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“EPA  The Primary Issues Surrounding Chemical Safety
Have Not Changed
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< EPA There is a Lack of Data on Hazard, Toxicokinetics,
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Dose Toxicity Studies
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Data from ToxValDB (Dec 2019)

Center for Computational
Toxicology & Exposure

Number of Chemicals

Exposure

Egeghy et al., Science of the Total Environment, 2012

Chemicals

and Exposure for Most Chemicals

300

250

200

150

100

50

Toxicokinetics

m Chemicals with Traditional in vivo TK m Chemicals with High Throughput TK




SEPA There are Large Numbers of Chemicals on Various
National Inventories
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“EPA  The Costs and Time Associated with Traditional
Testing and Assessment are Extensive
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Solving these Issues in Chemical Safety Requires a
Clear Vision of Both the Forest and the Trees...
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SEPA There is a Significant Overlap Between Elements of
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the EPA Big Picture Visions for Chemical Safety
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Mapping the Trees to the Forest Highlights a
Complex, Multi-Disciplinary Research Program
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With Multiple Areas of Active Collaboration with
HC and ECCC ( j+})
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Today, I’'m Going to Highlight a Few Areas of
Progress and Show How They May Fit Together...
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< EPA A Tiered Testing Approach is an Important
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Component in the Blueprint
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<EPA High-Content Screening Being Perform Across
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Diverse Cell Types, Chemistry, and Taxa

Human Health Focus Human Health with Volatiles Ecological Focus
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<EPA Using High-Throughput Transcriptomics to
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Screen Multiple Human Cell Types
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Using High-Throughput Transcriptomics to Screen

Agency - -
Volatile Chemicals
I. __________________________ 1 Mode_of_Action
Humidified : Identification
| | Whole Genome
: - l c l l e l P Sample Transcriptomics (HTTr) e N
voc | . n_ . Flow P P
. [ 1 [ [ 1 I_IJ | - -k
soufe/V |—| |—| . purified RNA or Lysates : /‘}? \ ‘-‘_/
- v _RNA +
E 100X I I Inlet Detector Oligo Annealing ﬁ% =
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. I Detector Oligo Ligation ¥ — M od eling
I - PCR with Tagged Primers _,L
: | .~
I . uuunlmi Sample Tag 2 —_— S
. I o \\O JO O|O|0 Pool Library, Concentrate/Purify %
! e I Sequence “éi :
Heated—>| . =Y
;;ﬂc(lzosure L (ct. Air Exposure VOC Exposure |
ACGIH BEAS-2B HBEC
TLV-TWA (ppm) HTTr POD (ppm) HTTr POD (ppm)
Acrolein 0.1 0.58 --
Formaldehyde 0.3 NA --
1,3-Butadiene 10 13.98 --
Acetaldehyde 25 NA --
A.Speen (CPHEA), M. Higuchi 1-Bromopropane 0.1* 2.25 NA
(CPHEA), and J. Harril Carbon Tetrachloride 10 9.56 NA
Unpublished Trichloroethylene 50 44.8 28.1
Dichloromethane 100 142.13 266.7
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* The ACGIH TLV TWA for 1-bromopropane was updated to 0.1 ppm in 2012. Prior to that the TLV-TWA for 1-bromopropane was 10 ppm.



EPA Using High-Throughput Transcriptomics Evaluate
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Responses Across Taxa

