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Disclaimer

The views expressed in this presentation are those of
the authors and do not necessarily represent the views
or policies of US EPA.
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Addressing Gaps in Chemical Toxicity Testing

Toxicity Testing in the 215t Century (Nrc 2007)

* Shift from traditional animal-based toxicity testing to
New Approach Methodologies (NAMs) and predictive

US EPA ToxCast program (pix et al. Toxicol Sci 2007)
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Slide adapted from Logan Everett

Richard Chem Res Toxicol 2016

* Broad bioactivity profiling of chemicals via high-
throughput screening (HTS) assays

* Limited biological target coverage, reduced xenobiotic
metabolism in vitro (Rice et al. Environ Health Perspect 2013)

Next Generation Blueprint for Hazard
Evaluation: Integrate multiple assay
technologies into a single framework

for efficient hazard screening (thomasetal.
Toxicol Sci 2019)
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Integrating Data Streams to Improve Scientific Confidence in NAMSs

Tiered hazard evaluation framework: investigate potential mechanisms-of-action (MoAs) via high-throughput screening

platforms and link verified chemicals to likely adverse outcomes (thomas et al. Toxicol Sci 2019)
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Estimate Point-of-Departure
Based on Biological Pathway or
Cellular Phenotype Perturbation

Thomas Toxicol Sci 2019

Estimate Point-of-Departure
Based on AOP

y
Estimate Point-of-Departure
Based on Likely Tissue- or
Organ-level Effect without AOP

High-Throughput Transcriptomics (HTTr)
High-Throughput Phenotypic Profiling (HTPP)

Targeted High-Throughput Screening Assays (ToxCast)

Computational Needs:

* Derive high-confidence MoAs from
transcriptomic NAMs

* Develop criteria to prioritize chemicals
for key hazards based on Tier 1-2 NAMs
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Project
Outline

Develop HTTr Signatures for MoA-Specific Activity

Define Tiered Framework for Chemical Prioritization

Apply Framework to Retrospective Tier 1-2 Screening
Data

ldentify Candidates for Prospective Tier 2 Assessment

Conclusions and Next Steps
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High-Throughput Transcriptomics for Chemical Screening

* TempO-Seq : Next-gen sequencing of >20,000 probes hybridized to expressed transcripts (veakley et al. PLoS One 2017)

* Upto 1,387 chemicals screened in multi-concentration format for multiple cell lines:

*  MCF7 Breast Carcinoma Cells (Harrill et al. Toxicol Sci2021)

* U-2 OS Osteosarcoma Epithelial Cells (Bundy et al. In Prep)

* HepaRG Hepatic Progenitor Cells (Shah et al. In Prep)

A

13-day Cell Expansion

Harrill Toxicol Sci 2021
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MoA ldentification from Transcriptomic Data Streams

* Single-sample gene set enrichment analysis of compiled signatures Catalog of >11,000 public gene set signatures with toxicological

Barbie et al. Nature 2009
(Barb ‘ ) relevance, annotated for known molecular targets:

* Concentration-response profiling of enrichment scores via tcplfit2
(Sheffield et. al. Bioinformatics 2022)

> Bioplanet (Huang, et al. Front Pharmacol 2019)
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Data-Driven Signature Development Identifies Uniquely-Potent
Features

Reference Class Associated Signatures (RCAS): gene sets uniquely potent for individual MoAs identified via univariate strategy

* Reference chemicals identified via RefChemDB: automated mining of literature databases for chemical-molecular target
interactions (udson et. al. ALTEX 2019)

Differentially
TempO-Seq Genes o
G G, Gs Gs Gs Gi Pairwise Potent Genes
ANOVA Comparison Class Selection
[O2
5.8 O O O o3
o E o2
v— QO qq_) s
[ o 2
xo 9
10g10(BMD)gene; ~ Class Tukey’s HSD For each class:

. Lo BMD) lower than
FDR < 0.05 Ccssa | casse | o [

Class. 1  Class_2 0.01 FDR < 0.05 against 9/12

5 Signatures

Class.1  Class.3  0.05 other classes _
*  Gene meets criteria for Representing 4
only 1 class Unigue MoAs

Class_1 Class_13 0.001
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RCAS Gene Potencies Reveal Distinct Patterns by MoA

