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* The Office of Research and Development (ORD) is
the scientific research arm of EPA
* 626 peer-reviewed journal articles in 2017 and
562 so far for 2018

e Research is conducted by ORD’s three national
laboratories, four national centers, and two offices
organized to address:

* Hazard, exposure, risk assessment, and risk
management

* 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

m Office of Research and Development

Credit: the Research Triangle Foundaig

ORD Facility in
Research Triangle Park, NC
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* Park etal. (2012): At least 3221 chemical signatures in reaSNEADOGAPHONE

pooled human blood samples, many appear to be N S t t
exogenous ew CIen Is

WRRNLY Vewartar 5. Oscarvtr S, 20

We've made
A tapestry of laws covers the chemicals people are 150,000 new chemicals

exposed to in the United States (Breyer, 2009) ' H
* Different testing requirements exist for food '

We touch them,
we wear them, we eat them

But which ones should
we worry about?

SPECIAL REPORT, page 34

additives, pharmaceuticals, and pesticide active
ingredients (NRC, 2007)

I'HF_ GOOD FIGHT ~ CHAMBER OFSECRETS lSITALNE i
viclence The greatest ever ificial worm could
:Jsowmcm of exrty hur mbones bel"mmgl.alamma]

November 29, 2014
Office of Research and Development
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* Most other chemicals, ranging from industrial
waste to dyes to packing materials, are
covered by the Toxic Substances Control Act
(TSCA)

* Thousands of chemicals on the market
were either “grandfathered” in or were
allowed without experimental assessment
of hazard, toxicokinetics, or exposure
(Judson et al. (2009), Egeghy et al. (2012),
Wetmore et al. (2015))

“Tens of thousands of chemicals are listed with
the Environmental Protection Agency (EPA) for
commercial use in the United States, with an
average of 600 new chemicals listed each year.”
U.S. Government Accountability Office
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United States Government Accountability Office

GAO

Report to Congressional Requesters

March 2013

TOXIC SUBSTANCES

EPA Has Increased
Efforts to Assess and
Control Chemicals but
Could Strengthen Its
Approach

A

£.6A0

GAO-13-249

March, 2013
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130 STAT. 448 PUBLIC LAW 114-182—JUNE 22, 2016

 TSCA was updated in June, 2016 to allow
more rapid evaluation of chemicals (Frank
R. Lautenberg Chemical Safety for the 21st it Congreas o
Century Act) dentt, Nis NP

Be it enacted by the Senate and House of Representatives of

Frank R the United States of America in Congress assembled,
Lautenberg
e fety  SECTION 1. SHORT TITLE; TABLE OF CONTENTS.

M :':rn‘«}::.n.‘l,{‘“ I ul-’ SH( il(’l Tlll.}l. This Arll m:\i\' be cited as the “Frank R
Ill 5 U 0 autenberg Chemical Safety fi » 218t Ce ry Act”
° N eW a p p roa C h et h O d O I Og I e S ( N A M S) .l;.llf S m‘v.bl-l l:|',r\)‘m,l>:“lllll:"(l'« n.\;‘|l'||::¥l'>“r !'l'l;u- l:nlhh-( Ill)ll'u:'?u:}:-lnts of this Act
is as follows

are being considered to inform B . St e ol of b

TITLE I-CHEMICAL SAFETY

prioritization of chemicals for testing and g e——

Sec. 4. Testing of chemical substances and mixtures.
Sec. 5. Manufacturing and processing notices
Sec. 6 Priontization, risk evaluation, and regulation of chemical substances and

evaluation g

etention of information
other Federal laws
ental mercury

Sec. I

e
Confidential information

8
9
1
1
Penalties
Sec. 13. State-Federal relationship.
1
1
1

» “Strategic Plan to Promote the

Sec. 17. Administration of the Act
Sec. 18. State programs

Development and Implementation of e

Sec. 21. Trevor's Law

Alternative Test Methods Within the T
TSCA Program” (June 22, 2018)

TITLE I—-CHEMICAL SAFETY

SEC. 2. FINDINGS, POLICY, AND INTENT.

Section 2(c) of the Toxic Substances Control Act (15 U.S.C.
2601(c)) is amended by striking “proposes to take” and inserting
“proposes as provided”

SEC. 3. DEFINITIONS.

Section 3 of the Toxic Substances Control Act (15 U.S.C. 2602)
is amended—

5. Citizens’ civil actions
6. Studies

m Office of Research and Development

June 22, 2016
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 National Research Council (1983) identified chemical risk
as a function of both inherent hazard and exposure

» To address thousands of chemicals, we need to use
“high throughput methods” to prioritize chemicals for
additional study

 High throughput risk prioritization
needs:
1. high throughput hazard
characterization (from HTT
project)

Hazard

Chemical Risk
to
Public Health

2. high throughput exposure
forecasts

3. high throughput toxicokinetics
(i.e., dosimetry) linking hazard Dose-Response
and exposure (Toxicokinetics)

6 of 45 Office of Research and Development
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High-Throughput Risk Prioritization
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High throughput
screening (HTS) for in
vitro bioactivity
potentially allows
characterization of
thousands of
chemicals for which
no other testing has
occurred

&
v

(5

e

&
\

National Institute of
NlH Environmeantal Health Sciences

e TS "

High-Throughput
Risk
Prioritization

Toxicokinetics Exposure

7 of 45 Office of Research and Development
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g T M il “Translation of high-throughput data into risk-
AT based rankings is an important application of
exposure data for chemical priority-setting.