Whole Genome

Transcriptomics (HTTr) Mode-of-Action
Control — |dentification
Replicates # 1 2 3 & 5 ® T B _8 0 W 1@ 8 \ )
AOOOO0O00000O0OC
100000000000
000000000000
- DO@Q@@@@@@OQ » » Concentration Response
1000000000 0e Modeling
FROOOO0O0O0O0OC
2000000000000 3
N ) T
Phenotypic gL il
Preliminary Results from Initial Subset of Chemicals Responses B
Chemical Transcriptomic POD Mortality-based POD
CuS0O4 0.03 mg/L 0.2 mg/L
K. Flynn, A. Biales, D. Bencic, ZnS0O4 0.00023 mg/L 3.2 mg/L
R.. Flick, J. Martinson, D. NiSO4 0.33 mg/L 39 mg/L
gﬂsglﬁﬁvzﬁjfkgter}J Imidacloprid 8.8 mg/L > 10 mg/L
Norberg-King, M. Le, K. Flupyradifurone 1.3 mg/L > 10 mg/L
Santana-Rodriguez, and K. Clothianidin 8.1 mg/L > 10 mg/L
Bush, Unpublished Thiacloprid 57.2 mg/L 85 mg/L
Sertraline 0.6 mg/L 0.9 mg/L
Fluoxetine 0.02 mg/L 0.8 mg/L
-$e"_te’ for Computational Paroxetine 1.0 mg/L 1.1 mg/L
oxicology & Exposure




<EPA Incorporating Xenobiotic Metabolism Into In
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VltrO Assays Preliminary Analysis of 768 ToxCast Chemical Screen
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Tissue/Organ Effects
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< EPA Expanding Toxicokinetic Data Availability Using
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High-Throughput In Vitro Data and Modeling

a

(@) -

(@s)

Liver Tissue Plasma Protein

Metabolism Partitioning Binding

Population-Based

IVIVE Model

Oral Dose Required to
Achieve Concentrations
Equivalent to In Vitro
Bioactivity

Rotroff et al., Tox Sci., 2010
Wetmore et al., Tox Sci., 2012
Wetmore et al., Tox Sci., 2015
Wambaugh et al., J Stat Softw., 2017
Wambaugh et al., Tox Sci., 2018
Wambaugh et al., Tox Sci., 2019
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= [m]
& Gitand Bitbucket - HTTK - NCCT X | M Inbox (393) - jfwambaugh@gmz X R CRAN - Package httk % [ SOT Exposure Specialty Section| X | =+
& c & https//cran.r-project.org/web/packages/httk/index.html # @ o (2]
3 Apps @ Travel Requestfor.. (&) Confluence

httk: High-Throughput Toxicokinetics

Functions and data tables for simulation and statistical analysis of chemical toxicekinetics ("TK") as in Pearce et al. (2017) =doi:10.18637/js5.v079.104>. Chemical-specific in vitro data have been
obtained from relatively high throughput experiments. Both physiclogically-based ("PBTK") and empirical (e.g.. one compartment) "TK" medels 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 is included for simulating biological variability (Ring et al., 2017
<do01:10.1016/j.envint. 2017.06.004>) and measurement limitations. Calibrated methods are included for predicting tissue:plasma partition coefficients and volume of distribution (Pearce etal . 2017
<doi:10.1007/510928-017-9548-7=). These functions and data provide a set of tools for in vitro-in vivo extrapolation ("IVIVE") of high throughput screening data (e.g., Tox21, ToxCast) to real-world
exposures via reverse dosimetry (also known as "RTK") (Wetmore et al., 2015 <doi:10.1093/toxscikfv171=)

Version: 19

Depends: R(z=2.10)

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

Suggests: geplot?. knitr. rmarkdown, R.rsp. GGally, gplots. scales, EnvStats, MASS. RColorBrewer, TeachingDemos, classInt, ks, reshape2. gdata. viridis. CensResMod. gmodels, colorspace
Published 2019-02-04

Author: John Wambaugh [aut, cre], Robert Pearce [aut]. Caroline Ring [aut]. Greg Honda [aut], Jimena Davis [ctb]. Nisha Sipes [ctb], Barbara Wemmore [ctb], Woodrow Setzer [ctb]
Maintainer: John Wambaugh <wambaugh john at epa gov>

BugReports: https:/github.com USEPA/CompTox-ExpoCast-httk.