* Reference chemicals annotated for same MoA as signature demonstrate activity at low concentrations

* Reference chemicals annotated for other MoAs compared to signature show activity at high concentrations or no

concentration-responsiveness

HepaRG Gene Clustering: 1173 genes identified

Reference Chemical

5,6-Benzoflavone
Benzo(k)fluoranthene
Benzo(a)pyrene
3-Methylcholanthrene
Mizolastine

Pimozide

Astemizole

U-2 OS Gene Clustering: 69 genes identified

o

Prednisone
Triamcinolone

Prednisolone

Methylprednisolone

Betamethasone

Bexarotene

AM580

Reference Chemical

Arotinoid acid

reference_class log10(BMD)

AHR_Agonist RAR RXR Agonist [ R |
hERG _Inhibitor NR3C1 _Agonist 3-2-101 2 3

9
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Reference Chemicals

Agency

Concentration-response modeling of reference

signatures via CompTox-httrpathway package
(https://github.com/USEPA/CompTox-httrpathway)

* Enrichment scores estimated via sSGSEA (Barbie
et. al. Nature 2009)

* BMDs estimated from normalized enrichment
scores via tcplfit2 (sheffield et. al. Bioinformatics 2022)

Signature bioactivity determined via
thresholding of confidence and efficacy
metrics:

* Curve-fit confidence: hitcall > 0.9

* Efficacy: top over cutoff > 1.5

In-class chemicals: low BMD, high efficacy

Out-of-class chemicals: high BMD, low efficacy

Signed Top Over Cutoff

heparg AHR_ Agonist
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heparg RAR_RXR_Agonist
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u2os RAR _RXR_Agonist

BetanTethasone

*  %lss0
[ ]
__________+o__'_.£'____
+ +
+
+

i3 2 4 6

log10(BMD)

Passed
bioactivity
thresholds

+ FALSE
® TRUE

Chemical in
reference
class

@ FALSE
& TRUE

Chemicals annotated for each target passed threshold criteria for related

signature, and few chemicals negative for each target passed criteria

(except U20S-NR3C1, in which none passed)
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Integration of Transcriptomics into Chemical Prioritization
Framework

Primary Assessment Aim: identify chemicals with selective effects on molecular targets using transcriptional

and receptor-level Points of Departure (PODs)

*  Reference signature potencies compared to non-selective PODs estimated from distribution of >10,000 publicly-sourced signatures (judson
et. al. Tox Sci 2016)

Assess HTTr Assess HTTr Validate HTS Validate HTS
Bioactivity Selectivity Bioativity Selectivity
Data HTTr: HepaRG and L HTTE HepaRG and U-2 HTS: receptor- level HTS: all measured
Stream U-2 OS RCAS 0S public signatures assays endpoints
Assessment  gioactivity for Signature POD < Bioactivity for . Orthogonal POD <
Criteria Reference Signature ' non-selective POD ; orthogonal endpoints ! non-selective POD
5 5 : Priorit
Targets AHR,GR,RAR, hERG | AHR GR RARhERG | AHR GR RAR . AHR,GR,RAR : i
Assessed = = i Chemicals for
; 7 Reference Further TOXICIty
| Chemicals Testing
1218 Chemicals . ; . ;
Assessed 439 Candidates 1 184 Candidates | 108 Candidates | =
‘ Candidate
l ! 48 Candidates Data- MoA
: Poor in Tier 2 :

Modulators 11
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Tier 1 Assessment Pre-Filters for Tier 2-Positive Chemicals

Association between Individual Tier Outcomes: Determine likelihood that Tier 1-bioactive chemicals are
bioactive in at least one orthogonal Tier 2 assay

