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The U.S. Consumer Product Safety Commission (CPSC) contracted with the University of
Cincinnati to develop a guidance document that describes how human biomonitoring (HBM)
data can be used with toxicokinetic, anatomy, and physiology information of different kinds to
calculate chronic doses of human exposure through reverse dosimetry. Staff plans to use the
guide as a tool to inform how the data can promote consistency and transparency across
exposure assessments.

This statement was prepared by the CPSC staff, and the University of Cincinnati produced the
following report for CPSC staff. The statement and report have not been reviewed or approved
by, and do not necessarily represent the views of, the Commission.

CPSC staff may assess a product’s potential health effects to consumers under the Federal
Hazardous Substances Act (FHSA). A “hazardous substance” under the FHSA includes
products that are “toxic” under the FHSA or present other hazards enumerated in the statute. A
substance that is “toxic” may be a “hazardous substance” under the FHSA if it has the potential
to cause “substantial personal injury or substantial illness during or as a proximate result of any
customary or reasonably foreseeable handling or use.” Therefore, staff considers exposure and
risk in addition to toxicity when assessing potential hazards of certain products under the FHSA.

The second part of the risk assessment process is exposure assessment, which consists of a
review of the available exposure data for the chemical. Approaches for exposure assessment
vary, and this document describes one of many potential approaches (reverse dosimetry). This
guidance document provides a range of available approaches and does not commit CPSC staff
to use any one or combination of these approaches when conducting future assessments.

CPSC staff considers human biomonitoring data to be a valuable resource when estimating
aggregate exposure to chemical substances for individuals or population groups. CPSC staff
acknowledge that these data should be compared with information on consumer products to
determine possible source attribution from multiple product and non-product-related sources to
aggregate exposure.
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1.0 Introduction to Human Biomonitoring in CPSC Context

1.1 What is Biomonitoring and Why is it Useful?

Human biomonitoring is the measurement of chemicals in human bodily fluids or tissues.
As described further in Section 2, the sampled biological matrix can include urine, blood,
breast milk, saliva, lipids, hair or nails, although the quality of the quantification varies with
the matrix. The chemical measured may be the parent chemical or metabolite(s). A key
advantage of biomonitoring is that it integrates exposures across routes and pathways.
That is, biomonitoring data reflect the total internal dose, regardless of the source(s) of
exposure. Exposures can be observed with biomonitoring even if intake was not monitored
or measured at the time of exposure. However, the relationship between exposure and the
measurement in a biological matrix depends on the chemical half-life in the body and the
frequency and timing of past and/or ongoing exposures, as discussed throughout this
guidance. In addition, biomonitoring results may not be specific to the chemical of interest,
since measured metabolite(s) may be shared with other common parent-chemical
exposures, or the chemical of interest may itself be a metabolite of other chemical(s) to
which the individual was exposed.

1.2 Framing based on CPSC Problem Formulation

CPSC staff may consider biomonitoring data when conducting exposure assessments of
chemical substances found in consumer products. Occurrence of a chemical substance in a
biological matrix provides evidence of internal exposure. During scoping, CPSC staff
consider whether there is a plausible connection between occurrence of a chemical in
biological matrices and consumer applications of chemical substances. Examples of scoping
questions include:

- Is there information available on consumer application sources that may have
contributed to exposure. Consumer applications include contact exposures through
direct use of consumer products and mediated exposures (through indoor air,
indoor dust, or other environmental media) from consumer products

- Are there multiple biomonitoring and consumer application data sources?

- Is there enough information to characterize temporal or spatial trends of
biomonitoring data or consumer product uses?

- Is the range of biomonitoring occurrence levels narrow (e.g., mostly at or near
detection levels) or wide (e.g., large distribution between minimum and maximum
values)?

If there is a connection between biomonitoring data and consumer product applications
established during scoping, CPSC staff may further consider use of biomonitoring data in
developing risk assessments. There are multiple approaches to measure or estimate
internal exposures. While biomonitoring provides a direct measurement of internal
exposure, there is not a way to precisely estimate the contribution from various sources of
exposure. CPSC staff may need to consider the contributions from various sources in their
assessments.



Consumer exposure models estimate indoor environmental concentrations and doses
associated with use of consumer products or presence of consumer articles. Consumer
exposure models provide the flexibility to estimate exposures associated with a variety of
exposure scenarios from multiple products. The exposure assessor needs to consider how a
person would be exposed to one or more products and carefully construct modeling
scenario(s) that describe that person’s exposure.

Environmental monitoring data can be combined with age-specific exposure factors and
activity patterns to estimate doses. Environmental monitoring data can be used in lieu of or
to supplement consumer exposure modeled estimates. The environmental media
considered will vary based on the chemical substance, as certain chemical substances are
more likely to be present in certain media based on inherent physical-chemical properties
and expected use patterns. Environmental monitoring data represent spatial and temporal
conditions present at the time the sample was collected. Therefore, these data may or may
not reflect scenarios associated with specific chemical substances used in consumer
products. Nevertheless, environmental monitoring data can be used to characterize the
typical range of occurrence of chemical substances in different environmental media and to
ground-truth modeled estimates.

When exposure estimates from consumer exposure models or environmental monitoring
data are combined with chemical-specific toxicokinetic data, typically the fraction of the
chemical absorbed, estimate(s) of internal exposure or absorbed dose are derived.

Biomonitoring data can also be used to estimate the internal or absorbed dose of a
chemical There are multiple approaches to derive internal doses based on biomonitoring
data, and these approaches are the subject of this guide. The guide will characterize
multiple sub-categories of biomonitoring data and the various approaches available for
treating these different data types.

CPSC staff may use a variety of data sources to provide multiple lines of evidence when
deriving exposure estimates. All of these approaches can either provide deterministic point
estimates of exposure or ranges of exposure based on anticipated variability. It is beyond
the scope of this guide to discuss ways to integrate data across multiple approaches.
However, this guide will consider how to address variability present in biomonitoring data.
Further, the guide will provide important context and associated uncertainties with
interpreting different sub-categories of biomonitoring data for use in exposure assessment.

2.0 Evaluation of the Biomonitoring Study

Many of the considerations for evaluating biomonitoring data are most relevant in the
context of designing and conducting a study. However, it is also important to consider the
issues discussed in this section as part of data review. When evaluating biomonitoring
studies for use in exposure assessment, CPSC staff considers:

e the relevance of the study population,

e the appropriateness of the sampling strategy,



e the adequacy of the analytical methods,

e the appropriateness of the biomarker, and

e the appropriateness of the choice of matrix.
This section concludes with a recommended study design for biomarker sampling for
evaluating exposure from consumer products.

2.1 Study Population

CPSC staff plans to consider relevance of a study population with regard to fit-for-purpose
project goals (see Section 1.2). This includes consideration of the demographics of the
study population, the geographic representation of the population, and when samples were
collected. For example, different projects may focus on exposures of a particular sub-
populations (e.g., mothers and children in the study of Casas et al.,, 2018) or on wide-spread
regional or national populations. Geographical coverage may be important, particularly if
some aspects of exposure are expected to exhibit regional variability. CPSC staff plan to
consider the degree to which the sampled population reflect the population of interest for
the exposure assessment. Consideration of when samples were collected can be important,
since some exposures change over time. Additional areas for consideration include age, sex,
body mass index (BMI), race/ethnicity, and any other factor that would have an impact on
the biomarker measurement or the relationship between the biomarker and internal dose.

CPSC staff plan to evaluate the sampling strategy as part of the consideration of the
representativeness of the sample population. Key aspects of this evaluation include the
sample size and the approach for acquiring the sample of individuals for the study
(Namulanda et al., 2020). Random sampling methods are preferred over samples of
convenience, such as the first 100 people at a clinic. If a sample of convenience is used, the
study should explicitly report the strategy for recruitment and selection, in order to allow
for an independent evaluation of any potential distortions or biases (NAS, 2006).

2.2 Sampling Strategy

The appropriate sampling strategy(s) depends on the biomarker being evaluated and the
matrix being sampled. A single sampling time is usually sufficient for measurements in
blood and lipid, both in light of the invasive nature of the sampling and because these
matrices are typically used to evaluate chemicals with longer half-lives. Multiple blood
samples over years, however, could be used to evaluate long-term trends.

Several approaches are commonly used for sampling urine. Spot sampling (collection of a
single sample) or collection of the first morning void is commonly used, due to
convenience. However, as discussed in greater detail in Section 3.8, these approaches can
lead to systematic errors. In brief, population variability may be over-estimated (leading to
an over-estimate of the 95t percentile, for example, and a corresponding over-estimate of
exposure/risk) (Aylward et al.,, 2017). This is because the intra-individual variability in
biomarker levels with time since time since exposure makes a large contribution to the
total measured variability. Therefore, 24-hour composite samples, representing each
individual’s total exposure over a day, are preferred over spot sampling. In some cases,
samples may be pooled over a longer period (e.g., a week), to better reflect each



individual’s average exposure (Casas et al., 2018), although such an approach is more
labor-intensive than pooling over a day.

Note that this use of composite or pooled samples is distinct from pooling samples from
multiple individuals into one sample. Such pooling across individuals has the strong
disadvantage of decreasing the estimate of population variability, or making it impossible
to estimate variability, depending on how samples are pooled.

Hair is rarely used for biomonitoring (see Section 2.5), but evaluation of different segments
of hair can provide a temporal record of exposure.

Additional considerations for evaluating the appropriateness of the choice of biomarker
and biological matrix are addressed in Sections 2.4 and 2.5.