License: GPL-3

URL https:/www epa gov/chemical-research/rapid-chemical-exposure-and-dose-res: h

NeedsCompilation: ves

Citation: hrtk citation info
Materials: NEWS

CRAN checks: httk results

Downloads:

Reference manual: hitk pdf

. (2014) Model
Creating Partition Coefficient Evaluation Plots
Age distributions
Global sensitivity analysis
Global sensitivity analvsis plotting

Vignettes:

R package “httk”

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

. Allows in vitro-in vivo extrapolation (IVIVE) and
physiologically-based toxicokinetics (PBTK)

. v1.10 features 942 total chemicals

. Now allows propagation of uncertainty
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) Gheck o s
OPEN: Database of pharmacokinetic time-
series data and parameters for 144
environmental chemicals

Risa R.Sayre (5***E, John F.Wambaugh(* & Christopher M. Grulke(5*

Time courses of compound concentrations n plasma are used in chemical safety analysis to evaluate
the oses a exposures. This type of

datais rarely rthe of chemicals to which
peaple may p v to properly risk of such
exposures. Invitro assays and insil are craftan of achemical's
of i these
chemical safety evalus the i To
need, we

studies in humans or Is for 144
as? i 2 i ith

tissues, . We also includ i for some
studies, and i 1o support time-series.

In addition to pharmacekinetic modsl calibration and validation, these data may be used for analyses of

duses, or routes, and for meta-analyses on
pharmacokinetic studies.

Background & Summary
When ssesing chemical is. the US. Nationsl Research Council b delingated two aspecs that mst b con-
siderod: harard hazard may be. the du;t nccdcd to
dverse ef the chance of
received. As hazard i being estimated more fr:qucnllv using New Appruach NEhddoges oo
which bi ics (TK), is needed to compare

thesc hazard surrogates to exposurc?, TK v the s, ption, distribution, metablism, and cxcretion of a
chemical within the bady for s given specics. Knowledge of TK allows translation of toxicological information,
which might be collcted in model animal specics or i vitro, to humass or sentinel cological pecics
also needed ing external cxposure doses into target (ic
dosimetry), allowing a lular pathway d amounts®®. Detailed infor-
‘mation on test animal specics can be helpful, since there is uncertainty determining the relevance of an internal
dose found in an animal TK study o umans, dc o the higher doses generally used in (his type of Lsting and
other factors". Although it an be wsful in
netics {PK), the two terms will be used interchangrably in this document

Predictingnirnaldoses s primary sk f 21 ceniury ancology’- Wl pharmaceuticals e ved it
I ) trial, snd food addit sicid b
exposed to many of the nerci ilabl their o
which there are limited toxicalogical and TK data®. To address this gap, computational modelling of TK can be
performed based upon inputs from in vive, in vitro, and in silico studies. In vitro tools have been developed to
allow screening of chemical-specific TK properties for Libraries of chemicals* ", However, cach inpul parameter
carrics an ameuntof uncertainty, which may not be readily quantifiable (for example, human genetic variation "),

iy i P , Center for C Toxicolog 103TW. Alexander
Drive, ResearchTriangie Park, NC, 27709, USA. “Oak Ridge Institute for Science and Education, Oak Ridge, TN, USA.
*Department of Emvironmental Sciences and Engineering, University of North Carolina at Chapel Hill Chapel Hill NC,
USA. Se-mall:sayre.risa@epa.gov

SCIENTIFICDATA|

(2020) 7:122 | https:/jdoi.org/10.1038/s51597-020-0455-1 1

Sayre et al., Scientific Data. 2020
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142 Exposure Scenarios
41 VOCs

Log(Observed Max Concentration)

Extending High-Throughput Toxicokinetic Models
to Inhalation Route

Evaluating Performance of Generic Inhalation PBTK Models

Species
= Overall
= Human
— Rat

Pyrene Rat BL + 2 .:
Pyrene RatBL  » 7 *
. L b d . +Furan Rat BL
. 5 ..." ., 2H-Perfluoropropane Human VBL
C " *Furan Rat BL

oA N 2H-Perfluoropropane Human VBL
. . \ Furan Rat BL
* , 2H-Perfluoropropane Human VBL

'2H-Perfluoropropane Human VBL
Regression slope: 0.81
Regression R*2: 0.69
Regression RMSE: 0.45
RMSE (vs. identity): 0.5

0 2 4
Log(Simulated Max Concentration)

