, disposition, metabolism and excretion are within the 

linear range at this exposure level. 

Results from the Monte Carlo simulations for bathing exposure at 5 µg/L across age 

groups are shown in Figures 3A and B and Table 5 for AUCv, AML, and CVmax, respectively.  

Corresponding figures and tables for the 20 µg/L bathing exposure are in supplemental material 

(Figures S3A and S3B, Table S4).  As with the oral exposure, all PK outcomes for bathing 

exposure displayed greater variability in the neonate compared to other pediatric age groups and 

adults based on %CV and ratio of 95th to 5th percentile values.  However, compared to oral 

exposure, the extent of variability was not as large between PK outcomes.  Concentrations for 

AUCv, and CVmax were generally greater for younger age groups although cross-age group 

differences were not substantial.  For CalvMax, the % CV and ratio of 95th to 5th percentile 
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values are the same as CVmax, and the concentrations are uniformly ~17-fold lower across age 

groups for CalvMax (model results not shown) compared to CVmax.  The total amount of 

BDCM metabolized in liver was greater in adults compared to pediatric age groups (Fig. 3B) due 

to relatively greater uptake of parent chemical and delivery to the liver via combined dermal and 

inhalation exposure for adults during bathing. 

Quantitative results for GSA using the Morris screening method are illustrated 

graphically in Figures 4 (AUCv) and 5 (AML) for oral and Figures 6 (AUCv) and 7(AML) for 

bathing exposure to 5 µg/L BDCM in water; the A and B panels in these figures reflect neonates 

and adults, respectively, because these two age groups show the largest and smallest variation in 

PK outcomes, respectively.  In these figures, the mean sensitivity coefficient for each parameter 

(averaged over the time period of the simulation) is plotted on the x-axis (µ) and the 

corresponding standard deviation () is plotted on the y-axis to display the overall screening 

level GSA results.  This presentation format provides an overall quantitative sense of how 

parameters compare to each other in terms of their relative influence on the PK outcome of 

interest (McNally et al. 2011).  Further detail is presented in corresponding tables (S5-S8) in the 

supplemental material.  For oral exposure in both neonates and adults, the parameters that were 

most influential for AUCv were those governing absorption (KABDCM), relative liver mass 

(FVL) and biotransformation via the CYP2E1 pathway (CYP2E1, KM1BDCM).  These same 

parameters also were influential for the amount of BDCM metabolized in liver (AML).  CYP2E1 

was the most influential parameter for AUCv and AML for both adults and neonates, although 

by comparison this was more strongly evident in neonates for AML.  For the bathing exposure 

scenario, a number of parameters were highly influential for both AUCv and AML in neonates 

and adults; the parameters identified as influential in adults were similar to previous sensitivity 
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analysis for this model (Kenyon et al., 2016a).  What is evident for both neonatal AUCv and 

AML PK outcomes compared to adults is the relatively higher ranking of CYP2E1 in neonates.  

MPPGL was generally in the middle third of relative rankings among parameters for all PK 

outcomes in both adults and neonates. 

Discussion 

 Our results clearly demonstrate that variability in the development of hepatic XMEs in 

early childhood contributes to greater variability in predicted pharmacokinetic outcomes for 

early life stages compared to adults.  The PBPK modeling framework is a particularly strong 

approach for this purpose because it incorporates relevant environmental exposures and known 

pediatric-specific physiological and molecular parameters using a validated model that estimates 

both internal dose measures and biomarkers of exposure.  Use of this framework allowed for the 

integration of diverse information to provide a physiologically and environmentally realistic 

context in which to evaluate the impact of observed interindividual differences in XME 

ontogeny.  This framework also can account for other physiological factors that may differ 

across life stages (Yoon and Clewell, 2016) including plasma binding protein expression (e.g., 

Sethi et al., 2016) and hepatic drug transporters (Prasad et al., 2016, Thomson et al., 2016). 

In this case study, PK outcomes exhibited greater variability (as assessed by %CV and 

ratio of 95th to 5th percentile values) at younger postnatal ages for both oral and bathing exposure, 

although variability was generally less pronounced for the bathing exposure scenario.  For the 

oral exposure scenario, variation in hepatic scaling factors for pediatric age groups had the 

greatest impact on pharmacokinetic outcomes (AUCv, CVmax, CalvMax) compared to adults.  

