MEMORANDUM

To: Eric Hooker, Matthew Cho, and Kristina Hatlelid, CPSC

From: Samantha Snow, Joei Robertson, and Elizabeth Martin, ICF
Mark Bradley and Lynne Haber, University of Cincinnati

Date: October 18, 2024

Re: Subtask 3A: Identify approaches to perform class-based risk assessment
(CPSC Contract Number 61320622A0005, CPSC Order Number 61320623F2030)

1. Overview of Memorandum

Under CO-9, Subtask 3A seeks to identify approaches for conducting class-based risk
assessment. To find these methods, a targeted literature search was conducted followed by
title/abstract and full text screening to identify relevant references.

Class-based risk assessment approaches are described in the below memo. The steps of risk
assessment were identified, and methods used to extrapolate within a chemical class are
detailed by the steps that integrate into risk assessment. In addition to summarizing the
approaches found, this memo notes their feasibility for use in Subtask 3B, which will involve the
development of quantitative hazard indexes or risk values for chemicals in the polyhalogenated
organophosphate (PHOP) organohalogen flame retardants (OFRs) subclass.

The polyhalogenated bisphenol aliphatics and functionalized (PHBAF) subclass will not be
discussed in this report as the class-based risk assessment approaches depend on findings
from CO-1 (Call Order 61320622F2011, “Guidance Document for Conducting Class-based
Hazard Assessment of Organohalogen Flame Retardants” under CPSC Blank Purchase
Agreement (BPA 61320622A0005)) and CO-3 (Call Order 61320622F2012, “Class-based
Exposure Assessment Approaches for Organohalogen Flame Retardants (OFRs): Process
Guide and Case Study Application for up to Two Classes” under CPSC Blank Purchase
Agreement (BPA 61320622A0005)), which were only conducted on chemicals within the PHOP
subclass.

2. Literature Search for Describing Approaches to
Class-based Risk Assessment

ICF and UC conducted a search for relevant methods papers for this subtask based on three
data streams:

1) Literature identified via searches of scientific literature databases (i.e., PubMed and Web
of Science) with no date restrictions;

2) Literature identified via a search of the grey literature, or publications produced outside
of traditional scientific publishing avenues, including reports from government agencies
and authoritative bodies not generally available in databases of published literature; and

3) Publications and reports identified by subject matter experts.



Under Subtask 2A, we conducted a literature search to identify approaches for conducting
class-based risk assessment. Following deduplication and prioritization (Section 3.1), the
papers identified were screened in the title/abstract step (Section 3.2). The search strings and
strategies for this subtask are presented in Appendix A. Refer to the Subtask 2A report for the
complete literature search methods.

2.1. Literature Search Strategies

The following sections describe the literature search strategies used for databases and
additional sources. The literature search strategies included searches within core literature
databases (i.e., PubMed and Web of Science) as well as relevant domestic and international
non-periodical grey literature, such as technical reports, monographs, and symposium
proceedings prepared by select committees or bodies (e.g., National Academy of Sciences).

2.2. Seed Studies

Subject matter experts identified 33 references to use as positive seed studies to help verify the
accuracy and efficiency of our literature search (Attachment 1; Figure 1). These relevant
references were identified from reference compilations identified by the report authors as part of
other projects or from general monitoring of the literature. The goal was to identify key
references related to the use of approaches for applying class-based risk assessment, with
particular focus on data-rich and data-poor chemicals. These studies were used as seed studies
for the database searches described in Section 2.3 and in the ensemble supervised clustering
described in Section 3.1. Of the 33 seed studies, 7 studies were captured in our database
search (Section 2.3) and 1 study was captured in our grey literature search (Section 2.4).
Although the low capture rate for the seed studies in the initial literature search may raise
concerns about the adequacy of the initial literature searches, the initial searches were heavily
supplemented by expert review of the grey literature and tree searching, as described below. In
addition, missing individual studies are of less concern for this task than for an assessment,
since the goal was to capture the general approaches that are in the literature.

2.3. Database Searches

The literature searches for peer-reviewed publications were conducted on December 4, 2023 in
Pubmed and Web of Science with no date limit. Removing duplicates across the searches
resulted in a total of 4,672 unique references (Attachment 1; Figure 1). These references were
moved to a topic extraction step (Section 3.1), before going forward into title/abstract screening
using Litstream®.

2.4. ldentification of Grey Literature

There were 11 agency websites identified by ICF and UC, and confirmed by CPSC, for review
of relevant grey literature (0). Grey literature was pulled from these relevant websites using an
ICF-developed Google webscraping tool. This tool crawled the Google results page for a search
that had been limited to a specific domain and pulled links and metadata associated with the
search results into an Excel file. Each search was limited to pull in only the top 10 hits per
source (for 11 sources) per search string (for 3 topic specific search strings), meaning a
maximum of 330 grey literature search results would be pulled by the webscraper.

A total of 259 references/websites were returned from the Google webscraping (Attachment 1;
Figure 1). These items underwent a first pass screening by a subject matter expert to assign a
priority rating (i.e., not relevant, maybe relevant, include) and to identify the topic or key take-
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away of the references identified as maybe relevant or include. If the initial webscraping tool
identified a general website, that website was reviewed to identify any useful/relevant
references, and those references were flagged for downloading if they were not included in the
list from the webscraping tool. A second review was conducted of the literature marked as
maybe relevant or include, in order to identify the most recent relevant references. Key topics
were those that addressed methods for read across, class-based assessments, cumulative
risk/combined exposure, and use of NAMs in risk assessment. Please note that not all literature
was reviewed in detail.

2.5. Expert Identified Literature

Key agency guidance documents that the authors were aware of but had been missed by the
webscraping tool were downloaded and categorized as expert identified literature. In addition,
subject matter experts may have identified additional peer-reviewed or grey literature sources
during their synthesis writing (e.g., as a reference cited in a paper that was captured in our
literature search) that resulted in them pulling in expert identified literature. A total of 50 expert
identified literature were included in this report (Figure 1; Attachment 1).

3. Prioritization and Literature Screening

3.1. Prioritization of Literature for Screening

The peer-reviewed literature identified via database searches (n = 4,672) underwent a
prioritization step prior to title/abstract screening. To prioritize these 4,672 studies, three unique
approaches were applied: (1) keyword analysis, (2) unsupervised clustering, and (3) supervised
clustering. Keyword analysis was selected as the best approach to optimize inclusion of likely
relevant literature and resulted in 1,489 papers to be screened at the title/abstract level. See
Subtask 2A report for complete details on screening prioritization.

3.2. Title/Abstract Screening

A total of 1,489 studies were identified using keyword analysis and uploaded into ICF’s
Litstream® software. A screening form was developed using inclusion/exclusion criteria to guide
decisions about the relevance of the literature. Screeners reviewed the title and abstract to
determine whether the reference should be included, excluded, or marked unclear. If a
reference was marked as unclear, it underwent a QC step by a senior screener to make the final
decision. For a reference to be included for this subtask, it needed to describe an approach to
perform class-based risk assessment.

Each screener completed a pilot of 30 references, which were then QC’d and feedback provided
if there were any discrepancies between the primary screener and senior screener. After
successfully completing the pilot, screeners continued working until all 1,489 references were
reviewed. Each reference was only reviewed by one screener following the pilot. At the
completion of title/abstract screening, there were 593 references tagged to approaches to
perform class-based risk assessment.

3.3. Full Text Screening

From title/abstract screening, 593 peer-reviewed studies were marked as ‘include’ for identifying
an approach to perform class-based risk assessment. Of those, 569 had PDFs that were
retrievable. To prioritize full text PDFs, a generative artificial intelligence (GenAl) workflow
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utilizing the large language model Claude 3.0 was deployed. Screening literature is not an
unintended or prohibited use of Claude 3.0. For this workflow PDFs were converted to text by
Azure Document Intelligence. 25 PDFs were too large for conversion and were removed from
subsequent analysis leaving 545 summarized studies. The 25 large PDFs were reviewed by
subject matter experts to prevent loss of information. Next, a set of 9 prompts were tested
against 10 expert curated PDFs (Appendix Table B-1). These prompts were then graded for
accuracy (correct, mostly correct, incorrect, or hallucinating') and were determined to be
sufficient for use with this subject matter topic. These 9 prompts were used to prioritize papers
into bins based on report directives. Additionally, parameters used for this prioritization included
“Acting as a toxicologist” and Claude 3.0 (Appendix Table B-2).