p-value
T
Assess HTTr Assess HTTr Validate HTS Validate HTS !
Bioactivity Selectivity Bioativity Selectivity heparg_AHR_Agonist - : o~ 2e-25
‘ 1
Data HTTr: HepaRG and | HTTr: HepaRG and U-2 HTS: receptor- level HTS: all measured 1
St U-2 OS RCAS 1 OS public signatures assays endpoints .
ream § ? ¢ ¢ . heparg. RAR_RXR_Agonist - : —C— 3.7e-07
Asse;srpen Bioactivity for | Signature POD < Bioactivity for Orthogonal POD < c<IE) |
Criteria Reference Signature | non-selective POD orthogonal endpoints non-selective POD O |
Targets j o istd !
Assegsse 4| AR GRRAR hERG | R s AHR, GR RAR AHR, GR, RAR u2os_NR3C1_Agonist | PY ' 3e-08
1
7 Reference :
1218 Chemicals | Chemicals u2os_RAR_RXR_Agonist- +—@— 0.026
[~ 439 Candidates 184 Candidates 108 Candidates = :
| ! i Candidat . ' '
L'_» 48 Candidates Data- | a'r:,l(l)Aa - 1 10 100
' Poor in Tier 2 Modulators Odds ratio (95% Cl, log scale)

Chemicals positive for HTTr signatures were significantly more
likely to show bioactivity in an orthogonal Tier 2 endpoint via
Fisher’s exact tests

12
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Target-Specific Potencies Reflect Overall Transcriptomic PODs

Comparison to Previous PODs: Determine difference between
Tier 1 potency estimates and overall PODs from Tier 1-2 Assays

 Tier 1: 5" percentile BMD from >10,000 publicly-sourced signatures

* Tier 2: 5t percentile ACC from all measured ToxCast endpoints

Assess HTTr Validate HTS Validate HTS
Selectivity Bioativity Selectivity

Assess HTTr
Bioactivity

Data HTTr: HepaRG and HTTr: HepaRG and U-2 HTS: receptor- level HTS: all measured
Stream U-2 0OS RCAS 0S public signatures : assays endpoints
Asse;sment Bioactivity for Signature POD < Bioactivity for Orthogonal POD <
Criteria Reference Signature non-selective POD ; orthogonal endpoints ~ } non-selective POD
Targets | ApR GR RAR hERG AHR GR,RARhERG |  AHR,GRRAR ! AHR GR RAR
Assessed : :

7 Reference
Chemicals
1218 Chemicals

Assessed 439 Candidates 184 Candidates 108 Candidates =
| . Candidate
48 Candidates Data- MoA

Poor in Tier 2

Modulators

vs. overall
Tier 1/2 PODs

A heparg_AHR_Agonist heparg_RAR_RXR_Agonist u2os_NR3C1_Agonist u2os_RAR_RXR_Agonist
a 1320/412 within 1 376/459 /,’ 24/30 /,’ 255/318 /,.’
) or below 0.5- 24 . o ] o.:,.'. P
o log units ¢ #, " °es G oY ‘*
© o AR P4 L P S s P % .
o /// /;» T ° R e’ ° Re L7 .,/ ./7
|: - P g// P P 7 P P e
|_ ’ ,1 // // // // ,/ //

/// /// /,/ /,/ hd

2 414 0 1 2 =2 1 0 1 2 =2 4 0 1 2 =2 -1 0 1 2
B
)
O
o
T
(]
>
O
17}
S -
o
3
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2 1 0 1 2 =2 4 0 1 2 =2 1 0 1 2 =2 4 0 1 2

RCAS log10(BMD)
RCAS Outcome e Positive ® Selective
*  80+2% of Tier 1-bioactive chemicals demonstrate MoA-specific BMD
within 0.5-log units of overall HTTr POD or below

[ ]

20+14% of chemicals within 0.5-log units of overall ToxCast POD or below
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Candidate NR3C1 Agonists Reflect Synthetic and Minor

Glucocorticoids

Tier 2-Selective candidates demonstrate selective bioactivity
in one or more orthogonal ToxCast endpoints:

Receptor
e E1
Binding @
ATG_GRE_CIS up
Transcription J:
Factor E2 ATG_GR_TRANS_up
Activation :
v @ S
TOX21_GR_BLA_Agonist_ratio
Gene e3 ) .
Expression

* Fluorometholone: active ingredient for treatment of eye
inflammation

* Medroxyprogesterone Acetate: repression of interleukin secretion
in normal human lymphocytes and amnion mesenchymal cells via

minor GRE induction (Bamberger et al. J Clin Endocrinol Metab 1999, Marinello
et al. Front Physiol 2020)

u2os NR3C1_Agonist
0] o 5
14 , - Trilostane
0 -
1 Medroxyprogesteronefacefate
. 4 X
27 ® ®
Fluorometholone. ® X Budesonide .
-3 . .
T T T T
GR1
GR2 o I
GR3