There was also greater variability in neonates compared to adults for hepatic biotransformation 

(AML), although it was relatively less compared to other pharmacokinetic outcomes.  The 
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overall findings in adults were similar to our earlier work in adults (Kenyon et al., 2016b).  The 

most likely explanation for the relatively lower variation across age groups in AML compared to 

other PK outcomes is that at typically low environmental exposure concentrations, hepatic 

biotransformation is not saturated (Kenyon et al., 2016a); delivery of parent chemical to liver in 

blood is the rate limiting step in hepatic biotransformation under these exposure conditions.  For 

bathing exposures, there was relatively greater variability in neonates compared to adults, 

although the magnitude of variation (% CV, ratio of 95th to 5th percentiles) was relatively less 

compared to oral exposures.  Lesser impact for bathing compared to oral exposures is partially 

attributable to the physiology of inhalation and dermal absorption; compounds absorbed into the 

systemic circulation are not immediately subject to first-pass metabolism in liver or intestine, as 

are compounds delivered orally (Lehman-McKeeman, 2013). 

 Global sensitivity analysis for all model parameters using a screening method such as 

Morris (1991) provides a relative sense of specific parameter influence for a given exposure 

scenario and PK outcome for individual age groups; another advantage of GSA in general is that 

it allows incorporation of observed parameter variability (McNally et al., 2011).  In this analysis 

we looked at neonatal and adult groups because these groups demonstrated the largest and 

smallest predicted variability in PK outcomes, respectively, based on the Monte Carlo analysis.  

For neonates, CYP2E1 specific content was consistently either the most influential parameter or 

in the top 10% of influential parameters for all PK outcomes for both oral and bathing exposure 

scenarios.  In adults, this was also true for oral, but not bathing exposure.  Relative liver mass 

(FVL) was generally in the top 1/3 of influential parameters for neonates in all cases, but for 

adults, only for oral, not bathing exposure. 
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 A novel aspect of our model is use of the gamma distribution without lower and upper 

bounds to parameterize CYP2E1. Most PBPK models assume a lognormal distribution for XME 

content or biochemical parameters such as Vmax (e.g. Lipscomb et al, 2003a, b; U.S. EPA, 

2011b; Tan et al., 2007). Use of the gamma distribution in our analysis for CYP2E1 

parameterization has both statistical, and biological rationale. Based on AIC, AICC, and BIC 

information criteria, gamma distributions gave better fits for the neonate and infant CYP2E1 data 

than lognormal distributions and the lognormal distribution was not compellingly superior to the 

gamma distribution for other age groups (Table S2). The gamma CYP2E1 parameterization 

without truncation for neonates has an important biological basis in that it supports 

representation of no functional protein present, the mode for neonate CYP2E1 in the Johnsrud et 

al. (2003) data. An empirical assessment of the effect of the seed used to randomly sample 

CYP2E1 for model input to the Monte Carlo analysis for neonate oral exposure demonstrated 

that the ratio of 95th to 5th percentiles was relatively stable in contrast to the ratio of the max to 

the min (Table S9). 

In general, MPPGL ranked in the middle third or lower among influential parameters for 

both neonates and adults.  The relatively lesser influence of MPPGL in our model, in part, 

corresponds to the dependence of its input distribution on values predicted by the 2008 Barter 

regression equation, which is a function of age.  One limitation of the Barter equation is that it 

accounted for only 10% of the variability in observed data used in its development (Barter et al., 

2008).  Using this equation results in less variability in MPPGL in younger age groups which 

also contributes to making this parameter relatively lower in influence on PK outcomes in 

general, particularly in neonates. Reassuringly, recently published measurements of MPPGL in 
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neonates as determined using the total cytochrome P450 method (De Bock et al., 2014) fall 

within the range of values predicted by the equation of Barter et al. (2008).   

Another source of uncertainty in model outputs is the assumption that FVL, MPPGL and 

CYP2E1 are independent. If this assumption is inaccurate, the model outputs may reflect excess 

variability (Thomas et al., 1996).  Chemical-specific model parameters were treated as invariant 

across age groups and there is data to support this assumption for partition coefficients (Mahale 

et al., 2007; White et al., 1991).  However, in the case of the skin diffusion coefficient 

(KABDCM), evidence suggests that the skin of the neonate is more fragile and permeable to 

pharmaceuticals compared to adult skin (Blume-Peytavi et al., 2016). This could result in 

increased absorption of BDCM into the systemic circulation following dermal exposure in 

pediatric populations. 