Recent advances in high-throughput toxicity

USING assessment, notably the ToxCast and Tox21

21ST CENTURY programs (see Chapter 1), and in high-

SCIENCE throughput computational exposure

TO IMPROVE assessment (Wambaugh et al. 2013, 2014)

RISK-RELATED have enabled first-tier risk-based rankings of

EVALUATIONS 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

THE NATIONAL ACADEMIES PRESS chemicals in a risk-based context.”

8 of 45 Washington, DC

www.nap.edu

January 5, 2017
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Toxicokinetics (TK)
describes the Absorption,
Distribution, Metabolism,
and Excretion (ADME) of
a chemical by the body

TK relates external
exposures to internal
tissue concentrations of
chemical High-Throughput
Risk
Prioritization

Toxicokinetics Exposure

9 of 45 Office of Research and Development
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* Most chemicals do not have TK data — we use in vitro HTTK methods adapted from pharma to fill gaps
* Indrug development, HTTK methods estimate therapeutic doses for clinical studies — predicted
concentrations are typically on the order of values measured in clinical trials (Wang, 2010)

() :
i — | —
9 —‘G { i1 o~

Human Intrinsic Hepatic -
Hepatocytes Clearance (Cl,,) In Vitro - In
10d I . . ] —l
(10 donor poo )Measurements require chemical- vhie :
g . Extrapolation
specific methods for concentration
o |
== S Predicted Plasma
— — 2 ~l Concentrations
U :
U LJ Rotroff et al. (2010) 35 chemicals
_ Wetmore et al. (2012) +204 chemicals
Human Plasma Protein .
Plasma Binding (f, ) Wetmore et al. (2015) +163 chemicals
up

(6 donor pool)
(NI Office of Research and Development

Figure from Barbara Wetmore
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The Need for Data

= EPA is developing a public database of

concentration vs. time data for building, A
calibrating, and evaluating TK models

442 147

= 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

Other: 12 7

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

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

data: https://github.com/USEPA/CompTox-ExpoCast-invivoPKfit
Office of Research and Development

Sayre et al. (in preparation)
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100% Bioavailability Assumed
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=
|
|

tn vivo estimated Cpo.

107 il " A

In vitro predicted Cax

® iy . & Other
Route Chemical
A po # Pharmaceutical
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tn vivo estimated Cpo.
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100% Bioavailability Assumed
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Evaluating HTTK

In Vivo Measured Bioavailability Used

107 10 10*
Predicted C3x Using Measured F;,

L
Route

. & Other
Chemical
po # Pharmaceutical

Here, we find that need to predict oral absorption

Honda et al. (in preparation)



New Exposure Data and Models
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exposure for thousands of

High throughput chemicals (Wetmore et al., 2015)

screening + HTTK-
based in vitro-in vivo
extrapolation (IVIVE)
can predict a dose
(mg/kg bw/day) tha
might be adverse

High throughput
models exist to make
predictions of
exposure via specific,
important pathways
such as residential
product use, diet, and
environmental fate
and transport

High-Throughput
Risk
Prioritization

Toxicokinetics Exposure

LY LI Office of Research and Development



o High Throughput Risk Prioritization
vEPA & gnp
’; 'Ejr?\ifti?gnsntwaetﬁt%l Protection
o Agency ToxCast + HTTK can estimate doses
= needed to cause bioactivity
o
Qo . - . :
£ 10 . = ; IJ;_l ¢| P11 ﬁ
v 1 : . .yt é . & i
2 . |$ . e $ ' #%é‘%é
4 i, =il =t iR .
L>Ll< 1 $ é 8 é . . s i .
o w02 || F- v . Exposure intake rates
R ' cz.an be Inferred from
g I"' biomarkers
o) | (Wambaugh etal, 2014)
° !
é 10-7 { mg/kg BW/day
1=
Q@
g Potential
=] Hazard
S from in vitro
o) with
% ] Reverse
£ Chemicals Monitored by CDC NHANES Toxicokineti
? Potentigsi
- National Health and Nutrition Examination Survey (NHANES) is Pxposure
an ongoing survey that covers ~10,000 people every two years
Office of Research and Development Lower Medium Higher
Risk Risk Risk

Ring et al. (2017)



SEPA Life-stage and Demographic Specific

E\g\éir:gcmental Protection Predictions

mg/kg BW/day

* Can calculate Change in Activity:Exposure Ratio

Potential Hazard
from in vitro with

ma rgin between Reverse

Toxicokinetics 24-d
. . . Naphthalene
IoactIVIt an Triclosan
Methylparaben
Fenitrathion
Malathion

eX p OS u re fo r Potential Exposure gmg;lgra\tne
specific
populations

Chiorethaxyfos
Pirimiphos-rm ety
Diethylptthalate
Parzathion
Chlorpyrifos-methyl
Dipherylenemethane
Fenthion
Phaorate
B Mcthicathion
Coumnaphos
Dibutylphthalate
Ethion
Bisphenal-a
Lindane
Phosphonothicic acid
Phosmet
Methyl parathion
Quintazene

I
BN Azinphos-methy!
I

Lower  Megium Risk ~ Higher
Risk Risk

)
ol

60

Carbofuran
Propylparaben

Dicrotophos

Diazinan

Pentachiorophenal (=24-d)
2-pherylphenal

Disulfaton

Atrazine

Chlorpyrifos

Cournt
40

NHANES Chemicals

Dimethyl phthalate
Carbaryl
Acephate
I I Butylparaben
Pyrene
Paraben
Carbosuifan
Diethyltoluamide
p-tert-Octylphenal
Nitroherzene

