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SEPA High Throughput Risk

United States ) ® e 0 °
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» High throughput risk prioritization mg/kg BW/day
needs:

1.  high throughput hazard
characterization (e.g., ToxCast, Potential Hazard
Tox21) from in vitro

with Reverse

2. high throughput exposure forecasts Toxicokinetics

3. high throughput toxicokinetics (i.e.,
dosimetry)

» RED focuses on developing data and

tools to address 2) and 3) Potential
Exposure Rate

* We consider human AND ecological
exposures!
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Risk Risk
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o High Throughput Chemical Risk Prioritization
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High-Throughput
Risk
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o Application to U.S. EPA Endocrine
vEPA PP
Lt St oecion DISFUpPtoOr Screening Program (EDSP)

Agency

July and December 2014 FIFRA Scientific Advisory Panels reviewed research as it
applies to the Endocrine Disruptor Screening Program
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SEPA Application to U.S. EPA Endocrine
otted States Disruptor Screening Program (EDSP)

Environmental Protection
Agency

July and December 2014 FIFRA Scientific Advisory Panels reviewed research as it
applies to the Endocrine Disruptor Screening Program

SeqAPASS (Lalone, 2016)

N
HUMAN /\ ECOLOGICAL

HAZARD Human In Vitro Assays
(HTT/ToxCast) »

High
Throughput

Toxicokinetics
(Pearce, in press)
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mg/kg BW/day

Exposure Predictions
EXPOSURE | e ilo el o s

(Including SHEDS-HT)
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S EPA Application to U.S. EPA Endocrine
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1e+02 - ?* }ToxCast-derived
| ! Receptor Bioactivity

T"T.W,,IT

le-02 -

ER Oral Equivalent Dose /
Predicted Exposure

ToxCast Chemicals

« Prioritization as in Wetmore et al. (2015)

6 of 21 Office of Research and Development

L
RN |||||III|lII|II|III|I||II|||||1I| } Expocas

” I’ITITTTITTT.TTT’TTTTTT’” Converted to
t It

mg/kg/day with
HTTK

Exposure
Predictions

Near Field
Far Field

December, 2014 Panel:

“Scientific Issues Associated with
Integrated Endocrine Bioactivity and
Exposure-Based Prioritization and
Screening*



~ Toxicokinetics: High-Throughput
EPA Approaches for Prioritization
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_ High Throughput Toxicokinetics
“EPA (HTTK) for Statistical Analysis

Environmental Protection
A

R CRAN - Package httk x

& C 1Y | & Secure | https://cran.r-project.org/web/packages/httk/indexhtm Q% DB O

i Apps s DSStox (& Confluence ¢ JESEE -A EHP [ BattelleBox &) ORD Travel Request

httk: High-Throughput Toxicokinetics

Functions and data tables for simulation and statistical analysis of chemical toxicokinetics ("TK") using data obtained from relatively high throughput, in vitro studies. Both physiologically-based
("PBTK") and empirical (e.g., one compartment) "TK" models can be parameterized for several hundred chemicals and multiple species. These models are solved efficiently, often using compiled (C-
based) code. A Monte Carlo sampler 1s included for simulating biological variability and measurement limitations. Functions are also provided for exporting "PBTK" models to "SBML" and
"TARNAC" for use with other simulation software. These functions and data provide a set of tools for in vitro-in vivo extrapolation ("IVIVE") of high throughput sereening data (e.g., ToxCast) to
real-world exposures via reverse dosinetry (also known as "RTK").

Version: 1.7

Depends: R(=2.10)

Imports: deSaolve, msm, data.table, survey, mvtnorm, truncnorm. stats, utils

Suggests: ggplot2, knitr, rmarkdown, R.rsp, GGally, gplots, scales, EnvStats, MASS, RColorBrewer, TeachingDemos, classInt, ks, reshape2, gdata, viridis, CensRegMod, gmodels,
colorspace

Published: 2017-07-15

Author: John Wambaugh, Robert Pearce, Caroline Ring. Jimena Davis, Nisha Sipes. and R. Woodrow Setzer

Maintainer: John Wambaugh <wambaugh.john at epa.gov>

License: GPL-3 https://CRAN.R-project.org/package=httk
i it Can access this from the R GUI:

Materials: NEWS “Packages” then “Install Packages”
CRAN checks: httlk results

Downloads:

q = “httk” R Package for in vitro-in vivo extrapolation
ifgf?:;::; manual: hittl.pdf an d PBTK

Creating Partition Coefficient Evaluation Plots

Beedistributions = 553 chemicals to date

Global sensifivity analysis plofting = 100’s of additional chemicals being studied

Height and weight spline fits and residuals

Hematoerit spline fits and residuals = Pearce et al. (2017) provides documentation and