-8 Reference Chemical

-@- Tier 1 Candidate: heparg_ AHR_Agonist

Chemical

@ Tier 1 Candidate: u2os_ NR3C1_Agonist

@ Tier 1 Candidate: heparg RAR_RXR_Agonist
-@- Tier 1 Candidate: u2os_ RAR_RXR_Agonist

POD O Tier 2 Burst log10(ACC)
Metric e Tier 2 Min Endpoint log10(ACC)

X Tier 1 RCAS log10(BMD)
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External Assessment of Data-Poor Chemicals Demonstrates
Necessity of Multiple NAMs

Candidates with limited existing Tier 2 data profiled in orthogonal receptor-level assays:

Assess HTTr Assess HTTr Validate HTS Validate HTS EF NHR AHR agonist EF NHR GR agonist
Bioactivity Selectivity Bioativity Selectivity

Data HTTr: HepaRG and 3 HTTr: HepaRG and U-2 HTS: receptor- level E HTS: all measured
Stream U-2 OS RCAS : 0S public signatures assays endpoints
Asseissment Bioactivity for Signature POD < Bioactivity for Orthogonal POD < A HR GR h ERG C d 'd t .
Criteria Reference Signature ! non-selective POD : orthogonal endpoints ! non-selective POD an I Cl €S .
Targets 5 | AHR,GRRAR : : :
Assossed  AMRGRRARKERS |  AHR, GR,RARhERG j , GR, | AHR, GR, RAR Tier 2 endpomts can further

7 Reference support priority chemicals

Chemicals

i EF NHR RARg agonist EF NHR RXRb agonist H H
™ { — ¢ % ? and de-prioritize others

5 @ B 5 Candidate
" CreorinTiez MoA Active in
! ' Modulators Endpoint
RAR/RXR Candidates:
——

Target Vendor Assay Type No. Test Doses
Tier 2 endpoints

Chemicals (uM)

AHR Eurofins DiscoverX  Protein-Protein Interaction 12 0.3-30 EF RL hERG antagonist distinguish between
GR Eurofins DiscoverX  Protein-Protein Interaction 4 0.3-30 targets with similar
hERG Eurofins Panlabs Radioligand Binding 16 0.3-30 transcriptomic profiles
RARg Eurofins Panlabs Functional Coactivator 4 0.3-30

RXRb Eurofins Panlabs Functional Coactivator 4 0.3-30
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External Assessment of Data-Poor Chemicals Demonstrates
Necessity of Multiple NAMs

Estimated potency values from orthogonal endpoints compared to target-specific Tier 1 PODs:

Endpoint
EF_NHR_AHR_agonist
EF_NHR_GR_agonist
EF_NHR_RARg_agonist

@ EF NHR RXRb_agonist
EF_RL_hERG_antagonist

Eurofins log10(ACC)

’
-(2-(%46,7,8-Tetrahydro-5,...
/

Bexarotene

-3 -2 1

HTTr log10(BMD)

0

Chemical Type

+ Positive Reference

® Test Chemical

hERG Inhibitors: Tier 1 PODs within 0.5-log units of

orthogonal endpoint POD or below for 6/9 reference
and test chemicals

GR Agonists: Tier 1 PODs at least 0.5-log units below

orthogonal endpoint POD for 5/5 reference and test
chemicals

* Sensitivity of HTTr towards individual mechanisms
may be dependent on biological context

* Inclusion of multiple NAMs in pathway-specific
PODs may be necessary to ensure confidence

16




Conclusions

* Univariate gene identification strategy paired with signature-level concentration
response analysis allows for assessment of putative MoAs for transcriptomic-
based toxicity testing

* Confirmation of transcriptional bioactivity via targeted Tier 2 assays identifies
selectively-acting environmental chemicals and pharmaceuticals

» Next Steps: Inclusion of additional data streams to further support tiered testing
(e.g. high throughput phenotypic profiling)
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Literature Mining Links Chemicals to Putative Targets