0.5 0 05 Metalachlor

Change in Risk Relative to

Total Population K
Office of Research and Development Q?@
&

Ring et al. (2017)
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wEPA Limited Available Data for
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Exposure Estimation

Most chemicals lack public exposure-related data beyond production volume (Egeghy et al., 2012)

100004
g
E 1000 4
=
Q
5
2 104
5=
-
[=
§
E
=
=
'I r r 4 1 r r r * v
Production  Use Food Chemical Waler &l Food Air  Biomarkar
Volwma Catagory Use Ralgasa  Gong, Lo LG, Lo Lo
Data Type
Office of Research and Development Can we use models to generate the exposure

information we need?
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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

XX LI Office of Research and Development


https://www.epa.gov/expobox
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USE and
RELEASE

Direct Us
(e.g., surface cleane

MEDIA

S —

Indoor Air, Dust, Surfaces

Forecasting Exposure is a
Systems Problem

Consumer Other Industry
Products and

Durable Goods Environmental

Release

Residential Use
(e.g. ,flooring) Occupationa

Near-Field Near-Field
Direct

TARGET

Water Ground Water

_ Drinking |5 i Outdoor Air, Soil, Surface and |
/

Ecological

Ecological
Flora and Fauna

Media Samples

Sampling

NI LI Office of Research and Development

Figure from Kristin Isaacs
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USE and
RELEASE

Direct Us
(e.g., surface cleane

MEDIA

EXPOSURE  NegField

(MEDIA + TARGET)

TARGET

Source-based Exposure
Pathways

Consumer
Products and
Durable Goods

Residential Use
(e.g. ,flooring)

Indoor Air, Dust, Surfaces

Near-Field

p{ NI ¥ Office of Research and Development

Occupationa

Use

Other Industry

Environmental
Release

Ground Water

Outdoor Air, Soil, Surface and |

Ecological

Ecological
Flora and Fauna

Media Samples

Sampling

Figure from Kristin Isaacs



< EPA The Exposure Event is Often
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Unobservable

Pt N olect NearFie ield Ecological
PATHWAY .
(MEDIA + RECEPTOR) Direct Indirect

* The exposure pathway is the actual interaction of the receptor and media, e.g. consuming
potato chips

ietary

* For humans in particular, these events are often unobserved and for many reasons
(including ethics and privacy) may remain unobservable

* Did you eat the serving size or the whole bag of potato chips?
* Either predict exposure using data and models up-stream of the exposure event

* Orinfer exposure pathways from down-stream data, especially biomarkers of exposure

AN XS Office of Research and Development

Figure modified from original by Kristin Isaacs
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Models to Predict Exposure
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Other Industry

Agency
Predictive
Modeling
Consumer
Products and
USE d nd Durable Goods
RELEASE
Direct Us Residential Use
(e.g., surface cleane (e.g. ,flooring) Occupationa
Use
M ED |A Indoor Air, Dust, Surfaces

Near-Field

EXPOSURE

(MEDIA + TARGET)

TARGET

ryX ¥ Office of Research and Development

Near-Field

Environmental
Release

Drinking Outdoor Air, Soil, Surface and
/ Ground Water

Media Samples

Sampling

Ecological

Ecological
Flora and Fauna

Figure from Kristin Isaacs
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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)

Includes measurements of:

. Body weight

. Height
. Chemical analysis of blood and urine
Office of Research and Development . ' a n e S

National Health and Nutrition Examination Survey


http://www.cdc.gov/nchs/nhanes/nhanes_questionnaires.htm
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EXPOSURE
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“Actpssibla and engaging A good introduction to the topic.” —Nature

.

On the Solvability of the Six Degrees
of Kevin Bacon Game
A Faster Graph Diameter
and Radius Computation Method

' v KEVIN BACO!
! : AND GRAPH THEORY

Michele Borassi', Pierluigi Crescenzi®, Michel Habib®

Walter Kosters®, Andrea Marino™*, and Frank Takes*
Brian Hopkin

IMT | of Advanced Studies, Lucca, Italy
Dipartimento di Sistemi ¢ Informatica, Universith di Firenze, Italy
LIAFA, UMR 7089 CNRS & 1 ¢ Paris Diderot - Paris 7, France DRESS: I f Ma g Saint F (
* Leiden Instit Advanced Computer Science
eide ity, The Netherlands ( N 6 USA kins@spc . od
Dipa watica, Universita di Milano, Italy
STRA I world of a and movie
the
Abstract. In ill propose a new algorithm that com N ) Wl  We
t r of a graph G = (V, E), by finding 2 A i
oving them until exact values can be ' o
case running time is O(|V|-|E|), we will { -
of real-world networks, it performs I “ addit t
adius and diameter value after 10100 at
lent of the value of |V[), and thus
Apart from efficiency, compared to other N WORDS . ahstastice. ok the
posed in this paper has three other advan i

t cases, the number of BFSes

to simultaneously compute radius
ning time whenever both values arc
cted and undirected graphs with very K

THE SCIENCEOF

\ - . . 1 INTRODUCTION

example, we use our new algorithm

over time of the “six degrees of

. ar Al
. r A a few. But w A

1 Introduction J sl of dots . The T .
The six degrees of is a trivia game which has been inspired by A C O N N E C T E D A G E b thanks to a Web site r Us { Virg
the well-known sc of Stanley Milgram [11]. which was in turn X mputer Science. The O la at V
a continuat wdy of the structure of social networks by be D ase (3], wh A all
Michael Gurey wtion of six degrees of separation has been WITH A'TNEW,CHAPTER A
formulated s Karinthy in 1929. who conjectured that w . A 3
any two indiv ed through at most five acquaintances. This ge e b a

at "t . i at ph theory

perimentally verified by Milgram and extremely { ]
of John Guare, successively adapted to the cinema
ling game refers to a social network, such as the o

* The fifth author was supported by the EU-FET grant NADINE (GA 288956)

conjecture |

popularized by a thea

by Fred Schepisi. The cor

y work
Jepartment

ernet

{ ht
{ weighte
ASSe
slway

Office of Research and Development
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HE'S A BIG-CITY KID IN A SMALL TOWN.
THEY SAID HE'D NEVER WIN. HE KNEW HE HAD TO.

