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S EPA - In Vitro assays: Bioactivity Concentration
N e - Need Bioactivity Dose to compare with exposure

Environmental Protection

Agency - Convert using High Throughput Toxicokinetics (HTTK)

Semi-quantitative
In Vitro to In Vivo
Approach

mg/kg BW/day

Potential Hazard:
In Vitro + HTTK

Potential Exposure:

- Office of Research and Development
National Center for Computational Toxicology
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wEPA High-Throughput Risk

United States

Environmental Protection Assessment (HTRA)

 Risk assessment approach
—Estimate upper dose that is still protective
—RfD, BMD are standard, animal-based quantities
—Compare to estimated steady state exposure levels

 Contributions of high-throughput methods

—Focus on molecular pathways whose perturbation can lead to
adversity

—Screen hundreds to thousands of chemicals in in vitro assays
for those targets

—Estimate oral dose using H-T pharmacokinetic modeling

e Incorporate population variability and uncertainty

- Office of Research and Development
National Center for Computational Toxicology
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Define molecular pathways linked to adverse outcomes
Measure activity in vitro in concentration-response (PD)
Estimate external dose to internal concentration scaling (PK)
Estimate dose at which pathway Is perturbed in vivo
Estimate population variability and uncertainty in PK and PD
Estimate lower end of dose range for perturbation of pathway

o gk wWhPRE

- Office of Research and Development 4
National Center for Computational Toxicology



<EPA

United States
Environmental Protection
Agency

AOP / MOA Development

« International workgroups developing frameworks and models

—OECD - AOP
-WHO — MOA

« Key Concepts

—Molecular Initiating Events or Key Events — measureable in vitro

—Causal evidence for downstream effects
—AOP includes effects up to the population level

Adverse Outcome Pathway
A
/— *\\
Macro-Molecular Cellular Organ Organism Population
Toxicant Interactions Responses Responses Responses Responses
Receptor/Ligand Gene Altered Lethality
Interaction Activation Physiology | ired Structure
Chemical A : ; mpaire
DNA Bindin Protein Disrupted Development i
Properties b 9 P Production Homeostasis [ I P 4 ] Recruitment
tei i L.
Oin-ga?:Egn Altered Altered Tissue Re,’;}gﬁ{{gﬁm Extinction
Signaling Development
or Function Cancer
Protein
/ Depletion
AN
Y
Toxicity Pathway Anchor 2
(adverse outcome at the
Anchor 1 . .
(initiating event) organism- or population-level)
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Ankley et al. 2010



Example AOP: Embryonic Vascular Disruption

2,

Hypoxia - -
VDCs
—> (402, TROS) — Angioblasts -'D Placenta Newborn >  Population
it vasculogenesis g ; ” .
i HIF1a, AhR J'J..blood iEIands : Nutrient exchange Lowbirth weight D““—‘V‘?'::Z’t‘";]ema'
H + : Altered physiology Functional deficit
H i | impairedblood flow Malformation consequences
fiiseeneqp]  AnElogenic : Lethality
: switch ) l
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. ‘ Endothelial cells  [r=P» Embryo-Fetus
- \ 4 :
H Jeytoskeletal cycle . .
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: signals : Impaired growth
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TIE2, PDGFB B Tied Tipe Asiay
| | TCFD; Type: Assay
KEY ; Established mechanisticlinkage with i Predictive modellinkagesbased on
quantitative or semi-quantitative data quantitative concentration-response data
===« Plausible linkage with limited data Hypotheticallinkage

Empirical linkage based on quantitative
exposuredesponse data
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Assay linkedto ToxCast

Knudsen and
Kleinstreuer.
Birth Def Res
C. 2012
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United States
Environmental Protection
Agency

High-throughput
Hazard and
Kinetics

High-throughput
Exposure
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/ Adverse Effect -
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Toxicity Pgthway
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HTS Assays

Biological Pathway Activating
Concentration (BPAC)
Probability Distribution

Probability Distribution
for Dose

that Activates
Biological Pathway
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- Joint Regression on Models :

Evaluate Model Performance
and Refine Models



SEPA In Vitro Estrogen Receptor Model

United States

envionmental Protection - COMbines results from multiple in vitro assays

Agency

o Use multiple assays per pathwav

» Different technologies
» Different points in pathway

 No assay is perfect

e Assay Interference

i i 1
ofactor A8/ ofactor
Recruitment . I__\'-'._L Recruitment
=. Lol ;
. DNA gW R DNA ATG TRANS
 Noise
! oyt i o
- - i
- 1 P13 Tox21 BLA
indin ] N Tox21 LUC
Protein
ACEA

uppression

 Use model to integrate assays

Tox21 BLA
Tox21 LUC

« Evaluate model against reference chemicals

 Methodology being applied to other pathways

- Office of Research and Development
National Center for Computational Toxicology
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<EPA