Log(Observed AUC)

Species
— Overall .
— Human
— Rat
Pyrene RatBL  * A
Pyrene Rat BL “e
. . . .
Tetrahydrofuran Human EB . .
* 1
3 .
e -t +Decane Rat BL
-t - -p . :
. e *—2H-Perfluoropropane Human VBL
e ~2H-Perfluoropropane Human VBL
. *—Furan Rat BL
N * 2H-Perfluoropropane Human VBL
- *-2H-Perfluoropropane Human VBL _
K . slope: 0.97

Regression R"2- 0.79
Regression RMSE- 0.49
RMSE (vs. ldentity): 0.55

*Furan Rat BL

0 2 4
Log(Simulated AUC)

Linakis et al., J Expo Sci Environ Epidemiol. 2020




<EPA Consensus Exposure Predictions with the SEEM
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Environmental Protection

Framework

* Incorporate multiple models (simple heuristics, SHEDS-HT, USETox) into consensus predictions for 1000s of chemicals within
the Systematic Empirical Evaluation of Models (SEEM) (Wambaugh et al., 2013, 2014; Ring, 2019)

. 1e+03-
Aa . '
N 1

Estimate Calibrate
o Uncertainty models A
2 = 1e-01-
: L
Q . S
% % * 5Sth %ile
? = 50th %ile
GP—OS:‘G 5 b 1e-05- 95th %ile
E S 99th %ile
— Inference 2 : e
Dataset 1 = E
“Daaset2 -

Model 1 Joint Regression on Models =
Model 2

Evaluate Model Performance Hurricane Path Prediction is an Chemical
and Refine Models Example of Integrating Multiple Models

Center for Computational
Toxicology & Exposure
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Predicted Exposure (mg/kg/d)

Near-field
+
Far-Field
|7
04 © 2 | /
//
R2 =0.14

1 1 1 |
1e-10 1e-07 1a-04 1e-01

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

Wambaugh et al., 2013

NearField
-6 Far Figld

—h~ Near Feld

-03 -

posure (mg/kg/d)

(=]
N
1

1e-09 -

Estir Predicted Ex

Development of First and Second Generation
SEEM Models

Production Volume

+

5 Functional Use
Heuristics

4

Bd

us R2=0.5

1 1
1e-05 1e-02

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

Wambaugh et al., 2014
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General use
categories

Reported

Chemical role

_ products
in products

Functional
Use

CPCPdb

BCPDat

Chemical and Products Database

Measured
Data

Ingredient
List

Identification in
product samples

Dionisio et al., Sci Data. 2018
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Toxicology & Exposure

chemicals in

Personal Care

CPDat

Curating the Data to Support Pathway-Based
Exposure Models for 1000s of Chemicals

Number of
PUCLevel Unique Chemicals

I 200
Levell —
150

Level 2 ----
Level 3 none 100

50

Consumer Product Composition 473,271
Functional use 33,770
CPCat Categories (Public 2,088
chemical lists)

Occupational exposure 1,304
Literature monitoring 1,175

Habits and practices (Consumer 202
Product Use Patterns)

3,738,350 1,791,250
34,680 11,946
117,231 68,133
4,825 1078

966 In process

NA NA
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al. (2016), Ernstoff et al. (2017)

