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* The Office of Research and Development (ORD) is the scientific research arm of EPA
* 543 peer-reviewed journal articles in 2019

* Research is conducted by ORD’s four national centers, and three
offices organized to address:
* Public health and env. assessment; comp. tox. and exposure;
env. measurement and modeling; and env. solutions and
emergency response.

* 13 facilities across the United States

* Research conducted by a combination of Federal
scientists (including uniformed members of the
Public Health Service); contract researchers; and
postdoctoral, graduate student, and post-
baccalaureate trainees

Credit: the Research Triangle Foundaig

ORD Facility in
Research Triangle Park, NC
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“What is there that is not poison? All things are poison and nothing is
without poison. Solely the dose determines that a thing is not a

poison” — Paracelsus (1493-1541)

Complications (adapted from Grandjean, 2016):
* Many thousands of chemicals in the environment
* Developmental windows of susceptibility
*Confounding benefits (nutrition vs. toxicity)

* Genetic variability in susceptibility
* Variability in exposure (occupational, heavy users)

“From a public health viewpoint, toxicology needs to
provide better guidance on decision-making under
ever-present uncertainty” — Grandjean (2016)

Office of Research and Development

AL viou SEr% WVS ESSE POTESTY
;Im‘- 5 SH:A 4

- N
35 S

| AHKIM » EFFIGIES #SVE +ATATIS # -*w j‘

| ts A B -




\e’EPA Three Components for Chemical Risk in the
Crvironman: United States

Environmental Protection
Agency
The U.S. EPA oversees the U.S. Toxic Substances
Control Act (TSCA), which regulates most non-
drug and non-food chemicals

EPA must determine risk to the
general public, sensitive, and

Risk occupationally-exposed populations
Assessment
in the Federal The U.S. National Academy
(""{'l""","'.'."". of Sciences, Engineering
Managing o
_the Progress and Medicine (1983)
N Chemical Risk outlined three components
for determining chemical

|OM
risk

Dose-Response Exposure

NRC (1983) (Toxicokinetics

/Toxicodynamics)
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wEPA Decision-Making Under Ever-Present

United States

Eg\éir:g\r;mental Protection Uncertainty

* There are roughly 10,000 TSCA-relevant chemicals in me/ke BW/day

commerce

—Traditional methods are too resource-intensive to
Potential Hazard

address all of these from in vitro with

Reverse

» Therefore, high throughput risk prioritization needs: Toxicokinetice

1. High throughput hazard characterization
(Dix et al., 2007, Collins et al., 2008)

2. High throughput exposure forecasts otentia
otentia
(Wambaugh et al., 2013, 2014; Ring et al., 2019) Exposure Rate

3. High throughput toxicokinetics (i.e., dose-response
relationship) linking hazard and exposure
(Wetmore et al., 2012, 2015)

Lower Medium Higher
Office of Research and Development Risk Risk Risk



e’UEESA New Approach Methodologies (NAMs)

Environmental Protection
Agency

* NAMs include:
e High throughput screening (ToxCast)
* High throughput exposure estimates
(ExpoCast)
* High throughput toxicokinetics
(HTTK)

 TSCA was updated in 2016 to allow more
rapid evaluation of chemicals

Chemical

Researchin
ToXicology

@, Cite This: Chem. Res. Toxicol. 2018, 31, 287-290 pubs.acs.org/t

Accelerating the Pace of Chemical Risk Assessment
Robert J. Kavlock,T Tina B:]h:ldori;r Tara S. B:m:on-I'\f[:ld:]rfrn}.'-:E Maureen R. 'G‘.n.rinn;r Mike Rﬂsenberg,§

and Russell S. Thomas*!

ABSTRACT: Changes in chemical regulations worldwide have
increased the demand for new data on chemical safety. New
approach methodologies (NAMs) are defined broadly here as
including in silico approaches and in chemico and in vitro assays,
as well as the inclusion of information from the exposure of
chemicals in the context of hazard [European Chemicals
Agency, “New Approach Methodologies in Regulatory Science”,
2016]. NAMs for toxicity testing, including altematives to
animal testing approaches, have shown promise to provide a
large amount of data to fill information gaps in both hazard
and exposure. In order to increase experience with the new
data and to advance the applications of NAM data to evaluate
the safety of data-poor chemicals, demonstration case studies

Accelerating the Pace of Chemical Risk Assessment

APCRA 2.