United States

Er;\;ir:gcmental Protection an d n eg atlve

Assays cluster by technology,
suggesting technology-specific
non-ER bioactivity
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Major theme — all assays have false positives

Much of this “noise” is reproducible

- “assay interference”

- Result of interaction of chemical
with complex biology in the assay

EDSP chemical universe is structurally
diverse

-Solvents

-Surfactants

-Intentionally cytotoxic compounds
-Metals
-Inorganics
-Pesticides
-Drugs
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human

bovine M Receptor (Direct

Molecular Interaction)

ER agonist pathway

ER antagonist pathway

Pseudo-receptor pathway
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SEPA Computational Model

United States
Environmental Protection
Agency

A . Z FR A, is the efficacy of the assay at a given concentration
- 7] R; is the “true” efficacy which is unobservable
. F links receptors to assays

Solve a constrained least-squares

g = Z (AP — A™*)2 1 penalty(R)  problem to minimize difference
i between the measured and predicted

assay values

Aipred c [1’0]
SR Penalty enforces physical assumption
that chemical will not hit many targets

SR? + SR,’ simultaneously

penalty(R) = &

NCOﬂC
AUC, = 1 > sign(slope) x R; (conc;)
conc =l

AUC Summarizes results
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EPA ER Model Results

Environmental Protection
Agency

Appropriate Results

for Reference Chemicals
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Office of Research and Development
National Center for Computational Toxicology

Results For
EDSP Universe Chemicals

1431 EDSP chemicals run in vitro
71 (5%) have a significant ER score

Mostly known chemical classes:

 Phenols
e Steroids
« Parabens

 Phthalates
* Organo-chlorides

Uses:

* Pesticides
 Pharmaceuticals
 Plastics

 Dyes

e |ndustrial Intermediates >



o EPA CERAPP: Extend In Vitro data with
N it QSAR Models

Environmental Protection
Agency

» Collaborative Estrogen Receptor Activity Prediction Project

« Goals:
—Use ToxCast ER score (or other data) to build many QSAR models
—Use consensus of models to prioritize chemicals for further testing

« Assumptions

—ToxCast chemicals cover enough of chemical space to be a good
“global” training set

—Consensus of many models will be better than any one individually

e Process
—Curate chemical structures
—Curate literature data set
—Build many models
—Build consensus model
—Evaluate models and consensus

- Office of Research and Development 14
National Center for Computational Toxicology
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<EPA Chemicals for Prediction:

ted States
0

e The Human Exposure Universe

sIT1

>mC

e Estimate universe of man-made chemicals with
potential for exposure

e EDSP Universe (10K)

¢ Chemicals with known use (40K)
— From Chemical and Product Category DB (CPCat)
— http://actor.epa.gov/cpcat

e Canadian Domestic Substances List (DSL) (23K)
e EPA DSSTox — structures of EPA/FDA interest (15K)
e ToxCast and Tox21 (In vitro ER data) (8K)

 Unique set of structures: ~32K

15


http://actor.epa.gov/cpcat

wEPA Evaluation & Consensus

United States
Environmental Protection
Agency

Models received: Evaluation procedure:

« Qualitative: « On the EPA training set (1677)
—Binding: 22 models « On the full evaluation set (~7k)
—Agonist: 11 models  Evaluation set with multi-sources

—Antagonist: 9 models
« Quantitative:

—Binding: 3 models

—Agonist: 3 models

—Antagonist: 2 models

« Remove “Very Weak”
« Remove single source

e Remove chemicals outside the AD

Models provided by 17 groups in U.S. and Europe

- Office of Research and Development
National Center for Computational Toxicology
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“EPA

United States
Environmental Protection

Agency
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Binders: 3961
Agonists: 2494
Antagonists: 2793

Office of Research and Development
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National Center for Computational Toxicology
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Key point: As greater consistency
IS required from literature sources,
QSAR consensus model
performance improves

o 6 7

Mumber of literature sources

- Balanced accuracy
|:| Sensitivity
N Specificity




SEPA  ER QSAR Summary

« Many ER QSAR and docking models built using ER
model result (AUC) as training data

« 5-10% of chemical universe has predicted potential for ER
bioactivity

« QSAR-model positives are candidates for follow-up in
vitro testing

« Consensus of models gives high balanced accuracy for
literature data that is internally consistent

« Open-source structure preparation process performed on
all EDPS universe distinct chemicals (and others)

- Office of Research and Development
National Center for Computational Toxicology
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SEPA Adding Pharmacokinetics:

United States

unted St oecion HIgh-Throughput ToxicoKinetics (HTTK)

go= = -]

! |
|
LIHE
! |

/)/

= s
Human Add Chemical Remove Analytical Hepatic
Hepatocytes (12 and 10 uM) Aliguots at 15, Chemistry Clearance
(10 donor pool) 30, 60, 120 min
= o=
! - /J'\ - /JF ] An
5 2 - # A, # _m= Plasma Protein
E!' , . ‘ . i E;ﬂ Binding
1 UM N O =i
Human Add Chemical Equilibrium Analytical
Plasma (12 and 10 uM) Dialysis Chemistry

(6 donor pool)

Combine experimental data w/ PK Model to estimate dose / concentration scaling

Bioactivity Dose = Bioactivity Concentration / Css

- Office of Research and Development 20
National Center for Computational Toxicology



SEPA  ExpoCast Exposure Modeling

United States
Environmental Protection

Agency Output: Estimate of exposure (w/ confidence interval)

-

Estimate
Uncertainty l

Calibrate
models

e

"~ Exposure
N EEE

Model 1 - Joint Regression on Models :
Model 2

Evaluate Model Performance
and Refine Models

- Office of Research and Development 21
National Center for Computational Toxicology

Inferred Exposure

Dataset 1
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Egeny menal Protecton Output: “Activity Exposure Ratio (AER)”
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<EPA

United States
Environmental Protection
Agency

Summary of Uncertainty and Variability
Components for HTRA

Uncertainty

Variability

Pharmacodynamics

Note: Data is
human-derived

Data uncertainty (potency)
Other biology not included

Default for now

HapMap cell-line
experiments may help

Pharmacokinetics

Note: Data is
human-derived

Data uncertainty (plasma
protein binding, intrinsic
clearance).

Model variability in liver
function as f(age, sex,
body weight)

Exposure

Note: Model is
parameterized using
NHANES data

Includes uncertainty in
biomonitoring data

NHANES-derived
variability

SHEDS-like models can be
used

- Office of Research and Development
National Center for Computational Toxicology
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wEPA Summary: How Well Do We Understand

United States

e Uncertainty and Variability?

Uncertainty Variability

Pharmacodynamics | Data uncertainty (potency)
Other biology not included
Note: Data is

human-derived

Pharmacokinetics Data uncertainty (plasma Model variability in liver

protein binding, intrinsic function as f(age, sex,
Note: Data is clearance). body weight)
human-derived

Exposure NHANES-derived
variability
Note: Model is SHEDS-like models can

parameterized using be used

NHANES data

- Office of Research and Development 24
National Center for Computational Toxicology



SEPA  ER case Study / BPA

Environmental Protection
Agency

 Bisphenol A was active at some
concentration for 17 of 18 ER-related

—_ assays
2

g--; . I NVS_NR_bER_ACC 0.19
< NVS_NR_hER_ACC 0.20
E . NVS_NR_mERa_ACC 0.27
& ! OT_ER_ERaERa_0480_ ACC 1.27
2 . OT_ER_ERaERa_1440 ACC 1.34
8 I OT_ER_ERaERb_0480_ ACC 0.23
o ! OT_ER_ERaERb_ 1440 ACC 0.25
I I OT_ER_ERbERb_0480_ACC 0.23
= | OT_ER_ERDbERb_1440 ACC 0.19
= I OT_ERa_EREGFP_0120_ACC 0.33
OT_ERa_EREGFP_0480 ACC 0.52
| ATG_ERa_TRANS_up_ACC 0.03
Bisphenol A ATG_ERE_CIS up_ACC 0.05

Tox21 ERa BLA_Agonist_ratio ACC 1.88
Tox21 ERa LUC_BG1_Agonist ACC 0.14
ACEA_T47D_80hr_Positive ACC 0.16

offi Tox21 ERa_ BLA_Antagonist_ratio ACC 13.27

ice of Research and Development

- National Center for Computational Toxicology Tox2 1_E Ra_LUC_BG 1_Antagonist_ACC 1000000

in vitro Active

Concentration at Cutoff ¢ 17 ToxCast Assays
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United States
Environmental Protection

Agency

10.0-

01-

ER In Vitro Assays Pseudo ACC (uM)

Bisphenol A

in vitro Active

Concentration at Cutoff il Pseudo ALC

Office of Research and Development
National Center for Computational Toxicology

ER Case Study / BPA

« A mathematical model was used to
integrate all assays into a single predicted

active concentration
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United States
Environmental Protection

Agency

10.0-

ER In Vitro Assays Pseudo ACC (uM)

Bisphenol A

in vitro Active
Concentration at Cutoff
(Median and Minimum)

