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gr?\ifti?gnsn:aetr?tsal Protection Chemical RiSk =
Hazard x Exposure
« National Research Council (1983) identified chemical risk as a mg/kg BW/day

function of both inherent hazard and exposure

 To address thousands of chemicals, we need new approach Potehtia.l Hazafrd
methodologies (NAMs) that can inform prioritization of from in vitro with

) o Reverse
chemicals most worthy of additional study Toxicokinetics

« High throughput risk prioritization needs:

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

2. High throughput exposure forecasts (Wambaugh et al.,
2013, 2014)

3. High throughput toxicokinetics (i.e., dose-response

relationship) linking hazard and exposure (Wetmore et al., Llower  Medium Risk Higher
2012, 2015) Risk Risk
m Office of Research and Development




SEPA High-Throughput Risk Prioritization

United States
Environmental Protection
Agency

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

High throughput screening
(HTS) for in vitro bioactivity
allows characterization of
thousands of chemicals for
which no other testing has
ToxCast: For a subset (>2000) Hazard occurred

of Tox21 chemicals ran >1100

additional assay endpoints

(Kavlock et al., 2012) High-Throughput

Risk

( Prioritization
. — Rl
W it Toxicokinetics Exposure

m Office of Research and Development
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gr?\ifti?gnsn:aetr?tsal Protection Rapid Exposure and DOSimetry
“ExpoCast’” Research

Agency

We are systematically addressing the areas contributing the greatest uncertainty to high throughput
exposure methods:

" Procurement and Mining of Exposure-Related Data for Support of Rapid Exposure Tools
 New Databases (such as CPdat)
» Suspect screening and non-targeted analysis (SS/NTA)

= High Throughput Toxicokinetics (HTTK) for Rapid Dosimetry

" Development and Evaluation of High-Throughput Human and Ecological Exposure Models
e SHEDS-HT: High Throughput Stochastic Human Exposure Dose Simulator

= Statistical Methods for Model Evaluation and Calibration

* High throughput exposure models calibrated to exposure biomarker data (SEEM)

m Office of Research and Development



SEPA High Throughput Toxicokinetics (HTTK)

United States
Environmental Protection
Agency

TK relates external
exposures to internal
tissue concentrations of
chemical

Toxicokinetics (TK) describes
the Absorption, Distribution,
Metabolism, and Excretion
(ADME) of a chemical by the
body High-Throughput
Risk
Prioritization

Toxicokinetics Exposure

6 of 43 Office of Research and Development
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Definition:

B — In Vitro - In Vivo Extrapolation (IVIVE)

IVIVE is the utilization of in vitro experimental data to predict mg/kg BW/day

phenomena in vivo

* IVIVE-PK/TK (Pharmacokinetics/Toxicokinetics): Hazardpz)c:(e)rr:lqu
* Fate of molecules/chemicals in body vitro with IVIVE
e Considers absorption, distribution, metabolism, excretion
(ADME)

* Uses empirical PK and physiologically-based (PBPK) modeling

Potential
Exposure Rate

* |VIVE-PD/TD (Pharmacodynamics/Toxicodynamics):
» Effect of molecules/chemicals at biological target in vivo
» Assay design/selection important
* Perturbation as adverse/therapeutic effect, reversible/
irreversible

* Both contribute to predict in vivo effects

7 of 43 Office of Research and Development

Lower Medium Risk Higher
Risk Risk

Slide from Barbara Wetmore



SEPA High-Throughput Toxicokinetics (HTTK)

Environmental Protection
Agency

* Most chemicals do not have TK data — we use in vitro HTTK methods adapted from pharma to fill gaps
* In drug development, HTTK methods estimate therapeutic doses for clinical studies — predicted
concentrations are typically on the order of values measured in clinical trials (Wang, 2010)

o> — | — =

Human Intrinsic Hepatic
Hepatocytes Clearance (Cl,,)

(10 donor pool) ] - In Vitro - In YIvo
Measurements require chemical- ERIGETLIEL)

specific methods for quantitation

~

" -
= A Predicted Plasma
% — — e Concentrations
L_J Rotroff et al. (2010) 35 chemicals
Human olasrma Protein Wetmore et al. (2012) +204 chemicals
Plasma Binding (f,,) Wetmore et al. (2015) +163 chemicals

(6 donor pool)

Office of Research and Development .
Figure from Barbara Wetmore
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/(R CRAN - Package itk X |

-

Open Source Tools and Data for HTTK

https://CRAN.R-project.org/package=httk

a = O pod

< C (O | & Secure

Confluence I3 JESEE

https://cran.r-project.org/web/packages/httk/index.htm

E Apps -:-} D5Stox (2

httk: High-Throughput Toxicokinetics

A EHP E Battelle Box &3 ORD Travel Request

Journal of Statistical Software

July 2017, Volumme 76, lasue 4.