* RefChemDB: automated mining of multiple
literature databases for chemical-molecular

target interactions (judson et. al. ALTEX 2019) o
cox_inhibitor | [
PPAR_Agonist: [
cal assi cr_pgonis | |
e Chemical assignment to molecular targets based —hgonis
on support, i.e. number of sources containing CA1_Inhibitor ]
evidence of interaction << NR3C1_Agonist L ]
. . . = cyp19A1_inhibitor{ |GGG
* Hierarchical clustering of molecular target o o
annotations based on Jaccard distance 2 PanCA_Inhibitor{ - |
: : © it
+ Assignment of chemicals to clusters based on 5 Cm—AgonfSt [ ]
support of constituent molecular targets o AR_Agonist _
AHR_Agonist{ [ G
. _ RAR_RXR_Agonist{ |Gl
13 f:lusters represent unique mech_anlsms-of- herG_innibitor{ [N
action (MoAs) after cross-referencing with -
AR_Inhibitor - -

current high-throughput transcriptomics
screening data

8 10 12
Chemicals in Class

O -
N
N
()]

Figure indicates chemicals (selective and non-
selective) associated with each signature

(out of 1218 screened chemicals) 1
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Candidate AHR Agonists Relate to Known Carcinogens

Tier 2-Selective candidates demonstrate selective bioactivity

in one or more orthogonal ToxCast endpoints:

heparg AHR_Agonist

T T X
.Di X o)
Receptor ] -Duon .
L E1 S X
Binding < X
: 3 i X
: = 0+ - Fluazinam
v ATG_Ahr_CIS =
it r u o - X
Transcrlptlon - B B p g 'i:4—Benzoquinone *2-Aminoanthraquinone 1-Naphthol
Factor E2 J = 4 :
ACTIVEITIOH : 1,4-Bis[2-(3,5-dichloropyridyloxy)]benzene | ] ,_4_—I?i_hy(f <2>§y_anthracene—9,10—dione
* ' T T T
TOX21_AhR_LUC_Agonist AHR1 o
Gene E3 AHR2 [
Expression
-8 Reference Chemical POD O Tier 2 Burst log10(ACC)
-8 Tier 1 Candidate: heparg AHR_Agonist Metric e Tier 2 Min Endpoint log10(ACC)
. . . . . hemical ) ) .
* Anthraquinone Derivatives: chronic oral exposure in %;emma ~#- Tier 1 Candidate: u20s_NR3C1_Agonist X Tier 1 RCAS log10(BMD)
Fisher rats increased rates of carcinogenesis, primarily -8~ Tier 1 Candidate: heparg_ RAR_RXR_Agonist
in liver (Doi et al J Environ Health B 2006) -#- Tier 1 Candidate: u20os_ RAR_RXR_Agonist
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Candidate Retinoid Agonists Relate to ...

Target

NR3C1
RAR/RXR
AHR

RAR/RXR

Cell Type

U-2 0S
U-2 0OS
HepaRG

HepaRG

Tier1+2-Selective Chemicals /
Tier 1-Selective Chemicals

8/8 (100%)
12/35 (34.3%)
35/115 (30.4%)

24/52 (46.2%)

heparg RAR_RXR_Agonist
) 009 0O
i [ [& ] l Dieldrin
3 e f e
Endrin N
* Chlorothalonil
_2 -
)
c
o
(@) .
S u2os RAR_RXR_Agonist
> 21
S %eianediogc acid, s_o_rlony[ ester i Lind%e % % f I o
04 ¢ .
Etoxazole Cyclanilide Endrin 4-Cumylphenol " Celestolide
_2 -
T T T T T T T T T T T T "
RAR2 @ :
RAR3 o
RXR1 o I
RXR2
RXR3 o
RXR4
-8 Reference Chemical POD O Tier 2 Burst log10(ACC)
-8 Tier 1 Candidate: heparg AHR_Agonist Metric e Tier 2 Min Endpoint log10(ACC)
_IC_yhpeemlcal ~-@- Tier 1 Candidate: u2os_NR3C1_Agonist X Tier 1 RCAS log10(BMD)
—@- Tier 1 Candidate: heparg. RAR_RXR_Agonist
-@- Tier 1 Candidate: u2os_ RAR_RXR_Agonist
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