“Houston, we have a problem.”
T

RON

APOLLOJ13

I XX Office of Research and Development
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1990

KEVIN BACON

They say theres nothing new under the sun.

But under the ground...

JACK
NICHOLSON

-
- _.'
—
—
.’_
—
-

)

OOD MEN

YN XS Office of Research and Development
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YOUR LEGACY IS MORE THAN A NAME

AEL B. JORDAN 'MIEHAEL SHANNON

ZACEFRON MILEY

MOMENT

WHEN You ReALizE GETTING SOME
mMeans WANTING MORE

r1: X XS Office of Research and Development



United States

Environmental Protection
Agency

wEPA Connectedness to Michael B. Jordan

| Gl Joe: Retaliation

Hail Caesar o
Tatum & Bruce Willis

McDormand &
Channing Tatum

if

Frances McDormand
Best Actress Winner 2018

Expendables 'f;{“ :
Willis &
Sylvester Stallone

gty e |

EXPENDABLES

yLNOE I Office of Research and Development " NOW IN THEATRES

Creed
Stallone & Jordan
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Avengers:
Infinity War
Paltrow &
Chadwick
Boseman |}

PRIL 27

Marlon Brando
Best Actor 1954 and 1972
Died 2004

Superman
with Gene Hackman
Office of Research and Development

Black Panther

Boseman & Jordan

The Royal Tenenbaums
Hackman & Gwyneth Paltrow
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Watts and Strogatz (1998)

letters to nature
N

typically slower than ~1kms™") might differ significantly from
what is assumed by current modelling efforts™. The expected
equation-of-state differences among small bodies (ice versus rock,
for instance) presents another dimension of study; having recently
adapted our code for massively parallel architectures (K. M. Olson
and E.A, manuscript in preparation), we are now ready to performa
mote comprehensive analysis.

The exploratory simulations presented here suggest that when a
young, non-porous asteroid (if such exist) suffers extensive impact
damage, the resulting fracture pattern largely defines the asteroid’s
response to future impacts. The stochastic nature of collisions
implies that small asteroid interiors may be as diverse as their
shapes and spin states. Detailed numerical simulations of impacts,
using accusate shape models and rheologics, could shed light on

]
Collective dynamics of
‘small-world’ networks

Duncan J. Watts* & Steven H. Strogatz
Department of Thearerical and Applied Mechanics, Kimball Hall,
Cornell University, Ithaca, New York 14853, USA

Networks of coupled dynamical systems have been used to model
biological oscillators'~, Josephson junction arrays™, excitable
media’, neural networks™, spatial games'’, genetic control
nctworks" and many other slf-organizing systems. Ordinarily,

effects of nuclear explosions on Earth-crossing comets and
asteroids, either for hazard mitigation™ through disruption and
deflection, or for resource exploitation™. Such predictions would
require detailed reconnaissance concerning the composition and
internal structure of the targeted object. (]

Received 4 Febeusry, accepted 18 Mardh 1998

how asteroid collisional response depends o internal the ion topology is assumed to be either completely
and shape, and hence on how planetesimals evolve. Detailed 1 letely random. But many b
required bef predict the and social networks lie somewheze belween these two extremes.

Here we explore simple models of networks that can be tuned
through this middle ground: regular networks ‘rewired’ to intro-
duce increasing amounts of disorder. We find that these systems
can be highly clustered, like regular lattices, yet have small
characteristic path lengths, like random graphs. We call them
small Wmid‘

T
2 «..,m; E e ol Mechanical and peologhcl effcts of impact crsteisg o b frus 128, 158-184
3. Nolan, M., Asphaug, . bckosh, H.|. & Grecaberg, . Do i

ity comsral thes sizef fcarus 129, + (1598
Abgens, T.J. Can om gravity dominated usterolds. Loarus 124, 141155

2ass-2499 (1983
ce wiusivns and coupling purameters in cratering
26 (1987

feurus 120, 158184

of tadarimages.

o0
".mu..,.,‘..x.u_,u, D1, Pepin, & 0. &

mpace. G

A Velacey disriburion of frsgments frmed in a simulared calliisnsl

16 (19911,

16 Benz, W. & Asphaug, £ wlds oy Canpie.
e —

17. Boke, W. £

15 Belton, M| . vl Galleo encoanter vith 951 (eagpra—Finat plcures of an stetald. Sk 257,
16471652 (1991

oML with
s,

Lo & G Hor 8 v . . e oy it g o snd oo

Eerdh Space (eds Lewis 1 5., Matthews. M. 5. & Guervieri M. L) (U Ariza
e, Tocon, 159

This wark by

y Jogy and Geaphysics Progran.