This work was possible because of the existence of a large data base on pediatric XME 

expression in liver spanning both pre-natal and early childhood life stages for a large array of 

enzymes (McCarver et al., 2017).  The unique value of such a database is that the information 

can be utilized to predict biotransformation and its associated variability for pediatric age groups 

for any chemical provided the XMEs responsible for its biotransformation and an in vitro rate of 

biotransformation for the specific chemical are known.  Further classifying XMEs according to 

expression trajectories during pre- and post-natal development can facilitate identification of 

chemicals that are a higher priority for evaluation when considered together with information on 

exposure potential in pediatric populations.   

Another PBPK-based risk analysis application for XME ontogeny data was demonstrated 

by Nong et al. (2006).  These authors assessed the impact of variability in both physiological 

parameters and CYP2E1 expression on AUC for toluene in blood using a scenario of 1 ppm 
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toluene exposure for 24 hours. Using the 5th, 50th, and 95th percentiles for predicted AUC, Nong 

et al. (2006) calculated intragroup and adult-child factors; the intragroup variability factor was 

calculated as the ratio of the 95th percentile value over the 50th percentile value for the same age 

group, and the adult-child variability factor was calculated as the ratio of the 95th percentile value 

for the child over the 50th percentile value for the adult.  Intragroup factors varied between 1.07 

and 1.48 and adult-child variability factors ranged from 3.88 to 1.35 from neonate to adolescent.  

The intragroup variability factor provides an another way to compare variability between age 

groups, much as the %CV and ratio of 95th to 5th percentile used in Tables 4 and 5, and Figures 

2,3, S2, S3 in the present study.  The calculated adult-child variability factor is specific for this 

chemical exposure scenario (inhalation) and dose metric (AUC).  The adult-child variability 

factor is analogous to the PK portion of the default uncertainty factor for interindividual 

variability (UFHTK=3) and has also been used in risk analysis as a chemical-specific adjustment 

factor (CASF; IPCS, 2005) or data-derived extrapolation factor (DDEF; USEPA, 2014) to avoid 

the application of default uncertainty factors.  

We performed a similar analysis to that of Nong et al. (2006) for AUCv (Table 6) and 

AML (Table 7) based on both oral and bathing exposures for BDCM (1) to compare general 

intragroup trends across lifestages and (2) to examine the impact of exposure scenario and choice 

of internal dose metric on the adult-child variability factor.  For AUCv (Table 6), we observed 

increased intragroup variability at younger ages following the same trend as Nong et al. (2006) 

for both bathing and oral exposures with the differences between scenarios being more 

pronounced for oral exposure (see also Figures 2A and 3A).  For AML all intragroup variability 

factors approach unity.  As discussed in the context of data in Figures 2B and 3B, this is due to 

metabolism being blood flow limited at environmental exposure levels.  
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The adult-child variability factor differed substantially between dose metrics and 

exposure scenarios.  Results in Table 6 for parent BDCM exposures (AUCv) differ appreciably 

between exposure routes.  These values demonstrate adult-child factor values for the bathing 

scenario that range from near-unity (toddler) to a value roughly similar to the assumed default 

value for toxicokinetic differences among humans (neonate), while values for the oral route may 

exceed five hundred-fold.  Differences for the oral route likely reflect the overall higher VmaxC 

(Table S1) and overall metabolic capacity of the adult compared to that of the neonate, combined 

with a higher internal dose developed following the more temporally-concentrated oral exposure 

scenario as compared with the bathing scenario.  Overall trends across age groups were similar to 

those reported by Nong et al. (2006).  Amount metabolized in liver (Table 7) presents a 

dramatically different picture compared to AUCv.  The adult-child factor values for bathing are 

substantially lower than 1, while adult-child factors for the oral exposure approximate unity.  

Together, these data suggest minimal differences between adults and younger age groups for this 

dose metric.  