& 0o H O

doi: 10,1867 e, w079.304

-v-r An Intuitive Approa »

httk: R Package for 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 varability and measurement limitations. Functions are also provided for
exporting "PBTK" models to "SBML" and "JARNAC" for use with other simulation software. These functions
and data provide a set of tools for in vitro-in vivo extrapolation ("TVIVE") of high throughput screening data

Robert G. Pearce
.5, Environmental
Protection Agency

R. Woodrow Setzer
U5, Environmental
Protection Agency

Cory L. Strope
U.5. Environmental
Protection Agency

Nisha S. Sipes
National Institute of
Environmental Health Sciences

John F. Wambaugh
U5, Environmental
Protection Agency

(e.g.. ToxCast) to real-world exposures via reverse dosimetry (also known as "RTK").

Office of Researc dﬂwnluads 1‘94l||rmﬂnth

Version: 1.8

Depends: R (=2.10)

Imports: deSolve, msm, data.table, survey, mvtnorm. truncnorm, 3

Suggests: goplot2, knitr, rmarkdown. R.rsp. GGally, gplots, scales, i
RColorBrewer, TeachingDemos, classInt. ks, reshape2. g
gmodels, colorspace

Published: 2018-01-23 °

Author: John Wambaugh. Robert Pearce. Caroline Ring. Jimena I
Woodrow Setzer

Maintainer: John Wambaugh <wambaugh john at epa.gov= °

R package “httk”

Open source, transparent, and peer-reviewed tools and data
for high throughput toxicokinetics (httk)

Currently 579 chemicals with human in vitro TK data, and 97
chemicals with rat data

Allows in vitro-in vivo extrapolation (IVIVE), reverse
dosimetry, and physiologically-based toxicokinetics (PBTK)



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

SEPA
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"’UEI?SA Life-stage and Demographic Specific Predictions

Environmental Protection

Agency Change in Activity:Exposure Ratio
* We can calculate e
margin between mglkg BWiday e

Malathion

bioactivity and exposure —— i
for specific populations

Chlorethoxyfos

. Pirimiphos-m ety

Poten?lal !—laza_rd Diethylprthalate

from in vitro with Parathion
Reverse Chlorpyrifos-methyl

Toxicokinetics Digherylenemethane

* Use biometrics from o
NHANES to simulate TK Coumaghos
variability

Dibutylphthalate
Ethion
Bisphenol-a
Lindane
Fhosphonothioic acid
Fhosmet
Methyl parathion
Quintozene
AzZinphos-rm ety
Carafuran
FPropylparaben
Dicrotophos
Diazinon
Pentachlorophenol (=24-d)
2-pheryliphenal
Disulfoton
Atrazing
Chlorpyrifos
Dimethyl phthalate
Carbaryl
Acephate
B Butylparaten
Pyrene
I I Paranen
Cartosulfan
Diethyltoluarmide
p-tert-Octylphenol
Mitroberzene
Metolachlor

0.5 0 05 Acetochlor

Change in Risk Relative to
Total Population

Potential Exposure
from ExpoCast
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wEPA Building Confidence in HTTK

United States
Environmental Protection
Agency

New in vivo TK data was collected by
“...the steady-state, peak, and EPA/NHEERL (Mike Hughes) and RTI (Tim Fennell)
time-integrated plasma
concentrations of non- i -y R —
pharmaceuticals were OXFORD ﬁgu)x}:m;‘;ﬁm;ﬂ /ﬁ?n Years, s
predicted with reasonable
accuracy... HTTK and IVIVE
methods are adequately robust
to be applied to high

throughput in vitro toxicity
screening data of John F. Wambaugh,*" Michael F. Hughes,' Caroline L. Ring,**?