Hallucination = When a large language modelmakes up an answer that is completely unrelated to the source
material.
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Figure 1 Literature Search Results
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@ The total number of studies that were identified as a seed study, through the peer reviewed literature searches,
through the grey literature searches, and as an expert identified study is higher than the total number of studies included
in the report because several studies (n=7) were identified from multiple sources.

b The total number of studies listed in the final blue box is higher than the total number of studies included in the report
because one study was identified from multiple sources. Specifically, one seed study was also captured in our peer
reviewed literature search (Maffini et al., 2023).



4.Overview of Traditional Risk Assessment for Single
Chemicals and Extrapolationto Class-based Risk
Assessment

4.1. Traditional Risk Assessm ent

Risk assessment is the process of characterizing the impacts to human health following
exposure to a given chemical. Generally, the Environmental Protection Agency (EPA) breaks
this down into four basic steps: hazard identification, dose-response assessment, exposure
assessment, and risk characterization (U.S. EPA, 2024). Hazard identification/hazard
characterization describes the types of health effects caused by a given pollutant including
weight of evidence considerations such as mode of action (MOA), human relevance of effects
observed in experimental animals, and the dose/route of exposure associated with different
health effects. Dose-response assessment describes the relationship between the amount of
exposure and the observed health effect (e.g., incidence and severity). Exposure assessment
describes the magnitude, frequency and duration of exposure, and the size and characteristics
of the population exposed. All of these evidence streams feed into risk characterization. Risk
characterization includes both a quantitative description of the risk associated with an exposure,
and a qualitative description of the associated uncertainties.

Risk assessment for single chemicals is conducted using different methods for threshold
endpoints (including non-cancer effects and cancer effects thought to be induced by a non-
mutagenic MOA), and non-threshold effects (cancer effects thought to be induced by a
mutagenic MOA).

For chemicals causing threshold effects, a toxicity reference value (TRV) such as a reference
dose (RfD) or Acceptable Daily Intake (ADI) is calculated by dividing a point of departure (POD)
by a composite of uncertainty factors representing interspecies differences (UFA), intraspecies
differences (UFH), and use of a lowest-observed-adverse-effect level (LOAEL) instead of a no-
observed-adverse-effect level (NOAEL) or benchmark dose lower confidence limit (BMDL)
(UFL). Some organizations, such as the US EPA, also include factors for database uncertainty
(UFD), and extrapolation from subchronic to chronic duration (UFS). Different organizations may
use different sets of uncertainty factors. While CPSC generally uses UFA, UFH, and UFL for
traditional single-chemical assessments, we are also considering UFS for use in a class-based
risk assessment.

POD

UFA X UFH X UFL x UFS

Regardless of the specific uncertainty factor approach used, the risk characterization is then
conducted by comparing the resulting TRV to a level of real-world exposure, resulting in a
hazard quotient (HQ)

TRV =

H _ Exposure
C="Trv

Generally, HQ < 1 indicates adverse effects are unlikely, while HQ > 1 indicates an increased
potential for adverse effects, though HQ does not specifically quantify the degree to which this
potential increases.

Another way of characterizing risk is the margin of exposure (MOE) approach, where a POD is
divided directly by a real-world exposure. The MOE is then compared to a minimum margin of



safety. This minimum margin of safety considers factors similar to the uncertainty factors used
to derive TRVs. Depending on the regulatory organization, the MOE approach can be used for
both noncancer assessments and evaluation of chemicals causing cancer via a mutagenic
MOA.

POD

MOE = ———
Exposure

For chemicals causing non-threshold effects, a cancer slope factor (CSF) can be calculated as:
Response
POD

For example, when tumor data are modeled, the POD is typically the lower 95% confidence limit
on the benchmark dose corresponding to a 10% response (BMDL10); and the corresponding
response is 0.1 (for the 10% response at the BMD10). In the risk characterization step, the CSF
(a measure of cancer potency, in units of risk per unit dose) is multiplied by the dose to estimate
risk:

CSF =

Lifetime Excess Risk = Dose X CSF

Note that, unlike the HQ or MOE, the result here is an estimate of risk.

For chemical mixtures (assuming the chemicals are similar in terms of toxic effects, MOA,
kinetics, etc.), the HQ for each individual chemical can be summed to create a hazard index
(HI). While mixture assessments and class-based assessments are not necessarily the same,
mixture assessment methods may still inform class-based assessments.

HI = HQChemA + HQChemB + HQChemC

Similarly, the cancer risk for a mixture can be determined by adding the risk for individual
chemicals.

Total Lifetime Excess Risk = Lifetime Excess Riskcpema + Lifetime Excess Riskcpemp
+ Lifetime Excess Riskcpemc

4.2. Class-based Risk Assessment

Although there is a relatively extensive literature on grouping chemicals into classes for
cumulative risk assessment, the literature on using class-based approaches for filling data gaps,
particularly for dose-response and exposure assessment, is more limited. One well conducted
example of a class-based cumulative risk assessment is the one prepared by EPA Office of
Pesticide Program (OPP) for the Pyrethrins/Pyrethroid group. The Pyrethrins/Pyrethroid group is
a group of 21 chemicals that qualify as a Common Mechanism Group (CMG) (U.S. EPA, 2011).
Considering the existing and proposed registered uses of the chemicals, EPA identified three
exposure pathways of interest including food, drinking water, and residential/non-occupational
settings. A screening level assessment was conducted for the oral, dermal, and inhalation
routes of exposure using multiple high-end inputs, resulting in conservative exposure estimates.
Specific chemicals assessed for each pathway varied, as chemicals were excluded if evidence
did not exist for exposure potential, exposure data was not available, or exposure was limited to
minor exposure pathways, routes, or uses. Hazard criteria were also used to exclude chemicals,
including chemicals unlikely to have an impact on the estimated cumulative risk such as those
with a relative potency factor (RPF) significantly lower than that of the index chemical.



Considering these exposure and hazard criteria, only 15 of the 21 chemicals in the CMG were
ultimately included in the quantitative cumulative risk assessment.

The goal of this report is to describe methods of class-based risk assessment, meaning the
process of extrapolating risk information about data rich chemicals to data poor chemicals within
a class (Figure 2). Here we describe methods used to extrapolate exposure (Section 4), hazard
(Section 5), dose-response (Section 6) and risk characterization (Section 8), with the ultimate
goal of applying these methods to the PHOP chemical class of OFRs. The general principles
that govern these processes are found both in the OPP cumulative risk guidance (U.S. EPA,
2002) and CPSC Chronic Hazard Advisory Panel on Phthalates (CHAP) report (CPSC, 2014).
Importantly, applications of these methods have noted that lack of any data about a chemical’s
MOA, environmental prevalence, and potential for toxic interaction among members of a
chemical class add uncertainty to estimates of risk (Ahlers et al., 2019; Hines et al., 2018; Safe,
1997).

Figure 2. Overall Description of Class -based Risk Assessment Processes
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5. Class-based Exposure Assessment Methods

Exposure assessment is “the process of estimating or measuring the magnitude, frequency, and
duration of exposure to an agent and the size and characteristics of the population exposed”
(U.S. EPA, 2019). Exposure assessments have generally been conducted for single-pathway
and single-chemical evaluations, with fewer assessments conducted for aggregate exposure
(i.e., exposure to a single chemical from multiple sources and pathways) or cumulative
exposure (i.e., exposure to multiple chemicals from multiple sources and pathways that affect a



single biological target). Conducting single chemical exposure assessments for numerous
chemicals at the same time can be (i) time consuming and (ii) challenging if data are not
available. This section investigates class-based exposure assessment approaches, where
multiple chemicals are assessed at one time in a group or class.

Based on the literature search workflow described in Section 2, few studies were identified that
proposed and/or implemented a class-based exposure assessment framework. Of the relatively
few exposure assessment studies identified in the literature search, most were single chemical
assessments — the low number of exposure assessment studies is an artifact of the literature
search strategy which used a risk assessment keyword search string in addition to an exposure
keyword search string (specifically combined, aggregate, or cumulative exposure) and therefore
likely excluded exposure-only studies. The literature search workflow and an additional targeted
internet search identified a limited number of class-based exposure assessments, as well as
studies that were amenable to class-based use. These studies are described below, along with
a summary of the class-based exposure assessment work performed under a different call order
(Contract BPA No. 61320622A0005, Call Order No. 61320622F2012 [CO-3]).