Cormespondence A el
e

Nsture © Macmillan Publichers Lid 1898

The neural nelwork of the worm Caenorhabditis drgmrs.
power grid of the western United States, and the collaboration
graph of film actors are shown to be small-workd networks.
Models of dynamical systems mm small-world coupling display
enhanced si peed, 1 power, and
syn:hmnmbnmy In pam:u]u. infectious diseases spread more
casily in small-world networks than in regular lattices.

To interpolate between regular and random netwarks, we con
sider the following random rewiring procedure (Fig. 1). Starting
from a ring lattice with 1 vertices and k edges per vertex, we rewire
each edge at random with probability p. This construction allows us
to ‘tune’ the graph between regularity (p = 0) and disorder (p = 1),
and thereby to probe the intermediate region 0< p< 1, about
which little is known.

‘We quantify the structural properties of these graphs by their
characteristic path length L(p) and clustering coefficient C[p), as
defined in Fig. 2 legend. Here L(p) measures the typical separation
between two vertices m the graph tag]abatpmperw] whereas Clp)
measures the cli of a typical neighb d (a local
property). The networks of interest to us have many vertices
with sparse connections, but not so sparse that the graph is in
danger of becoming disconnected. Specifically, we  require
n% k2 In(n) = 1, where k2 In(m) guarantees that a random
graph will be connected®. In this regime, we find that
L~u/2k 2 1 and C~3/4 as p—0, while L=, ~In(m/In(k)

etk < 125 p— 1. Thus the regular latticeat p = 0
is a highly clustered, large world where L grows linearly with n,
whereas the random network at p = 1 is a poorly clustered, small
world where L grows only logarithmically with n. These limiting
cases might lead one to suspect that large Cis always associated with
large L, and small C with small L.

On the contrary, Fig. 2 reveals that there is a broad interval of p
aver wh.ch chl s a]mnsl as smiall a5 Lrupgom Y€t C(P) 5 Coontoor:
Th sult from the diate drop in L(p)
caused by me unmducnou of a few long-range edges. Such “short
cuts” connect vertices that would otherwise be much farther apart
tha Ly o For small p, each short cut has a highly nonlinear effect
on L, contracting the distance not just between the pair of vertices
that it connects, but between their immediate neighbourhoods,
neighbourhoods of neighbourhoods and so on. By contrast, an edge

Prescat address: Panl F. Lazarateld Genter for the Sochl Selences, Colushia Usiversiy, 812 SIPA
Building, Z0WI13 51, New York, New Yok 10027, USA.
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Travers and
Milgram (1977):

296 arbitrary
individuals in
Nebraska and
Boston were
asked to give a
letter to an
acquaintance
most likely to
help it reach a
target personin
Massachusetts.
64 reached the
target person,
average number
of intermediaries
was 5.2

Collins and C

I"s a small
world

how (1998)

James J. Collins and Carson C. Chow

The concept afsi: D.grnncﬂ Separation h:.: |IIII'| |nrmainad In

lled ‘small-world

ld be of use

in settings as diverse as Impmhg networks of cellular phones and

the spread of

few years ago, on American campus-
Ae;. it was popular to play Six Degrees

of Kevin Bacon. In this game, partici-
pants attempt to link the actor Kevin Bacon
to any other actor through as few common
films and co-stars as possible. Links are
formed directly between Bacon and another
actor if they appeared in the same film
ot indirectly through a chain of co-stars in
different films (Fig. 1).

In the world of mathematics, a similar
amusement involves assessing one’s Erdos
number, which measures the number of
links needed to connect one to the prolific
mathensatician Paul Erdos through jointly
authored papers. For example, individuals
have an Erdos number of 1 if they co-
authored a paper with Erdés. If one of their
co-authors wrote a paper with Erdos, then
theyhavean Erdos number of 2, and so forth.
It has been pointed out' that Dan Kleitman
has a combined Erdis/Bacon number of 3
because he wrote a paper with Erdos and
appeared in Good Will Hunting with Minnie
Driver, whoappeared with Bacon in Sleepers.

These games are related to the popular
concept of Six Degrees of Separation’, which
is based on the notion that everyone in the
world is connected to everyone else through
achain of at most six mutual acquaintances.
Iftwo people have one mutual acquaintance,
then they have one degree of separation. The
estimate of six degrees of separation, which is
related to the small-world phenomenon™,
arises from pioneering empirical work by
Milgram® and can be understood heuristi-
cally from a somewhat unrealistic assump-
tion of random connectivity. That is, if each
person knows about one hundred individu-
als, and given that there are about a billion
people on the Earth, then seven connections
or six degrees of separation are enough to
link everyone together.

On page 440 of this issue’, Watts and
formalize this idea in what they

two measures. The first is a characteristic
path length. This is the smallest number of
links it takes to connect one node to another,
averaged over all pairs of nodes in the net-
work. The second measure is the clustering
coefficient. This measures the amount of
cliquishness of the network, that is, the
fraction of neighbouring nodes that are also
connected to one another. Forexample, in an
all-to-all connected network, the clustering
coefficientisone.

An example of a large-world network is
one that is regularly and locally connected
like a crystalline lattice. Such a network is
highly clustered and the characteristic path
length is large, scaling with the typical linear
dimension of the network. On the other
hand, a completely random network is
poorly clustered and the characteristic path

news and views

length is short, scaling logarithmically with
the size of the network.