EPA Inventory Update Reporting and Chemical US EPA (2018) 7856 All
Data Reporting (CDR) (2015)
Stockholm Convention of Banned Persistent Lallas (2001) 248 Far-Field Industrial and
Organic Pollutants (2017) Pesticide
EPA Pesticide Reregistration Eligibility Documents ~ Wetmore et al. (2012, 2015) 239 Far-Field Pesticide
(REDs) Exposure Assessments (Through 2015)
United Nations Environment Program and Society ~ Rosenbaum et al. (2008) 8167 Far-Field Industrial
for Environmental Toxicology and Chemistry
toxicity model (USEtox) Industrial Scenario (2.0)
USEtox Pesticide Scenario (2.0) Fantke et al. (2011, 2012, 940 Far-Field Pesticide
2016)
Risk Assessment IDentification And Ranking Arnot et al. (2008) 8167 Far-Field Pesticide
(RAIDAR) Far-Field (2.02)
EPA Stochastic Human Exposure Dose Simulator Isaacs (2017) 7511 Far-Field Industrial and
High Throughput (SHEDS-HT) Near-Field Direct Pesticide
(2017)
SHEDS-HT Near-field Indirect (2017) Isaacs (2017) 1119 Residential
Fugacity-based INdoor Exposure (FINE) (2017) Bennett et al. (2004), Shin et 645 Residential
al. (2012)
RAIDAR-ICE Near-Field (0.803) Arnot et al., (2014), Zhang et 1221 Residential
al. (2014)
USEtox Residential Scenario (2.0) Jolliet et al. (2015), Huang et 615 Residential
al. (2016,2017)
USEtox Dietary Scenario (2.0) Jolliet et al. (2015), Huang et 8167 Dietary

Center for Computational
Toxicology & Exposure

Predicted Exposure (mg/kg/d)

Integration of Twelve Exposure Pathway Models
in the Third Generation SEEM Model

0 R?-0.816

107" 107° 107°

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

Ring et al., Environ Sci Technol. 2019



EPA Initial Case Study on Evaluating NAMs for

Environmental Protection
Agency

Screening Level Assessments

el Dy Environment  Multiple international case studies stemming from
2016 inter-governmental workshop

Reproduced with pemission from Daily Environment Report,
223 DEN B-1, 11/18/16. Copyright © 2016 by The Bureau of
National Affaits, Inc. (800-372-1033) htp:/www.bna.com

« Example: In Vitro Bioactivity as a Conservative Point

The recently amended toxics law requires the EPA to take significant strides towards us- O I D e a rt l l re
ing non-animal safety tests for chemicals. EPA’s Dr. Robert Kavlock explores this challenge

and reports on a recent internatior

work for tests that can reduce reli (hemica]
information. R@S_@dr(h in S —— ‘_H
D Rosexr Kavioc Toxicol |0qy

D isease prevention is the goal of chem)

n n n
SESRIEIS S Acckrating the Pace of Chormica) Risk Assessment ¢ P a rtl CI a I ltS I I l CI u d e E PA I I e a I tI l a I l a d a E I IA
o tne proveciion of muman peaimands]  Robert J. Kavlock," Tina Bahadori,” Tara 5. BartonMadaren,” Maurcen R. Gwinn,” Mike Rasenberg® ) ) )
and Russell §. Thomas*"

Robert Kaviock is the Deputy Assistant | Ofice of Research and Development, US. Envronmentsl Protection Agency, Washington, D.C. 20460, Unied States
e et i Weaniagte]  *Healiby Envionments s Consuer Sukty Branch, Hesth Canadh, Ottavs, ON K1A 0K9, Canadhs *
ORD s the scientific research arm of thd *Computational Asessnent & Disemination Urit, Furopean Chersicas Agency, 00120 Helsinki, Finland
ose leoding-edge rescarch helps Pros] "0fice ol Reearch and Deveopmen, US. B IProtec Reseaach Trangl Pak, North Carclina 27711, Unted Ststes
for the agency. L) L)
The views expressed in this commentary ABSTRACT: Changes in chemical regulstions worldwide hve  Accelerating the Pace of Chemical Risk Assessment
those of the author and do not necessarl ipcsued the demand fo new dts oo chenical sfety. New
epresent the views andlor poliiesof th approach methodolgies (NAMs) e defined brosdly bere 3 Y 3
Bloomberg BNA, which welcomes other|  elading aiio spprosches s in hemis nd i i says, Ll
o v 25 wall 5 the inchsian of inomnation from the expasure of .
chemicals in the context of hud [Europsan Chemicis