Denise K. MacMillan," Jermaine Ford,” Timothy R. Fennell,® Sherry R. Black,’
_ I Rodney W. Snyder,’ Nisha S. Sipes," Barbara A. Wetmore,! Joost
chemicals for prioritizing based Westerhout,! R. Woodrow Setzer,* Robert G. Pearce,** Jane Ellen Simmons, '

on human health risks.” and Russell S. Thomas*

TOXICOLOGICAL SCIENCES, 163(1), 2018, 152-169

Evaluating In Vitro-In Vivo Extrapolation of
Toxicokinetics

environmentally-relevant

We are working to identify and areas of greatest (most impactful)
uncertainty and reduce these uncertainties with new data and methods

P XIX XM Office of Research and Development



<EPA Evaluating HTTK

United States
Environmental Protection
Agency

W*ij 100% Bioavailability Assumed /
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=

Invivo estimated Cpq.

In vitro predicted Cqx

* gy _ & Other
Foute Chemical
4 po ® Pharmaceutical

XXX Office of Research and Development
Wambaugh et al. (2018)



<EPA Evaluating HTTK

United States
Environmental Protection
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LI XM Office of Research and Development
Wambaugh et al. (2018)
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Evaluating HTTK

Invivo estimated Cpq.

Impact of Oral Bioavailability Data
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- jy Other
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Greg Honda (NCCT) made a SOT2018 presentation on using Caco2 in vitro

data to predict absorption for ~300 ToxCast chemicals

Wambaugh et al. (2018)
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= EPA is developing a public database of
concentration vs. time data for building,
calibrating, and evaluating TK models

= Curation and development ongoing, but
to date includes:

e 198 analytes (EPA, National
Toxicology Program, literature)

* Routes: Intravenous, dermal, oral,
sub-cutaneous, and inhalation
exposure

= Database will be made available through
web interface and through the “httk” R
package

all data:

https://github.com/USEPA/CompTox-ExpoCast-invivoPKfit

Concentration {ug/mL)

104

10°%

102

10°

10°

107

107

107

10

In Vivo TK Database

0

I NIX XM Office of Research and Development

10

20

Time (hr)

= Standardized, open source curve fitting software invivoPKfit used to calibrate models to

30

Measured data allows evaluation of new models

blood
plasma
urine
exhaled

8

2000

1800

1600

1400

Sayre et al., in preparation


https://github.com/USEPA/CompTox-ExpoCast-invivoPKfit

SEPA New HT-PBTK Models

United States
Environmental Protection
Agency

* We are working to augment the basic HT-PBPTK model with
new PBTK models

* Each model will be released publicly upon peer-reviewed

Standard httk 1.8 PBTK Model pu b||cat|0n
] o
) .
——cutBoer * Pre-publication models can be shared under a MTA
& : Liver Blood Qliver . .
z ey T * We assume there will be coding errors and over-
« [€——g=___Tissue Blood O T -y . o . . . . .
S simplifications, so each publication involves curation of
< Rest-of-Body Blood |« S‘r_':‘h:/

evaluation data from the scientific literature and through
statistical analysis

* In Vivo TK (Concentration vs. Time) database (Sayre et al.) is
critical to these efforts

VA XM Office of Research and Development



SEPA New HT-PBTK Models

Environmental Protection
Agency

Standard httk 1.8 PBTK Model
—> Lung Blood i1l ot B

Gut Blood <

Liver Tissue
it
(== LiverBiood
CL .
Q|iver
Kidney Tissue

41 Tissue Blood &
Qger

Venous Blood
poo|g [eLRMY

Rest-of-Body

Qrichly

A

Rest-of-Body Blood |«

Non-Exposed Skin Tissue

Non-Exposed Skin Blood

ﬂk A
A A

Exposed Skin Blood
Exposed Skin Tissue

Dermal Exposure Route
EPA, Unilever, INERIS

XXX Office of Research and Development



SEPA New HT-PBTK Models

Environmental Protection
Agency

| haled air |

. v
G a s I n h a Iatlon | Lung Arterial Blood %—

Exposure Route e —
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Linakis et al., in. prep
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-
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Standard httk 1.8 PBTK Model

= Lung Blood el .4 B
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Liver Blood
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QIi\/er
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4—1= Tissue Blood f) ;
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A

Rest-of-Body Blood |«

Non-Exposed Skin Tissue

Non-Exposed Skin Blood |«
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ﬂk y N

Exposed Skin Blood
Exposed Skin Tissue

Dermal Exposure Route
EPA, Unilever, INERIS
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SEPA New HT-PBTK Models

United States
Environmental Protection
Agency
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SEPA New HT-PBTK Models