AN

* TSCA Proof of concept: Examine ~200 chemicals with ToxCast, ExpoCast and HTTK
* Toxicokinetics was rate limiting factor on number of chemicals in study
* A Proof-of-Concept Case Study Integrating Publicly Available Information to Screen Candidates for

Chemical Prioritization under TSCA”

Office of Research and Development




wEPA High-Throughput Bioactivity /3#‘__?*

United States

mpangy o oot Screening Projects FDA M) o
= High throughput screening (HTS) for in vitro bioactivity Tox 7 /
potentially allows characterization of thousands of chemicals for "8G C fANTP

which no other testing has occurred \m/

In vitro Assay AC50 \

l

= Tox21: Examining >8,000 chemicals using ~50 assays intended to
identify interactions with biological pathways (Schmidt, 2009)

~

= ToxCast: For a subset (>2000) of Tox21 chemicals ran >1100
additional assays (Kavlock et al., 2012)

Response

Concentration

= Most assays conducted in dose-response format (identify 50%
activity concentration — AC., — and efficacy if data described by a | with Uncerainy
Hill function, Filer et al., 2016)
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= All data are public: http://comptox.epa.gov/dashboard/ K Concentration (M) /
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EPA The Margin Between Exposure and Hazard

United States
Environmental Protection

Agency
1000 1000 in vivo

= ’ estimated or measured
in vitro 100 100 =2 average concentrations

o associated with the LOAEL
Each “Box and s 9 in animal studies
whisker” plot 5 10 10 pt
indicates e ' E &> NOAEL in animal studies
median and E o
range of active E 1 L * 1 E . Humans with chronic
concentrations E % O = exposure reference values
across (then) -E 0.1 % 0.1 E (solid circles)
615 ToxCast ; e .

|~ b4 @y Volunteers using products
assays t— A il .. .
A E containing the chemical
0.01 A - 001 <
£ 4+ Biomonitored occupational
A
0.001 0.001 populations
Triclosan MBP MEHP PFOA 2,4-D

[Qﬂfﬁlﬁ} {E‘fﬁlS} {35;515} {24;515} {1{};515} A\ General populations
(

Y
This study was limited to five chemicals by general population data on exposure

Office of Research and Development Aylward and Hays (2011)
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wEPA New Approach Methodologies and Exposure

United States
Environmental Protection
Agency

HMECHA “NAMs were taken in a broad context to include
: in silico approaches, in chemico and in vitro

New Approach Methodolog I as the inclusi . ¢

in Regulatory Science assays, as well as the inclusion of information

from the exposure of chemicals in the context of
hazard assessment”

Proceedings of a scientific works
Helsinki, 19—20 April 2016

USl:ImG l “...the committee sees the potential for the
21ST CENTURY application of computational exposure science to
SCIENCE be highly valuable and credible for comparison
TO IMPROVE and priority-setting among chemicals in a risk-
RISK-RELATED based context.”

EVALUATIONS

Office of Research and Development Slide from Kristin Isaacs



EPA NAMs for Toxicokinetics: HTTK

Environmental Protection
Agency

In vitro toxicokinetic data + generic toxicokinetic model
= high(er) throughput toxicokinetics

? - v - v - ;;@ - Ef—gﬂ_ CLmetab
Gut L — Primary —
% = ut Lumen Compartment —
= GFR
‘ ‘ ‘ it ka bs
1: 2 - i - :’: - p ’M- 2-:?.

= hittk
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Open-Source Tools and Data for HTTK
https://CRAN.R-project.org/package=httk

R CRAN - Package httk

< &

5 Apps (&

Confluence

x  +

8 cran.r-project.org/web/packages/httk/index.html

@ Absence Request B Bitbucket

= O X

Q % 0o» @

A caiTac

(&) CompTox Dashboard @ Article Request % Travel Forms

httk: High-Throughput Toxicokinetics

Generic models and chemical-specific data for simulation and statistical analysis of chemical toxicokinetics
Pearce et al. (2017) <doi:10.18637/j35.v079.i04=. Chemical-specific in vitro data have been obtained from r|
experiments. Both physiologically-based ("PBTK") and empirical (for example, one compartment) "TK" mi
parameterized with the data provided for thousands of chemicals, multiple exposure routes, and various spe¢
of systems of ordinary differential equations which are solved using compiled (C-based) code for speed. A N
included. which allows for simulating human biological variability (Ring et al., 2017 <dei:10.1016/j.envint.
propagating parameter uncertainty. Calibrated methods are included for predicting tissue:plasma partition cq
distribution (Pearce et al., 2017 <doi:10.1007/s10928-017-9548-7>). These functions and data provide a set

vivo extrapolation ("TVIVE") of
dosimetry (also known as "RTK"