The magnitude of differences observed for the adult-child variability factor across 

exposure scenarios and dose metrics illustrates the importance of identifying the dose metric of 

greatest concern and considering multiple routes of exposure when appropriate.  In the case of a 

possible role for BDCM in DBP-associated human bladder cancer, available data suggests that 

extrahepatic metabolism (i.e., metabolic activation within urothelial cells) is a key carcinogenic 

event (Ross and Pegram, 2003 and 2004; Cantor et al., 2010).  Previous work demonstrated that 

combined dermal and inhalation exposure results in greater levels of BDCM reaching the 

systemic circulation compared to ingestion, and thus being available for extrahepatic metabolism 

(Kenyon et al., 2016a; Leavens et al., 2007, Backer et al., 2000).  Taken together, these data 
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highlight the importance of evaluating lifetime, age-specific exposure across multiple routes of 

exposure to provide the most complete analysis of BDCM internal exposure and hence risk. 

When data on the developmental trajectory is available for a variety of XMEs it is also 

possible to evaluate the impact of transitions in the specific enzymes involved in 

biotransformation for particular chemicals.  For example, Yang et al. (2006) modeled predicted 

changes in methadone kinetics in pediatric populations 0-24 months of age compared to adults 

based on measured variability and changes in CYP3A4, CYP3A5 and CYP3A7 expression 

levels, as well as other physiological parameters using a PBPK model. In addition to the CYP3A 

family of enzymes (Stevens et al., 2003), similar transitions have been reported for FMO1 

transitioning to FMO3 (Koukourtiaki et al., 2002). In the case of BDCM, CYP2E1 is the 

predominant biotransformation enzyme at low substrate concentrations, but both CYP1A2 and 

CYP3A4 can make substantial contribution to biotransformation at higher substrate 

concentrations.  This raises the question of whether these other enzymes could augment BDCM 

metabolism if CYP2E1 is not expressed or expressed only at very low levels.  Both CYP3A4 and 

CYP1A2 were measured in the same pediatric livers from which CYP2E1 data used in this study 

were obtained (McCarver et al., 2017). However, both CYP3A4 and CYP1A2 protein levels 

were low in the neonate and increased only slowly during the first 6 months to 15 months of life, 

respectively (Stevens et al., 2003; Song et al., 2017).  Thus, in the absence of sufficient CYP2E1 

enzyme, substantial CYP3A4 or CYP1A2 contributions to BDCM metabolism would only be 

predicted in the older age groups and adults. 

Our results also demonstrate the potential for higher internal extrahepatic exposure to 

BDCM in neonates and infants compared to adults (as shown by predicted CvMax and AUCv 

values), which could be toxicologically significant depending upon the chemical.  BDCM is 
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carcinogenic in rodents with oral gavage exposure resulting in kidney carcinomas in both rats 

and mice, as well as large intestine carcinomas in rats (USEPA 2005).  An increased risk for 

bladder and colon cancer have been reported in epidemiologic studies (Villanueva et al. 2014), 

with the most compelling evidence being for bladder cancer (Cantor et al. 2010). For 

environmental contaminants such as BDCM concerns related to metabolism in both target and 

non-target tissues can be critical (Ross and Pegram, 2004), and overall there is a paucity of data 

needed to scale in vitro metabolism data to the in vivo situation for extrahepatic metabolism, and 

to characterize the associated variability. 

In summary, this work demonstrates that variation observed in XME expression in early 

life results in greater predicted variability in PK outcomes compared to adults across multiple PK 

outcomes and routes of exposure.  That this variability is observed during simulation of 

environmentally relevant exposures makes a strong case for its explicit quantitative consideration 

when performing child-specific risk analyses.   

 

DISCLAIMER 
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Table 1.  Pediatric and Adult Physiological parameters for the human BDCM model 

Parameter, units Symbol Child 
0-30 
days 

Child 
31-90 
days 

Child 
~1-2 years 

Adult Note 

Height, cm height 51.8 57.4 81.0 174.7 1 

Body Weight, kg BW 3.81 5.22 10.55 80.8 2 

       
Alveolar ventilation Rate, L/h-
m2 

QPC 391 432 470 419 3 

Alveolar Deadspace, unitless deadspace 0.336 0.336 0.336 0.344 3 

QPC to Cardiac Output (CO) 
Ratio, unitless 

RQPCO 1.0 1.0 1.0 1.0 4 

       
Fractional Blood Flows, 
unitless 

      

