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Tier 1 Primary Goals:

* Prioritize chemicals by
bioactivity & potency

* Predict biological targets
for chemicals

Key Challenges:

* Curve-fitting on
count-based data

* Summarization at
pathway/chemical level

Tiered Chemical Safety Testing Strategy
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EPA High-Throughput Transcriptomics Assay
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wEPA HTTr Study Design

L S e High-throughput in vitro screens
| Al el performed on 384 well plates
l " Trcoman e Standardized dilution series for every
Chemical Dose Plate test Sample
* Multiple QC and reference chemicals
included on every plate to track assay
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Harrill, et al. Toxicol Sci 2021



HTTr Bioinformatics Pipeline
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Harrill, et al. Toxicol Sci 2021

https://github.com/USEPA/httrpl_pilot

* Rapid processing for large
screens

* Many data steps performed
independently for each test
chemical:

 Removal of low signal probes
* Normalization
* DESeq2 analysis

* Exploring multiple analysis
strategies for curve-fitting
and signature & chemical-
level summarization
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Global View of Bioactivity

Differential Expression per Chemical

Cell Type E3 MCF7 EJ U20S EJ HepaRG

ol B I

0.032

0.1 0.32 1 3.2 10 32 100
Chemical Concentration (uh)

Count data for single chemical
(vehicle controls + 8 concs x 3 reps)

Veh Incr
Ctrls Dose
== « Statistical model tailored to *-seq data

* Remove plate-level effects
* Smooths noise across depth &
expression levels

(Love, et al. Genome Biol 2014)

» Each boxplot shows distribution of DEG count
per chemical

* Primarily interested in transcriptional
changes that:

 Are coordinated across known
pathways/gene sets

* Fit standard curve-models across all
concentrations -



Count data
per chemical

Veh Incr
Ctrls Dose
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DESeq2

Signature Scoring

Catalog of signatures with toxicological relevance,
annotated for known molecular targets

[

[

» Bioplanet (Huang, et al. Front Pharmacol 2019)

» CMap (Subramanian, et al. Cell 2017)
> DisGeNET (pinero, et al. Database 2015)
- » MSIigDB (Liberzon, et al. Cell Syst 2015)

_—

/Single-SampIe Gene Set Enrichment Analysis \

(SSGSEA) (Barbie, et al. Nature 2009)
Score coordinated responses at each concentration

» Use moderated log2 FC values from DESeq2 as input
(no thresholds)

» Null distributions constructed by resampling log2 FC
values from whole screen

» Alternate scoring function:

K mean(gene set log2FC) - mean(background log2FC) /




EPA Signature Scoring
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» Differential expression analysis of 3 reference chemicals replicated 37 times (MCF-7 large screen)

* Computed distribution of correlations between each replicate analysis
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Count data
per chemical
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annotated for known molecular targets
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MCF-7 HTTr Signature POD (uM)
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* Pilot study of 44 well-characterized
chemicals (Harrill, et al. Toxicol Sci, 2021)

 Compared HTTr-derived PODs from
MCEF-7 cells to previous ToxCast HTS

assay results
(Paul-Friedman, et al. Toxicol Sci 2020)

* Signature-based POD are highly
concordant with ToxCast results for the
majority of test chemicals in pilot study

* 6 chemicals with targets that have
low/absent expression in MCF-7 cells

e 5 chemicals show off-target hit as most
potent assay in ToxCast

* Cladribine is a non-specific DNA synthesis
1e+02 inhibitor

11



Conclusions

* EPA/ORD has developed reliable and cost-efficient workflow for generating
HTTr data from thousands of chemicals across multiple cell lines

* Preliminary/pilot analysis demonstrates that overall results are concordant
with previous assays (ToxCast/HTS) and known chemical targets
Harrill, et al. Toxicol Sci 2021

* Upcoming research efforts will focus on:
e Data generation in complementary cell models
* Methods to summarize signature-level/overall PODs from high-dimensional data
* Predictive models of MIEs/pathways relevant to toxicity
e Coupling HTTr-derived PODs with HTTK/IVIVE work to predict in vivo safety levels
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Automated /n vitro Chemical Screening
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HTTr Quality Control

QC Failure Rates Across HT Tr Screens
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* Low read depth samples
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( N
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.
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J

* Samples with low gene coverage
e Samples with irregular count
distributions
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* Analyzed differential expression response to 3
reference chemicals replicated 37 times
throughout large screen (MCF-7)

* GEN = Genistein (10uM)
* SIRO = Sirolimus/Rapamycin (0.1uM)
* TSA = Trichostatin A (1uM)

* NULL = Signature scores derived from re-sampled log2 FC
values

* Signatures were annotated for associated
molecular targets

* Random = Randomly selected gene sets with similar size
to known signature gene sets

* Each reference chemical was enriched for higher
scores from signature associated with correct
molecular target

e Similar analysis and result found in MCF-7 pilot
study (Harrill, et al. Toxicol Sci 2021)
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* 6 chemicals with targets that have low/absent
expression in MCF-7 cells
e 3,5,3'-triiodothyronine (Thyroid Receptor)
e Cyproconazole (pan-CYP inhibitor)
e Butafenacil (pan-CYP inhibitor)
* Prochloraz (pan-CYP inhibitor)
* Imazalil (pan-CYP inhibitor)
* Propiconazole (pan-CYP inhibitor)

e 5 chemicals show off-target hit as most
potent assay in ToxCast

* Lovastatin
Clofibrate
Maneb
Lactofen
Vinclozolin

* Cladribine is a non-specific DNA synthesis
inhibitor

(Harrill, et al. Toxicol Sci, In Press)
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SEPA . ML Models for MIE Classification
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Goal: Develop NAMs to characterize
non-specific environmental
chemicals that activate stress
response pathways (SRPs)

Approach: Characterize chemical
hazards using HTTr data to assess SRP
gene signature activity

Challenges: Cross-talk in signaling
networks makes it difficult to find
gene signatures of SRPs

Results: We have developed
consensus SRP signatures for
accurately classifying known stressors

Future: Use signatures to identify
cellular states involved in adaptive
stress responses and “tipping points”
that lead to adversity

Stress Response

Use crowd-sourcing strategy to build consensus
signatures from published data
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<EPA Connectivity Mapping
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