Agency, “New Approach Methodalogies in Regulstory Scienss
2016], NAMs for tosicty testing, inchding shernstives 1o
sniinal testing sppeoaches, have shown promise to provide &
large amount of data to ll inbmation gaps in both hazard
and exposure. In order 10 imncresse experience with the new o
data and to advance the applicaions of NAM data t0 evaluste
the sakty of ditapoos chemicals, demonsrstion case shadies
have to be developed to buid confidence in their usabilty. Case stu dies can be used to explore the domains of spplicabilbty of the
NAM data and identiy sreas that would beneft fom futher rosearch, development, and applicytion. To ensure that this scence

* Goal: Determine whether in vitro bioactivity from
broad high-throughput screening studies (e.g.,

‘COPYRIGHT © 2016 BY THE BUREAU OF RATIONAL

incease wunderstan ding of exposue and human health toscity of various chemicab, The case sy spproach proved effective in
budding collborations and engagement with regulstory decsion makers and 1o promote the importance of data and knowledge
shaing aemong nternations regultory agencies. The csse studies wil be continued 10 explore new ways of describing hizard
(i, pathway perturbaiions a5 & measwe of adverity) and new ways of describing risk (ie, wing NAM to identily protective
levels without necesardy being predictive of @ speafic harard). Imporantly, the case studies abso highlighted the need for

S T e T ToxCast) can be used as a conservative point-of—
S departure and when compared with exposure

estimates serve to prioritize chemicals for future study
or as lower tier risk assessment.

areamc—in hazard, exposure, and dose evslustion—are being,
elied on animal model. The new dats are diverse and include
dsta from high-throughput loxicity and tocokinetic tating,
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1. OVERVIEW

The moderniztion of the U, Toxk Substances Cortrol Ac
(TSCA) the smplenectaon of European Unio's Regerin,

S ACS Publications e mmmiesscn oanca sty A
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EPA Case Study on Evaluating NAMs for Screening
Level Assessments

Environmental Protection
Agency

' EPA- ToxCast
__ ~400 chemicals ToxVal
Apply hitk , EFSA
ECHA
ExpoCast Health Canada

Bioactivity-
exposure ratio

POD;aq -
PODy ratio

« NOEL, LOEL,
NOAEL, or LOAEL

« Oral exposures

« Mogkg-bw/day units

Center for Computational
Toxicology & Exposure



EPA

United States
Environmental Protection
Agency

TOXICOLOGICAL SCIENCES, 2019, 1-24

dol: 10,1093/ tosel/kfz201
Advance Access Publication Date Septerber 18, 2013
Research Artide

SOT s,

Sl academic.oup. cnm/mxsm

Utility of In Vitro Bioactivity as a Lower Bound Estimate
of In Vivo Adverse Effect Levels and in Risk-Based
Prioritization
Katie Paul Friedman @ ,™" Matthew Gagne,' Lit-Hsin Loo,* Panagiotis
Karamertzanis,® Tatiana Netzeva,’ Tomasz Sobanski, ¥ Jill A. Franzosa," Ann
M. Richard,” Ryan R. Lougee,”!| Andrea Gissi f Jia-Ying Joey Lee,* Michelle
Angrish,!| Jean Lou Dorne,! Stiven Foster," Kathleen Raffaele,” Tina
Bahadori,! Maureen R. Gwinn,” Jason Lambert,* Maurice Whelan,** Mike
Rasenberg,§ Tara Barton-Maclaren,’ and Russell S. Thomas @ *
“National Center for Computational Toxicology, Office of Research and Development, US Environmental
Protection Agency, Research Triangle Park, NC, 2771%; THealthy Environments and Consumer Safety Branch,
Health Canada, Government of Canada, Ottawa, Ontario, Canada, K1AOKS; Fnnovations in Food and
Chemical Safety Programme and Bioinformatics Institute, Agency for Science, Technology and Research,
Singapore, 138671, Singapere; Computational Assessment Unit, European Chemicals Agency, European
Chemicals Agency Annankatu 18, P.0. Box 400, F1-00121 Helsink, Uusimaa, Finland; National Health and

1 Effects Research | y, Office of Research and Development, US Environmental
Protection Agency, Research Triangle Park, NC, 27711; '0ak Ridge Institute for Science and Education, US.