‘What Watts and Strogatz® do is to shift
gradually from a regular network to a ran-
dom network by increasing the probability
of making random connections from 0 to 1
(seeFig. 1, page 441). They then measure the
characteristic path length and the amount of
clustering of the network as a function of the
amount of randomness. They find that path
length and clustering depend differently on
the amount of randomness in the network.
The characteristic path length drops quickly,
whereas the amount of clustering drops
rather slowly. This leads to a small-world
network in which the amount of clustering is
high and the characteristic path length is
short. So a small world can exist even when
the cliquishness is imperceptibly different
from that ofa large world.

The explanation for this effect is that it
only takes a few short cuts between cliques to
turn 4 Lm... world into a small world. In the

panalogy, it only takes a small

ber of well-connected people to makea world
small. The interesting and surprising thing is
that it is impossible to determine whether or
niot you live in a small world or a large world
from local information alone. The average
person (node) is not directly associated with
thekey people (the clique-inkers).

Small-world connectivity has con-
sequences that could be good or bad,

e

Figure | Three degrees. Because Kevin Bacon has appeared in many films, most actors have low Bacon

bers and

1d networks. They d rate

through numerical simulations that a net-
work need not be very random to get this
small-world effect. They consider a connect-
ed network with nodes and links. In the
friendship analogy, each node represents a
person and each link represents a single con-
nection toan acquaintance. They then define

NATURE|VOL 393 |4 TUNE 1998

ix Degrees of Kevin Bacon has declined in popularity. It is possible to centre
the game around a newer star such as Leonardo DiCapr
that in this case there are at most three degrees of separ:

. These film stills, running clockwise, show
on between DiCaprio and Helena

Bonham-Carter, through Kate Winslet ( Titanic, Columbia TriStar; Sense and Sensibility, Columbia

TriStar), Emma Thompson (Sense and Sensibi

ity Much Ado About Nothing, Entertainment Films)
and Kenneth Branagh ( Much Ado About Nothing; Frankensteir

Columbia TriStar). Short cuts

between cliques could be created in this game through some of DiCaprio's well-connected co-stars
such as Sharon Stone (The Quick and the Dead; TriStar; not shown).

Nature © Macmilian Publishers Lid 1998




SEPA Complex is Not the Same as
AAAAAA Random

Small-world Random

Increasing randomness

Office of Research and Development Watts and Strogatz (1998)



<EPA Models to Infer Exposure

United States
Environmental Protection
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Figure from Kristin Isaacs



o nsen Ex re Predictions with th
\"'IEPA Consensus Exposure Predictions with the
Er?\:'ti?gnsng?atﬁéjl Protection S E E M F ram eWO rk

Agency

» 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)

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

ﬁ needed?

Calibrate
models

Estimate
Uncertainty l

— Inference
0oC Model 1 Joint Regression on Models an Example of
" Model2 A Integrating

Evaluate Model Perf i
¥ ¥l Office of Research and DeVelopment vaiate O_ € rerormance MU|t|p|e
and Refine Models
Models

Hurricane
Path
Prediction is

Inferred Exposure




<EPA Evaluating Models with

United States
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<EPA SEEM Analysis (circa 2014)

United States
Environmental Protection
Agency
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Estimated Parental Exposure (mg / kg body weight / day)

R?= 0.5

1e-08 19105 1e-02
m Office of Research and Development ~ Predicted Parental Exposure (mg / kg body weight / day)

Wambaugh et al, 2014



<EPA Heuristics of Exposure

United States
Environmental Protection
Agency

5 Wambaugh et al. (2014)

LT
o

A% e e ¢ Q¢ &
N 0‘9 (\Q/ 0((\ C\,\

Regression Coefficient

YA E: I Office of Research and Development

Total

== Female

== Male

== ReproAgeFemale

== 6-11_years

== 12-19 years

== 20-65_years
66+years
BMI_LE 30
BMI_GT _30

Five descriptors explain
roughly 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

Chemical use identifies
relevant pathways

Some pathways have much
higher average exposures
(Wallace et al., 1987)



SEPA CPCPdb: Material Safety Data Sheets

United States
Environmental Protection

Agency
2o N . Material Safety
Goldsmith et al. (2014): d ‘ Data Sheet

. ~20,000 ~ (OM-35604
product- I | Product: X SOAP SCUM REMOVER & DISINFECTANT 3560 ¥ |

specific I Description: PALE 2LUE TO BLUE/GREEN LIQUID WITH HERBAL PINE ODOR
Material ——
I Other Designations Manufacturer Emergency Telephone No.
Safety Data
{ SOAP SCUM REMOVER i For Medical Emergencies, call
SheetS (MSDS) Rocky Mountain Poison Center: 1-800-426-1014
For Transporiation Emergencies, ca!ll:
Curated Chemtrec: 1-800-424-9300
e ~2,400 .
Il Health Hazard Data lll Hazardous Ingredients
chemicals
Eye imitant. Prolonged inhalation of vapors or mist may cause respiratory Ingredient Concentration Worker Exposure Limit
iritation, There are nu kriown medical corcitons aggiavated by exposure Tetrasodium ethylenediaming < 10% necne estaslishzd
. to this product. tetra acetate (EDTA)
Product-specific CAS #64-02-8
. FIRST AID: EYE CONTACT: Immediately lush eyes with plenty of water Glycol ether solvent < 8% none esiablishad
uses determined for 15 minutes. If irritation persists, call a physician. INHALATION: If Caticnic/nonionic surfactants < 5% none establishad
. . breathing is affected, breathe fresh air. SKIN CONTACT:  Remove Trisedium nitrilotriacetate 0.14% ncne established
using web splder contaminated clothing., Flush skin with water. If irritaficn persists, call a CAS #5084-31-3
. physician. IF SWALLOWED: Drink a glassiul of water and immediately
to click th rough call a physician. This product contains Irisodium nitrilotriacetate. IARC and NTP list
. nitrilotriacetic acid (NTA) and its sodium salts as potential carcincgens.
categories (e.g., . . . :
IV Special Protection and Precautions V Transportation and Regulatory Data
home goods, bath
Do nat get in eyes, on skin, of ¢n clothing. U.S. DOT Hazard C'ass: Not restricted
s0aps, ba by) to U.S. DOT Prooer Shiccing Name: Cempound, cleaning, licuid
. Avoid contact with food.
find each product EPA CERCLA/SARA TITLE Ili:

YO E S Office of Research and Development



o EPA What Do We Know About Chemical Use? Chemicals and
s Untted States Products Database

Environmental Protection
Agency

Contents lists available at ScienceDirect "% Occurrence and
Food and Chemical Toxicology % quantitative chemical
FLSEVIER e G b4 composition
Development of a consumer product ingredient database for chemical @CWMM
exposure screening and prioritization i E{:rﬁnsﬂw
M.-R. Goldsmith**, C.M. Grulke®, R.D. Brooks”, T.R. Transue®, Y.M. Tan?, A. Frame **, P.P. Egeghy?, Green ChemIStry

R. Edwards®, D.T. Chang?, R. Tornero-Velez*, K. Isaacs *, A. Wang **, ]. Johnson*, K. Holm*, M. Reich f
J. Mitchell %, D.A. Vallero®, L. Phillips *, M. Phillips*, .F. Wambaugh?, R.S. Judson?,

PAPER View Article Online
TJ. Buckley®, C.C. Dary*

View Journsl | View sz

@91,%& High-throughput screening of chemicals as
functional substitutes using structure-based
classification models

Cite this: Green Chem, 2017, 19,
1063

Broad “index” of chemical uses

Katherine A. Phillips **“ John F. Wambaugh,® Christopher M. Grulke,*
Kathie L. Dionisio® and Kristin K. Isaacs®

Contents lists available at ScienceDirect

CPDat
SEPA!

The roles that
Functional chemicals serve

in products
Use Data

Toxicology Reports

ELSEVIER journal www.elsevier. ep

Exploring consumer exposure pathways and patterns of use @WM
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’,

o o s st 1 Ingredient

© 2018 Nature America, Inc. pan of Spinger Nature. Allights reserved 1559-063118

r— Lists

nca& eﬂ I,I “qu & Cite This: Environ. Sl Technol 2018, 52, 3125-3135 pubs.acs.org/est

Suspect Screening Analysis of Chemicals in Consumer Products
d Katherine A. Phi]lipsf Alice Yau,? Kristin A. Favela,” Kristin K. Isaacs,” Andrew Mc.Eachmn,s‘H
M e a S u re Christopher Gmlke,‘ Ann M. Richa.rd,” Antony ]. Wi]liams,H Jon R. Sobus,” Russell S. Thn:umas,H

and John F. \"\l’ambaug]\""‘I
Data

ORIGINAL ARTICLE
Consumer product chemical weight fractions from
ingredient lists

Kristin K. Isaacs’, Katherine A. Phillips’, Derya Biryol'2, Kathie L. Dionisio’ and Paul S. Price’

Occurrence data

Measurement of chemicals in
consumer products

Office of Research and Development httpS://COm ptox,epa .gOV/daSh boa rd
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Chemical Structure and
Property Descriptors

Predicting Function Based on Structure

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

Use Database (FUSE)

¥

additive additive_for_liquid_system additive_for_rubber mmwmmm unllmloronlll antioxidant antistatic_agent
06
additive A . Ak _a
041 o K additive adhesion anti- anti- antistatic
additive for liquid -
02| for rubber promoter microbial oxidant agent
system
00 buffer catalyst chelator crosslinker emollient emulsifier
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1L
o buffer m catalyst
02
00
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1L
colorant I| crosslinker |

emuIS|ﬁer

I emollient

emulsion_stabilizer film_forming_agent flame_retardant flavorant vum_rmwng_m
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" film foam
o44  emulsion . flame
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oz stabilizer retardant
agent agent
e
oo hair_conditioner hair_dye heat_stabilizer humectant lubricating_¢ masking_agent
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0«1 hair condi- . heat lubricatin maskin
. hair dye o humectant 8 8 monomer
0z tioner stabilizer agent agent
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0.6 1
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LI ¥l  Office of Research and Development

wetting I
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Prediction of
Of Potential
Alternatives from
Chemical Libraries

Phillips et al. (2017)



o Collaboration on High Throughput Exposure Predictions
vEPA

United States
Environmental Protection
Agency

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 Chemicals
@ e Predictor Reference(s) Predicted Pathways
\rwot feomrh & comenn. | EPAInventory Update Reporting and Chemical Data U84 (2028) 7856 All
Reporting (CDR) (2015)
Stockholm Convention of Banned Persistent Organic /"2 (2001 248 Far-Field Industrial and
Pollutants (2017) Pesticide
UNIVERSITY OF EPA Pesticide Reregistration Eligibility Documents Wetmore et al. (2012, 2015) 239 Far-Field Pesticide

MICHIGAN

(REDs) Exposure Assessments (Through 2015)

UC DAVIS United Nations Environment Program and Society for ~ Resenbaum etal. (2008) 8167 Far-Field Industrial