United States
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SEPA New Exposure Data and Models

United States
Environmental Protection
Agency

In order to address
thousands of chemicals
from limited information,
we are working to
evaluate and develop high
throughput models for
consumer, occupational,
and ambient pathways

High throughput screening + in vitro-in vivo
extrapolation (IVIVE can predict a dose
(mg/kg bw/day) that might be adverse

High-Throughput
Risk
Prioritization

To date, most efforts have
focused on consumer
pathways

Toxicokinetics Exposure

ryX ¥ Office of Research and Development



SEPA Limited Available Data for
Exposure Estimations

Environmental Protection
Agency
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Data Type

Office of Research and Development « Most chemicals lack exposure data (Egeghy et al., 2012)



SEPA Forecasting Exposure is a Systems Problem

United States
Environmental Protection
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Consumer Other Industry . — Chemical Manufacturing and Processing

Products and

USE and RELEASE Durable Goods

Environmental
Release

Residential Use

(e.g., surface cleaner) (e.g. ,flooring) Occupationa Waste \

MEDIA Indoor Air, Dust, Surfaces Drinking % Outdoor Air, Soil, Surface and
Ground Water
EXPOSURE Near-Field Near.-FieId Occtpa oot
(MEDIA + RECEPTOR) ndirect
RECEPTOR

Office of Research and Development ] ..
Figure from Kristin Isaacs



SEPA Forecasting Exposure is a Systems Problem

United States
Environmental Protection

Agency
Chemical Manufacturing and Processin
Consumer Other Industry «— | = =
Products and
USE and RELEASE Durable Goods Environmental
Release
Direct Us Residential Use
(e.g., surface cleanef)  (e.g. ,fFOTing) Occupationa Waste
Use /N
MEDIA Indoor Air, Dust, Surfaces Drinking % Outdoor Air, Soil, Surface and
Watgr Ground Water
EXPOSURE Near-Field Near-Field _ I
(MEDIA + RECEPTOR) ndirect cologica
RECEPTOR
Media Samples

MONITORING o :
- lomarkers
DATA Biomarkers of Exposure

of Exposure

Sampling
Office of Research and Development ] ..
Figure from Kristin Isaacs



SEPA Consumer Pathways

United States
Environmental Protection
Agency

Consumer Other Industry . — Chemical Manufacturing and Processing

Products and
Durable Goods

.

USE and RELEASE

Environmental
Release

Residential Use

(e.g., surface cleaner)  (e.g.,flooring) Occupationa Waste \

MEDIA Indoor Air, Dust, Surfaces Drinking % Outdoor Air, Soil, Surface and
Watgr Ground Water
EXPOSURE Near-Field Near-Field
: E
(MEDIA + RECEPTOR) ndirect cological
RECEPTOR
Media Samples
MONITORING - .
. ijomarkers
DATA Biomarkers of Exposure

of Exposure

Sampling
Office of Research and Development ] ..
Figure from Kristin Isaacs



wEPA Chemical and Products Database (CPDat)

United States
Environmental Protection

Raency https://comptox.epa.gov/dashboard/

New database of chemical and product information
= General uses, functional uses, product ingredients and compositions

Data on 75,000 chemicals and 15,000 consumer products
Data available via individual chemical search or via bulk download the CompTox Chemistry Dashboard

SCIENTIFIC DAT A

- C’hem|ca|s | OPEN: Data Descriptor: The Chemical and
| . Products Database, a resource for
Names and Structures EXPOSUI'E relevant data On

.o‘.\\ﬂ“swg @@UW[@T(@X( chEmicals in consumer products
@h@lﬁfﬂﬁ@ﬁﬁ’y Received: 16 October 2017 :

Accepted: 30 Apri 2018 | Kathie L. Dionisio”, Katherine Phillips*, Paul 5. Price’, Christopher M. Grulke?,
"o Dashboard

¢ Antony Williams®, Derya Biryol™*, Tao Hong" & Kristin K. Isaacs®
YN XM Office of Research and Development @ Package ‘CPD&t’

cleaning

Published: 10 July 201& :
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United States
Environmental Protection

Agency e W .
Broad “index” of chemical uses

Contents lists available at ScienceDirect

Toxicology Reports Y

ELSEVIER journal homepage: www.elsavier.com/locateftoxrep

Exploring consumer exposure pathways and patterns of use
for chemicals in the environment