   Richly Perfused Tissue Group FQRP 0.75 0.75 0.75 0.75 5, 7 

            Liver FQL 0.13 0.13 0.13 0.09 5 ,6 

            Gastrointestinal Tract FQG 0.15 0.15 0.12 0.16 5, 6 

            Kidney FQK 0.13 0.13 0.14 0.15 5, 6 

   Poorly Perfused Tissue Group FQPP 0.25 0.25 0.25 0.25 5, 7 

            Fat FQF 0.04 0.04 0.05 0.05 5 ,6 

Blood Flow to Skin, L/min-m2 QSKSA 0.58 0.58 0.58 0.58 5, 7 

       
Compartment Volume, unitless       
     Blood fraction of BW FVBD 0.0671 0.0617 0.0529 0.079 5,8 

          Blood as arterial FVART 0.25 0.25 0.25 0.25 5 

          Blood as venous FVVEN 0.75 0.75 0.75 0.75 5 

     Richly perfused fraction of 
BW 

FVRP 0.2 0.2 0.2 0.2 5 

     Poorly perfused fraction of 
BW 

FVPP 0.8 0.8 0.8 0.8 5 

     GI tract fraction of BW FVGI 0.0146 0.0146 0.0177 0.0165 5, 8 
     Liver fraction of BW FVL 0.0355 0.0355 0.0382 0.026 5, 8 
     Fat fraction of BW FVF 0.169 0.174 0.175 0.21 8 
     Kidney fraction of BW FVK 0.0065 0.0065 0.0066 0.004 5, 8 
       
Volume GI tract lumen, L VLUM 0.14 0.14 0.24 2.1 5, 9 

Skin thickness, mm LSK 1.3 1.3 1.3 2.0 5, 10 

       
 

1Calculated based on midpoint of age range for 50th percentile from CDC data tables for length-for-age 
for male and female children. https://www.cdc.gov/growthcharts/who_charts.htm#The WHO Growth 
Charts.  For adult, used mean combined male and female, aged 30-40 years (Table 8-3, USEPA, 2011a). 

2Calculated based on midpoint of age range for 50th percentile from CDC data tables for weight-for-age 
for male and female children. https://www.cdc.gov/growthcharts/who_charts.htm#The WHO Growth 
Charts.  For adult used combined male and female, aged 30-40 mean (Table 8-16, USEPA, 2011a). 
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3Derived from mean of alveolar ventilation rate male and female children at ~ 1 month in Brochu et al. 
(2006), and 0.22-0.5 yrs for 30-90 dys group, 1-2 yrs of age and adults (35-40 yrs) in Brochu et al. 
(2011).  Deadspace figures from Brochu et al., (2012) with childhood age groups assumed same and set to 
mean value for youngest age group (5-10 years) and 35-45 year age group for adults.  Minute ventilation 
rate is scaled to skin surface area (SA) in m2 in the model; QP = QPC* SA * (1-Deadspace).  SA = Height 
(0.725) * Weight (0.425) * 0.007187 in m2 from (Adams, 1993; also eq. 6-3 in USEPA, 2008) for all childhood 
age groups.  For adults use equation, SA = Height (0.417) * Weight (0.517) * 0.02350 in m2 (Gehan and 
George, 1970, also eq. 7A-3 USEPA, 2011a). 

4Cardiac Output, QC = QP/RQPCO. 

5Adult value same as in original model.   

6Blood flows calculated from Edginton et al. (2006) for 0-30 (newborn) and one year-old, 31-90 days 
assumed same as newborn.  Fractional blood flows to individual tissues are scaled to cardiac output (QC), 
i.e. QL = FQL *QC, QG= FQG *QC, QK= FQK * QC, and QF = FQF * QC.   

7Richly (QRP) and poorly perfused (QPP) tissues calculated by difference subtracting out blood flows 
from liver, kidney and gut for QRP and subtracting out fat and skin volumes for QPP, i.e., QRP = 
(FQRP*QC)-QL-QK-QG and QPP = (FQPP*QC)-QF-QSK..  Blood flow to skin (QSK) is scaled on the 
basis of body surface area, i.e., QSK = QSKSA * SA * 60 min/hr.  Total liver blood flow is sum of liver 
plus gut as shown in Figure S1. 