5.1. Existing Class - based Exposure Assessments or
Frameworks

Class-based approaches to exposure assessments have been used in agency risk
assessments and in regulatory settings. Examples include the EPA OPP cumulative risk
framework and assessments for pesticides with a common mechanism of toxicity (U.S. EPA,
2002) and CPSC, Health Canada, and EPA Office of Pollution Prevention and Toxics (OPPT)
proposed approach for cumulative risk assessment of phthalates (CPSC, 2014; Health Canada,
2020; U.S. EPA, 2023). While these risk assessments focus on a group of chemicals, the
approach to estimate exposure is similar to individual chemical assessments, where exposure is
estimated using one or more of the following approaches:

¢ Indirect or scenario-based estimation: estimates exposure for a specified exposure
scenario based on chemical concentration (in the exposure media), exposure factors,
and exposure models. Surrogate datasets are frequently used from other chemicals or
from similar use patterns and products to fill in data gaps.

e Exposure reconstruction or biomonitoring (reverse dosimetry): uses human
biomonitoring data to estimate the total dose for all sources and pathways to which a
person is exposed.

¢ Direct or point-of-contact measurement: measures a person’s direct exposure to a
chemical over an identified time period (e.g., monitoring data in food).

Typically, aggregate exposure for a chemical is then calculated as the sum of the doses from
different sources (e.g., total exposure for di-isodecyl phthalate (DIDP) was equal to the sum of
exposures from diet, toys, furniture, gloves, and dust). For cumulative exposure to phthalates,
CPSC and Health Canada both use the reverse dosimetry approach while EPA OPPT’s
proposed approach uses a relative potency factor approach. Recent work for CPSC under a
different call order (Contract BPA No. 61320622A0005, Call Order No. 61320622F2012 [CO-3])
has explored the possibility of addressing data-poor chemicals where empirical data are not
available. We provide below a summary of two example assessments.



5.1.1. EPA OPP: Cumulative Risk Assessment (CRA) for
Pyrethrins/Pyrethroid

As discussed above in Section 4.1, US EPA OPP conducts cumulative risk assessments for
chemicals with a common mechanism of toxicity. For the Pyrethins/Pyrethriods CRA (as an
example), the exposure assessment used both chemical specific monitoring data and fate and
transport modeling methodologies. Specifically, food exposures were determined in a
probabilistic manner from pesticide residue monitoring data collected by the United States
Department of Agriculture (USDA) Pesticide Data Program (PDP) combined with USDA dietary
consumption data. PDP samples with non-detectable residues were treated in this assessment
as “zero” values. For drinking water exposures, monitoring data with sufficiently low detection
limits were not available, therefore EPA modeled drinking water concentrations using multiple
models (e.g., FIRST, SCI_GROW, and PRZM/EXAMS), which incorporated application rates
from pesticide product labels. In cases where modeled estimates were greater than the limit of
solubility for the chemical, the chemical’s limit of solubility was used. Residential exposures
focused on the main use scenarios (e.g., application and post-application activities associated
with turf, indoor environment, garden, and pet pesticide use) and were quantified in a
deterministic manner using chemical specific application rates from product labels or chemical-
specific residue data from monitoring/residue transfer studies, combined with various default
exposure factor assumptions. In residential cases where monitoring data were not available for
an individual chemical or specific scenario, surrogate data (i.e., most conservative or most
representative) were used with proper adjustments. Since residential exposure from different
routes occur simultaneously, all routes were combined within a scenario. Additionally,
residential scenarios that could potentially co-occur were combined, for example a child
contacting a treated pet, treated turf, and a treated indoor surface on the same day. Finally, the
dietary and residential pathways were combined into a screening level pyrethroid cumulative
assessment, using the 99.9" percentile MOE for the dietary pathway.

While the approach could be refined by using probabilistic estimates for all routes and linking
with a physiologically-based pharmacokinetic (PBPK) model, which would allow calculation of
distributions across the US population and investigate uncertainty, EPA decided that the
screening approach was sufficient. It utilized a simple point-estimate aggregate methodology
that adds a high-end dietary (i.e., food and water) exposure to a high-end residential exposure,
assuming co-occurrence of dietary and non-dietary exposure.

5.1.2. CPSC, Health Canada, EPA:Cumulative Risk Assessment for
Phthalates

In cumulative risk assessment approaches for phthalates, U.S. CPSC (CPSC, 2014), Health
Canada (Health Canada, 2020), and EPA OPPT (proposed) (U.S. EPA, 2023) estimated intake
using a scenario-based approach employing indirect exposure estimates (similar to
methodologies used by EPA OPP) and also estimated intake using a reverse dosimetry
approach with human biomonitoring data, specifically metabolites in urine. Exposure
methodologies generally followed EPA’s Guidelines for Human Exposure Assessment (U.S.
EPA, 2019). According to EPA OPPT, Health Canada and U.S. CPSC found that both
approaches resulted in daily intake values that were generally similar in magnitude.
Uncertainties and limitations of the two approaches are discussed in Table 6-5 of U.S. EPA
(2023).

5.1.3. CPSC: Polyhalogenated Organophosphate Flame Retardants
Under CO-3, exposure to PHOP flame retardants was assessed using four approaches:
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i) Approach 1: mechanistic models to estimate indoor environmental
concentrations and/or doses due to consumer product use;

i) Approach 2: empirical measurements including migration rates into saliva,
handwipe data, personal air monitoring data, and product emissions/parameters
to estimate contact (direct) and mediated (indirect) consumer exposure;

iii)) Approach 3: indoor dust monitoring data to estimate total dose for all sources
related to indoor dust; and

iv) Approach 4: reverse dosimetry with human biomonitoring and chemical-specific
toxicokinetic data to estimate dose for all sources and pathways to which a
person is exposed.

Under Approach 1, consumer exposure was estimated individually for all PHOP chemicals with
known or potential use in consumer products using a mechanistic model (Consumer Exposure
Model, CEM) although several limitations and uncertainties were noted. However, based on
data availability, only a limited number of chemicals could be assessed using the other three
approaches. The correlation between modeled CEM doses and each of six physicochemical
parameters were evaluated, with the goal of identifying the key predictor of absorbed dose,
which is defined as the dose entering body tissues. For the dermal and total (i.e., sum across
dermal, inhalation, and absorption) exposure pathways, molecular weight was the key predictor,
where the absorbed dose increased as the molecular weight of the chemical decreased. For the
inhalation pathway, the absorbed dose increased when vapor pressure increased. For the
ingestion pathway, the absorbed dose increased when the octanol-air partition coefficient
increased. These key predictors were then used to estimate relative dose for the PHOPs with
no empirical data (i.e., data-poor) for Approaches 2 and 3. For indoor dust data, semi-
quantitative doses were estimated for 21 chemicals with product use data where the reported
dose was relative to a data-rich chemical. Both empirical measurements (specifically
handwipes, personal air, and product emissions) and reverse dosimetry approaches had data
for only three or fewer chemicals and the doses from empirical data were generally calculated
using a limited number of data sets, leading to inconclusive extrapolation results.

The analyses performed under CO-3 demonstrated how different data types and sources could
be combined together and used to extrapolate doses from data-rich to data-poor chemicals in a
class. In addition, the different approaches of calculating exposure also allowed for comparison
and corroboration of whether an approach is over- or underpredicting exposure. Additional work
is still needed to address the limitations identified and incorporate more exposure data.

5.2. Potential Exposure - based Chemical Groupings

The example assessments and frameworks noted in the previous section were for chemical
groupings based on hazard similarities (i.e., chemicals that behave in a similar biological
manner with shared endpoints of interest). While most chemical groupings are often based on
hazard similarities, mixture studies that examine the co-occurrence of chemicals in the context
of exposure may provide a framework for grouping chemicals for class-based exposure
assessments.

As part of an iterative approach for assessing exposures to environmental mixtures, Rice et al.
(2008) proposed several ways for grouping chemicals:

(i) chemicals can be grouped by the primary release mechanism that controls the
initial contamination and migration behavior in the environment where examples
of release processes include volatilization to air and leaching to groundwater;
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(i) chemicals can be grouped based on physicochemical properties that are
relevant to fate in soil and air where examples of relevant parameters include
volatility, water solubility, and partition coefficients; and

(iii) chemicals can be grouped based on both the media they partition into and the
timing of when the chemical is expected to occur in the exposure media (i.e., a
2x2 matrix with four possible groupings).

Grouping by physicochemical properties was also suggested by Cattaneo et al. (2023), in
addition to grouping based on regulatory criteria, exposure scenarios, functional groups,
chemical structures, and toxicological properties. Bopp et al. (2018) suggested groupings similar
to Cattaneo et al. (2023) (i.e., chemical class, biological effect) but also proposed grouping by
product/use, co-emission (considering origin from one source), and receptor. Groupings will
depend on the context and purpose of the assessment, with Bopp et al. (2018) providing
examples of groupings based on structure (e.g., phthalates), technical function (e.g., solvents),
and biological effect (e.g., pesticides toxic to the thyroid and central nervous system). While
Diamond et al. (2018) did not discuss chemical groupings, the representative chemicals for their
mixture assessment of down-the-drain chemicals in wastewater treatment plant effluent were
selected by first identifying activities that would results in disposal of chemicals down the drain,
suggesting product/use and fate as the drivers.