2.3 Analytical methods

Numerous factors must be considered in evaluating the validity of an analytical method.
Vorkamp et al. (2021) and LaKind et al. (2014) have created comprehensive approaches to
analyzing the validity of an analytical method. Important factors when analyzing analytical
methods include:

1. Sample Preparation- Are sampling preparation procedures well established and
applied routinely?

2. Standards- Are analytical standards for target biomarkers applied throughout
the methodology or not, and are these standards commercially available?

3. Validation- Has this analytical method been validated multiple times? Are
certified materials being used or are interlaboratory comparisons of the
methodology results available? Is this method well-established in multiple
laboratories?

4. Selectivity- [s there interference that indicates a measured concentration might
not be related to the biomarker of interest?

5. Sensitivity- There are numerous factors to consider when thinking about the
sensitivity.

a. Have limits of detection (LOD) been determined for each biomarker of
exposure within a biological matrix (how comprehensive are these
analyses)?

b. Are these LODs sufficiently below what a typical exposure would be?

c. Do LODs remain similar from sample to sample over time? Or do they
vary?

d. Have similar LODs been obtained in other laboratories?

6. Accuracy- Has the accuracy of an analytical test been confirmed using external
quality control measures (e.g., certified reference manuals, relevant
interlaboratory comparisons)? Is the accuracy within limits given by the
guidelines for validation of analytical methods? (e.g., < 20% deviation from the
concentration level of a biomarker)




7. Robustness- When there are slight changes in the analytical procedure, are there
any variations in each sample? Would there be variations if the same procedure
were repeated?

8. Recovery- Can between 80-120% of the biomarker of interest be recovered? If
not, can internal laboratory standards compensate for these deviations?

9. Range/Linearity- Is this methodology precise and accurate for determining the
concentration of biomarker in a specific biological matrix?

10. Method requirement- Does the instrumentation unambiguously identify and
quantify a biomarker of interest (e.g., GC-MS/MS, LC-MS/MS, GC-HRMS)?

11. Feasibility- Is this analytical method both financially and technologically feasible
for the biomarker of interest? Some factors for non-feasibility may include:

a. Compound instability/volatility: Is the stability of a biomarker known? If
a compound is exceedingly volatile, transportation and storage conditions
may be adapted, but if it is not financially or technologically feasible to
store it, this could be problematic.

b. Matrix availability: If the matrix is too invasive or if it is too hard to
preserve a given sample, it may not be feasible to sample from this
matrix.

It is also important to note any limitations in the study that were identified by the

study authors.

Quality control issues also apply to sampling and sample storage. Information may not
always be available on the specifics of sampling and storage, but where such information is
available, specifics of the sample collection and preparation should be evaluated. This
includes factors such as the method of sample collection and storage, and the use of
appropriate analytical methods (APHL, 2019; CDC, 2018; LaKind et al., 2014; Vorkamp et
al,, 2021).

Metabolites often undergo conjugation reactions (e.g., sulfation, glucuronidation) as part of
Phase Il metabolism. In such cases, it is important to ensure that both conjugated and
unconjugated forms of the metabolite are measured. This is often done by including a
hydrolysis step as part of the sample preparation, but it is important to ensure that the
hydrolysis does not result in other changes to the metabolite. The documentation of the
analytical approach should specify whether the analytical approach detects only free
compound or free and conjugated.

2.4 Choice of Biomarker of Exposure

CPSC staff consider a number of factors in determining whether a potential biomarker is
appropriate for estimating exposure (summarized by Aylward et al,, 2017; Casas et al,,
2018; LaKind et al., 2014; Vorkamp et al,, 2021). At the most basic level, a biomarker of
exposure should “vary consistently and quantitatively with the extent of exposure
(especially at low doses)” (NAS, 2006). The limit of detection should be sufficiently
sensitive, and the level of environmental exposure should be sufficiently high relative to
endogenous generation of the biomarker for the biomarker levels to primarily reflect the
exogenous exposure.



An exposure biomarker may be the parent chemical or a metabolite or a combination of
multiple metabolites. The parent may be a more appropriate biomarker when metabolism
is slow, while metabolites are often used when metabolism and elimination occur relatively
rapidly (half-life less than about 8 hours). Even then, it is important to consider the impact
of intra-individual variability (see Section 3.8). It may also be important to characterize
inter-individual factors that may impact exposure and presence of biomarker. This can
include age, education, genetic factors (e.g., metabolic polymorphisms), and smoking status
(IPCS, 2001). Some of these factors may be known from other studies, while other
relationships may be evaluated as part of the biomarker study. If there is variation in
biomarker concentrations related to a confounding exposure, a different biomarker should
be used. For example, US EPA (2020a) excluded a potential biomarker of 1-bromopropane
in their analysis, because of questions regarding the specificity of the biomarker.

Choice of the biomarker requires an understanding of the chemical’s toxicokinetics,
including the chemical’s metabolic pathway, key metabolites, whether those metabolites
are shared with other chemicals, as well as whether the parent is itself a metabolite of
other chemicals. In most cases, the biomarker should be specific to the exposure of interest.
For example, benzene is metabolized to both phenol and trans, trans-muconic acid (tt-MA),
but the latter is more appropriate as a measure of benzene exposure, since urinary phenol
can also reflect exposure to phenol itself (ATSDR, 2007)1. Sometimes there are multiple
metabolites that are potentially useful as biomarkers. In some cases, calculations are
conducted based on the total concentration of the relevant metabolites (e.g., Smith et al,,
2021). In other cases, a single metabolite is chosen for the quantitative calculation. In this
case, the choice of biomarker may be based on not only confirmation of the uniqueness of
the metabolite to that chemical, but also factors related to the ease or difficulty of analysis.
The proportion of the parent exposure converted to that metabolite is reflected in the
urinary excretion fraction (Fue) (see Section 3.3.1). Conversely, a metabolite shared by
several chemicals in a class may be used if the risk management needs are such that
determining the exposures to the class of chemicals is sufficient, without identifying
exposures to the specific parent chemicals.

2.5 Choice of Biological Matrix

Urine and blood are the most commonly-used matrices, with urine used predominantly for
chemicals with shorter half-lives, while blood is used for chemicals with longer half-lives,
which are often lipophilic. Breast milk, and other lipid-based matrices, are also sometimes
used for lipophilic chemicals. Exhaled breath may be used for volatile chemicals. Some
biomarker work has also been done with other matrices, including hair, nails, sweat, saliva
and teeth, but these are more often used in a qualitative manner (e.g., determine whether
past exposure has occurred with no need to quantify extent of exposure).

1 As discussed by Hays et al. (2012), although tt-MA is a popular biomarker for occupational exposures to
benzene, tt-MA confounding from sorbic acid is problematic at the much lower environmentally-relevant
benzene exposure levels.



The choice of biological matrix is dependent on the characteristics of the biomarker as well
as the issues noted in problem formulation. Choice of the matrix should consider the
chemical/physical properties of the chemical of interest and metabolites (e.g.,

lipophilicity /water solubility, volatility), common routes of exposure, half-life of the parent
chemical, excretion pathways, and invasiveness of potential matrices. The population being
evaluated can also affect the choice of matrix. For example, urine can be collected from
infants using specially designed diapers (NAS, 2006), but it can be difficult to obtain enough
blood for analysis from an infant.

2.5.1 Urine

Urine is often used to estimate exposure to compounds that are water soluble and rapidly
excreted from the body (Esteban and Castano, 2009; Aylward et al., 2017). As noted in
Section 2.2, a common approach is to collect spot urine samples, but 24-hour or multi-day
composite samples better reflect the average individual exposure, and thus the overall
population variability (Aylward et al., 2017; Casas et al., 2018). If taking daily or multi-day
composite samples is not feasible, techniques exist to determine the optimal number of
spot samples (see Section 3.8).

Urine can also be used for evaluating chemicals that are slowly excreted from the body.
Urinary levels of metals such as cadmium and lead have been strongly correlated with
blood biomarker levels, but urine is much less invasive, urine samples are the “preferred
non-invasive matrix in heavy metals biomonitoring” (Esteban and Castano, 2009). An
advantage for slowly excreted chemicals is that they are more likely to be at steady state
levels in the body, reducing variation in urine levels and the associated uncertainty. For
slowly-excreted chemicals, urinary levels tend to reflect recent exposures, while blood
levels are related to total body burden, and so reflect the exposure over a longer duration.
A challenge with some of the slowly-excreted chemicals, such as metals, is that most of the
excretion is in the feces, and Fue can be very low. This results in higher variability, and thus
higher uncertainty.

2.5.2 Blood

Blood is typically used for compounds that are not rapidly excreted from the body (HEALS,
2015). Depending on the biomarker, one may choose to analyze whole blood, serum,
plasma, or cell types within the blood (Alves et al., 2014). Concentrations in blood are
related to tissue concentrations, with blood considered the “universal link between all
tissues of the organism,” making it the preferred matrix for many contaminants (Alves et
al., 2014). However, it is invasive to collect blood. Typically, no more than 20 mL can be
collected at one time (Manno et al., 2014; Polkowska et al., 2004). The use of an invasive
matrix may make it harder to acquire participants for a study, and ethical concerns for
sampling children need to be considered (HEALS, 2015; Manno et al., 2014). The site of
blood collection should also be considered. For example, venous blood sampling is
preferred over a finger prick test for testing blood lead levels, because the latter test is
prone to surface lead contamination if the hands are not properly cleaned (ATSDR, 2020).