Version:
Depends:
Imports:
Suggests:

Published:
Author:

Maintainer:
BugReports:

AEHP & G

2.03
R (=2.10)
deSolve, msm, data.table, survey, mvtnorm, fruncnorm, stats, graphics, utils, magrittr,

classInt, ks, stringr, reshape, reshape2. gdata, viridis, CensRegMod, gmodels, colorspad
dplyr, forcats, smatr, gtools, gridExtra

ggplot2. knitr, rmarkdown, R.rsp, GGally, gplots, scales, EnvStats, MASS, RColorBrew

downloads 1071/month P

2020-09-25

John Wambaugh [aut, cre], Robert Pearce [aut]. Caroline Ring
Sfeir [aut], Matt Linakis [aut], Jimena Davis [ctb], James Sluka
Wetmore [ctb], Woodrow Setzer [ctb]

John Wambaugh <wambaugh.john at epa.gov=

[aut]. Greg
[cth], Nisha Si

R package “httk”

Open source, transparent, and peer-
reviewed tools and data for high
throughput toxicokinetics (httk)
* Available publicly for free statistical
software R
Allows in vitro-in vivo extrapolation
(IVIVE) and physiologically-based
toxicokinetics (PBTK)
*  Human-specific data for >1000 chemicals
*  Oral, intravenous, and inhalation
exposure routes
*  Described in Pearce et al. (2017)

lmps

/github.com/USEPA/CompTox-ExpoCast-httk
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NAMs for Exposure:

E:\I/tlsc?nsng?ztr?tsal Protection H igh T h ro u gh p Ut M Od e I S OCCupationaI

for example:
ChemSteer

Exposure Pathways

Agency
Consumer Other Industry -« Chemical Manufacturing and Processing
Products and - Z 1
Durable Goods Environmental
0 Release
Direct Use  Residential Use S Ambient
(e.g., su cleaner) (e.g. ,flooring) Ocpupationa Waste
. Use —
indoor Air, Dust, “ ;E; —_— =
SULEses Food A Outdoor Air, Soil, Surface
Water and g_rprﬂnd Water
ear-Field Near-Field e . I
EXPOSURE " rield NeapFiek ’ |  ravrid zmucTc,u
@ccupational
Consumer UP ’
Consumers W’
Populations
Target Populations
Global scale
H air
Fa r'f|EId Continental scale
air
(the world)
for example:.__ L urban air

Rosenbaum et al. (zodk)ﬂ

Office of Research and Development

® . it

Location  Number  Workforce Use Structure  Properties

N/

bt = @ &= [

Chemical
Leaming Profile .
Source Release
Estimates

Facility
o Machine

9 High-throughput implementation of EPA

: Generic =) m occupational models will enable rapid
orker. Scenario Ambient predictions for workers exposure

Meyer et aI (2018)

Near-field
\.l '( (the home)

Dletary

T~ Incidental Ingestion for exam p I e.
Direct Direct
= Ingestion of halation Of‘\saacs et al (2014)
Product Vapor from ‘
\ \ Product / II \
\ Direct
Direct <+ Inhalatlo
Dermal n of
Appllcatlon Aerosol
Of Product From
Indirect Exlnd ; :t —
Exposure to posure to 4/
Constant
h E Bolus Emission of
Applied Down the
Product Drain Che '{K
Release of
Chemical
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SEPA Selecting the Appropr.late Model
AT Depends on Chemical Use

Agency Exposure Pathways
RO Oihorindusy S
S Enironmenta Occurrence of Chemicals in Retail Products
., D use  Res ::rfiilhéisupationa N \AJb;em >2000 chemicals with Material Safety Data Sheets
B P oy, o e Goldsmith et al., 2014

Indoor Air, Dust,
Surfaces Water

| | Food —

and Ground Water
—

EXPOSURE "o NearFied o,faf\n:ﬂa\ / jeld  Ecological T";
Consumer /’ CCUP ational 2 - I
e c .
Consumers F:p.:l:;'.;n S m g . I L n
Target Populations 3 !- -
— I
Z i I " .I -l [ |
T L " " -
* Different chemicals are involved in different > =" g " N -
; . i - - o
exposure pathways S - .
. H . ; ﬂh [ | _.
 Some pathways have much higher average :
W Apparel B Health
exposgres! ™ Auto and Tires ™ Home
* Near field sources have been known to be ™ Baby ® Home Improvement
: : m  Beauty E Patio and Garden
important at least since 1987 — see Wallace, et al. ™ Craft and Party ™ Peis
m Electronics B Sports and Outdoors
B Grocery = Toys
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0N 1 ?
\.’EPA How Can \fve Know Chemical Use?
E:\I/ti?gn?rﬁ%tr?tsal Protection Chemlcal Property NAMS