Serum creatinine spline fits and residuals Xam pl
Generating subpopulations exa €es

Exaluating HTTE odels for subpoplations = Built-in vignettes provide further examples of how

Generating Figure 2

Generating Figure 3 to use many functions

Plotting Howgate/Johnson data



https://cran.r-project.org/package=httk

wEPA Toxicokinetic IVIVE:

United States

Rgenay o Protection Convert HTS pM to mg/kg/day

* We use HTTK to
calculate margin
between bioactivity - e
and exposure for - . e

" o oe Malathion
Permethrin
specific populations Change in Risk -
Di-n-0ctyl phthalate
(CDC N HAN ES) Chlorethoxyfos
Pirimipnos—methyl
Diethylphthalate
Parathion
Chiorpyrifas—mettmyl
Diphenylenemethane
Ferthion
Pharate

B 'cthicathion

Coumaphos

Change in Activity : Exposure Ratio

24-d

mg/kg BW/day

Difutylpthalate
Ethion
Bisphenol-a

Potential hazard gr:gsapﬂr?nmthimc acid
from in vitro I Fhosmm et

Methy! parathion
converted to dose Quintozene
by HTTK —

Azinphos-methyl
Carbofuran
Propylparalen
Dicrotophos
Diazinon
Pertachiorophenal (=24-d)
| ] 2-pherylphencl
Disulfotan

Alrazine
Chlorpyrifos
Dimethyl phthalate
Carbary!

Acephate
Butylparaben

H I I
Potential Fyrene
Exposure Rate — Carpoaufan

Diethyltoluamide

p-tert-Octylphenal
Mitroberzene
tetalachlor
Acetochlor

p
Oga,/

Lower Medium Risk  Higher
Risk Risk
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SEPA Forecasting Exposure is a

United States )
gy Frocton Systems Problem
Consumer __— Chemical Manufacture
Data and Products, Articles,
= d USE Building Materials
orwar Environmental
Models _ elease
Direct Use Residential Use
(e.g., lotion) (e.g. flooring)
Air, Dust, Air, Soil,
MEDIA Surfaces dste Food <—— Water
EXPOSURE el sl Hele Dietary Far-Field Ecological
(MEDIA + RECEPTOR) Irect ndirect
RECEPTORS Ecological
Human Flora and Fauna
: MONITORING : ¢ : |
Evaluation DATA Biomarkers Media Samples Biomarkers
of Exposure of Exposure

XA Office of Research and Development



Chemical Use: Chemicals and Products
wEPA Database (CPDat)

United States
Environmental Protection
Agency

Contents lists available at ScienceDirect

Food and Chemical Toxicology

™ Fand and
Chmmieat
| Taicongy

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

Contents lists available at ScienceDirect

Toxicology Reports

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

ELSEVIER journal homepage: www.elsevier.com/locate/taxrep
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Exploring consumer exposure pathways and patterns of use @G‘Em
T.J). Buckley®, C.C. Dary*

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’,

Broad “index”
of chemical CPCat

uses (Chemical and
Product
Categories)

Occurrence and quantitative
chemical composition

Functional

Use Data
and

Predictions
Green Chemistry -

Occurrence data

View Article Online

PAPER View Journal | View lssue

COll LR T ey

INGREDIENTS: Water (Aqua), Sedium Lourein

I N g re d ie nt ®9u3sm_;;__t High-throughput screening of chemicals as

gylfate, Cocomide MEA, Ammonium Chioride, e oo e 2007 1 functional substitutes using structure-based
&W{mezmgmwnﬁﬂ Methycel 1063 7 classification modelst
Ciric Acid, Tocopheryl Acetate [Vitamin £ Ace-

Katherine A. Phillips,**¢ John F. Wambaugh,” Christopher M. Grulke,”
Kathie L Dionisio® and Kristin K._lsaacs®

1oiz], Metnylchloroisothiazalinane, Methyliso-
wazolinone, PPG-9, Blue 1 (C1 42080), Red
33(0117200).

o United States
. Environmental Protection Home
\’ Agency

Office of Research and Development ChemIStry DaShboard

Package ‘CPDat’



SEPA Classification Models for Chemical

Eﬁ\gfggigaetﬁél Protection F u n Cti O n
_ Prediction of
Chemical Structgre and Chemical Function Information Of Potential
Property Descriptors Functions for

Unclassified
Chemicals

lig. sys.
additive N

Physical and Chemical

Properties YES NO
Machine-Learning Based

Classification Models

™~

We have been able to build successful models for 41 functions
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SEPA High-Throughput Fc?rward Exposure
T A— Modeling

Agency

1e+03-

Chemical Residues in

Foods >

k)