5.3. Data Sources Amenable for Class-based Exposure
Assessment

As previously mentioned in Section 5.1, three approaches are commonly used to estimate
exposure. Exposure estimates (as a concentration, dose, or loading) can be obtained from
monitoring studies, quantified through mechanistic models, or derived from empirical evidence.
All estimation methods may be suitable to class-based exposure assessment. This section
focuses on studies which describe aspects of these exposure methods or quantify exposure for
multiple chemicals. For class-based exposure assessment, this ideally includes defined
groups/classes of chemicals or a wide range of chemical classes with grouping of chemicals
performed after the fact. In addition, chemical mixture studies were also considered as they may
provide a framework for grouping chemicals. The amenable study types and studies identified
are discussed below.

5.3.1. Monitoring Studies

Monitoring studies typically provide concentrations of chemicals in environmental media (e.g.,
indoor dust) or biomonitoring matrices which can then be used to estimate dose or intake. High-
throughput monitoring studies generate exposure estimates for tens-to-hundreds-to-thousands
of chemicals at once. Studies may be (i) targeted, where samples are analyzed for a pre-
defined list of chemicals or (ii) non-targeted, where the aim is to identify all chemicals present.

Targeted studies provide quantitative estimates, but the number of chemicals measured is
usually limited by the availability of analytical methods. For example, European surveys for polar
compounds in surface and wastewaters were typically limited to ~50 target chemicals, but the
development of wide-scope chemical target screening methods in recent years has allowed the
quantification of concentrations of hundreds of chemicals (Finckh et al., 2022). In Finckh et al.
(2022), 366 out of 499 target emerging chemicals, primarily pharmaceuticals and pesticides,
were quantified in wastewater treatment plant effluent samples with concentrations ranging from
<1 ng/L to >100 pg/L. Often, a targeted study may choose to focus on only one or two chemical
groups (see Section 5.1.3 for potential chemical groupings) such as in Lopez et al. (2017),
where the authors focused on quantifying only pesticides and reported concentration of 40



pesticides in ambient air. In addition to pesticides, other chemical groupings in monitoring
studies include per- and polyfluoroalkyl substances (Fiedler et al., 2022; Genualdi et al., 2022;
Ulrich et al., 2024), disinfection byproducts (specifically trihalomethanes and haloacetic acids,
each of which is regulated and monitored as a group) (Almonacid Garrido et al., 2024;
Rodriguez et al., 2003; Zhao et al., 2020), and polychlorinated biphenyls (Du et al., 2020;
Saktrakulkla et al., 2020) among many others. Targeted monitoring data from individual studies
and other sources such as government programs are sometimes compiled into databases such
as EPA Multimedia Monitoring Database (Isaacs et al., 2022), Center for Disease Control
(CDC), National Health and Nutrition Examination Survey (NHANES), or the United States
Geological Service (USGS) Water Quality Portal, which provides a single source to obtain data
on a large number of chemicals. However, depending on the database, the metadata may not
be as detailed as found in the original source, providing some uncertainties in the reported
values, and may require statistical analysis prior to implementation in exposure models.
Additionally, even collectively, most sources often do not cover a wide breadth of geographic
locations or different populations.

Non-targeted studies can cover a wider chemical space (i.e., thousands of chemicals) but their
results are primarily qualitative, focusing on chemical identification. For example, Rostkowski et
al. (2019) identified or tentatively? identified over 2,300 compounds in a composite house dust
sample, Zhao et al. (2013) assigned approximately 3,000 molecular formulas to high resolution
mass spectra of cloud water samples, and Cui et al. (2023) reported a total of 30, 78, 103, 20,
and 265 frequently identified annotated features® (and between 700 and 5,100 total features) in
food, dust, soil, water, and urine samples, respectively, from households with children. In a
review on how non-targeted analysis data can be used in the chemical risk assessment
process, McCord et al. (2022) noted that while there is currently no universally accepted method
for quantifying the results from non-targeted screening, several approaches exist that allows for
semi-quantitative estimates to be used for prioritization. The three approaches described in
McCord et al. (2022) are: (i) relative quantification, (ii) quantification by surrogate standard, and
(iii) response modeling from chemical structure.

As noted by McCord et al. (2022), existing risk paradigms ultimately require quantitative
estimates of chemical abundance to support regulatory decisions by identifying concentrations
from targeted studies, but non-targeted studies can fill data gaps by informing on the presence
of chemicals and putative sources, routes, and pathways.

5.3.2. Modeling Studies

Exposure models, whether mechanistic or empirical, can provide predicted concentrations,
doses, or other key parameters needed to calculate dose. Mechanistic models are based on
well-established mechanistic processes, while empirical models are typically data-fitting
regressions using empirical measurements (e.g., product testing emissions data, migration
data).

High-throughput exposure models can generate estimates for a large number of chemicals with
relatively minimal input requirements, for example, with just physicochemical properties and in
the case of consumer exposures, product composition and product usage characteristics.

2 Tentative identification defined as confidence level 2 and confidence level 3, where confidence is based on the level
system in Schymanski et al. (2014).

3 A feature is described by three coordinates: accurate mass, retention time, and signal intensity in Minkus et al.
(2022).



Depending on the model, one or more exposure pathways* may be modeled, and results are
often used for screening and/or prioritization purposes. Examples of high-throughput
mechanistic exposure models and corresponding case studies using these models include
Stochastic Human Exposure and Dose Simulation — high-throughput (SHEDS-HT), which
models exposures from consumer product categories or food groups (Isaacs et al., 2014), and
ExpoCast (“Exposure Forecasting”), a companion project to ToxCast, which uses two existing
multimedia mass balance models, USEtox and RAIDAR, to estimate the amount of chemical in
air, water, and soil due to industrial releases to the environment (Wambaugh et al., 2013). Many
additional models are also available in the peer-reviewed literature although these models do
not necessarily have a model acronym/name. For example, Ernstoff et al. (2017) developed a
high-throughput migration model that estimates the fraction of chemical migrating from food
packaging to food and this model was later modified by Aurisano et al. (2022) for estimating
chemical migration from solid products to saliva during mouthing.

Not all mechanistic exposure models are high-throughput models. Some models may require
more complex input parameters and/or the available tool/platform does not lend itself to running
multiple exposure scenarios at once. Dutch National Institute for Public Health and the
Environment’s (RIVM) three exposure modeling tools (with case studies provided) —
Probabilistic Aggregate Consumer Exposure Model (PACEM), which estimates aggregate
consumer exposure (Delmaar et al., 2023)], ConsExpo, which estimates consumer exposure
(Delmaar & Meesters, 2020), and DustEx, which estimates dust-mediated exposures to sources
in homes (Ball et al., 2016) — are all available as web-based tools but there is currently no
option that allows for the user to perform batch runs (e.g., uploading an input file with inputs for
hundreds of runs). EPA’s CEM (which estimates consumer exposure) is available as an Access
database file but requires the user to set up and run each individual exposure scenario.
However, for class-based exposure assessment, these models can still be used, especially for
smaller chemical classes where running the models for each chemical/scenario may not be too
burdensome.

Empirical models can also be used to estimate exposure or key parameters needed to calculate
exposure. For example, in Aurisano et al. (2022), in addition to the mechanistic model for
estimating chemical migration to saliva, the authors also developed a regression-based model
using data available in the literature from 60 chemicals. Liang et al. (2019) measured the
emissions of organophosphate ester flame retardants from foam materials at different
temperatures and determined the material-phase diffusion coefficient (Dm) and the material/air
partition coefficient (Kna) at each temperature. The authors then developed correlations
between temperature and emission parameters (i.e., steady-state emission rate, D, Kma).

While existing mechanistic and empirical models are available that can be applied to class-
based exposure assessment, most currently are not efficient at running large numbers of
chemicals at the same time and may require expert level professional input to parameterize the
models.