® CrossMark
Kathie L. Dionisio?, Alicia M. Frame ™!, Michael-Rock Goldsmith*?,
John E. Wambaugh®, Alan Liddell**, Tommy Cathey?, Doris Smith®,
James Vail®, Alexi S. Ernstoff®, Peter Fantke®, Olivier Jolliet',

CPCat

(Chemical
and Product
Categories)

Joumal of Expasure Sclence and Environmental Epidemiclogy (2018) 28, 216-222
© 2018 Mature America, Inc., part of Springer Nature. All rights reserved 1359-0631138

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’

Occurrence data Lists

Ingredient

Chemical Use: Chemicals and Products Database (CPDat)

Occurrence and quantitative chemical composition

Contents lists available at ScienceDirect

Food and Chemical Toxicology

ELSEVIER journal homepage: www.alsevier.com/locate/foodchemtox
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High-Throughput Stochastic Human Exposure and

Dose Simulation Model (SHEDS-HT)

= High-throughput model for simulating population exposures to chemical in consumer products via
multiple product types, scenarios, and routes

= Provided publicly as an R package

= R package, code, and default input files for consumer products (derived from CPDat) available at:
https://github.com/HumanExposure/SHEDSHTRPackage

Title To run the SHEDS-HT screening model for estimating human exposure to
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Version 0.1.1
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wEPA Consensus Exposure Predictions

United States

Rgengy ! Protection with the SEEM Framework

« Different exposure models incorporate knowledge, assumptions, and data (MacLeod et al., 2010)

* We incorporate multiple models (including SHEDS-HT, ExpoDat) into consensus predictions for 1000s of chemicals within the Systematic
Empirical Evaluation of Models (SEEM) (Wambaugh et al., 2013, 2014)

* Evaluation is similar to a sensitivity analysis: What models are working? What data are most needed?

D

Estimate
Uncertainty l

Calibrate
models

Inference

Inferred Exposure

Dataset 1

e Model 1 Joint Regression on Models :
Model 2

Evaluate Model Performance Hurricane Path Prediction is an
Office of Research and Development and Refine Models Example of Integrating Multiple Models
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Jon Arnot, Deborah H. Bennett, Peter P. Egeghy, Peter Fantke, Lei Huang, Kristin K. Isaacs, Olivier Jolliet, Hyeong-
Moo Shin, Katherine A. Phillips, Caroline Ring, R. Woodrow Setzer, John F. Wambaugh, Johnny Westgate

o%

EPA Inventory Update Reporting and Chemical Data  USEPA(2018) 7856 All
. Reporting (CDR) (2015)
R Stockholm Convention of Banned Persistent Organic  Lallas (2001) 248  Far-Field Industrial and Pesticide
Pollutants (2017)
EPA Pesticide Reregistration Eligibility Documents Wetmore et al. (2012, 2015) 239 Far-Field Pesticide
URRARI (REDs) Exposure Assessments (Through 2015)
United Nations Environment Program and Society for Rosenbaum etal. (2008) 8167 Far-Field Industrial
l lC DAV'S Environmental Toxicology and Chemistry toxicity
UNIVERSITY OF CALIFORNIA model (USEtox) Industrial Scenario (2.0)
A R USEtox Pesticide Scenario (2.0) Fantke et al. (2011, 2012, 2016) 940 Far-Field Pesticide
e I EXAS : —
A oo Risk Assessment IDentification And Ranking (RAIDAR) Arnotetal. (2008) 8167 Far-Field Pesticide
DTU Danmarks Far-Field (2.02) | ‘ _
Tekniske EPA Stochastic Human Exposure Dose Simulator High Isaacs (2017) 7511 Far-Field Industrial and Pesticide
<o Universitet Throughput (SHEDS-HT) Near-Field Direct (2017)
P ST SHEDS-HT Near-field Indirect (2017) Isaacs (2017) 1119 Residential
<£”. ° 0_{% FugaCIty_based |NdOOr Exposure (FINE) (2017) (Bzeonlnze)tt et al. (2004), Shin et al. 645 Residential
:C:% M 5 RAIDAR-ICE Near-Field (0.803) Arnot et al., (2014), Zhang et al. 1221 Residential
% I’ (2014)
):ql PRO“?'O USEtOX Res|dent|a| Scenarlo (2.0) Jolliet et al. (2015), Huang et al. 615 Residential
(2016,2017)
Office of Research and Deveiuy USEtox Dietary Scenario (2.0) Jolliet et al. (2015), Huang et al. 8167 Dietary
(2016), Ernstoff et al. (2017)