Blood serum is lipid rich and so is a useful biomatrix for lipophilic substances such as
halogenated flame retardants, and less invasive than sampling fatty tissue (Tay et al.,
2019). Blood can also be used for evaluating rapidly excreted (typically more water-
soluble) chemicals. In these cases, the issues of variability and the length of the half-life
relative to the frequency of exposure need to be considered, as for less invasive urinary
measurements. For very persistent chemicals, blood concentrations reflect the cumulative
exposure, which can result in age-related trends in biomarker levels if the population
exposure is decreasing with time. Serum lipid concentrations and the serum
concentrations of lipophilic chemicals vary with recent meal consumption, but
normalization to total serum lipid content stabilizes the estimated concentration of
lipophilic substances (Phillips et al, 1989, as cited by Aylward et al., 2014). Aylward et al.
(2014) also noted that lipid concentration in serum can affect the serum concentration of
lipophilic chemicals even if they are not persistent, but that lipid adjustments have not
been applied routinely to measurements of volatile organic compounds in blood. Similarly,
binding to proteins in blood can affect the measured levels of the biomarker, but
adjustment for protein binding is not done routinely.

2.5.3 Breast Milk and Lipids

The maternal body burden of fat-soluble compounds such as dioxins and brominated flame
retardants can be evaluated with reverse dosimetry by sampling breast milk (Shen et al,,
2007; Uehara et al., 2006; HEALS, 2015) to assess exposures to the mother. Breast milk
data can also be used with a conventional exposure assessment approach to estimate early
life exposure in babies (HEALS, 2015). Collecting breast milk is easy and non-invasive.
Breast milk can vary in lipid concentration, which requires a lipid adjustment (mg
biomarker/g lipid) to correct for variation in lipid concentration (Esteban and Castano,
2009).

Lipophilic compounds may rapidly diffuse from the blood to fatty tissues, which may
warrant the use of a lipid as a biological matrix (NAS, 2006). Adipose tissues store
lipophilic compounds in the body and may metabolize and release into the bloodstream at
a slow rate. Sampling of adipose tissues represents long-term exposure to lipophilic
compounds but is invasive and it is difficult to acquire a large sample size. The World
Health Organization limits the use of adipose tissues to “ecological studies comparing fat
from cadavers or surgical specimens to general population levels” (IPCS, 2000).

2.5.4 Exhaled Breath

Generally, volatile compounds with short half-lives are exhaled from the lungs, making
exhaled breath a suitable biomatrix (Tang et al., 2015; Manno et al., 2014). Exhaled breath
can be used to monitor both previous inhalation exposure to volatile chemicals and levels
of volatile chemicals absorbed after oral or dermal exposure. After absorption, volatile
compounds will travel to the lungs through the blood and will be expired (Tang et al,,
2015). Exhaled breath is easy to collect, is inexpensive, and is non-invasive (Wilson and
Monster, 1999). Methods are available for both direct breath analysis in real time and for
indirect breath analysis (involving sample collection and concentration), but these involve
specialized equipment (Tang et al., 2015).



2.5.5 Other Matrices (Hair, Nails, Teeth, Saliva, Sweat)

There are several matrices that can be used to detect the presence of biomarkers, but are
currently not generally considered adequate or appropriate for quantitative estimates of
exposure. An important exception is that hair concentrations of methylmercury have been
used for exposure estimates, including as supporting data for the RfD developed by the US
EPA (2001) in its IRIS assessment.

Hair can be used to characterize long term exposure to heavy metals such as
methylmercury. If the hair is investigated in segments, it can provide a timeline of
exposure (Esteban and Castano, 2009). Hair is a minimally invasive matrix to sample
(HEALS, 2015). A limitation of this matrix is that washing is needed to remove chemicals
that deposited onto the hair (as opposed to being excreted into the hair). However, washing
can also alter the concentration of the chemicals within the hair, complicating the analysis
(Esteban and Castano, 2009; Wilhelm and Idel, 1996; HEALS, 2015). The relatively large
amount of hair that needs to be collected (50-200 mg of hair) can limit the use of this
matrix (HEALS, 2015). Furthermore, it is difficult to associate levels of biomarker in hair to
biomarker in blood and other tissues (Esteban and Castano, 2009).

Nails can provide information on the long-term exposure of inorganic chemicals such as
heavy metals (Esteban and Castano, 2009; HEALS, 2015). It is advantageous to use nails as
long-term exposures can be characterized in one small sample (HEALS, 2015). Nails can be
prone to external contamination, but toenails are not as prone to contamination as
fingernails (Esteban and Castano, 2009). For analyzing biomarker in nails, samples can be
contaminated through use of nail polish, nail cutters, and medication.

Deciduous teeth can be used to detect exposures to metals such as lead and magnesium in
children (HEALS, 2015). Teeth can provide information related to lifetime exposure in
children (HEALS, 2015). Deciduous teeth are difficult to collect and are not easily available
(Esteban and Castano, 2009).

Saliva may be a suitable matrix in cases where the biomarker has a low molecular weight
(e.g., organic solvents, specific trace elements, selected pesticides), but does not bind
strongly to proteins (HEALS, 2015; Esteban and Castano, 2009). Saliva is a non-invasive
matrix that is easy and cheap to collect (Esteban and Castano, 2009), but may be less
sensitive than other matrices (HEALS, 2015). Furthermore, there are other confounding
factors that have made use of saliva in biomonitoring less widespread (Alves et al., 2014).

Sweat has been used in the past to detect exposure to certain compounds. In a study by
Omokhodion and Crockford (1991), researchers were able to detect lead in the sweat of
humans, but there was a poor correlation between levels of biomarker in sweat and
biomarker in blood. Furthermore, it is a matrix that is not easily available in high quantities
and is difficult to collect (Esteban and Castano, 2009). Although sweat is not yet
appropriate for quantitative estimates of exposure, use of sweat for noninvasive real-time
monitoring of exposures is an active area of research.



2.6 Study Design for Evaluating Exposures from Consumer Products

A key challenge for CPSC staff is that population-level biomonitoring data such as NHANES
will provide general information on the population distribution of exposure, but unless
questionnaire data or paired environmental monitoring data is also available, this exposure
cannot be directly tied to any specific products. Targeted exposure studies are needed to
allow for attribution of exposure to specific products or classes of products, and these
targeted studies have specific needs for both sampling approaches and data analysis.

The study by Koch et al. (2014) provides a good example of a study design for assessing
human exposure to personal care products. The study involved recruiting eight volunteers
who provided detailed information about the use of personal care products, recorded and
weighed product use in a detailed diary and collected every urine void over a 6-day
collection period. Because every urine void was collected over 24 hours and over multiple
days, complete urine elimination of analytes of interest could be determined on a daily
basis (mass excreted in urine). This data could be matched with the exposures presumed
from product labels, diary entries and weight of product used. This particular study also
involved a 2-day washout period in which participants were provided replacement
consumer products that did not contain the chemicals of interest. Declines in urine
concentration of the analytes of interest were observed and quantified using this study
design, thus confirming the source of the exposures.

3.0 Interpreting the Biomonitoring Data

3.1 Overview

Three types of data are needed to calculate exposures corresponding to measured
biomonitoring data - (1) the biomonitoring data on a biomarker of interest, (2) chemical-
specific toxicokinetic data, and (3) human anatomy and physiology data. Calculations can
be done using either forward or reverse dosimetry. Forward dosimetry involves calculating
the biomarker level corresponding to a given exposure in an environmental medium. CPSC
staff consider exposure reconstruction or reverse dosimetry, calculating the exposure
level(s), specifically the internal dose, corresponding to a specified biomarker level.

This section first addresses sources of biomonitoring data, followed by a discussion of
concepts and equations used for reverse dosimetry. After the toxicokinetic concepts have
been introduced in the context of the reverse dosimetry calculations, the text addresses
sources of chemical-specific toxicokinetic data, as well as sources of anatomy and
physiology data. Forward dosimetry is briefly addressed, followed by a brief discussion of
guidance documents available for evaluating physiologically-based pharmacokinetic
(PBPK) models. The section concludes with a discussion of methods for determining source
contribution and considerations for addressing variability in biomonitoring data.

3.2 Sources of Biomonitoring Data
CPSC staff considers the source of biomonitoring data to determine whether it is relevant
to the consumer population. Biomonitoring data can be derived from national data,



regional/large cohorts, small cohorts, or individual data (also called case study data).
Pooled datasets combine samples from multiple individuals within a cohort. National
biomonitoring data are derived from nationwide datasets. In the US, the largest national
biomonitoring survey is the National Health and Nutrition Examination Survey (NHANES)
and is conducted by the Centers for Disease Control and Prevention (CDC). Other national
surveys include the Canadian Health Measures Survey (CHMS) and the German
Environmental Survey (GerES). The HBM4EU (Human Biomonitoring for the European
Union) project is a cooperative transnational effort. For the purpose of this guidance, a
regional or large cohort is defined as 100 individuals or greater. Several states, including
California and Minnesota, have their own biomonitoring programs. Small cohorts are
defined as biomonitoring data for between 2 to 99 individuals.

3.3 Reverse Dosimetry Approaches

3.3.1 Introduction to Reverse Dosimetry and Exposure Reconstruction

As noted, reverse dosimetry is the process of back-calculating the exposure to a chemical
(often via the oral route) that would be consistent with a measured biomonitoring level in
humans. This process relies on measured biomonitoring data, information about the
toxicokinetics of the chemical of interest, and human anatomy and physiology data. There
are many methods of conducting reverse dosimetry, ranging from very simple methods
(mass balance approach) to very complex (PBPK model estimations). This section presents
the major approaches for reverse dosimetry, and is followed in Section 3.4 by a discussion
of the sources of data to use in the calculations.