Department of Energy, Oak Ridge, TN 37831, USA; INational Center for Environmental Assessment, Office of
Research and Development, US Environmental Protection Agency, Washington, DC, 20004 and Research

Triangle Park, NC 27711; llScienti ittee and E Risks Unit Department of Risk Assessmentand
Scientific Assistance, Via Carlo Magno 1A, 43126 Parma, Italy; "Office of Land and Emergency Management,
U.S. Environmental Protection Agency, Washi DC, 20004;and ™ Commission, Joint Research

Centre (JRC), Via Enrico Fermi, 2749, 1 - 21027 Ispra, Italy

*To whom correspendente should be addressed at 108 TAV. Alexander Drive, Mail Drop D143-02, Research Triangle Park, NC27711. Fax: (919) 5111154
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ABSTRACT

Use of high-throughpu, in vitro bioactivity data in setting a point -of-departure (POD) has the potential to accelerate the
pace of human health safety evaluation by informing screening level assessments. The primary objective of this work was
1o compare PODs based on high shp y, exposure ions, and traditional hazard
information for &48 chemicals, PODs derived from new approach methodologies (NAMs) were cbtained for this comparison
using the 50th (PODjuau, so) and the 95th (PODyayy, ss) percentile credible interval estimates for the steady-state plasma

‘Published by Oford University Press on behalf of the Society of Texicology 2019.
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Regulatory Focused Case Study on Evaluating
NAMs for Screening Level Assessments
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For ~89% of the
chemicals, PODy,,
was conservative.

(~100-fold on
average), but less
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POD, was not
conservative
enriched in
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“EPA  Follow-Up Prospective Case Study on Application
To Data Poor Chemicals on National Inventories

ToxCast Targeted HTTr HTPP
Assay Set

Hazard Flags

\ 4
HTTK
|
v
Css Cmax AUC

Bioactivity-
exposure ratio

< PODy,\ Cutoff > POD,, < X

Center for Computational
Toxicology & Exposure
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Systematic Evaluation of Trade-offs of
Speed, Cost, and Uncertainty

Economic and Public

Center for Computational
Toxicology & Exposure

Incorporating Approaches into Decision Support

Frameworks

Health Benefit

>

Components of a Cost Effectiveness Framework for
Toxicity Testing Methods

Toxicity testing methodologies
1 throughJ

‘ Exposure assessment ‘

Values of toxicity parameters
(ﬂtoxand 6tox)

N Uncertaintyin values of toxicity
parameters (fizoxand Gzox)

-{ Duration of testing

}7

-{ Testing costs

|

Regulatory actions
1 through K

[
L2

v

Levels of
exposure after
regulatory actions
1 through K

Costs of
regulatory actions
1 through K

—-{ Risk assessment }<

—

Risk-based decision making
for simple and complex

decisions

!

Probabilistic model of Decision-
Making Value (DMV) of data

—

Cost effectiveness ratio

CERIl =

CSJ,. cost of performing thejth testing methodology and interpreting results in the yt" year (millions of dollars)

DMVyjll(Decision Making Value) probability of correctly making the [t! type of regulatory decision given the
findings of thejth testing methodology in the yt year (unitless)

y=1(14r)r-1

TH

Y=Y j+YTA (1 + 7)Y -1

yr,j time it takes to perform the jth method of toxicity testing (years)

Yra,j time required to convert the findings of the jt" testing methodology into a toxicity assessment (years)

Yru time horizon of the analysis where yy must be greater than the sum of yr, ; and yr ; (years)

y time since the beginning of the toxicity testing (years)

r annual discount rate (fraction per year)
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Parameter

Toxicity Testing Methodology

1 2 3 4 5

. Less Less all
Less cost Less time

Description Units .
uncertainty three

Duration of toxicity

Simple Decision

Incorporating Approaches into Decision Support

TRL

i Years 10 10 2 10 2
YT testing
The total cost of
c’ toxicity testing one MillionsS 5 1 5 5 1
chemical
Uncertainty in the
0(ftox) geometric mean of Unitless 1 1 1 0.2 0.2
toxicity
Regulatory actions
_— . No
Parameter Description Units . 1 2 3 4 5
action