\elUEI?SA Knowledge of Exposure Pathways Limits
High Throughput Exposure Models

Environmental Protection
Agency

“In particular, the
assumption that
100% of [quantity o s e ion o e i o spraion fornon ot ppore. (©)

emitted, applied, or NSt

ingested] is being gcv'ﬂu"’“ "JH'_ ubs
applied to each iencelechnolog

individual use
scenario is a very

Risk-Based High-Throughput Chemical Screening and Prioritization
using Exposure Models and in Vitro Bioactivity Assays

conservative H}rmng—Munlﬂhin,*'% Alexi Emsl:::-l:f,a'ﬁ Jon A ﬂmc-t,lu"# Barbara A. Wetmur-:,? Susan A. Csiszar,”
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many compound /
use scenario pairs.”
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EPA Reducing Uncertainty by Predicting Pathways

Environmental Protection
Agency

We use the method of Random Forests to relate chemical structure and properties to exposure pathway

NHANES Chemicals
Negatives

OOB Error Rate
Positives Error Rate
Balanced Accuracy

Sources of Positives Sources of Negatives

Dietary 2523 8865 27 32 73 FDA CEDI, ExpoCast, CPDat Pharmapendium, CPDat (non-
(Food, Food Additive, Food food), NHANES Curation
Contact), NHANES Curation

Near-Field 1622 567 26 24 74  CPDat (consumer_use, CPDat (Agricultural, Industrial),
building_material), ExpoCast, FDA CEDI, NHANES Curation
NHANES Curation

Far-Field 1480 6522 21 36 80 REDs, Swiss Pesticides, Pharmapendium, Industrial

Stockholm Convention, CPDat Positives, NHANES Curation
(Pesticide), NHANES Curation

Pesticide

Far Field 5089 2913 19 16 81  CDRHPV, USGS Water Pharmapendium, Pesticide
Occurrence, NORMAN PFAS, Positives, NHANES Curation
Stockholm Convention, CPDat

(Industrial, Industrial_Fluid),

NHANES Curation Ring et al., under revision

Industrial

EX X ¥ Il Office of Rese



s EPA Pathway-Based Consensus Modeling

Environmental Protection
Agency

0] R®=0.816
= Machine learning models

were built for each four
exposure pathways

10 Al %%’@ Pathway(s)
. Dietary, Pesticide, Industnial
Dietary, Residential
<> Dietary, Residential, Industrial
£+ Dietary, Residential, Pesticide
%/ Dietary, Residential, Pesticide, Industrial

= Pathway predictions can be
used for large chemical

Consensus Model Predictions

libraries " Indusirl
1071 A Pesticide, Indusirial
Residential
. . Residential, Industrial
= Use prediction (and accuracy Residential, Pesficide
Residential, Pesticide, Industrial
of prediction) as a prior for
Bayesian analysis g

= Each chemical may have
exposure by multiple
pathways

7Y F:X M Office of Research and Development

107" 107 107

Intake Rate (mg/kg BW/day) Inferred from
NHANES Serum and Urine Ring et al., under revision
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ol a 1976 chemicals 101 b
>0.1 mg/kg bw/day

Pathway(s)

= Dietary

O Dietary, Industrial

< Dietary, Pesticide

£ Dietary, Pesticide, Industrial

%7 Dietary, Residential

B Distary, Residential, Industrial
# Distary, Residential, Pesticide
A Dietary, Residential, Pesticide, Industrial
# |ndustrial

O Pesticide

- Pesticide, Industrial

£ Residential

+ Residential, Industrial

* Residential, Pesticide

<» Residential, Pesticide, Industrial
%7 Unkmown

685383 chemicals
N <0.1 mg/kg bw/day

681574 chemicals
=1 pg/kg bwiday |

107% 10741

Population Median Intake Rate (mg/kg bw/day)
Population Median Intake Rate (mg/kg bw/day)
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Chemical Rank Ring et al., under revision
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wEPA Suspect Screening and Non-

United States

i Targeted Analysis (SSA/NTA)

= We are working to reduce the uncertainties in
high throughput exposure models. To do this we
would like to to:

® |ncreasing the chemical diversity of the
biomonitoring data that the models are
calibrated against