8Calculated as fraction of BW using estimated mass based on equations from Haddad et al., (2001) using 
average of male and female and midpoint of age range.  FVL is included for completeness; Monte Carlo 
analysis uses FVL distributional descriptors specific for each age group in Table 3.  Blood volume 
assumes density of 1 g/L.  Fat volume is recalculated from equations of Haddad et al., (2001) based on 
modifications in Price et al. (2003).   Volume of blood compartment is scaled to BW and volume of 
arterial and venous compartments are scaled to total blood volume.  Tissue volumes to tissues are scaled 
to BW with richly (VRP) and poorly perfused (VPP) tissue volumes calculated respectively, as follows:  
VRP = FVRP*BW-VL-VGI-VBD-VK and VPP = FVPP*BW-VF-VSK.  Volume of skin (VSK) is 
calculated as VSK = LSK*SA. 

9Estimated based on figures in ICRP (2002, Table 2,8, p. 18) for newborn and 1-year old; age range 31-90 
days assumed to be same as 0-30 days. 

10 LSK is average value for thickness of dermis and epidermis for adults (Laurent et al., 2007) and all 
pediatric age groups (Ploin et al., 2011).  Note that skin thickness remains relatively unchanged based on 
age (up to 5 years), BMI, gender and skin phototype (Ploin et al., 2011).    
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Table 2. Chemical-specific parameters in the human BDCM model* 

Parameter, units Symbol Value Footnote 
    
Partition coefficients, unitless    
     Blood:Air PBBDCM 15.97 1 

     Liver:Blood PLBDCM 1.93 1 

     Gut:Blood PGBDCM 1.93 2 

     Kidney:Blood PKBDCM 2.08 1 

     Fat:Blood PFBDCM 33.2 1 

     Skin:Blood PSKBDCM 2.91 3 

     RPTG:Blood PRPBDCM 1.93 2 

     PPTG:Blood PPPBDCM 0.78 1 

    
Skin diffusion coefficient, cm/h KBDCM 0.18 4 

Skin:water partition coefficient PWSBDCM 5.6 4 

Oral absorption coefficient, h-1 KABDCM 8.3 5 

    
Vmax CYP Liver, µg/h-pmol 
CYP2E1 

IVVMAX 0.201 6 

KM CYP Liver, µg/L KM1BDCM 221 6 

Kf GST Liver, 1/h-kg BW0.75 VFCBDCM 0.0079 7 

 

1Calculated by dividing rat tissue:air partition coefficient (Lilly et al. 1997) by human blood:air partition 
coefficient from Kenyon et al. (2016). 

2 Gut:air and rapidly perfused tissue:air partition coefficients were assumed to be the same as liver:air. 

3 Skin:air partition coefficient (Haddad et al. 2006) used with human blood air partition coefficient to 
calculate skin:blood partition coefficient. 

4 Skin diffusion coefficient determined with method using aqueous solution across human skin (Xu et al. 
2002).  Skin:water partition coefficient calculated on basis of water:air partition coefficient (Batterman et 
al. 2002) divided by skin:air partition coefficient (Haddad et al. 2006). 

5Estimated on basis of Tmax from oral time course data of Leavens et al. (2007) and assumed to be the 
same across age groups. 

6Experimentally determined in pooled adult human microsomes as 1.74 nmoles/min – mg MSP (Kenyon 
et al., 2016a) and converted to 17.14 µg/h-mg MSP in (Kenyon et al., 2016b) analysis.  Converted to 
basis of CYP 2E1 for this analysis using known average CYP2E1 content (85 pmol CYP2E1/mg MSP) 
for independent set of adult samples for which both CYP2E1 content and P450 content are known at the 
level of the individual subject (J. Lipscomb, personal communication).   