CPDat
o

3

@

Chemical §
Ingredients and A anes )
Weight Fractions g

Consumer Product
Use Patterns

[i] 500 1000 1500 2000
Chemical

Relevant exposure factors
e.g. weight, bathing and hand
washing behaviors, hand-to mouth
behaviors)

Daily-level activity diary
¢ Time spentin microenvironments
* Energy expenditure (ventilation)

Public R Package “Sheds-HT”

Drescription The ShedsHT R package runs the Stochastic Human Exposure and Dose
Simulation-High Throughput screening mode | which estmates human exposume to a
wide range of chemicals The people in SHEDS-HT are simulaied individuals who

: collectively form a epresentative sample of the target population, as chosen by
StOChaStIC Human Exposure and Dose the user. The model is cross-sectional . with just one simuolated day (24 hours)
. . for each simulated person, although the selected day is not necessarily the same
Sl m u | at | O n M 0 d el from one person to another SHEDS-HT is stochastic, which means that mamy iwp‘uu{

ame sampled randomly from user-specified distributions that are intended to

capiure variahility. In the SHEDS series of models, variability and uncertainty

am typically handled by a bwo-stage Monte Carlo process, but SHEDS-HT curmenily
has a single stage and does not directly e stimate uncertainty.

13 of 21 i . .
JEERTET office of Research and Development Isaacs et al. (2014), Environmental Science and Technology



S EPA Consensus Exposure Predictions
\ Y4 .
Er?\:'tl?gnsr;?atﬁéjl Protection WIth the SEEM Framework

Agency

e We incorporate multiple models (including SHEDS-HT, ExpoDat) into consensus predictions for 1000s
of chemicals within the Systematic Empirical Evaluation of Models (SEEM) framework

e We evaluate/calibrate predictions with available monitoring data

* This provides information similar to a sensitivity analysis: What models are working? What data are
most needed? This is an iterative process.

* To date we have relied on median U.S. population exposure rates only

-

Estimate
Uncertainty l

Calibrate
models

Inference

Dataset 1 I T
e Model 1 - Joint Regression on Models = —— .

Model 2 =l

B L]

Wambaugh et al., 2013,2014 Evaluate Model Performance

and Refine Models . .
Office of Research and Development Integratlng M UItIpIe MOdeIS

Inferred Exposure




S EPA SEEM Results: Human Exposure
\’United States o 4 °
avonmena reion P r@dictions for 134,521 Chemicals

10* 7

P

21071 Y 4 e

{E’ Lowest NHANES limit of
o detection (LOD)

'E_, 1071 roughly corresponds to
S ~10°® mg/kg BW/day

LLI

£ 0

10 e
Chemical Rank ) _ )
95% confident that median population

Ring et al., in prep. .
would be <LOD for thousands of chemicals

XA Office of Research and Development



R Improving Exposure Pathway Characterization
wEPA and Model Evaluation: Non-Targeted Analyses of

United States
Environmental Protection

Agency Monitoring Data

Targeted Analysis:
e We know exactly what we’re looking for
e 10s—100s of chemicals

= Non-Targeted Analysis (NTA):

 We have no preconceived lists Z

e 1,000s —10,000s of chemical

= Ongoing consumer product scanning and
blood sample monitoring

1

T

= Development of significant in-house
capabilities

= @Goalis to develop tools, databases, and workflows for rapid analysis of any
sample for chemicals of interest, i.e. exposure forensics

= These monitoring data (and others) are being pushed into our public

databases, along with other data being curated with program office
partners

(X AW Office of Research and Development



)

EPA Non-Targeted Analysis Case Studies

United States
Environmental Protection

Agency House Dust:
e 56 houses
e 45% of confirmed chemicals not previously
studied in dust

&

4

ORD Tools for
Identifying Unknowns Dust Conc (/)

Chemicals Found in 2 50% of House Dust Samples

Chemistry
Dashboard

E———

A

T

Models for Functional
Use, Media Occurrence or
Transformation Products

Unique Chemicals (n=2250)

Database
(CPDat)

\

Bisphenol §:
32/56 samples
Med conc=0.5 pug/g

y Di(propylene glycol

dibenzoate:
35/56 samples

Med conc=2 pg/g

C.l. Disperse Yellow 3: :
33/56 samples .
Med conc= 1pg/g

17 of 21 i . .
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SEPA Non-Targeted Analysis Case Studies

United States
Environmental Protection

Agency Consumer Products:
5 examples each of 20 product types
1,632 chemicals, 1,445 were not present in the
Chemicals and Products Database

ORD Tools for

Identifying Unknowns Carpet

Carpet Padding
Fabric Upholstery

Articles Shower Curtain

Chemistry
Dashboard

Vinyl Upholstery
Plastic Children's Toy
Cotton Clothing

. . . Lipstick
Blodels for Functiond -gintat!velor Conflrlmgd Chemicals Toothpaste
Use, Media Occurrence of emicals currently in EPA exposure or Sunscreen
Transformation Products hazard-related databases Indoor House Paint