3.3.2 Urinary Mass Balance Approach

The mass balance approach is a simple and commonly-used method of estimating daily
intakes from biomarkers in urine. It is called the mass balance approach because it relies
on the balance between the mass or moles of exposure (intake) and mass or moles of
analyte (parent compound or metabolite(s)) excreted (eliminated) in urine. The only
toxicokinetic parameter required is urinary excretion fraction (Fue). Fue is a unitless term
that accounts for the fraction of a dose that is consumed or applied and is absorbed,
metabolized and ultimately eliminated in urine in the form of the biomarker of interest
(Fue=mass biomarker eliminated in urine/mass consumed of chemical of interest). The Fue
can be used when exposure is via the oral or dermal routes, and is a route-specific
parameter, since it includes absorption via the relevant route. Note that this method cannot
be used if there is substantial exposure via both the oral and dermal routes, because the
oral and dermal Fue values would be different and thus it is an indeterminant problem. The
one exception is if some information is available about the relative relationship between
exposures from the oral and dermal routes, or the relative absorption from the two routes.
Inhalation exposure is not usually addressed using the mass balance approach. (See Section
3.3.3)

The mass balance approach assumes that steady state has been reached. This means that
this approach may be inappropriate for using spot samples to estimate exposures to
compounds that are rapidly eliminated, due to the high intra-individual variability with



time, and the associated increase in uncertainty. (See Section 3.8 for a more detailed
discussion of this issue.)

Oral Exposures
For compounds where the exposures are predominantly via oral ingestion (food, water,

etc.), the solution to the mass balance equation is daily oral intake (amount consumed).
Using the mass balance approach, daily oral intake may be calculated as follows (derived

from Aylward et al., 2017):

C+V
DI = ——— Eq.1
BW xFyp

Where: DI= Daily intake of the parent compound (mg/kg-day)
C= Biomarker concentration in urine (mg biomarker/L)
V= 24-hour urinary flow rate (L/day)
BW= Body weight (kg)
Fue= Urinary excretion fraction (mg biomarker excreted/mg parent compound
intake)

Urinary volume and flow vary from individual to individual due to differences in hydration
status. There are several approaches to account for differences in hydration status,
including adjustments based on creatinine excretion, osmolality (a measure of how
concentrated the urine is), specific gravity and urine flow rate (L/hr). (See below for the
equations and Section 3.8.1 for additional information on the implications of this
adjustment for addressing variability.) Equation 2 is a mass balance equation that uses
metabolite concentrations that are creatinine adjusted (derived from Koch et al.,, 2007):

_ CerxCre

DI =
BW*Fy,

Eq. 2

Where: DI= Daily intake of the parent compound (mg/kg-day)
Ccr= Creatinine adjusted concentration of analyte in urine (mg biomarker/g
creatinine)
Cre= creatinine excretion rate (g creatinine/day)
BW= Body weight (kg)
Fue= Urinary excretion fraction (mg biomarker excreted/mg parent compound
intake)

Creatinine excretion varies with age, size, body weight, gender and race/ethnicity.
Therefore, it is preferable to use a creatinine excretion rate that is directly relevant to the
population of interest. For example, Koch et al. (2007) used body height and gender-based
excretion data obtained from children of the same ethnicity as the children that provided
urine for biomonitoring measurements, normalized to body weights of the individual
subjects. They also conducted an alternative analysis based on age-specific data for daily
excreted urine volume/kg body weight.



Either spot samples or 24-hour urine composites can be used with the mass balance
approach, regardless of whether the creatinine correction is used. When taking a 24-hour
urine composite, the daily urinary volume is known, decreasing uncertainty. When taking
spot samples, one must make assumptions on how much urine an individual produces in a
day (i.e., L/day). In addition, the total urine volume in the spot sample may be unknown,
making calculations based on creatinine-adjusted concentration particularly useful for spot
samples (Mage et al.,, 2008).

Dermal Exposures
For chemicals for which exposures occur predominantly via dermal exposures, the mass

balance approach will calculate daily dermally applied dose (pug/kg-day). As for the mass
balance equation for oral exposures, calculating a dermally applied dose requires knowing
the urinary excretion fraction for an analyte (parent compound or metabolite) following a
dermal dose. Thus, although this approach is not very common, dermal exposure may be
quantified using the following equation:

C+V
DDD = ——— Eq. 3
BW xFy

Where: DDD= Daily dermal dose (pg/kg-day)
C= Biomarker concentration in urine (pg/L)
V= 24-hour urinary flow rate (L/day)
BW = body weight (kg)
Fue = dermally derived urinary excretion fraction

The dermal Fue is usually derived by comparing the oral and dermal bioavailability and
then applying the relative bioavailability to the orally-derived Fue.

Combined Oral and Dermal Exposure
As noted, the Fue differs for the oral and dermal routes, since this parameter includes the

absorption fraction via each route, respectively. This means that the mass balance
approach cannot usually be applied if there are meaningful contributions from both routes.
However, if there is information on the relative absorption via the two routes, or the
relative internal dose from the two routes is known, then the amount of intake from the
two respective routes can be calculated. Practically, this type of calculation requires
information about relative exposures from the oral and dermal routes, such that a forward-
based conventional exposure assessment can be conducted. In this situation, the
biomonitoring data can be used to check the conventional exposure assessment.

Inhalation Exposures
There are no simple established approaches for back calculating air concentration from

urinary biomonitoring data. In contrast to the oral and dermal routes, where the
relationship between external exposure and internal dose is reflected in the absorption
fraction (and incorporated into the Fue), the inhalation absorption at steady state is
determined by the blood:air partition coefficient (US EPA, 1994).



3.3.3 Exposure Conversion Factor Approach

Because the mass balance approach cannot be applied for the inhalation route, exposure
conversion factors (ECFs) are commonly used for inhalation reverse dosimetry, in addition
to being used for oral reverse dosimetry. ECFs may be calculated using simple linear
regressions to evaluate the relationship between exposure concentrations and biomarker
levels in urine or blood. This is commonly done for inhalation exposures, since exposure
conversion factors can often be calculated from occupational cohort data where exposures
are well documented (Hays et al., 2012). ECFs are also frequently used with classical
pharmacokinetic or physiologically-based pharmacokinetic (PBPK) models to establish a
relationship between the biomarker of interest and the external exposure (concentration in
air) or oral intake (e.g.,, Brown etal., 2015; Lee et al., 2017). This method assumes steady
state (Lee et al., 2017) and that the dose-biomarker relationship is linear (Brown et al,,
2015). The ECF approach is needed when conducting reverse dosimetry calculations with a
PBPK model because one cannot run a PBPK model “backwards.” In other words, a PBPK
model can be used for forward dosimetry calculations, to determine the concentration of a
biomarker corresponding to a specified external air concentration, but a PBPK model
cannot directly calculate the air concentration or oral dose corresponding to a specified
biomarker concentration for a reverse dosimetry analysis. In order to address this issue,
the model is run for a range of external air concentrations or oral/dermal doses to
establish the linear range for the dose-biomarker relationship, and then the ratio between
the air concentration or oral/dermal dose and the biomarker can be determined. This ratio
is the ECF:

Air Concentration or Oral or Dermal Dose
ECF = Eq. 4

Chiomarker

This equation may be rearranged to calculate an external exposure or intake dose level
from a measured biomarker concentration.

Air concentration or Oral or Dermal Dose = ECF * Cpiomarker Eq. 5

The same general principle applies whether the exposure part of the ratio is the air
concentration or an oral or dermal dose, and whether the biomarker portion is
concentration of chemical in blood or urine. When used to interpret data from PBPK
modeling, ECFs are generally applied to biomarkers in blood, because the model is
designed to calculate the concentration in blood. For example, the ECF approach was
applied to steady-state solutions to chemical-specific PBPK or compartmental models for
numerous chemicals (Aylward et al,, 2010). More complex approaches combined ECFs
with Monte Carlo sampling to evaluate uncertainty and variability in the calculation (Tan et
al., 2006; Liao et al., 2007; Huizer et al., 2014).

3.3.4 Reverse Compartmental Model Approach

Converting Compartmental Model Equations for Reverse Dosimetry
Compartmental PK model equations may be rearranged to solve for daily absorbed dose.
This approach can be used to estimate the external exposure and absorbed dose from
internal samples such as blood, lipids, and tissues. This simple compartmental model




operates under a steady state assumption and lumps metabolism and excretion together
into a half-life term. Any compartmental equation can be rearranged to solve for external
dose. Egeghy and Lorber (2011) rearranged a one compartmental model to solve for
external dose using serum? concentration.

a0 _ p@ _
T Vg k*C(t) Eq. 6

Where: D= Daily absorbed dose (mg/kg-day)
C= Serum concentration (mg/mL)
V4= Volume of distribution (mL/kg)
k= First order elimination rate in the body (per day)

Application of this equation assumes steady state. Understanding that input will equal
output, and that the serum concentration is constant with time, allows one to rearrange the
equations as follows:

—=Cxk Eq.7
One can then rearrange the equation to solve for D:

D=CxkxVy Eq.8

The absorbed dose can be converted to a standard daily intake, external exposure, by
dividing D by the absorption fraction.

DI = — Eq.9

Where: DI= Daily intake (mg/kg-day)
D= Daily absorbed dose (mg/kg-day)
AF = Absorption fraction (unitless)

Eqg. 9 can be re-arranged to calculated the daily absorbed dose by multiplying the daily
intake, external exposure, by the absorption fraction. When the absorption fraction is close
to one, the absorbed dose is similar to the daily intake.