7Estimated from in vitro clearance of BDCM from pooled human liver cytosol (Ross and Pegram 2003). 
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Table 3. Parameter distributions and values used as input to Monte Carlo analysis for pediatric age groups and adults 
 

Parameters1 FVL MPPGL CYP2E1 
Age Group Distribution & 

Descriptors2 
Value Distribution & 

Descriptors 
Value Distribution & 

Descriptors 
Value 

0-30 days, 
neonate 

Normal 
Mean 

SD 
Lower Limit 
Upper Limit 

 
0.0412 
0.0157 
0.0114 
0.0775 

Log Normal 
GM 
GSD 

Lower Limit 
Upper Limit 

 
25.55 
1.001 
25.53 
25.60 

Gamma 
Alpha 
Theta 

 
0.505 
26.6 

31-90 days, 
infant 

Normal 
Mean 

SD 
Lower Limit 
Upper Limit 

 
0.0366 
0.0102 
0.0145 
0.0612 

Log Normal 
GM 
GSD 

Lower Limit 
Upper Limit 

 
25.68 
1.002 
25.61 
25.74 

Gamma 
Alpha 
Theta 

 
10.7 
2.24 

 

91 days – 2 
years, toddler 

Normal 
Mean 

SD 
Lower Limit 
Upper Limit 

 
0.0445 
0.0159 
0.0274 
0.1200 

Log Normal 
GM 
GSD 

Lower Limit 
Upper Limit 

 
26.35 
1.028 
25.76 
27.36 

Gamma 
Alpha 
Theta 

 
4.82 
9.42 

Adult 
 

Normal 
Mean 

SD 
Lower Limit 
Upper Limit 

 
0.0239 
0.0090 
0.0136 
0.0415 

Log Normal 
GM 
GSD 

Lower Limit 
Upper Limit 

 
35.24 
1.094 
29.26 
40.19 

Gamma 
Alpha 
Theta 

 
11.1 
5.33 

1FVL (g liver/kg BW, assuming a volumetric density of 1) and CYP2E1 (pmol/mg microsomal protein) were calculated from data in 
Johnsrud et al. (2003) for specific pediatric age groups. FVL for adults was recalculated from Young et al. (2009).  CYP2E1 for adults 
is from Lipscomb et al. (1997, 2003a, b).  MPPGL was estimated on the basis of the equation published in Barter et al. (2008) using 
subject age in years for all age groups. 
2Lower and upper limits are lowest and highest values from data, respectively.  Abbreviations:  SD is standard deviation, GM is 
geometric mean and GSD is geometric standard deviation.  GM and GSD are log transformed for input into acslx MC routines.  For 
the gamma distribution, alpha is the shape parameter and theta is the scale parameter. 
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Table 4.  Statistical characteristics for maximum concentration of BDCM in blood (CvMax) 

based on Monte Carlo analysis following oral exposure (single 0.05 L drink, 5 µg/L BDCM in 

water, 2 hr simulation). 

Age Group 
Mean ± SD (ng/L) % CV  

5th 

percentile  

95th 

percentile 
Ratio1 

neonate 24.1 ± 19.1 79.2 2.57 58.6 22.8 

infant 5.39 ± 2.09 38.7 2.83 9.28 3.28 

toddler 1.32 ± 0.77 57.9 0.52 2.75 5.28 

adult 0.23 ± 0.10 43.4 0.11 0.41 3.75 

1Ratio of 95th to 5th percentile values. 

 

 

Table 5.  Statistical characteristics for maximum concentration of BDCM in blood (CvMax) 

based on Monte Carlo analysis following bathing exposure (20 minutes, 5 µg/L BDCM in water, 

2 hr simulation). 

Age Group Mean ± SD (ng/L) % CV 5th 

percentile 

95th 

percentile 

Ratio1 

neonate 86.8 ± 23.0 26.5 63.53 132.3 2.08 

infant 61.8 ± 2.35 3.80 59.06 66.20 1.12 

toddler 56.5 ± 1.39 2.45 55.17 59.08 1.07 

adult 49.0 ± 0.49 1.00 48.39 49.87 1.03 

1Ratio of 95th to 5th percentile values. 
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Table 6.  Intragroup and adult-child variability factors derived from AUC for BDCM in venous 

blood (AUCv) for pediatric age groups and adults for bathing and oral scenarios (5 µg/L BDCM 

in water) 

Age Group Scenario 
AUCv (µg-h/L) Intragroup 

Factor1 

Adult-child 

Factor2 5th% 50th% 95th 

Neonate Bath 0.0270 0.0351 0.0940 2.68 3.55 

Infant  0.0252 0.0265 0.0294 1.11 1.11 

Toddler  0.0238 0.0244 0.0261 1.07 0.99 

Adult  0.0260 0.0265 0.0276 1.04  

Neonate Oral 7.26E-04 5.70E-03 4.31E-02 7.57 558 

Infant  8.02E-04 1.46E-03 2.92E-03 2.00 37.8 

Toddler  1.52E-04 3.42E-04 8.60E-04 2.52 11.1 

Adult  3.95E-05 7.72E-05 1.59E-04 2.06  

1The intragroup variability factor was calculated as the ratio of the 95th percentile value over the 

50th percentile value for the same age group.  