UNIVERSITY OF CALiFORNLA | Environmental Toxicology and Chemistry toxicity

UNIVERSITY OF model (USEtox) Industrial Scenario (2.0)
'7‘( TEXAS USEtox Pesticide Scenario (2.0) Fantke et al. (2011, 2012, 2016) 940 Far-Field Pesticide
ARLINGTON
Risk Assessment IDentification And Ranking (RAIDAR) ~ Arnotetal. (2008) 8167 Far-Field Pesticide
DTU Danmarks .
Tekniske Far-Field (2.02) ' .
& Universitet EPA Stochastic Human Exposure Dose Simulator High ~ 'saacs (2017) 7511 Far-Field Industrial and
> o s Throughput (SHEDS-HT) Near-Field Direct (2017) Pesticide
> 4%. SHEDS-HT Near-field Indirect (2017) Isaacs (2017) 1119 Residential
m 7.
§ o % Fugacity-based INdoor Exposure (FINE) (2017) Bennett et al. (2004), Shin et al. (2012) 645 Residential
% Mg RAIDAR-ICE Near-Field (0803) Arnot et al., (2014), Zhang et al. (2014) 1221 Residential
6\’1/,‘“ PROT?'O«\ USEtox Residential Scenario (20) Jolliet et al. (2015), Huang et al. (2016,2017)  g15 Residential
USEtox Dieta ry Scenario (20) Jolliet et al. (2015), Huang et al. (2016), 8167 Dietary

Ernstoff et al. (2017)

LNl Office of Research and Development

Ring et al., 2019



<EPA

United States
Environmental Protection
Agency

Predicting Exposure Pathways

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

exposure pathway

NHANES Chemicals
OOB Error Rate

Negatives

Dietary 2523 8865 27
Near-Field 1622 567 26
Far-Field 1480 6522 21

Pesticide

Far Field 5089 2913 19

Industrial

Ly X ¥l Office of Research and Development

Positives Error Rate

32

24

36

16

>
o
()
S
>
=}
o
<
©
Q
o
c
i
©
[aa]

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

Sources of Negatives
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
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Machine learning models
were built for each of four
exposure pathways

Pathway predictions can
be used for large chemical
libraries

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

Each chemical may have
exposure by multiple
pathways

Lo ¥l Office of Research and Development

Pathway-Based Consensus Modeling of NHANES

Consensus Model Predictions

]
I

R*-0.816
RMSE = 0.929

Pa

¢ e H <]

13 -3

10” 107°

Intake Rate (mg/kg BW/day) Inferred from
NHANES Serum and Urine

10

thway(s)
Consumer

I Consumer, Industrial

Consumer, Pesticide

s Consumer, Pesticide, Industrial
" Dietary, Consumer

Dietary, Consumer, Industrial

Dietary, Consumer, Pesticide

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

Industrial

= Pesticide

Pesticide, Industrial

Ring et al., 2019



SEPA Obtaining New Data with Non-Targeted

United States

Grronmarta! Prteston and Suspect-Screening Analysis

= Not everything is required to have MSDS sheets

= Models present one way forward, but data is
always preferable

= New analytic techniques may also allow insight
in to the chemical composition of diverse
environmental media including household
products

“I'm searching for my keys.”

= 100 household products from a major U.S.
retailer were analyzed, tentatively identifying
1,632 chemicals, 1,445 which were not in EPA’s
database of consumer product chemicals
(Phillips et al., ES&T just accepted)

LT N ¥Bl  Office of Research and Development



SEPA Measuring Chemicals in Household Items
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Log,o(MO/g) | e
-4 -2 0 2 4
[ Chemical Category
126 M ToxCast
Confirmed B Potent ER
M Flame Retardant
The Chem|Ca|S M Chemical in > 25 Products
found in a T T

cotton shirt
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Phillips et al. (ES&T just accepted)



SEPA Measuring Chemicals in Household Items
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Environmental Protection
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Log,o(MO/g) | e
-4 -2 0 2 4
. Chemical Category
126 4= Chemicals that are present B ToxCast
Confirmed I Potent ER

M Flame Retardant
M Chemical in > 25 Products

REMSVE PRE
— BUDLEAWE -}
MADE W US54

«= Chemicals that are absent (but found in other products)

LN ¥l Office of Research and Development

Phillips et al. (ES&T just accepted)



SEPA Measuring Chemicals in Household Items

United States
Environmental Protection
Agency

Log,o(MO/g) | e
_4 _2 0 2 4
Chemical Category
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[ -
M Chemical in > 25 Products
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Tentative
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Phillips et al. (ES&T just accepted)



wEPA Product Scan Summary

United States
Environmental Protection

Agency Of 1,632 chemicals confirmed or tentatively identified, 1,445 were
not present in CPCPdb (Goldsmith, et al., 2015)
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Using the methods of Phillips et al., (2017):
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Predicting Chemical Function
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. Exposure-Based Priority Setting
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 We would like to know more about the risk posed by thousands of chemicals in the
environment — which ones should we start with?
* High throughput screening (HTS) provides one path forward for identifying
potential hazard, but the real world is complicated by toxicokinetics, mixtures,
variability (and more)

* Using in vitro methods developed for pharmaceuticals, we can make useful
predictions of TK for large numbers of chemicals

* Exposure predictions and data are key to risk-based prioritization
* Consensus modeling provides one path forward, but only as good as available
data (at best)
* New analytical chemistry tools (i.e., non-targeted analysis or NTA) may provide
the data needed to understand what and how we are exposed to

Exposure-based priority setting allows identification of the most relevant mixtures
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