D = DI x AF Eq. 10
Where: DI= Daily intake (mg/kg-day)

D= Daily absorbed dose (mg/kg-day)
AF = Absorption fraction (unitless)

2The same approach would apply for blood, serum or plasma.



One can convert a variety of one compartmental model equations to reverse dosimetry
equations, as shown in the following text.

Calculating Daily Dose from Blood or Serum

For some compounds, biomonitoring in blood is preferred because the compound is not
readily excreted in urine (e.g., mostly excreted through bile and feces) and/or has a long
half-life. This approach requires knowledge of the chemical’s distribution in the body
(volume of distribution). Note that the volume of distribution must be specific to the matrix
in which the biomarker is measured (e.g., blood vs. serum), since protein binding can affect
this parameter. This reverse dosimetry approach operates under a steady state assumption
and that assumes that elimination is a first-order process (Egeghy and Lorber, 2011;
Fromme et al,, 2007):

D=CxkxV, Eq. 11

Where: D= Daily absorbed dose (mg/kg-day)
C= Serum concentration (mg/mL)
Va= Volume of distribution (mL/kg)
k= First order elimination rate in the body (per day)

As above, the absorbed dose can be converted to a daily intake by dividing by the fractional
bioavailability.

In each of the equations above, the two terms for rate of elimination and volume of
distribution are always multiplied by each other (kP*V4). This is also referred to as the
clearance of a compound and is defined as the volume of the body (or blood or whichever
body matrix/compartment that the compound is being measured in) that is cleared of a
compound per unit of time (e.g., L/hr). Thus, when clearance is known for a compound
(e.g., has been published in the literature), this can be used in place of the k*Vq term, with
appropriate adjustments for the units. Thus, in this case:

mL 24 hours

Va (Gey) = Va (57) » 100057 2555

Eq. 12

Calculating Daily Intake from Body Lipids
To estimate daily intake of a biomarker with a half-life of days or weeks, it may be possible

to sample body lipids. The following reverse dosimetry approach assumes steady state,
that elimination is due to a first-order degradation process, that the substance distributes
equally in body lipids, and if there are different biomarker isomers, that they exhibit no
differences in toxicokinetic parameters (derived from Aylward and Hays, 2011; US EPA,
2020b):

DI =C;*F; xk Eq.13

Where: DI= chronic daily intake (mg/kg day)
Ci= lipid concentration (mg biomarker/kg lipid)
Fi= fraction of body weight that is lipid (assumed to be 25%)



k= elimination rate calculated from chemical half-life in lipids (In(2)/half-life)

3.3.5 Multi-Compartmental Model Approach

New approaches for testing the toxicity of compounds using in vitro assays have created
the need for developing approaches for extrapolating an assay concentration to some
measure of external exposure so as to put those in vitro toxicity findings in an exposure
context. One of the basic assumptions being made is that the cell culture (assay) nominal
concentration is equivalent to blood or tissue concentration in vivo. A model is used to
conduct reverse dosimetry to estimate an external dose that yields a “target” assay (blood)
concentration in humans. The US EPA in collaboration with the NIEHS has developed
methods for using toxicokinetic data to facilitate this in vitro to in vivo extrapolation
(IVIVE). The same reverse dosimetry principles used for IVIVE apply to interpretation of
data from biomonitoring in blood, since the in vitro chemical concentration is considered to
be analogous to the concentration of the chemical in blood. However, as described later in
this section, there are several caveats in using this approach to estimate human exposures,
related to the assumptions in the model, and simplifications in the toxicokinetics.
Importantly, the most commonly-described equations assume steady state, but urine is
used much more frequently than blood for biomonitoring of chemicals. Perhaps because
the focus has been on using such models for IVIVE of dose-response data and comparison
with exposures estimated from urinary data in NHANES, no publications were located
using the methods described here to estimate human exposures from concentrations in
blood. Nonetheless, this approach does seem promising for future application for chemicals
lacking appropriate human and animal toxicokinetic data.

Several publications have described the use of in vitro data, sometimes supplemented by in
silico data, in combination with generic compartmental models (Wetmore etal., 2012;
Wetmore, 2015; Wambaugh et al., 2018). Models described in these papers are used in the
US EPA’s HTTK package for IVIVE. The most commonly used generic multicompartmental
model assumes zero-order uptake from the gut and 100% oral bioavailability. It includes
three compartments - gut, liver, and the rest of the body. Removal from the body is based
on renal clearance and hepatic metabolic clearance. The renal clearance is based on the
glomerular filtration rate (GFR) and the unbound fraction of parent compound in the blood
(Fub). Hepatic clearance is based on the intrinsic metabolic clearance CLinth. It assumes first-
order clearance using a “well-stirred” approximation (i.e., assuming that the concentration
of the chemical is uniform across the liver). Thus, this model can express the steady state
concentration in blood using only standard physiological parameters and chemical-specific
parameters that can be determined relatively easily in human cells in vitro.

C — kdose
(GFR+F b)+< Ql*F“b*aint'h>
u Qu+Fyub*Clintn

Eq. 14

Where: kdose= Dose rate (mg/kg-hour)
Css= Blood Concentration in steady state (mg/L)



GFR= Glomerular Filtration Rate (L/hour-kg)

Fub= Unbound fraction of parent compound in the blood (unitless)
Qi= Liver blood flow (L/hour-kg)

CLinth= Whole-liver intrinsic clearance rate (L/hour-kg)

The equation for the steady state concentration can be rearranged to express daily intake
(converting the dose rate from dose per hour to dose per day) as a function of the steady
state blood concentration, standard physiological parameters, and chemical-specific
parameters determined in vitro. Alternatively, Eq. 14 can be applied to determine the
steady state concentration for a daily intake of 1 mg/kg-day (Kdose = 0.042 mg/kg-hr), and
the result can be used as a conversion factor for the measured biomarker concentration
(Eq. 15). This latter approach has the advantage of being mathematically more intuitive,
and is the approach used by the U.S. EPA for IVIVE:

mg_
Cx 1kg day

DI = Eq. 15
CSS

Where: DI = Daily intake (mg/kg-day)

C = Biomarker concentration in blood (mg biomarker/L)

Css = Steady state concentration of biomarker in blood at a dose of 1 mg/kg-day,
calculated using Eq. 14.

Hepatic clearance per kg body weight may be derived from scaling human in vitro data
(Ring et al., 2017):
L 60 min
* %
106 pL hr

CLintn = CLiye * hepatocellularity * Mj,q, Eq. 16
Where: CLinth = Whole liver intrinsic clearance (L/hr)

CLint= Intrinsic clearance rate measured from in vitro human hepatocytes (uL/min -
million cells)

Hepatocellularity= millions of cells/kg of liver tissue

Miiver= Liver mass (kg)

The fraction unbound is measured by measuring the chemical concentration in phosphate-
buffered saline (PBS) and dividing that value by the mean concentration in a matched
plasma sample. The fraction in plasma can be used to calculate the fraction unbound in
blood (Ring et al., 2017):

F
F,, = R“p Eq.17
b2p

Where: Fyp= Fraction of chemical unbound in plasma (unitless)
Fub= Fraction of chemical unbound in blood (unitless)
Rb2p= Constant ratio of blood to plasma concentration (see equation below)



Rb2p may be derived using Schmitt’s Method (Schmitt, 2008 as cited in Ring et al., 2017):

szp =1—Hct+ Hct * KRBCZp * up Eq. 18

Where: Hct= Hematocrit (% red blood cells in blood)
Kreczp= Partition coefficient between red blood cells and plasma
Fup= Fraction of chemical unbound in plasma (unitless)

The httk model, which is written in R and available at https://cran.r-
project.org/web/packages/httk/index.html implements the 3-compartment model
discussed here, as well as 1-compartment, 2-compartment, and PBTK modeling. It allows
for the use of built-in chemical toxicokinetic parameters for hundreds of ToxCast chemicals,
or user-added Kinetic data. It allows for both reverse dosimetry and forward dosimetry
(calculating internal tissue concentrations from an oral or intravenous dosing regime). The
more user-friendly interface that is part of NTP’s Integrated Chemical Environmental (ICE)
is not useful for reverse dosimetry of biomonitoring data. ICE includes preloaded
toxicokinetic data for ToxCast chemicals, but the steady state concentrations are also
preloaded and tied to specific assay responses.

There are a number of limitations to this use of a compartmental model with chemical-
specific parameters measured in vitro, as described by Ring et al. (2017). At the most basic
level, the high throughput in vitro assays often do not produce usable data. For example,
Wetmore et al. (2012) were unable to detect any unbound chemical for 32% of the
chemicals tested. Wetmore et al. (2012) also noted that their model did not include renal
resorption, and that it assumed that hepatic clearance acts only on the fraction of chemical
not bound to protein. Addressing either of these assumptions improved the predictivity of
the model. Predictivity was also improved by incorporating an in vitro measure of
bioavailability.

There are some differences among the specific parameters in the various papers published
on using httk and reverse dosimetry for IVIVE. This variability reflects ongoing refinements
and improvements to the methods. For example, fub has been re-measured for some highly
bound chemicals, due to difficulty in calculating fub for highly bound chemicals in early
work. More recent work has also measured the blood:plasma ratio, a parameter that was
not evaluated initially. In light of the ongoing improvements to httk and the associated
parameters, it is best to use the most current version of httk for calculations, rather than
extracting parameters and doing calculations using EXCEL spreadsheets. The most recent
data are reflected in the most current httk version, while other sources of parameters, such
as EPA’s CompTox Dashboard, may not have the most recent data (Ring and Wetmore,
personal communication).

