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Park et al. (2012): At least 3221 chemical signatures
in pooled human blood samples, many appear to be
exogenous

A tapestry of laws covers the chemicals people are
exposed to in the United States (Breyer, 2009)

Different testing requirements exist for food
additives, pharmaceuticals, and pesticide active
ingredients (NRC, 2007)

Most other chemicals, ranging from industrial waste
to dyes to packing materials, are covered by the
Toxic Substances Control Act (TSCA)
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Chemical Regulation in the United States
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We touch them,
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But which ones should
we worry about?
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“Translation of high-throughput
data into risk-based rankings is an
important application of exposure
data for chemical priority-setting.
Recent advances in high-
throughput toxicity assessment,
notably the ToxCast and Tox21
programs... and in high-throughput
computational exposure
assessment... have enabled first-tier
risk-based rankings of chemicals on
the basis of margins of exposure...”

“...The committee sees the
potential for the application of
computational exposure science to
be highly valuable and credible for
comparison and priority-setting
among chemicals in a risk-based
context.”

THE NATIONAL ACADEMIES PRESS
Washington, DC
www.nap.edu

January, 2017
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* Centers for Disease Control and Prevention (CDC) National Health and Nutrition Examination Survey
(NHANES) provides an important tool for monitoring public health

* Large, ongoing CDC survey of US population: demographic, body measures, medical exam,
biomonitoring (health and exposure), ...

* Designed to be representative of US population according to census data

» Data sets publicly available (http://www.cdc.gov/nchs/nhanes.htm)

* |ncludes measurements of: \,

e Body weight
* Height
*  Chemical analysis of blood and urine

inNanes
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Reverse Dosimetry (Tan et al., 2006)
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* Human chemical exposures can be coarsely grouped into “near field” sources that are close to the
exposed individual (consumer or occupational exposures) “far-field” scenarios wherein individuals
are exposed to chemicals that were released or used far away (ambient exposure) (Arnot et al., 2006).

A model captures knowledge and a hypothesis of how the world works (MaclLeod et al., 2010)

 EPA’s EXPOsure toolBOX (EPA ExpoBox) is a toolbox created to assist individuals from within
government, industry, academia, and the general public with assessing exposure
* Includes many, many models
https://www.epa.gov/expobox

“Now it would be very remarkable if any system existing in the real world could be exactly represented by
any simple model. However, cunningly chosen parsimonious models often do provide remarkably useful
approximations... The only question of interest is ‘Is the model illuminating and useful?’” George Box
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wEPA Consensus Exposure Predictions with the
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* Different exposure models incorporate knowledge, assumptions, and data (MaclLeod et al., 2010)

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

e Evaluation is similar to a sensitivity analysis: What

| . models are working? What data are most needed?

Calibrate
models

Estimate
Uncertainty l

-
‘ T FEM
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Y e roosune

Inference
- Hurricane Path
L Model 1 Joint Regression on Models . .- .
S Prediction is an
Model 2

Evaluate Model Performance Example. of
and Refine Models Integrating

Multiple Models

Inferred Exposure

=
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Multiple regression models:

Log(Parent Exposure) = a + m * log(Model Prediction) + b* Near Field + €

1

€~ N(0, o)
Residual error,
unexplained by
the regression

model

Inferred Exposure

Weighted HTE Model Predictions
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<EPA SEEM is a Linear Regression
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Multiple regression models:

Log(Parent Exposure) = a + m * log(Model Prediction) + b* Near Field + €

1

Not all models have predictions
for all chemicals
* We can run SHEDS-HT
(Isaacs et al., 2014) for
~2500 chemicals

Inferred Exposure

What do we do for the rest?
e Assign the average value?
e Zero?

Weighted HTE Model Predictions

Office of Research and Development



EPA

Umted States
A(

Wambaugh et al., 2013 — ,/
H A 1/
1e-04 - o . //
A A /I
/
| i /
x 5
o .
§ # NearField
SHEH earFie

o

1e-07 -
|_|>j © -o- Far Field
o —a- Near Field
= - A
‘E 7

1e-10 -

R2 =0.14
| | 1 |
1e-10 1e-07 1e-04 1e-01

Model Predicted Exposure

Office of Research and Development

First Generation SEEM

Those chemicals with
“near-field” — proximate,
in the home, sources of
exposure — had much
higher rates of exposure
than those with sources
outside the home
(Wallace et al., 1986)

The only available “high
throughput exposure
models in 2013 were for
far-field sources
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1e.03 - Wambaugh et al. (2014) _ - //
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R2= 0.5
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R?= 0.5 indicates that we can predict
50% of the chemical to chemical
variability in median NHANES
exposure rates

Same five predictors work for all
NHANES demographic groups
analyzed — stratified by age, sex, and
body-mass index:

Industrial and Consumer use
Pesticide Inert

Pesticide Active

Industrial but no Consumer
use

Production Volume
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R?= 0.5 indicates that we can predict
50% of the chemical to chemical
variability in median NHANES

exposure rates

Same five predictors work for all
NHANES demographic groups
analyzed — stratified by age, sex, and
body-mass index:

* Industrial and Consumer use

* Pesticide Inert

* Pesticide Active

* Industrial but no Consumer

use
* Production Volume



Ring et al., 2019

\“'}EPA Collaboration on High Throughput Exposure Predictions

United States

Environmental Protection Jon Arnot, Deborah H. Bennett, Peter P. Egeghy, Peter Fantke, Lei Huang, Kristin K. Isaacs, Olivier Jolliet,
Agency Hyeong-Moo Shin, Katherine A. Phillips, Caroline Ring, R. Woodrow Setzer, John F. Wambaugh, Johnny Westgate
o Chemicals
@ e Predictor Reference(s) Predicted Pathways
Arnot Research & Comsuitine | EPA INVENtOrY Update Reporting and Chemical Data US EPA (2018) 7856 All
Reporting (CDR) (2015)
Stockholm Convention of Banned Persistent Organic Lallas (2001) 248 Far-Field Industrial and
Pollutants (2017) Pesticide
UNIvERSITY OF EPA Pesticide Reregistration Eligibility Documents (REDs) Wetmore etal. (2012, 2015) 239 Far-Field Pesticide
Exposure Assessments (Through 2015)
UC DAVIS United Nations Environment Program and Society for Rosenbaum et al. (2008) 8167 Far-Field Industrial
Environmental Toxicology and Chemistry toxicity model
UNIVERSITY OF CALIFORNIA ) )
— (USEtox) Industrial Scenario (2.0)
_Ab TEXAS USEtox Pesticide Scenario (2.0) Fantke et al. (2011, 2012, 2016) 940 Far-Field Pesticide
‘,\‘ ARLINGTON
Risk Assessment IDentification And Ranking (RAIDAR) Amot et al. (2008) 8167 Far-Field Pesticide
[JTl) panmarks Far-Field (2.02)
oo lckniske EPA Stochastic Human Exposure Dose Simulator High Isaacs (2017) 7511 Far-Field Industrial and
oo Umiversitet |y oughput (SHEDS-HT) Near-Field Direct (2017) Pesticide
GVEP STape SHEDS-HT Near-field Indirect (2017) Isaacs (2017) 1119 Residential
;3' ) Fugacity-based INdoor Exposure (FINE) (2017) Bennett et al. (2004), Shin et al. (2012) 645 Residential
) M ¢ RAIDAR-ICE Near-Field (0.803) Arnot etal., (2014), zhang et . {2014) 1221 Residential
%‘\4/]. 0«\0? USEtox Residential Scenario (20) Jolliet et al. (2015), Huang et al. (2016,2017) 615 Residential
4L proT® USEtox Dieta ry Scenario (20) Jolliet et al. (2015), Huang et al. (2016), 8167 Dietary
Ernstoff et al. (2017)
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“In particular, the
assumption that 100%
of [quantity emitted,
applied, or ingested] is
being applied to each
individual use scenario
IS @ very conservative
assumption for many
compound / use
scenario pairs.”
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Throughput Exposure Models

This is an apen access article published under an ACS AuthorChoice License, which permits
copying and redistribution of the article or any adaptations for noncommercial purposes,
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Risk-Based High-Throughput Chemical Screening and Prioritization
using Exposure Models and in Vitro Bioactivity Assays
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R?= 0.5 indicates that we can predict
50% of the chemical to chemical
variability in median NHANES

exposure rates

Same five predictors work for all
NHANES demographic groups
analyzed — stratified by age, sex, and
body-mass index:

* Industrial and Consumer use

* Pesticide Inert

* Pesticide Active

* Industrial but no Consumer

use
* Production Volume
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SEEM3

Pathway
— Consumer Yes/No

— Dietary Yes/No

____ Far-Field
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____ Far-Field

_ Yes/No
Industrial

¥
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— USEtox
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Unknown
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EPA Developing Pathway-Specific Chemical Data
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NHANES Chemicals

Negatives

Dietary 24 2523 8865
Near-Field KL 1622 567
Far-Field 94 1480 6522
Pesticide

Far Field 42 5089 2913

Industrial

Office of Research and Development

OOB Error Rate

27

26

Positives Error Rate

32

24
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73

74

80

81

Sources of Positives

FDA CEDI, ExpoCast, CPDat
(Food, Food Additive, Food
Contact), NHANES Curation

CPDat (consumer_use,
building_material), ExpoCast,
NHANES Curation

REDs, Swiss Pesticides,
Stockholm Convention, CPDat
(Pesticide), NHANES Curation

CDR HPV, USGS Water
Occurrence, NORMAN PFAS,
Stockholm Convention, CPDat
(Industrial, Industrial_Fluid),
NHANES Curation