2The adult-child variability factor was calculated as the ratio of the 95th percentile value for the 

child over the 50th percentile value for the adult. 
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Table 7.  Intragroup and adult-child variability factors derived from amount of BDCM 

metabolized in liver (AML) for pediatric age groups and adults for bathing and oral scenarios (5 

µg/L BDCM in water) 

Age Group Scenario 
AML (µg) Intragroup 

Factor1 

Adult-child 

Factor2 5th% 50th% 95th 

Neonate Bath 0.023 0.358 0.401 1.12 0.12 

Infant  0.464 0.486 0.495 1.02 0.15 

Toddler  0.799 0.825 0.834 1.01 0.25 

Adult  3.275 3.345 3.377 1.01  

Neonate Oral 0.014 0.220 0.246 1.12 1.00 

Infant  0.229 0.240 0.244 1.02 0.99 

Toddler  0.238 0.245 0.248 1.01 1.01 

Adult  0.241 0.246 0.248 1.01  

1The intragroup variability factor was calculated as the ratio of the 95th percentile value over the 

50th percentile value for the same age group.  

2The adult-child variability factor was calculated as the ratio of the 95th percentile value for the 

child over the 50th percentile value for the adult. 
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Figure Legends 

Fig 1. Diagram illustrating workflow and methodology.  The model and subsequent 

analyses were implemented in acslXtreme 3.0.2.1 (The AEgis Technologies Group; 

Huntsville, AL). 

Fig 2. Comparison of AUC for (A) venous blood BDCM (µg-h/L, x ̅ ± SD) and (B) amount 

of BDCM metabolized in liver (µg, x ̅ ± SD) across age groups based on Monte Carlo 

simulations (2 hours) utilizing the distributional characteristics for FVL, CYP2E1 and 

MPPGL shown in Table 3 for an oral exposure to water containing 5 µg/L BDCM as 

a single 0.05-liter drink.  The number associated with each bar is the coefficient of 

variation (%).  

Fig 3. Comparison of AUC for (A) venous blood BDCM (µg-h/L, x ̅ ± SD) and (B) amount 

BDCM metabolized in liver (µg, x ̅ ± SD) across age groups based on Monte Carlo 

simulations (2 hours) utilizing the distributional characteristics for FVL, CYP2E1 and 

MPPGL shown in Table 3 for a 20-minute bath in water containing 5 µg/L BDCM.  

The number associated with each bar is the coefficient of variation (%). 

Fig 4. Morris screening level global sensitivity analysis for oral exposure scenario of a 

single 0.05 L ingestion of water containing 5 µg/L BDCM for AUCv in (A) neonate 

and (B) adult.  Parameter abbreviations are defined in Tables 1 and 2.  Due to space 

constraints, only the most influential parameters were annotated. 
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Fig 5. Morris screening level global sensitivity analysis for oral exposure scenario of a 

single 0.05 L ingestion of water containing 5 µg/L BDCM for AML in (A) neonate 

and (B) adult.  Parameter abbreviations are defined in Tables 1 and 2.  Due to space 

constraints, only the most influential parameters were annotated. 

Fig 6. Morris screening level global sensitivity analysis for bathing exposure for 20 minutes 

in water containing 5 µg/L BDCM for AUCv in (A) neonate and (B) adult.  

Parameter abbreviations are defined in Tables 1 and 2.  Due to space constraints, only 

the most influential parameters were annotated. 

Fig 7. Morris screening level global sensitivity analysis for bathing exposure for 20 minutes 

in water containing 5 µg/L BDCM for AML in (A) neonate and (B) adult.  Parameter 

abbreviations are defined in Tables 1 and 2.  Due to space constraints, only the most 

influential parameters were annotated. 
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Figure 1 
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Figure 2A         Figure 2B 
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Figure 3A         Figure 3B 
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Figure 4 
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Figure 5 
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Figure 6 
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Figure 7 