4 Exposure pathways considered under different call orders (Contract BPA No. 61320622A0005, Call Order Nos.
61320622F2014 [CO-2] and 61320622F2012 [CO-3]) included: (i) ingestion of indoor dust; (ii) gas-phase air transfer
to skin; (iii) inhalation of particle dust; (iv) inhalation of gas; (v) dermal contact; and (vi) mouthing. Additional pathways
not considered in these call orders include the dietary pathway.
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6. Class-based Hazard Assessment Methods

There is no single method for grouping chemicals for hazard assessment. Grouping of
chemicals relies on methods that have been developed for read across approaches and/or
mixtures modeling. Read-across methods are methods that are used to group chemicals
together based upon structural similarities to extrapolate information about the toxicity of a
chemical without significant experimental testing. Alternatively, if chemicals have associated
toxicological data, such as in the case of pesticides, they can be grouped by MOA or health
effect concerns. Mixtures modeling methods are methods that are used to estimate toxicity for a
group of chemicals that occurs together in the environment. Once a group is identified, the
extrapolation process between chemicals relies on the identification of anchor or surrogate
chemicals (i.e., chemicals within a class for which a significant amount of toxicological data has
been collected).

In the previous Subtask 2A report, we described guidelines and examples of grouping of
chemicals for risk assessment. This included a review of guides by regulatory and adjacent
organizations, a brief overview of literature examples that group chemicals for dose response,
and a description of an approach developed by ICF specific to organohalogen flame retardants
for CPSC as a part of the overarching contract (Contract BPA No. 61320622A0005, Call Order
No. 61320622F2011 [CO-1]).To briefly summarize, Organization for Economic Co-operation
and Development (OECD), European Chemicals Agency (ECHA), and European Food Safety
Authority (EFSA) have published guides on conducting read across, each reflecting their
specific purposes. The Research Institute for Fragrance Materials (RIFM) also uses read across
but primarily publishes single chemical assessments using the analog method. These resources
provide methods to group chemicals using the category approach to read across, which links
chemicals by shared characteristics or property trends. Each organization focuses on methods
that are unique to their regulatory processes and goals. These references are directly meant for
grouping of chemicals for hazard assessment, although they can be applied to grouping for
dose-response.

Additionally, examples of chemical grouping by shared MOA were described. However, this
method is limited to data-rich classes of chemicals, such as well studied pesticides and
polycyclic aromatic hydrocarbons (PAHs). MOA and mechanisms of toxicity are robust links for
chemical grouping, but this method is severely limited in application since the MOA or
mechanisms are only reported for a few chemicals. Further details on the OECD, ECHA, EFSA,
and RIFM guides, or examples of grouping chemicals by MOA specifically for dose response
can be found in the Subtask 2A report and in Maffini et al.’s detailed description of each
agency’s framework (Maffini et al., 2023).

6.1. Grouping Chemicals by Mode of Action

During hazard characterization, one of the key steps is identifying the mechanism of effect. This
idea encompasses absorption, deposition, metabolism, and excretion (ADME) profiles and MOA
(i.e., a high-level description of the key steps — termed key events — in the process by which a
chemical may act to cause toxicity). During grouping exercises, chemicals are identified as
being a part of a class based on shared toxicity characteristics. Often the focus has been on
which characteristics should be chosen to delineate a class. Chemicals can be grouped based
on their ability to cause various assay endpoints during high-throughput screening or by
computational predictions, which estimate toxicity potential. For example, chemicals can be
grouped together by those that cause cytotoxicity (Malich et al., 1998), hepatotoxicity (Li et al.,
2021; Rowan-Carroll et al., 2021), genotoxicity (Bus et al., 2015; Czaja et al., 2020; Dourson et
al., 2013; Enoch et al., 2022a, 2023; Enoch et al., 2022b; Paini et al., 2021; Verdon et al.,
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2022), or neurotoxicity (Crofton et al., 2022). Some efforts have also focused on well-defined
MOAs to define chemical subclasses, such as in the case of cobalt-containing substances
(Danzeisen et al., 2022), or structure-dependent MOAs (Liu et al., 2019). Other important
screening assays that can help prioritize and group chemicals include metabolic assays that can
inform whether a genotoxic metabolite will form (Enoch et al., 2023) or bioaccumulate (Salvito et
al., 2020).

Importantly, read across methods to group chemicals and extrapolate health hazards to data
poor chemicals rely on the likelihood of these shared chemical structures to imply shared MOAs
(Lai et al., 2022; Salvito et al., 2020). Extrapolation that relies on chemical structure rather than
on assay readout is of limited utility for MOA grouping given that diverse chemical structures
can have the same molecular target, such as the diverse structure of estrogen receptor agonists
(Fang et al., 2001). Additionally, similarly structured chemicals can have diverse molecular
targets, such as the diversity of carcinogenic potential among trihalomethanes (Woo et al.,
2002). Both scenarios highlight the difficulty of grouping chemicals by MOAs without assay data,
and the advantages of understanding how MOAs can map to adverse outcomes.

6.2. Grouping Chemicals by Health Effect

While grouping chemicals by their toxicological MOA offers higher confidence due to its
specificity, grouping by adverse effects allows for the use of more diverse data types and does
not necessarily require the same MOA. Without shared MOA, quantitative cumulative risk
assessment of a group of chemicals becomes more challenging and the results share more
uncertainty.

Several agencies have identified classes of chemicals grouped by structure and associated
health effects including PAHs (U.S. EPA, 2008), phthalates (CPSC, 2010; U.S. EPA, 2012), and
organophosphate pesticides (Brock et al., 2003; EFSA Scientific Committee et al., 2019; U.S.
EPA, 2006); many of these are well studied and shared mechanisms have been identified. For
chemicals that do not fit into agency classes (most chemicals), grouping can be accomplished
by shared target organs and/or systems, or even broadly by their ability to bioaccumulate in
mammalians. Although not as strong of an association, a shared ecotoxicity or nonmammalian
bioaccumulation target can also be used to support grouping for human hazard assessment
(Danforth et al., 2020).

Extrapolating adverse effects to data poor chemicals relies on shared characteristics with the
chemicals that have adverse outcome data. Characteristics such as chemical substructures
(Enoch et al., 2022a; Enoch et al., 2022b; Schor et al., 2022; Smith et al., 2005),
physicochemical properties (predicted or experimental) (Grimm et al., 2016; Redman et al.,
2014), toxicokinetic properties (predicted or experimental) (Al-Malahmeh et al., 2017; van den
Berg et al., 2012), and/or metabolites (Enoch et al., 2023; Olesti et al., 2021) all provide support
for including chemicals without data into a group classified by health effect. For example, there
are thousands of known per- and polyfluoroalkyl substances (PFAS) chemicals of ongoing
interest to researchers and regulatory agencies for class-based hazard assessment. PFAS vary
widely in structure, size, and even properties, but groups of similarly structured PFAS have
been shown to have shared health effects, such as hepatoxicity potency of perfluoro carboxylic
and sulfonic acids of a certain carbon chain length range (Bil et al., 2021; Reardon et al., 2021).
As fully explored in CO-1 (Contract BPA No. 61320622A0005, Call Order No. 61320622F2011),
OFRs are similar to PFAS in this regard, and structural grouping is useful for determining health
effects by subclass (NASEM, 2019).
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7.Class-based Dose-response Modeling

7.1. General Framework for Class-based Dose-response
Methods

Once chemical groupings have been established, as is described in Section 6, a variety of
approaches for conducting class-based dose-response can be utilized (Bennekou, 2019; Crump
et al., 2010; Lutz et al., 2014). These are discussed in detail in the Subtask 2A report. As for
hazard characterization, these approaches draw largely from read across and from cumulative
risk methods and consider how to integrate new approaches/alternative methods (NAMs) data
with more traditional data. The Subtask 2A report highlights relative potency factors (RPFs) and
toxic equivalency factors (TEFs) as key methods from cumulative risk that may be useful in a
class-based dose-response assessment with both methods assuming dose additivity. TEFs
require greater similarity among chemicals (similarity specific to target organs, routes, and
effects) than do RPFs (similarity to either target organs, routes, or effects), and so RPFs are
likely to be useful in a greater number of class-based dose-response assessments. Broadly, the
key steps for conducting a class-based dose-response assessment were outlined as:

i) identification of toxicity data for read across, including NAMs data in the case of
OFR dose response,

ii) conducting dose-response evaluation and calculation of relative potency,

1ii) identification of appropriate uncertainty factors, and

iv) calculation of TRVs.