* Pseudo ACC

Office of Research and Development
National Center for Computational Toxicology

ER Case Study / BPA

« The error bar indicates the span between
the median and the minimum plausible

active concentration
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SEPA  ER case Study / BPA

Environmental Protection
Agency

« Reverse dosimetry based on HTTK data
was used to predict an oral equivalent
dose that would cause the ACC in plasma

100 -

—
-
o] . ..
o for the 95-percentile, most sensitive adult
o
2
—
j=)]
E
o = A
73] % Prediction
_ =
2
= T
% =
= ] Slope = C,, for 1 mg/kg/day
B 5
= @
LICJ- 1- A
W ]
T 2 !
n v
ﬁ 0 Daily Dose (mg/kg/day)
. Median
B Lower 95 Predicted C,
Predicted C
3 _.'-
! 8 Upper 95
BisphenOI A %“ .~ Predicted C
o _ -~
Dose (mg/kg/day) causing z . .
in vitro Active il Fseudo ACC S | o g
Concentration at Cutoff = o
(Median and Minimum) =3 T 7‘: -
Z L &
3 Pl
e :
r -

) 0 Steady-state Concentration (UM} = in vitro AC50
- Office of Research and Development
National Center for Computational Toxicology



SEPA  ER case Study / BPA

Environmental Protection

Agency
- Based on the ACToR UseDB descriptors
and production volume, a median
exposure for similar NHANES chemicals
P can be predicted
g o
O s
2 3
2 &
2 5 Consumer & Yes
o= o
we Industrial Use
S g oot
oo Industrial Use No
- Only
Pesticide Inert No
Bisphenol A Pesticide Active  No
Exposure Prediction (mg/ka/day) o e Fiei Production > 1 billion
Dose (mg/kg/day) causing Pseuds ACC VOIume IbS/year

in vitro Active
Concentration at Cutoff
(Median and Minimum)

- Office of Research and Development
National Center for Computational Toxicology



SEPA  ER case Study / BPA

Environmental Protection
Agency

« Due to the large uncertainty, the upper
95% limit of the exposure estimate
credible interval is used

P
8 o
O s
£ 3
g s
SN Consumer & Yes
- o
=2 Industrial Use
E -En': 001 - .
5 2" Industrial Use No
i Only
Pesticide Inert No

Pesticide Active  No

Bisphenol A Production > 1 billion
"Pseudo ACC" + Pseudo ACC Volume |bS/year

Exposure Prediction {(mg/kg/day) .
(Median and Upper 95%) —*= Near Field

- Office of Research and Development
National Center for Computational Toxicology



SEPA  ER case Study / BPA

Environmental Protection
Agency

« LaKind and Naiman (2011) Estimated

Exposure to BPA from NHANES data in
ng/kgBW/day):
. i
3 o
O 35
£ 8
o o
[En
= 8
= Total 35.1 25.0 2193
&
o Age 6-11y 54 63 4984
Age 12-19y 48 59 5169
Age 20-39y* 38.5 57 6056
. Age 40-59y*  28.9 57 6056
Bisphenol A Age >=60y 27.3 66 84221
"Pseudo ACC" * Pseudo ACC Male 396 38 3132
Exposure Prediction (mg/kg/day) — oo Fiald
(Median and Upper 95%) Female 31.2 12 1125

*ExpoCast makes single prediction for Age 20-59y

- Office of Research and Development
National Center for Computational Toxicology
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Summary: Overall Prioritization Scheme
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SEPA Summary for ER HTRA Case Study
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» Method ranks chemicals by their exposure-bioactivity dose
differences

« Use In vitro assay data to derive a concentration at which
pathway-based bioactivity occurs

 Use In vitro toxicokinetics to convert to an oral equivalent dose

« Use exposure models to estimate exposure, given assumptions
about near-field use

- Conservative assumptions are used
* All quantities include estimates of uncertainty and variability

« Most chemicals showing overlap between exposure and likely
bioactivity doses are drugs or natural hormones
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EPA Understanding Success and Failure
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« Why In vitro to in vivo can work:

—Chemicals cause effects through direct molecular interactions that we
can measure with in vitro assays

« Why In vitro to in vivo does not always work:
—Pharmacokinetics issues: biotransformation, clearance (P, FN)
—Assay coverage: don’'t have all the right assays (FN)

—Tissue issues: may need multi-cellular networks and physiological
signaling (FN)

— Statistical power issues: need enough chemicals acting through a
given MOA to be able to build and test model (FN)

—Homeostasis: A multi-cellular system may adapt to initial insult (-P)

—In vitro assays are imperfect (-, FN)

—In vivo rodent data is imperfect (-, FN)
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