Because the model assumes steady state blood concentrations, uncertainty is higher when
evaluating intermittent exposures to rapidly excreted compounds, since they may not be at
steady state. Section 3.8 addresses issues related to intra-individual variability in blood
concentrations and approaches for addressing this variability. Because the model considers
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only first-order metabolism, it cannot account for enzyme induction or saturation of
metabolic pathways (Wetmore et al., 2012). Wambaugh et al. (2015) tested the
implications of the steady state assumption by replacing the assumption of a constant
infusion dose with a dosing scenario of three daily doses, to better mimic exposure at meals
or during consumer use. They found that, of 271 environmentally-relevant chemicals
evaluated, 70% reached steady state within 28 days, and 90% reached steady state within
1000 days. The exceptions were a few highly bioaccumulative compounds, such as
polychlorinated biphenyls (PCBs), perfluorooctanoic acid (PFOA), and perfluorooctane
sulfonic acid (PFOS). Wambaugh et al. (2015) also reported that for most chemicals, the 3-
compartment model could predict Css with an accuracy similar to that of a more detailed
perfusion-limited physiologically-based toxicokinetic model.

Ring et al. (2017) used a modification of httk to prioritize chemicals for human health risk
research. They developed a population simulation based on demographic and
anthropometric quantities from NHANES, and used a Monte Carlo sampling approach to
estimate the oral equivalent doses associated with activity measures (e.g., the ACso) from
ToxCast assays. Exposure was estimated based on urine biomarkers in NHANES using a
Bayesian approach, combined with far-field and near-field approaches for estimating
exposure by product use class.

Wambaugh et al. (2015) compared the steady state concentrations based on in vitro data
with those inferred for humans from in vivo studies for 11 environmental chemicals and 74
pharmaceuticals. The inferred in vivo results were calculated using a generic high
throughput physiologically based toxicokinetic (HTPBTK) model that predicts non-steady
state chemical time courses. They found a weak correlation between the predicted and
observed results (R2 ~0.34), with a tendency for the predictions from in vitro data to
overestimate the concentrations estimated from in vivo data. The authors stated that?
results were within about a factor of 3 for 65% of the chemicals, while 28% of the
chemicals overestimated the steady state concentration by ~6x, and 8% of the chemicals
overestimated it by 120x. The authors used the results to develop a triage framework
providing information on the degree of confidence for the prediction for specific chemicals,
and identifying chemical properties correlated with large deviations between observed and
predicted behavior. The triage framework was then applied to 349 environmental
chemicals and pharmaceuticals. They found that predictions were “on the order” for 140
chemicals (40%), over- or underestimated by >3.2x for 72 chemicals (20.6%), and over- or
underestimated by >10x for 38 chemicals (10.9%). Overestimation exceeded
underestimation by ~10x. In addition, 19 chemicals (5.4%) were classified as not reaching
steady state (and so no steady state concentration could be calculated), and the plasma
binding assay failed for 80 chemicals (23%). Note that these categories are based on
predictions from the triage elements, not calculated or measured steady state
concentrations in vivo.

3 It is noted that the stated percentages add up to about 100%, but imply that all of the overestimates were
either by 6x or 120x, an unlikely result. In addition, examination of Figure 4 of the paper suggests that there
were several chemicals for which the literature value was under-estimated by large margins, particularly at
higher steady state concentrations.



Wambaugh et al. (2018) conducted an evaluation of the use of in vitro toxicokinetic data
and IVIVE methods by comparing the results of the IVIVE analysis with in vivo toxicokinetic
data from 45 chemicals, including more than 26 non-pharmaceuticals, and one-
compartment or two-compartment models. Some of their key conclusions were as follows:

e Bioavailability varied substantially for the non-pharmaceutical chemicals, and was
often over-estimated by the in vitro methods.

e Total clearance was more underestimated for the nonpharmaceuticals than for
pharmaceuticals.

e The steady-state, peak, and time-integrated plasma concentrations of
nonpharmaceuticals was estimated with “reasonable accuracy.”

e The predictions of plasma concentrations improved when experimental
measurements of bioavailability were included.

e The combination of high throughput toxicokinetic methods and IVIVE was
considered “sufficiently robust” to be use for prioritizing environmental chemicals
based on health risk.

e Foralarge number of the chemicals, the actual error in the prediction of the steady
state plasma concentration was >10x higher than the error predicted using the
method of Wambaugh et al. (2015).

In considering the implications for using a similar approach to the IVIVE methods for using
reverse dosimetry for interpreting human biomonitoring data, it is important to consider
the problem formulations of the two approaches. First, Wambaugh et al. (2015) considered
their approach adequate for prioritizing chemicals, in comparing potency estimates
extrapolated from in vitro data with exposure estimates. This is a very different application
from using biomonitoring data to estimate exposure. In particular, the two applications
differ in the implications of conservative assumptions. Wetmore et al. (2012) stated that
the simplifying assumptions associated with the multicompartmental model were all in the
conservative direction. For example, overestimating bioavailability means that the
estimated oral equivalent dose needed to reach a given steady state would be
underestimated. If that dose estimate is used to establish an exposure limit or safe dose,
underestimating the oral equivalent dose is health-protective. However, the same reasoning
does not apply when using reverse dosimetry to estimate exposure. In that case, the
overestimate of bioavailability would result in an underestimate of the dose resulting from
a given scenario, which would not be a health-protective approach. In light of this
conclusion and the overall uncertainty associated with the calculations, caution should be
used in applying these methods. It is likely that the methods and available toxicokinetic
parameters will continue to be refined. However, there is uncertainty associated with the
use of in vitro toxicokinetic parameters and generic compartmental models for reverse
dosimetry of biomonitoring data.

3.4 Sources of Chemical-Specific Toxicokinetic Data

3.4.1 Introduction
A key challenge for appropriately interpreting biomonitoring data is the availability of
appropriate chemical-specific toxicokinetic parameters. Data availability can determine the



type of model used for reverse dosimetry. The mass balance approach for urine samples
only requires knowledge of the Fractional urinary excretion (Fue). A simple one-
compartment pharmacokinetic model may require information on the absorption via the
route of interest (oral, inhalation, dermal), the chemical’s half-life, and the fraction of
excretion to the biomatrix of interest (e.g., urine, feces, exhaled breath, etc.) (Aylward et al,,
2012). A physiologically based pharmacokinetic model would require much more
information but can be used to evaluate a variety of scenarios, including the time course of
a biomarker under non-steady state conditions.

Appendix Table B2 shows how reverse dosimetry studies reviewed for this guide have
sourced their toxicokinetic data. Sources of toxicokinetic data include from human data,
animal data, in vitro data, and in silico or modelled data.

The following sections address sources of different types of chemical-specific toxicokinetic
data, as well as strengths and weaknesses of data from different sources.

3.4.2 Human /n Vivo Data

The ideal approach is to use human toxicokinetic parameters, since that minimizes the
uncertainty associated with interspecies extrapolation. Human kinetic parameters can be
obtained by searching the published literature or may be measured in the context of the
biomonitoring study. Authoritative reviews, particularly Toxicological Profiles published
by the Agency for Toxic Substances and Disease Registry (ATSDR), may provide relevant
parameters, such as elimination half-life.

Compared to using other types of data, human data come with fewer uncertainties. Human
toxicokinetic data are not common due to ethical concerns. As discussed for biomonitoring
data, it is important to evaluate how representative kinetic parameters are of the human
population. However, in the case of kinetic parameters, the key consideration is whether
the parameter is appropriate for the population group used for the biomonitoring study,
rather than whether it is representative of the entire population. In practice, average values
are often used for toxicokinetic parameters, but it is important to consider the variability of
that parameter across the population. For example, Aylward et al. (2017) noted that the Fue
for triclosan varies drastically among individuals (Fue ranged from 20-80%). This means
that using an average Fue to calculate a daily intake will result in a narrower range of the
population distribution of daily intake and an underestimate of high-end (upper-
percentile) intakes. To alleviate this uncertainty, one could either derive a Fye from the
individual being analyzed or use simulated values with Monte Carlo sampling.

Another challenge is that the Fue may not represent the entirety of a chemical’s elimination,
if urine samples were not collected for long enough in the study where the Fue was
determined. (Recall that the Fue is chemical-specific, and so an Fue determined in an
intensive sampling study can be applied to variety of different biomonitoring studies
conducted using different sampling strategies.) If urine voids were collected for less than
five times the half-life of elimination, Eq. 19 can be used to extrapolate the urinary
elimination to infinity (Poet et al., 2016).
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Where: tc = total time of urine collection (hr)
mgurine = total mg of parent chemical excreted in the urine (as parent or metabolite)

The Fue can then be calculated as the ratio of mg biomarker excreted/mg parent compound
intake.

3.4.3 Animal In Vivo Data

Animal toxicokinetic data from controlled dosing studies have been used in reverse
dosimetry studies if human toxicokinetic data are not available (Egeghy and Lorber, 2011;
Fromme et al., 2007; Zhang et al., 2020). Although animal data can be incorporated into
simple compartmental or mass balance analyses (Connolly et al.,, 2020; Zhang et al., 2020),
it is more common for animal kinetic parameters to be incorporated into physiologically
based pharmacokinetic (PBPK) models (Hubal et al., 2019). It is important when using
animal data to ensure that this data is qualitatively and quantitatively relevant to humans.