7.2. Use of Mode of Action in Read Across

While the method above describes a relative potency framework, read across methods can be
used in the absence of sufficient high-quality quantitative data. Risk assessors have the
greatest confidence in the results of read across when there is a clear understanding of the
MOA for the class of chemicals that includes the analog and the target, as well as information
on how toxicity varies with structure. For example, if the MOA is known and toxicity can be
related to a structural characteristic, a regression or a structure activity relationship (SAR) based
on that characteristic could be used quantitatively in a read across approach. In other cases,
when the MOA is well understood and an endpoint related to the MOA is used to group the
chemicals, a relative potency approach can be taken in which chemicals are ranked relative to
each other and toxicity data is extrapolated within the group. In addition, it is important to ensure
that MOAs unique to individual chemicals within a structurally-related grouping are considered.
For example, n-hexane is neurotoxic, but n-heptane and n-pentane are not. The difference is
due to the metabolism of n-heptane to the gamma diketone 2,5-hexanedione (Moser et al.,
2019).

Conversely, when the MOA is not known or well understood, but there is a regular pattern of
variation of the strength of an effect (e.g., toxicity varying with the length of an alkyl chain),
toxicity can be predicted based on the pattern, or based on the most toxic within a class (ECHA,
2017). Importantly, this approach has uncertainties not associated with MOA, but it could be
used to address data gaps in a health-protective manner. An additional approach used when
there is no MOA data, is a weight of evidence approach that may be used to show that a
surrogate is similar to other related chemicals. Such decisions need to take into account
multiple lines of evidence, similar to those described for grouping chemicals into classes
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(Section 6), The absence of MOA information also means that there is higher uncertainty in the
estimate.

Finally, the estimate of dose-response from an anchor or surrogate chemical can be applied to
data poor members of the class. These methods are addressed by a number of publications
and guidance documents (Ball et al., 2016; ECHA, 2017; Patlewicz et al., 2018; Schultz et al.,
2019). This approach assumes that there are shared biological endpoints of interest and
requires less chemical-specific information than a relative potency approach, but is associated
with greater uncertainty, similar to cases where the MOA is not known. Thus, this approach is
better suited to qualitative prediction (e.g., is the chemical a carcinogen) than quantitative
predictions, and the specific data requirements depend on the problem formulation. For
example, the information requirements are higher in a regulatory context than those for
informing internal risk management decisions.

7.3. Use of New Approaches Methods to Address Data Gaps

In light of the data needs for conducting class-based dose-response analyses, it is expected
that NAMs, particularly transcriptomics, will play an increasing role in conducting such
assessments, and can be used to calculate RPFs (see the Subtask 2A report for additional
details). High-throughput methods make it possible to test multiple doses of multiple chemicals
under the same experimental conditions, something that is rarely done with in vivo testing.
Consideration of adverse outcome pathways (AOPs) can aid in integrating non-traditional
animal model data with rodent data (Hines et al., 2018), as well as choosing the most useful in
vitro assays for conducting a risk assessment (Clewell et al., 2020).

Further, NAMs can be used to gather molecular MOA data in a high-throughput manner, and
benchmark doses (BMDs) calculated from such data can be used to derive PODs (De Abrew et
al., 2019). In the Subtask 2A report, we highlighted methods such as mechanistic mapping of
chemicals (De Abrew et al., 2019), integration of pathway-based transcriptomic data for
quantitative risk assessment, AOP mapping (Pitzer et al., 2023), and generation of new data
utilizing in vitro systems (Rowan-Carroll et al., 2021). In general, these efforts to gather MOA
data to calculate PODs can be coupled with in vitro to in vivo extrapolation (IVIVE) and high-
throughput exposure estimation to calculate MOE, and, less commonly, to calculate TRVs. This
method of leveraging molecular data is the most promising effort to perform class-based dose-
response assessment (ICCVAM, 2024).

In general, uncertainty factors for a class-based dose-response analysis will depend on the data
used. Discussion of uncertainty factors for NAMs (likely to be necessary for many class-based
dose-response analyses) have modified traditional uncertainty factors and/or added additional
uncertainty factors (Dourson et al., 2022; Health Canada, 2020). For example, if the POD
comes from a human cell line, the interspecies uncertainty factor would not be needed, but it
may be appropriate to add additional factor(s) accounting for limitations of in vitro assays or
extrapolation from in vitro to in vivo effects.
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8. Class-based Risk Characterization

Information from the exposure assessment, hazard identification assessment, and dose-
response modeling is synthesized in the risk characterization step to describe the risk under the
specified exposure conditions, and to clearly communicate key findings and their strengths and
limitations. This integrative step typically involves expert judgement and an accounting of
variability and uncertainty to reach an overall conclusion about the risk of a substance to human
health. While a quantitative risk estimate is a part of that conclusion, a qualitative description of
the considerations made in determining the quantitative risk estimate is critical to provide the
information necessary to interpret the risk results in a way that is transparent, clear, consistent,
and reasonable (U.S. EPA, 2000).

This section focuses on risk characterization as its own step. But it is worth noting that the same
key principles described above can and should be applied to individual characterization of the
exposure assessment, hazard identification assessment, and dose-response assessment steps.
In particular, Alexander-White et al. (2022) proposed a framework for the use of read across in
risk assessment, including final steps analogous to risk characterization (Text Box 1).
Specifically, they lay out questions to consider when assessing overall confidence when SAR
approaches are utilized (Text Box 2). Similar guiding questions would be useful in a class-based
risk assessment.
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Text Box 1. 10 Steps for Risk Assessments using Read Across

e Tier0
o Step 1: Identify exposure/use scenarios
o Step 2: Identify molecular structure of target chemical
o Step 3: Collate supporting data on target chemical(s) and define data gap
o Step4:
e a) ldentify analogue(s),

® b) collate existing data, and

e ) determine similarity hypothesis (at this stage still mostly structure-based but can be refined to
biological similarity — mode/mechanism of action (MOA) where data is existing)

e Tier 1 refinement

o Step 5: Supporting similar bioavailability/ADME (absorption, distribution, metabolism, and excretion) of
target chemical and analogues

o Step 6: Supporting similar MOA hypothesis
e Tier 2 refinement

o Step7:
e a) Targeted testing to strengthen MOA hypotheses and/or
e D) Biokinetic refinements of target chemical and analogues
o Step 8: Performing a risk assessment to derive a point of departure

o Step 9: Perform a margin of safety/margin of internal exposure evaluation using risk assessment

o Step 10: Assessing confidence in the risk assessment
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Text Box 2. Prompts for Assessing Confidence in Risk Assessments using Read Across

e Describe overall level of confidence (low, medium or high) that the read across is appropriately conservative
as part of an exposure driven risk assessment. Throughout the whole process, uncertainties and the level of
confidence in the data should be captured as transparently as possible and integrated to provide an overall
level of confidence in the assessment.

e Examples of questions to address:
o  What type of category formation was attempted and was it suitable for the context of the read across?
o How well made was the premise or hypothesis of the read across argument?
o  What rationale was used to select the NAMs used and how did they support the decision making?
o How was mechanism of action considered supported and assessed?
o How was similarity in toxicodynamics/effects defined and assessed to support the MOA?
o How was similarity in toxicokinetics/potency defined and assessed?

o  What were the uncertainties in the toxicological data for read across data and how did they allow for an
assessment of robustness of these data?

o How were NAMs applied and did they assist in the reduction of uncertainty?
o  What are the key strengths of the case study?

o  What are the key limitations of the case study?

Prompts were described in Step 10: Assessing confidence in the risk assessment in Table 2 of Alexander-White et al.
(2022).

8.1. Cumulative Risk Assessment Methods

Much of the past work on class-based risk assessment has been done in the context of
cumulative risk from mixtures (Section 4). While the specifics of cumulative risk are not directly
applicable to the current work on OFRs, as these guidelines focus on concurrent exposure to
similar chemicals rather than individual exposure to similar chemicals, some considerations are
informative. There are a number of models and guidance documents for cumulative risk
assessment, as summarized in the Subtask 2A report. Two of these approaches are particularly
worthy of a more detailed consideration here. One is the assessment of phthalates (CPSC,
2014), since that is a peer-reviewed CPSC product. The second general approach is that of
EPA’s OPP (U.S. EPA, 2002), since that organization has conducted cumulative risk
assessments for several different groups of pesticides. A key aspect of OPP’s cumulative risk
assessment approach is the identification of the cumulative assessment group, which includes
chemicals that share a common toxic mechanism and will contribute more than minimally to
cumulative hazard and exposure. For the OFRs, the risk characterization could be done on an
individual chemical basis, comparing the modeled or estimated exposure for each chemical with
the corresponding TRV for the chemical (CPSC, 2014).