Predicting Exposure Pathways

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

Sources of Neg

Pharmapendium, CPDat (non-
food), NHANES Curation

CPDat (Agricultural, Industrial),
FDA CEDI, NHANES Curation

Pharmapendium, Industrial
Positives, NHANES Curation

Pharmapendium, Pesticide
Positives, NHANES Curation

Ring et al., 2019



Pathway-Based Consensus Modeling of NHANES
wEPA 4 5

United States ; 2
Environmental Protection 10°1 R==0.816

Agency RMSE = 0.929
= Machine learning models

were built for each of four

exposure pathways
10771
Pathway(s)

~ Consumer

I Consumer, Industrial
Consumer, Pesticide
Consumer, Pesticide, Industrial
Dietary, Consumer
Dietary, Consumer, Industrial
Dietary, Consumer, Pesticide
Dietary, Consumer, Pesticide, Industrial
Dietary, Pesticide, Industrial
Industrial

. = Pesticide

il Pesticide, Industrial

= Pathway predictions can be
used for large chemical

libraries
10 7

= Use prediction (and accuracy
of prediction) as a prior for
Bayesian analysis

Consensus Model Predictions
* p e 0B <] |

= Each chemical may have
exposure by multiple
pathways

107 107° 107

Intake Rate (mg/kg BW/day) Inferred from
NHANES Serum and Urine Ring et al., 2019

13
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\eIEPA Consensus Modeling of Median Chemical Intake
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=  We extrapolate to predict relevant
pathway(s), median intake rate, and credible

interval for each of 479,926 chemicals

= Of 687,359 chemicals evaluated, 30% have
less than a 50% probability for exposure via
any of the four pathways and are considered
outside the “domain of applicability”

= This approach identifies 1,880 chemicals for
which the median population intake rates
may exceed 0.1 mg/kg bodyweight/day.

JEXEEEN Office of Research and Development

Population Median Intake Rate (mg/kg bw/day)

104-

10—4.

1880 chemicals
>0.1 mg/kg bw/day

10 10°
Chemical Rank

Pathway(s)
All Four
[ Cons., Ind.
{> Cons., Pest.
/\ Cons., Pest., Ind.
/ Consumer
B Diet,
® Diet,
A Diet,
¢ Diet,
[ Diet,
O Diet,
Dietary

Cons.
Cons., Ind.
Cons., Pest.
Ind.

Pest.

Pest., Ind.

Industrial
Pest., Ind.
Pesticide

Ring et al., 2019



\eIEPA Consensus Modeling of Median Chemical Intake
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=  We extrapolate to predict relevant
pathway(s), median intake rate, and credible
interval for each of 479,926 chemicals

101 a 1880 chemicals 104 b
>0.1 mg/kg bw/day

Pathway(s)

* All Four

14 Cons., Ind.
Cons., Pest.

/\ Cons., Pest., Ind.

/ Consumer

B Diet, Cons.

@ Diet, Cons,, Ind.

A Diet, Cons., Pest.

= Of 687,359 chemicals evaluated, 30% have
less than a 50% probability for exposure via
any of the four pathways and are considered
outside the “domain of applicability”

11 478046 chemicals
<0.1 mg/kg bw/day

Population Median Intake Rate (mg/kg bw/day)
Population Median Intake Rate (mg/kg bw/day)

o o Dt g o
= This approach identifies 1,880 chemicals for o rest s
which the median population intake rates e
may exceed 0.1 mg/kg bodyweight/day. . o
10°® 10°®
= There is 95% confidence that the median
intake rate is below 1 pg/kg BW/day for
474,572 compounds.
10 10° 10°  1x10° 2x10° 3x10° 4x10° 5x1
Chemical Rank Chemical Rank

Office of Research and Development Ring et al., 2019
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Conclusions

* We can make chemical-specific estimates of intake rate for hundreds of thousands of chemical
* Only predicting median intake rate (and even that has large uncertainty)
* Synthesizing as many models and other data as we can find

Models incorporate Knowledge, Assumptions and Data (Macleod, et al., 2010)

 The trick is to know which model to use and when

* Machine learning models allow educated guesses

possible

JEZXIEEN Office of Research and Development

We are using existing chemical data to predict pathways
* Not all chemicals fit within the domain of applicability
* Need better training data for random (non-targeted
analysis of environmental media needed)

Eventually we have got to go beyond NHANES
e Current evaluation based upon 114 chemicals
* Non-targeted analysis of blood may eventually be
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70

Cumulative Percent within Class

50 Hexachlorocyclohexane

Trichloromethane
40 PCB 170

30 BDE 100

Aflatoxin B1

; .[I?' olesterol
Caffeine =

Trimethylamine- N-oxide

Homocysteine

Venlafaxine y-Tocopherol

Acetaldehyde Malondialdehyde

Sulforaphane
[-Carotene

Cortisol

Simvastatin M
Ethanol e [rugs

m oods
s Pollutants
we==== Endogenous

Genistein _ o
Folic acid, vitamin D3

Testosterone

107 106 10

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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