Aro—— . OPEN: Data Descriptor: The Chemical and
] Contents lists available at ScienceDirect EReeut :
' . Products Database, a resource for
. exposure-relevant data on
: chemicals in consumer products
Occur r en ce an d Rec:z:d;:; :(::I izi Kathie L. Dionisio®, Katherine Phillips!, Paul 5. Price?, Christopher M. Grulke?,
quantitative chemical

* Antony Williams?, Derya Biryol™*, Tao Hong" & Kristin K. Isaacs"
og o
composition

SCIENTIFIC D AT A

Food and Chemical Toxicology

FLSEVIER journal homepage: www.ealsevier.com/locate/foodchemtox

Published: 10 July 2018 -

Development of a consumer product ingredient database for chemical @Cmsm,k
exposure screening and prioritization

M.-R. Goldsmith**, C.M. Grulke ?, R.D. Brooks ", T.R. Transue *, Y.M. Tan?, A. Frame %, P.P. Egeghy *,

R. Edwards 9, D.T. Chang?, R. Tornero-Velez *, K. Isaacs *, A. Wang *%, ]. Johnson?, K. Holm#, M. Reich’,
J. Mitchell &, D.A. Vallero®, L. Phillips ®, M. Phillips %, ].F. Wambaugh %, R.S. Judson ?,
T.J. Buckley®, C.C. Dary*

Green Chemistry "

View Article Onli
PAPER o

®90_55n{ay High-throughput screening of chemicals as
] functional substitutes using structure-based

Cite this: Green Chemn., 2017, 19, e -

1063 classification modelst

Broad “index” of chemical uses

Contents lists available at ScienceDirect N N
Katherine A. Phillips,*** John F. Wambaugh,® Christopher M. Grulke,

Kathie L. Dionisio® and Kristin K. Isaacs®

Toxicology Reports

ELSEVIER journal homepage: www.elsevier.com/locate/toxrep

AT Tad 1 EINN The roles that
Use Data chemicals serve in
products

mnca& ac “ “qu ® Cite This: Environ. Sci. Technod. 2015, 52, 3125-3135 pubs.acs.org/fest

Suspect Screening Analysis of Chemicals in Consumer Products

Katherine A. 1"]1illip5|.+ Alice ‘.(’au,¢ Kristin A. Favela,” Kristin K. Isaacs,” Andrew McEachmn,§'||
Measu red Christopher Grulke,' Ann M. Richard," Antony J. Williams," Jon R. Sobus," Russell S. Thomas,"

and John F. Wambaugh*'"
Data

Chemistry Dashboard

Exploring consumer exposure pathways and patterns of use (!)Cm,m
for chemicals in the environment

Kathie L. Dionisio?, Alicia M. Frame" !, Michael-Rock Goldsmith =2,
John F. Wambaugh®, Alan Liddell ~-*, Tommy Cathey*, Doris Smith®,
James Vail?, Alexi S. Ernstoff¢, Peter Fantke®, Olivier Jolliet!,

Ingredient

.
Joumal of Exposure Sclence and Environmental Epidemiclogy (2018) 28, 216-222 Llsts
© 2018 Mature America, Inc, par of Springer Mature. All rights reserved 1359-D631/18

www.nature.com/jes

ORIGINAL ARTICLE
Consumer product chemical weight fractions from
ingredient lists

Kristin K. Isaacs’, Katherine A. Phillips’, Derya Biryol'?, Kathie L. Dionisio' and Paul S. Price’

L . .
ccurrence Measurement of chemicals in

consumer products

Office of Research and Development  Slide from Kristin Isaacs httpS:/Icom ptOX.epa.gOV/daSh boal‘d