The CPSC phthalate assessment used the HQ/HI approach, with a few noteworthy adaptations.
First, because male developmental and reproductive toxicity via an antiandrogenic MOA was
determined to be the critical effect, the HQ/HI calculation was based on such endpoints, even if
the relevant TRV for a given individual phthalate was not based on antiandrogenicity. Instead,
CPSC derived potency estimates for antiandrogenicity (PEAA), when needed, to ensure that the
dose-response for each chemical was based on comparable endpoints. These PEAA values
were described as having a purpose solely in cumulative risk assessment, and not to be
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confused with a TRV that is used in a regulatory context. The PEAA for a given chemical was
determined by dividing a POD specific to the anti-androgen MOA by an uncertainty factor
specific to that POD. Three different sources for PEAAs were used, as a measure of
uncertainty. The first source was from a published cumulative risk assessment for mixtures of
phthalates. The second used values from “recently published and highly reliable relative
potency comparisons across phthalates from the same study,” and the third source was from
values from the de novo literature review conducted for the phthalates assessment. The daily
intake for a given phthalate was then divided by the PEAA for that phthalate, resulting in the
HQ. The assessment for the PHOPs is similarly based on a combination of published
assessments and new data, but the large number of chemicals with no TRVs or no reliable
relative potency data makes it impractical to follow a similar approach for the PHOPs.

CPSC (2014) noted that, as an alternative to the HQ, the point of departure index [PODI; see
also Reffstrup et al. (2010)] was considered as the basis for the cumulative risk assessment. In
the PODI approach, daily intake is compared with the POD, rather than with the PEAA, which is
based on both the POD and case-specific uncertainty factors. The PODI approach uses one
overall uncertainty factor instead of having the potential for different values of the total
uncertainty factor for different phthalates. Because the quality of the toxicological data (i.e.,
certainty based upon experimental design) varied across the phthalates, the PEAA approach
including substance-specific uncertainty factors was preferred. Similar reasoning would apply to
the OFRs, in light of the varying quality of data for them.

According to the OPP cumulative risk assessment approach, in order to calculate a cumulative
MOE, the exposure is first expressed in concentration equivalents of an index chemical. That is,
rather than adjusting the potency measurement, the exposure measurement is adjusted to
reflect potency. Presumably this approach is followed so that differences in uncertainty factor
are separated from empirical potency differences. A cumulative MOE is calculated for the class
for each route of exposure, expressed in equivalents of the index chemical.

PODIndex
Y. Exposure

MOERUute =

Route

8.2. Uncertainties in Class-based Risk Assessment

For risk characterization, OPP (U.S. EPA, 2002) emphasizes describing confidence in the data
and models used for toxicity and exposure estimations, including uncertainty as well as any
potential biases (direction and magnitude). This is also the step where sensitivity analyses may
be conducted, and decisions are made about uncertainty/safety factors. Some key issues noted
related to the choice of uncertainty/safety factors include “the identification of the nature of the
common toxic effect and the scope of the toxicity and exposure databases relative to the
cumulative assessment.”

A potential challenge for class-based risk characterization is in handling data gaps as many
chemicals that have exposure data do not have dose-response data. Use of computational
predictions to apply methods such as RPFs is one method, but as noted in Section 7, has its
own set of limitations. This is likely to be relevant to class-based assessments of OFRs, given
the generally sparse data availability.

8.3. Polyhalogenated Organophosphate Flame Retardants

For the PHOPs, as noted in Section 5.1.3 for work performed under CO-3, it was possible to
calculate consumer exposures for all PHOPs that had product use data. However, for the few
data rich chemicals where dose estimates based on NHANES were possible, the aggregate
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consumer exposure estimates based on the mechanistic models were higher, suggesting that
further refinements to the modeling input parameters are needed before the estimates from
mechanistic models can be used in bounding risk characterization as is more fully discussed in
CO-3 (Contract BPA No. 61320622A0005, Call Order No. 61320622F2012) Estimated doses
based on empirical data were calculated for only a few of the PHOPs. Semi-quantitative
estimates of dose from indoor dust were predicted for 21 chemicals even in the absence of dust
monitoring data, where the reported dose was relative to a data rich chemical (Contract BPA
No. 61320622A0005, Call Order No. 61320622F2012 [CO-3]). Although there is substantial
uncertainty in the dose estimates using the semi-quantitative estimates, these estimates do
allow for a rough risk characterization. Comparing these dose estimates with the TRV for the
most toxic class member might allow one to set aside the chemical as not of concern (if there is
a substantial MOE) or identify the chemical for further testing and analysis.

9. Discussion

In this report, we describe methods used for class-based risk assessment, building on the prior
work in class-based exposure assessment in CO-3, class-based hazard characterization in CO-
1, and class-based dose-response assessment in the Subtask 2A report of the current call
order. The application of methods for individual chemicals is noted, with particular attention to
how these methods are modified for class-based assessments. The work to date on the
application of class-based methods to the available data for PHOPs is discussed, with particular
attention to the way in which the approach has evolved with progress through different steps of
the class-based assessment. Generally, our findings suggest that we can extrapolate
information at each step of the risk assessment process (hazard identification to group
chemicals, exposure assessment to gather measured or estimated values, and dose-response
assessment to estimate TRVs) that can then be used to calculate HQs, Hls, and lifetime excess
risk. These values will rely upon the extrapolation methods that are used at each phase of the
risk assessment. Based on our review of the literature, it does not seem that there is a good
way to holistically estimate any of these values without relying on estimation in prior steps.
Furthermore, there is no agency level guidance on class-based risk assessment at this time.

We found that several different organizations have conducted class-based assessments,
particularly in the context of cumulative risk. Structural similarity and shared mechanism or MOA
were used in grouping the chemicals. Most of these assessments appear to have been done
using a “bottom up” approach, starting with individual chemicals, which were then formed into
groups based on the available data. In contrast, the OFR task has many elements of a “top
down” process, having evolved by the following process. The National Academies of Science,
Engineering, and Medicine organized an initial list of chemicals into subclasses (NASEM, 2019),
which have been refined in subsequent work under CO-1. The key implication of starting with
the larger list of chemicals for the OFR analysis is that many of the chemicals are data poor or
completely lacking in data. This means that a key aspect of the current work is addressing data
gaps, while most of the existing literature on class-based assessments (aside from the literature
on read across for hazard and dose-response) appears to focus on using MOA to identify
classes, consideration of the potential for toxic interactions, and addressing data gaps only with
the classic uncertainty factors.

The exposure assessment step is perhaps the most well described with regard to addressing
chemical-specific data gaps in a risk assessment context. Section 5 of the current report
summarized a variety of approaches to class-based exposure assessment. Many of the class-
based exposure assessments were done in the context of cumulative risk assessment and were
based on empirical exposure data for chemicals acting via a common MOA (Sections 5.1).
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However, exposure modeling has been done in both high-throughput (Isaacs et al., 2014)
(Wambaugh et al., 2013) and a variety of lower throughput models, including ones that estimate
consumer exposure (Section 5.3.2) (Delmaar & Meesters, 2020; Delmaar et al., 2023; Wang et
al., 2023). Other exposure studies have grouped or proposed grouping chemicals by a variety of
properties or considerations, including exposure scenarios, chemical function, and toxicological
properties (Bopp et al., 2018; Cattaneo et al., 2023), but do not appear to have used this
grouping to fill data gaps.

In CO-3 (class-based exposure), empirical exposure measurements for indoor dust, handwipe,
personal air, and product emissions data were available for only a few of the PHOPs (Contract
BPA No. 61320622A0005, Call Order No. 61320622F2012). It was possible to estimate
consumer exposure using mechanistic models for all of the PHOPs that had product use data.
However, for the few data rich chemicals, the aggregate consumer exposure estimates based
on the mechanistic models were higher than the estimates for the same chemicals based on
reverse dosimetry from NHANES, suggesting an overinclusion of sources and the need for
further refinement of the modeling input parameters. Using indoor dust data, semi-quantitative
estimates of dose relative to data rich PHOPs were predicted for 21 PHOPs with product use
data; these dose estimates represented the dose from all sources related to indoor dust. Thus,
at least some estimate of dose (from consumer products and indoor dust sources) is available
for all of the PHOPs with use data.

In CO-1 (read-across), data on the PHOPs were evaluated based on five profiles: metabolite,
PBTK, physicochemical properties, mechanistic effects, and adverse effects. Five OFRs were
determined to be poor fits to the PHOP subclass, because they were outliers in the five
physicochemical and biological profiles (Contract BPA No. 61320622A0005, Call Order No.
61320622F2011). The remaining PHOPs were grouped as to the confidence that the chemical
belongs to the PHOP subclass. Four anchor chemicals with relatively well-defined profiles were
identified and rated as very high confidence; two additional chemicals were included in the very
high confidence category. The remainder of the chemicals in the subclass were divided about
evenly into categories of high and medium confidence that they are part of the PHOPs subclass.