= Better characterize what we are exposed to

= New SSA/NTA analytical chemistry methods allow
simultaneous identification of many chemicals in
a single sample (Sobus, et al., 2017)

= EPA has applied SSA/NTA methods to house dust
(Rager et al., 2016), drinking water filters -
(Newton et al., 2017) and household products “I'm searching for my keys.”
(Phillips et al., 2018)

XM Office of Research and Development



YEPA Developing Pathway-Specific Chemical Data

Environmental Protection
Carpet — [ H—

Agency
Carpet Padding

In order to use models
like SHEDs-HT we must
approximately know the
composition of
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household items Cotton Clothing =
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Of 1,632 chemicals | i Shampoo LT
. . I | | | !
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not present in CPCPdb  Foods
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Unique Chemicals log10(ug/g)

Phillips et al. (2018)
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wEPA Suspect Screening and Non-

United States

i Targeted Analysis (SSA/NTA)

* |In order to characterize the reliability of SSA/NTA techniques, the EPA is leading a collaborative trial across
more than two dozen academic and industry laboratories

 EPA’s Non-Targeted Analysis Collaborative Trial is starting with synthetic mixtures formulated from the
ToxCast library — will eventually look at wristbands, standard reference material (SRM) house dust, and

SRM human plasma ToxCast g T
Chemicals EPA’s Non- % AT BERTA .= UCDAVIS
Targeted Analysis ,\ BBBB N(}HAMUNT\ERS]TYOFCALIFLOFN\II:A
. . Collaborative Trial COLORADOT: CHO Q}_L'f.‘:-FI’*"IINESS;y "”a:
EPA collaborative trial (ENTACT) @
Reference ‘ EMORY FE@ UF
WorkShOp was hEld House Dust D k UNIVERSITY m
. NC STATE Mount
August 13-15 in G “\., N snff
ResearCh Triangle Park, Reference ‘ E PacIfIC o
Human Serum )Jv sty s e
NC, USA N VCA ©) s
Reference AB SCIEX
Silicone Wristbands ‘

LY Office of Research and Development
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Suspect Screening of Human Tissues

We propose databases for five categories of substances found in human biomonitoring samples:

1) endogenous metabolome,
2a) exogenous nutrients,

2b) markers of exposure to exogenous nutrients,

3a) xenobiotics, and
3b) markers of exposure to xenobiotics

Substances are defined by their biological
function, and are expected to be
structurally heterogeneous. Some
compounds can appear in more than one
category. For example, cholesterol: it is
present in cellular membranes (1), from
consumption of animal fat (2a), or as an
effect of glucocorticoid medication (3b).

ELNJ XM Office of Research and Development
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EPA Ambient Pathways (Human and Ecological)

United States
Environmental Protection

Agency
Chemical Manufacturing and Processin
Consumer Other Industry S R s 8
Products and
USE and RELEASE Durable Goods Environmental
Release
Direct Us Residential Use
(e.g., surface cleaner)  (e.g. ,fForing) Occupationa Waste \
Use e
MEDIA Indoor Air, Dust, Surfaces Food k Drinking '& Outdoor Air, Soil, Surface and
Watgr Ground Water
EXPOSURE Near-Field Near-Field ] I
(MEDIA + RECEPTOR) ndirect M
RECEPTOR
Media Samples

MONITORING o :
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DATA Biomarkers of Exposure

of Exposure
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Figure from Kristin Isaacs
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SEPA Ecological SEEM @oe

irnot

Chemicals Dataset Watersheds
n=91 Setzer et al., (in prep)
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LyNC Bl  Office of Research and Development 2 0 . .
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SEPA Occupational Pathways

United States
Environmental Protection
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= High throughput screening (HTS) provides bioactivity data for thousands of chemicals as a surrogate for hazard, but
you also need exposure and toxicokinetics to assess risk

= Toxicokinetics for IVIVE provides real world context to hazards indicated by HTS

* Using in vitro methods developed for pharmaceuticals, we can predict TK for large numbers of chemicals, but we
are currently limited by analytical chemistry

= High throughput exposure approaches can make coarse predictions of exposure
* We are actively refining these predictions with new models and data
* In some cases, upper confidence limit on current predictions is already many times lower than predicted hazard

= We are working to systematically identify and address those areas contributing the greatest uncertainty

= All data being made public:
* R packages “httk”, “CPDat”. “SHEDS-HT”
* The Comptox Chemicals Dashboard: http://COmptOX.EPB.gOV/

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