EPA

United States
Environmental Protection
Agency

Chemical Structure and
Property Descriptors

= =

Office of Research and Development

additive

additive_for_liquid_system
1

Use Database (FUSE)

additive_for_rubber

¥

adhesion_promoter

antimicrobial

antioxidant

Machine Learning NAMs for Exposure

“...machine learning can be

thought of as inferring plausible

antistatic_agent

| | | |
additive 4 . . . "
1 = T additive adhesion anti- anti- antistatic
additive for liquid . g .
g for rubber promoter microbial oxidant agent
system
buffer catalyst chelator colorant crosslinker emollient emulsifier
1 1 |
buffer Il catalyst || chelator colorant crosslinker emollient I emulsifier ||
—— | ——— | ——
emulsion_stabilizer film_forming_agent flame_retardant flavorant foam_boosting_agent foamer fragrance
] ] 1
. film foam
1 emulsion . flame .
AF forming flavorant boosting foamer fragrance
stabilizer retardant
agent agent
e | | e | e
hair_t i hair_dye heat_stabilizer icating_agent masking_agent monomer
| ]
1 hair condi- = heat lubricatin maskin
. hair dye . humectant uhicating g monomer
1 tioner stabilizer agent agent
| ——— |
oral_care I organic_pigment | oxidizer perfumer ph_stabilizer I I plastic I
rgani i H hoto- T
oral care o_ g e oxidizer perfumer p. . .p. ? 2 plasticizer
pigment stabilizer initiator
| |
preservative reducer rheclogy_moditer skin_conditioner skin_protectant soluble_dye solvent
| 1 |
] pre- rheology skin condi- skin soluble
. reducer o . solvent
1 _servative modifier tioner protectant dye
—— | )| ey | | m——l|
surfactant ubiquitous uv_absorber vinyl viscosity_controlling_agent wetting_agent whitener
] | [ | |
viscosit
— uv . .y wetting .
surfactant ubiquitous vinyl controlling whitener
- absorber L oent agent

Machine Learning Based Classification Models
(Random Forest, Breiman, 2001)

models to explain observed
data.” Gharamani (2015)

Prediction of
Of Potential
Alternatives from
Chemical Libraries

Phillips et al. (2017)



vEPA Evaluation NAMs for Exposure:
nited States
Ervronmental Potactor The SEEM Framework

* We use Bayesian methods to incorporate multiple models into consensus predictions for
1000s of chemicals within the Systematic Empirical Evaluation of Models (SEEM)

(Wambaugh et al., 2013, 2014; Ring et al., 2018) [ >
Apply calibration and estimated uncertainty to
% other chemicals
o Estimate
& | Uncertainty Calibrate Ty %
< models BN .l'( 1 _Hurnc?n&path
Chemicals (\ £ 7 | l":;' prediction is.an
with Xposure gy : N
. o -« Different A LN ulh [ example of
Monitorin Inference - s, £Y
g - . g
Data @ f Chemicals { mtegratmg
£\ -1 Tm.,. multiple models
Dataset 1 - B
Dataset 2 \[eLISINEN BN Available Exposure Predictors : =
Model 2
Evaluate Model Performance
and Refine Models 3
|
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wEPA Chemical Prioritization NAMs

United States
Environmental Protection

gency

High throughput in vitro
screening can estimate doses

' needed to cause bioactivity
|;|, ﬁ (for example, Wetmore et al., 2015)

10 - 5 ‘ L, H é'_*-%" =+
H | B | Tﬁaﬁaﬁﬁ%ﬁ%jégﬂ% é dﬁﬁ;éé Exposure intake rates can

L

>

(7p]

o)

Q

<

L

o

Q

3]

= id

o = . . )

0 = it $ e éﬁ be inferred from
Q. (g0} o . = i .

52 103 | |2 é ap : biomarkers

v E (for example, Ring et al., 2018)
(@) B

Sz | /

Y, | mg/kg BW/day
5 g -

© — 107 .

2 10 Potential

g. Hazard from

L in vitro with

© Reverse

8 Toxicokinetic

© S

g - c i S o o I i S ' Potential

1 Chemicals Monitored by CDC NHANES Exposure

Ll Rate

Lower Medium Higher

Office of Research and Development Ring et al. (2017) Risk Risk Risk



EPA Summary

United States
Environmental Protection
Agency

= We must consider exposure to identify chemical risk — for

example, windows of developmental susceptibility and
occupational exposure

mg/kg BW/day

Potential hazard
from in vitro

converted to dose

= Inthe U.S. both the toxic potency (hazard) and the magnitude
of the exposure is needed to calculate risk

e There are thousands of chemicals in commerce and the
environment without these data

* New approach methodologies (NAMs) are being developed to
prioritize these existing and new chemicals for testing

* These NAMs include TK and exposure (Wambaugh et al., 2019)

If the uncertainty in these tools is properly evaluated and
quantified, we can inform public health decision making

Office of Research and Development

by HTTK

Potential
Exposure Rate

Lower Medium Higher
Risk Risk Risk

The views expressed in this presentation are those of the authors
and do not necessarily reflect the views or policies of the U.S. EPA
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