Section 7 of the current report describes methods for class-based dose-response assessment,
including relative potency and read across approaches. These methods were described in
additional detail in the Subtask 2A report. Class-based dose-response assessment has been
used extensively in pesticide evaluations of cumulative risk of common mechanism groups and
using read across under REACH.

Of the four elements of the risk assessment paradigm, the dose-response assessment of the
PHOPs faces the largest data gaps. The available dose-response information on PHOPs has
been summarized and analyzed in prior reports. The Subtask 1A deliverable summarized
existing TRVs developed in authoritative assessments, and the Subtask 1B report reviewed the
toxicological literature to develop TRVs for chemicals with relevant in vivo data but no
authoritative TRV. The Subtask 1C report reviewed the transcriptomic data for the chemicals
considered in Subtask 1A and Subtask 1B, with the goal of using the transcriptomic data to fill
data gaps. However, the transcriptomic data were too limited to address data gaps, both
because the data were from only a small group of chemicals, and because most of the
transcriptomic data were not from the (potential) target tissues. The CO-1 Task 4B case study
report laid out a series of recommendations for targeted testing of the PHOPs identified as
belonging to the subclass with medium confidence or higher (i.e., all of the chemicals remaining
in the class after the chemicals with poor fits are excluded). After review of additional toxicity
data on this class as part of the current Call Order, this testing strategy continues to be
recommended.
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As such, for the current Call Order, it is likely that several different methods will be needed for a
class-based risk assessment, based on the approaches described in Section 8, depending on
the available data for the individual PHOP and confidence that the chemical is a member of the
subclass. For example, based on the available data, it is possible that an RPF approach could
be used for the PHOPs with some in vivo data, while read across from an analog may be the
only feasible approach for the PHOPs with limited data. For the PHOPs lacking any toxicity
data, it is possible that only a bounding analysis (i.e., evaluating the potential results using
plausible inputs from the extremes) can be done, comparing the modeled exposure with a
toxicity benchmark from an analog. The initial ideas presented here will need to be further
investigated in the context of the data for the specific chemicals in future work. Regardless of
the approach chosen, the overall assessment for each chemical will need to take into account
the overall weight of evidence. This analysis will need to consider the implications of data gaps
and ensure that the target chemicals are not more toxic than the analog used for read across,
based on the limited available data and any plausible trends or associations of available
parameters with toxicity. If such limited data indicate that using the analog data is not
sufficiently protective, but are insufficient of themselves for developing a TRV, then another
dose-response surrogate, such as the threshold of toxicological concern (TTC), would need to
be employed. In general, however, the TTC approach is expected to be a highly conservative
measure of toxicity, and so is usually used to show that a chemical exposure is not of concern,
or that more data is needed on the chemical, rather than saying that a particular exposure is of
concern.
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Appendix A. Literature Search String and Strategy

A.1. Peer Database Search
The peer database search was executed on 12/04/2023.

A.1.1.Describing Approaches to Perform Class-based Risk Assessment

A.1.1.1. PubMed
Search String:

("Risk Assessment/methods"[Mesh] OR "Risk Assessment/standards"[Mesh] OR Method*[ti] OR
Approach*[ti]) AND ("chemical class" OR “Chemical classes” OR "Chemical Grouping" OR “Chemical
Groupings” OR "Chemical Group" OR “Chemical Groups” OR “Surrogate chemical” OR “Surrogate
Chemicals” OR “Read Across” OR “Chemical Mixture” OR “Chemical Mixtures” OR “Combined exposure”
OR “combined exposures” OR “aggregate exposure” OR “Aggregate exposures” OR “Cumulative
Exposure” OR “Cumulative Exposures” OR ("Class-based"[tiab] AND Chemical*))

Limits: None

A.1.1.2. Web of Science
Search String:

TS=("Risk Assessment" AND (Standard* OR Method*)) AND TS=("chemical class" OR “Chemical
classes” OR "Chemical Grouping" OR “Chemical Groupings” OR "Chemical Group" OR “Chemical
Groups” OR “Surrogate chemical” OR “Surrogate Chemicals” OR “Read Across” OR “Chemical Mixture”
OR “Chemical Mixtures” OR “Combined exposure” OR “combined exposures” OR “aggregate exposure”
OR “Aggregate exposures” OR “Cumulative Exposure” OR “Cumulative Exposures” OR ("Class-based"
AND Chemical*))

Limits: None

A.2. Grey Literature Google Webscraping

All grey literature searches were executed on 12/04/2023. Table A-1 lists the grey literature sources that
were searched using the Google webscraping tool.

Table A-1. Grey Literature Sources

Source Type URL Domain
US Environmental Protection Agency (EPA) Federal, Regulatory epa.gov
National Institute of Environmental Health Sciences Federal, Research niehs.nih.gov
(NIEHS)
Centers for Disease Control and Prevention (CDC) Federal, Regulatory cdc.gov
National Technical Reports Library (NTRL) Federal, Repository ntrl.ntis.gov
National Academies of Sciences, Engineering, and NGO, Research nationalacademies.org
Medicine (NASEM)
National Institute for Public Health and the Environment International, Regulatory rivm.nl

(RIVM)




Source Type URL Domain

European Chemicals Agency (ECHA) International, Regulatory echa.europa.eu
European Food Safety Authority (EFSA) International, Regulatory efsa.europa.eu
Organisation for Economic Co-operation and International, Research oecd.org
Development (OECD)

Health Canada (HC) International, Regulatory canada.ca
Japanese Ministry of Health International, Regulatory mhlw.go.jp

A.2.1.Describing Approaches to Perform Class-based Risk Assessment
The below search string was used. Due to strict character limits in Google searching, the string was
edited from the peer database string

("Risk Assessment" AND (Standard* OR Method*)) AND ("chemical class" OR “Chemical classes” OR
"Chemical Grouping" OR "Chemical Group" OR “Surrogate chemical” OR “Read Across” OR “Chemical
Mixture” OR “Combined exposure” OR “combined exposures” OR “aggregate exposure” OR “Cumulative
Exposure” OR ("Class-based" AND Chemical))



Appendix B. Generative Artificial Intelligence
(GenAl) for Full Text Screening

B.1. Prompts Used for Full Text Screening

A set of 9 prompts were developed to categorize 10 expert curated PDFs according to topic. Subject
matter experts graded these prompts for accuracy against the seed studies and confirmed they were
sufficient for this subject matter topic. These 9 prompts were used to review the 545 peer reviewed
papers identified as containing potential approaches to performing class-based risk assessment.

Table B-1 provides an overview of the 9 prompts that were used for testing. Table B-2 lists the various
parameters used for the GenAl.

Table B-1. Final Prompt Questions

Variable Name Prompt

Exposure Does this paper estimate exposure, dose, or intake for a chemical with no to
limited data, or provide a method for doing so?

Physicochemical Does this paper use physicochemical properties (e.g., molecular weight, Kow,
Koa, Henry’s law constant, vapor pressure, solubility) to estimate exposure,
dose, or intake; or provide a method for doing so?

Material Type Does this paper extrapolate using material type to estimate exposure, dose, or
intake?
Hazard Property Does the paper discuss an approach for grouping chemicals based on hazard

property or adverse effect or toxic effect or apical effect or target organ or target
organ system?

Toxicokinetics Does the paper discuss an approach for grouping chemicals based on
toxicokinetics or how the body absorbs, distributes, metabolizes, and eliminates
specific chemicals?

Toicodynamics Does the paper discuss an approach for grouping chemicals based
toxicodynamics or mode of action or mechanism of action or adverse outcome
pathway or key characteristic of specific chemicals?

Weight of Evidence Does the paper describe the weight of evidence, considering the amount, type
(i.e., human or animal), and quality of studies?
Risk Estimate Does the paper discuss a framework for assessing a risk estimate or margin of

exposure or risk characterization ratio or hazard quotient or hazard index or
margin of safety?

Limitations Does the paper discuss a framework for assessing the limitations or assumptions
or uncertainties of a risk estimate or margin of exposure or risk characterization
ratio or hazard quotient or hazard index or margin of safety?

Table B-2. Final Parameters Used for GenAl Full Text Screening

Parameter Final Details

GenAl Claude version 3.0

Preamble Please act as a toxicologist. Wrap each response in an XML tag based on the prefix
'response' concatenated with the question number.

Post-amble If yes, justify your response with quotes. If you don't know, say "l don't know."
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