Animal data has the advantage of being easier to acquire than human data. Certain animal
toxicokinetic parameters, such as hepatic clearance, may be allometrically scaled to be
more relevant to humans (Miura et al., 2019; 2020). However, such scaling assumes that all
important species-related differences are due to size-related quantitative differences in
metabolism. Qualitative differences, such as differences in metabolic pathways are not
accounted for, and such differences would make use of the animal parameter problematic.
It is also important to note that some parameters, such as bioavailability, do not correlate
well with body weight, and therefore do not scale allometrically (Espie et al., 2009). Espie
and colleagues also noted potential modifications to allometric scaling, including
accounting for differences in bile flow and glomerular filtration rate, although in practice
such adjustments appear to be rare.

The animal Fue can be used directly for reverse dosimetry (Health Canada, 2020; Zhang et
al,, 2020) if no human Fue or PBPK model is available. The animal Fue would be obtained
from a study specifically measuring that parameter. It may be compiled as part of a
chemical-specific review, such as an ATSDR profile, but no general compilation of animal
Fue values was identified. As noted in the context of the human data, the Fue is based on the
total amount of biomarker excreted, relative to a specified intake/dose of the chemical of
interest. Therefore, if the urine collection time in the animal study is less than five times the
half-life of elimination, the Fue should be extrapolated to infinity, using Eq. 19. However,
caution is warranted when using an animal Fue. The animal Fue can differ substantially from
the human Fue, in part because of the different molecular weight cutoffs for glomerular
filtration in rodents and humans. If an animal Fue is used, it is important to recognize that
the uncertainty is generally higher than if the Fue were obtained from a human study, but
the uncertainty is usually lower than when using human in vitro toxicokinetic data.
However, no specific guidelines exist regarding use of animal Fues.



The “triple pack” approach has been used to extrapolate from in vivo rat dermal absorption
data to humans. This is done by multiplying the rat in vivo dermal absorption factor (DAF)
by the ratio of the human and rat in vitro DAFs. That is:

human in vitro DAF

Triple pack DAF = rat in vivo DAF * (

— ) Eq.20
rat in vitro DAF
However, Allen et al. (2021) recommended that the human in vitro DAF be used in
preference to the triple-pack value. EFSA (2017) provided a tiered approach for estimating
dermal absorption, starting with default data on closely-related products, then using in
vitro human data, existing rat data, and the triple pack approach.

3.4.4 In Vitro Data

In vitro data from high throughput assays, sometimes supplemented by in silico data, have
been used in reverse dosimetry applications (Wetmore et al., 2012; Wetmore, 2015;
Wambaugh et al., 2018). As noted in Section 3.3.4, published applications have been
primarily for IVIVE, but similar approaches could be used to interpret biomonitoring blood
concentrations, recognizing the caveats discussed in 3.3.4.

Wetmore et al. (2012) measured plasma protein binding using a high-throughput
modification of the rapid equilibrium dialysis (RED) method. Similarly, they measured
hepatic metabolism in vitro in primary human metabolites. Bioavailability was measured in
a bidirectional permeability assay using Caco-2 cells, a cell line derived from a colon cancer.
All of these assays were conducted using multiwell plates, facilitating high-throughput
testing. Using these methods, a library of in vitro data for >900 pharmaceuticals and
ToxCast chemicals has been developed and is part of the httk R package. In another
approach to using in vitro data, Zhang et al. (2018) calculated Fue values based on studies
with human liver microsomes or S9 fractions. However, no studies were located
quantitatively evaluating this approach relative to the use of in vivo data. In addition, it is
not clear whether the Fue used in this approach includes absorption, since the authors
described the Fue as “the fraction of OPs converted into their metabolites.”

There are a number of advantages to using the in vitro data. The data are commonly
derived from human cells, avoiding the need for interspecies extrapolation, and avoiding
issues associated with animal testing. The data have also been collected in a standardized
manner and are readily available in a library linked to a model for interpreting the data.
However, as discussed in Section 3.3.4, the generic models for using in vitro data have a
number of limitations and so should be used with caution. In contrast, allometric scaling of
in vivo animal kinetic parameters such as the volume of distribution and clearance is a well-
established practice (e.g., Clewell et al., 2008; Mahmood, 2020), although allometry may
not apply for chemicals with elimination half-lives on the order of months to year. Overall,
when in vivo animal data are available, such data are likely preferable to in vitro human
data (Wood et al., 2017).



3.4.5 In Silico Data

In silico, or modeled data are often used to estimate toxicokinetic parameters for PBPK or
compartmental modeling. In particular, the httk model discussed in Section 3.3.4 makes
extensive use of tissue to plasma partition coefficients calculated using Quantitative
Structure Property Relationships (QSPRs). These tissue to plasma partition coefficients can
be calculated using Schmitt’s method or other calculations (Pearce et al., 2017; Schmitt,
2008). The tissue to plasma partition coefficients can then be combined with species-
specific tissue volumes to calculate the volume of distribution. Uncertainty in the in-silico
estimates appears to be comparable to other risk assessment-related uncertainties. For
example, Schmitt (2008) compared calculated and observed tissue to plasma partition
coefficients for 14 tissues and 59 chemically-diverse drugs, and found that for 73% of the
compounds analyzed, there was general agreement between the two values (less than a 3-
fold difference between both values), but that the levels of agreement between calculated
and observed partition coefficients depends on the tissue being analyzed. In a separate
analysis of the kinetics of tetrabromobisphenol A, Miura et al. (2020) used in silico methods
to estimate the octanol-water partition coefficient and unbound fraction in plasma, and
then calculated tissue:blood partition coefficients based on these two parameters. In a
broad evaluation of how well PBPK and Quantitative Structure-Activity Relationship
(QSAR) models predict the volume of distribution (primarily of pharmaceuticals), Mathew
et al. (2021) found that global QSAR models outperformed the PBPK methods, but
recommended that the best approach involves “strategic integration of in silico, in vitro, and
in vivo methods.

3.5 Sources of Anatomy and Physiology (A&P) Data

Human A&P data include parameters such as body weight, urinary volume, cardiac output,
creatinine excretion, and others. The values of these parameters are not chemical-specific,
but they may vary across populations. Therefore, it is preferable to use A&P data from the
same study (or the same study population) as used for obtaining biomarker measurements.
Use of study-specific data has the advantage of directly tying biomonitoring data to the A&P
data, but this is possible only if the study authors used the data, or the primary data are
provided in a format that connects the A&P data to the biomonitoring data. If such data are
not available, A&P data may be obtained from a variety of sources. Some analyses obtained
parameters from studies specifically designed to measure the parameter of interest
(“dedicated studies” in Table 1, such as van Haarst et al,, 2004). Some of these studies (e.g.,
Mage et al,, 2008; Levey et al,, 2009) developed regression equations describing how the
parameter of interest varies across different populations. Results from dedicated studies
are useful for deriving generalizations that can be applied in situations where the relevant
study-specific data are not available, while regression equations can be used to account for
important sources of variability when individual subject demographic data are available,
but data on a specific parameter (e.g., creatinine excretion) are not available for that
population. The other major source of A&P data is from compilations published as
consensus values as guidance for use in kinetic or PBPK modeling (e.g., Brown et al., 1997;
US EPA, 2011; ICRP, 2002; ECHA, 2008a, 2008b). Appendix Table B1 provides additional
illustrative examples regarding where reverse dosimetry studies have sourced their A&P



data, particularly for cases where the parameter was obtained in the same study as the

biomonitoring data.

Table 1. Sources of Anatomy and Physiology Data

and adults), tissue volumes,
growth rates

Parameter Source Type Citation Example

Body weight Same study Apel et al.,, 2020

Body weight Compilation Institute of Medicine, 1998,
as cited in Katsikantami et
al,, 2019

Urinary volume pregnant Compilation Health Canada, 2020

women, adult women,

toddlers)

Urinary volume (adults) Dedicated study Van Haarst et al., 2004, as
cited in Aylward etal., 2017

Urinary volume (children) Dedicated study Miller and Stapleton, 1989,
as cited in Fromme et al.,,
2014, 2016

Urinary volume (children Compilation ICRP, 20024, as cited in Cok

etal, 2020; Institute of
Medicine, 1998, as cited in
Katsikantami et al. 2019; US
EPA, 2011, as cited in Cao et
al, 2016

Creatinine excretion

Regression equation based
on individual’s gender,
height, weight and age

Mage et al.,, 2008, as cited in
Aylward et al., 2017 and
related papers; Cockcroft
and Gault, 1976, as cited by
Mage et al., 2008

Creatinine excretion

Compilation (textbook)

Tietz et al., 2006, as cited in

(GFR)

(adults) Qian etal,, 2015

Creatinine excretion Dedicated study Remer et al. 2002, as cited

(children) in Qian etal., 2015 and
Koch etal,, 2011

Glomerular filtration rate Dedicated study Rule et al,, 2004, as cited in

Wetmore et al.,, 2012

Glomerular filtration rate
(GFR)

Dedicated study, predicted
from age, race, sex, and
serum creatinine

Levey etal., 2009

Body lipid mass

Estimated from each
individual’s height and
weight

Tay etal., 2019

Physiological parameters for PBPK models

4 Cited by name of the editor, Valentine




Parameter Source Type Citation Example
Organ volumes, fractional Compilation ECHA 2008a, 2008b, as
blood flows, cardiac output, cited in Jongeneelen and
alveolar ventilation Berge, 2011

Technical Guidance

Documents for REACH
Body weight, fractional Compilation Brown et al., 1997
blood flows to tissues, (International Life Sciences
tissue volumes, cardiac Institute)
output and many other
parameters
Blood flow to tissues, Allometrically scaled using | Lin etal.,, 2020
volume of tissues method of Clewell et al.,

2014

3.5 Forward Dosimetry

Forward dosimetry analyses can be done by simply rearranging the equations presented in
Section 3.3 to solve for the biomarker concentration. A common formal approach is to
calculate Biomonitoring Equivalents (BEs) from existing toxicity reference values such as
RfDs, and comparing the BE with the biomonitoring data. This approach has been used
extensively by Health Canada to interpret biomonitoring data from the Canadian Health
Measures Survey (CHMS) (Faure et al., 2020).