Glass Cleaner
Air Freshener

i i Hand Soap
. | | Skin Lotion
Formulations I [ .
: ! Shaving Cream
hemical and Products ! ! Baby Soap
Database i i Deodorant
(CPDat) | ! Shampoo

l |
I I
I |
I I

Foods | B
300 200 100 0
Unique Chemicals

kXA Office of Research and Development Phillips et al. (submitted)



SEPA Caveats to Non-Targeted Screening

United States
Environmental Protection
Agency

Small range for quantitation may lead

* Chemical presence in an object does not mean : .
to lead inaccurate concentration

that exposure occurs

8 1+ =053
* Only some chemical identities are confirmed, most are g ' - Prom
tentative 2 RO S Gecnomt
. . 7 - * hand soa
* Can use formulation databases and predictor models 5 | t b ﬂJ- . :ndooLhozse paint
arpe » : * lipstic
(e.g., Isaacs et al. (2016) and Phillips et al. (2017)) & \ MI o shampoo
B 102 . sh_aving_ cream
* Chemical presence in an object does not necessarily mean H ’l i Skinlotion.
that it is bioavailable # | toothpaste
[a]
e Can build emission models (e.g., Biryol et al., 2017) £ o .
* Product de-formulation caveats: .
e Samples are being homogenized and are extracted with
a solvent (dichloro methane, DCM) 015 e
118-56-9
® 118-60-5

e Only using one solvent (DCM, polar) and one method
(GCxGC-TOF-MS)

Exposure alone is not risk, need hazard data

® 131-57-7

0.05- -

Reported WF for Active Ingredients

0.01 0.02 0.03
SSA (GCXGC) Estimated WF

XA Office of Research and Development



“EPA EPA’s Non-Targeted | ¥/ Duke BRI
L , .
s reeon AANAlYSIS Collaborative

Agency

What NTA methods are available? What is the coverage of chemical NC STATE
universe and matrices? How do methods differ in their coverage?

The Chemical Universe Method 1

¢ EMORY eawag ABSCIEX

ﬂ SAN DIEGO STATE
UNIVERSITY

Trial (ENTACT) e

NIST Thermo

SCIENTIFIC

, ol Wisconsin State
UNIVERSITY @ Laboratory of Hygiene "
UNIVERSITY OF WISCONSTN-MADISON
5 0

UF [FLORIDA

4 . UNIVERSITYDF
Sinai BIRMINGHAM

Led by Jon Sobus and Elin Ulrich (EPA/NERL)

Phase 1:
e Collaborators provided 10
mixtures of 100-400 ToxCast

Method 2

(N AWl Office of Research and Development

chemicals each
* MS vendors provided with
individual chemical standards

Phase 2: Fortified reference house dust,
human serum, and silicone wristbands

See Sobus et al. "Integrating Tools for Non-Targeted Analysis Research
and Chemical Safety Evaluations at the US EPA” (JESEE, in press)



Moving Forward from Prioritization

<EPA

United States to RiSk Evaluation

Human Exposure Model

Environmental Protection
Agency

alo0BMe
(lETslalafzls)
Ao m
=0B&800a0
5880e90=

Product
Composition
(CPDat)

Residential
Characteristics

Product Use

Population
(Habits and Practices)

' Behavior and
Characteristics

Source-to-Dose
(based on SHEDS-HT)

Chemical Exposure Chemistry I
Dashboard
Office of Research and Development (d ays tO years)
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Classification Modeling Results
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Phillips et al., Green Chemistry., 2017, 19, 1063.
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wEPA Predicting Chemical Emissivity

United States
Environmental Protection
Agency

* As we discover new chemicals in our environment, we need to characterize exposure potential
e A proof of concept model (Biryol, et al.) has been developed for food migration, but now modeling
ExpoCast contract and NRMRL data for consumer products and articles of commerce

o 1e+03 = 2
- z
= R?=06
< B 1 /
o= g p=0.00018 q
> g
e e g
\E/ 1e+00 C?h} ; -4
Q 3 ?.(_ *
u e | [
D , g if / |
E ° - X . .n :.- - g W
o 1e-03{ . xR e g ¢ A
9 . Bt A % .
=2 £
% k5 Pathway
o 5 @ BOTH
= ) 2 ecp
1e-03 1e-01 1e+01 2 8 o FC
Predicted migration (mg/inch?) 10 " " ”

Log inferred median exposures (mg/kg-BW/day)

Results of the HT model for migration SHEDS-HT Predicted aggregate
of packaging chemicals into food exposures

Biryol et al. (2017)
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