Log,, of geometric mean of
exposure in the population

ﬁk‘exp Loglo (mg/kg/d) _8 _8 '8 _8.5 _9 _14

~ Log,, of geometric standard
Okexp  deviation of exposure in the
population

Log,,(mg/kg/d) 05 04 03 05 05 01

Low Risk High Risk
No action | Regulatory action is required
R < »|
Chemical A ‘ Chemical B ‘
Uncertaintyin ﬁé from Uncertaintyin R} from
uncertaintyin 8, uncertaintyin 8],
Complex Decision
Low Risk LT — Viore High Risk
) controls stringent Most stringent
No action required l controls controls

Chemical D ‘

Uncertaintyin R}, from
uncertaintyin 8.,

« >
‘ Chemical C ‘
Uncertaintyin R} from
uncertaintyin 8},

Center for Computational
Toxicology & Exposure
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Incorporating Approaches into Decision Support

Frameworks

0.1
5.5 -5 4.5 -4

-3.5

-3 -2.5

-2 -1.5

Log,, Geometric Mean of Toxicity (Mtoy)

Center for Computational
Toxicology & Exposure

100 Base Case Less Cost Less Time Less Uncertainty Less All

5 — N

w8 Average value of CER | Value of CER for the value

% @ across all values of of o, most impacted by

2 ‘g Uiox uncertainty

% 2 . Simple Complex Simple Complex

= = decision decision decision decision

S N Toxicity Testing Methodology #1 (Base case) 22 45 38 350
Toxicity Testing Methodology #2 (Less cost) 4.4 9.1 7.5 70

ot ss s as 4 35 3 25 2 s 05 Toxicity Testing Methodology #3 (Less time) -
Log,, Geometric Mean of Toxicity (ltqy) maximum impact 1.4 2.8 2.3 21
Baco Gase  LomsGost  LecsTime  Loss Uncertainty  Less Al Toxicity Testing Methodology #4 (Less uncertainty) 20 23 33 72
1000 Toxicity Testing Methodology #5 (Less cost, less
time - min, less uncertainty) 0.24 0.28 0.41 0.88
Ratios of CER values for Toxicity Testing

'% Methodologies

o T Impact of less cost 5.0 5.0 5.0 5.0

8 Maximum impact of less time 16.4 16.4 16.4 16.4

é’ @ Impact of less uncertainty 1.1 2.0 1.51 5.21

ﬁ’_; g Combined impact of less of cost, minimum impact

“';';’ 3 of less time and less uncertainty 92.8 160.3 125.7 425.3

@]

o

Ivalues are determined based on the set of data with the largest difference between Toxicity Testing Methodologies #1 and #4.
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To Succeed it will Take a Complex, Multi-
Disciplinary Research Program, but...

DSSTox

Chemical library
Read across
SAR/QSAR modeling
Chemotypes

TTC

* Communities of
Practice

* ToxCast Owners
Manual

» Training courses/
videos

HTTK assays (metabolism,
bioavailability, binding)
Partition coefficients

HTTK R package
Multi-route models

Model verification (e.g.,
CvT)

In vitro disposition

Outreach &
Training

OECD/ APCRA Case
Studies

NAM Work Plan
Reference Materials
Reporting Templates

Establishing
Confidence

Modeling

Uncertainty
& Variability

Computational

Software &
Decision
Support Tools

CompTox Chemicals
Dashboard

RapidTox

Factotum

ECOTOX

SeqAPASS

CEA and VOI Frameworks

Eco/HH HTS (HTTr, HTPP, ToxCast)
Tiered testing

Organotypic models

Addressing limitations (metabolism,
chemical space)

Statistical and Biologically-based
Modeling

AOPs

« SEEM

* ToxBoot

« HTTK

» ToxRefDB

ExpoCast
NTA/SSA
ENTACT

Product emissivity



vgmt_edés | The Chemical Safety Groundhog Day is Coming
to a Close...
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