3.6 PBPK Modeling Approaches

As noted in prior Sections, PBPK modeling is frequently used when the available
toxicokinetic data come from animal or in vitro studies. In brief, PBPK models describe the
body as a series of compartments representing tissues or groups of tissues, with the flow
rates, tissue volumes and metabolic parameters based on the physiology of the species of
interest. Guidance is available for evaluating PBPK models (US EPA, 2006; IPCS, 2010;
McLanahan et al., 2012). As noted by Caldwell et al. (2012), there are two types of
uncertainty associated with PBPK models. Model uncertainty “refers to the lack of
knowledge needed to determine whether the scientific theory on which a model was based
is correct.” Parameter uncertainty “refers to the lack of knowledge about the values of a
model’s parameters which leads to a distribution of values for each parameter” (Caldwell et
al., 2012). Models may be inaccurate when they are not fit for purpose, or the logic behind
the model does not correspond with the pharmacokinetics of a toxicant in the body.

3.7 Determining Source Contribution to External Exposure

As noted in the introduction, CPSC staff use biomonitoring data not simply to estimate
exposure, but as part of a broader consideration of whether there is a plausible connection
between the measured exposure and the occurrence of the chemical in specific product(s).
Evaluation of this broader issue requires integrating the exposure estimate calculated from
biomonitoring data using reverse dosimetry with exposure estimates from a combination
of source-based models. As described in further detail in the rest of this section, this
integration can be qualitative (based on an association of the biomonitoring-based



exposure estimate with the use of certain products), or quantitative (based on a
comparison of the biomonitoring-based exposure estimate with estimates of exposure
from specific sources, such as diet and household dust).

3.7.1 Qualitative Approaches
Qualitative approaches evaluate the association between the biomarker and exposures to
specific product sources and/or other sources, such as consumption of certain foods and
intake from the environment. In these cases, the biomarker measurement is quantitative,
but the consideration of exposure from different sources (forward dosimetry) is evaluated
on a yes/no basis. Questionnaires can be used to obtain individual-level data on the uses of
products with specific materials or consumption of specific foods. For example, Smith et al.
(2021) conducted a study of 100 adolescent girls to evaluate the potential for exposure to
several phthalates and bisphenol A (BPA) based on family practices such as:

e the use of plastic containers to store food,

e microwaving in plastic,

e the presence of linoleum or vinyl floors at home,

e plastic or vinyl shower curtains, as well as

e recent consumption of certain foods, drinks, or any canned items, receipt contact, or

consumption of fast foods.

Urinary levels of the phthalates and phthalate metabolites and of BPA were evaluated.
Rather than using reverse dosimetry to estimate internal dose, the authors compared the
biomarker measures with a nationally representative sample, after adjusting for age, BMI
and time since last meal. These data were used to evaluate the association between the
various exposures evaluated in the questionnaire and the chemicals of interest. A strength
of this study is that urinary biomarker data were connected to data on product and food
exposures on an individual level. However, given the short half-life of elimination of
phthalates and BPA in urine and episodic exposure events associated with these types of
products, the concentration of these analytes in urine are expected to be highly variable
(Preau etal., 2010). For instance, for compounds such as BPA and di(2- ethylhexyl)
phthalate (DEHP), Preau et al. (2010) found that the concentration of BPA and the DEHP
metabolites in urine can vary up to 1000-fold within an individual within a single day. For
these reasons, these types of studies would benefit from collecting more than a single spot
urine sample. 24-hour voids or even longer would help identify potential associations
between urinary concentrations of the analytes and exposure sources (Koch et al., 2014).

Oya et al. (2021) used a similar approach to evaluate the relationship between the urinary
biomarkers of neonicotinoids in young children and behaviors related to various potential
consumer product exposures, foods consumed, or method of food preparation. Urine was
collected in an overnight diaper, and measurements were corrected for creatinine
concentration and for absorption of the biomarker by the diaper material. This approach
allowed for analysis of exposure of very young children in a non-invasive manner.



3.7.2 Quantitative Approaches

Several publications have used biomarker data in combination with forward dosimetry
estimates of exposure to evaluate the potential contribution of different sources to the total
exposure. Consideration of some of these examples in further detail illustrates some ways
that CPSC staff can use biomarker data in combination with other exposure information, as
well as some potential pitfalls in the analyses.

In an early application of the approach, von Goetz et al. (2010) estimated exposure to BPA
for several different age groups from a variety of different food sources and products,
including polycarbonate (PC) baby bottles and household dust. The total exposure
estimated from these sources was compared with an aggregate exposure estimate based on
national biomonitoring data (apparently using spot sampling) and reverse dosimetry, using
an Fue of 1. The authors found good agreement between the two approaches for adults, but
that the total dose estimated for children and toddlers based on known sources was about
half the estimate based on biomonitoring data. This relatively small difference may reflect
uncertainty and variability in the biomonitoring data, or may indicate that an important
source has not been accounted for. The authors did not provide information on the
variability in the daily dose rates, making it impossible to fully consider the significance of
the difference in estimated doses.

Cao et al. (2016) conducted a similar comparison between exposure estimated from
environmental media and food, and that estimated from urinary concentrations, for di(2-
ethylhexyl) phthalate (DEHP), di-n-butyl phthalate (DBP), and diisobutyl phthalate (DiBP).
The exposure scenario-based approach was based on measurements in various regions of
China. Monte Carlo simulation was conducted to estimate a distribution of total exposure
from the various sources. The biomonitoring data came from a national survey of 203
(presumably spot) urine samples, and metabolite-specific Fue values were applied.
Although the biomonitoring sample size reflects a large cohort, the number is relatively
small for a national survey. The authors found that the median intake from the two
methods were roughly comparable for DEHP and DBP, but that the exposure estimates for
DiBP from the scenario approach were about 1/3 that from the biomarker-based approach.
Incomplete information was provided regarding the distributions for DiBP, making
independent interpretation of the data challenging. The study authors suggested that the
lower estimate in the scenario approach for DiBP may reflect other exposure pathways that
were not part of the calculation, such as cosmetics, detergents, pharmaceuticals, or medical
devices.

In a similar analysis, Fong et al. (2014) compared the daily intake of DEHP estimated based
on urinary levels in a group of exposed workers with the daily intake estimated from
personal air monitoring. They found that inhalation exposure contributed about 21% of
total intake for workers in a high-exposure group, and about 5% in a low-exposure group.

Levasseur et al. (2021) evaluated exposure in 203 children from 190 families (a “large
cohort”), using measurements from hand wipes, wristbands, spot urine samples, household
dust, and household questionnaires. Three spot urine samples were collected over a 48-
hour period, and a composite urine sample prepared from all three samples. The specific



gravity of this composite sample was measured, and the sample was evaluated for the
biomarkers of interest. Analyses were conducted with the specific gravity corrected
biomarker concentrations. This approach of multiple spot samples is an improvement over
a single spot sample, but the authors did not provide sufficient information on the timing or
spacing of the three samples to determine the degree to which the sampling approach
approximates a 24-hour sample. Correlation analyses found many of the expected
correlations between exposure sources and urinary biomarker levels. However, the
authors also found that concentrations of triclosan in dust correlated significantly with
urinary levels, as well as with exposures measured via wristband and handwipes. This
result suggests that a source of triclosan other than personal care products may be
important for children, since use of triclosan in soap would not be expected to be
associated with triclosan in household dust.

At a more general level, Eichler et al. (2021) developed a modular mechanistic framework
for predicting human exposure to semivolatile organic compounds (SVOCs). This
framework is useful because, unlike volatile organic compounds (VOCs), SVOCs partition
among multiple indoor compartments. Their approach provides a mechanistic framework
for evaluating exposure scenarios for different source emission categories (SECs), with the
goal of supporting high-throughput exposure estimates. The authors described mechanistic
models, or process-based models, as ones that “rely on well-established physicochemical
processes such as diffusion or sorption.” The authors characterized SECs as solid, soft,
frequent contact, applied, sprayed, or high temperature. Depending on the SEC, there is the
potential for transport resulting in direct contact exposure, or emission to one of the
environmental compartments (outdoor contributions, gas phase, airborne particles, dust,
indoor surfaces, clothing). Mass transfer may occur between these compartments,
ultimately resulting in “mediated exposure” via dermal uptake, inhalation, or ingestion.
Equations and parameters were provided for estimating the transfer among compartments
and estimating the resulting exposure. Exposures estimated with this sort of model could
be used together with biomonitoring data to improve the estimates of the contribution of
various sources to the overall exposure. Several other models are available to estimate
exposure from consumer products. These include ConsExpo, developed by the RIVM
(RIVM, 2017), the U.S. EPA’s Consumer Exposure Model (CEM; U.S. EPA, 2019), as well as
several other consumer models developed by the U.S. EPA and others.

Overall, these quantitative approaches can be used to determine important sources, and
whether key exposure sources remain unaccounted for. As noted above, von Goetz et al.
(2010) and Cao et al. (2016) drew conclusions based on differences in exposure estimates
on the order of 2-3x.

When comparing exposure doses estimated using reverse dosimetry and aggregate
exposures estimated from multiple sources using forward dosimetry, consideration of
variability and uncertainty of th