LA-UR-24-20596

Accepted Manuscript

Comparing Transcriptomic Points of Departure to Apical
Effect Concentrations For Larval Fathead Minnow Exposed to
Chemicals with Four Different Modes Of Action

Flynn, Kevin; Le, Michelle; Hazemi, Monique; Biales, Adam; Bencic, David; Blackwell, Brett
Reginald; Bush, Kendra; Flick, Robert; Hoang, John X; Martinson, John; Morshead,
Mackenzie; Santana Rodriguez, Kelvin; Stacy, Emma; Villeneuve, Daniel

Provided by the author(s) and the Los Alamos National Laboratory (2025-04-22).
To be published in: Archives of Environmental Contamination and Toxicology
DOl to publisher's version: 10.1007/s00244-024-01064-y

Permalink to record:
https://permalink.lanl.gov/object/view?what=info:lanl-repo/lareport/LA-UR-24-20596

i Los Alamos NIYSH

NATIONAL LABORATORY National Nuclear Security Administration

Los Alamos National Laboratory, an affirmative action/equal opportunity employer, is operated by Triad National Security, LLC for the National Nuclear Security
Administration of U.S. Department of Energy under contract 89233218CNA000001. By approving this article, the publisher recognizes that the U.S. Government
retains nonexclusive, royalty-free license to publish or reproduce the published form of this contribution, or to allow others to do so, for U.S. Government purposes.
Los Alamos National Laboratory requests that the publisher identify this article as work performed under the auspices of the U.S. Department of Energy. Los Alamos
National Laboratory strongly supports academic freedom and a researcher's right to publish; as an institution, however, the Laboratory does not endorse the
viewpoint of a publication or guarantee its technical correctness.



Comparing transcriptomic points of departure to apical effect concentrations for larval fathead minnow
exposed to chemicals with four different modes of action

Kevin Flynn'*, Michelle Le?, Monique Hazemi?, Adam Biales?, David C. Bencic?, Brett R. Blackwell*, Kendra
Bush?, Robert Flick?, John X. Hoang?, John Martinson3, Mackenzie Morshead?, Kelvin Santana Rodriguez?,
Emma Stacy?, Daniel L. Villeneuve?

1US Environmental Protection Agency, Great Lakes Toxicology and Ecology Division, Duluth MN 55804, USA

2 Oak Ridge Institute for Science and Education (ORISE) Research Participant, US Environmental Protection Agency,
Great Lakes Toxicology and Ecology Division, Duluth, MN 55804, USA

3 US Environmental Protection Agency, Great Lakes Toxicology and Ecology Division, Cincinnati, OH 45220, USA

4 Biochemistry and Biotechnology Group, Bioscience Division, Los Alamos National Laboratory, Los Alamos, NM
87545, USA

* Corresponding author: US EPA GLTED, 6201 Congdon Blvd, Duluth, MN 55804, USA; e-mail address:
flynn.kevin@epa.gov

Acknowledgements

The authors thank M. Tapper and J. Harrill for comments on an earlier version of this manuscript, K.
Jensen, J. Cavallin, L. Everett, L. Wehmas, and K. Vitense for technical discussions, and P. Schumann for
assistance with uploading data to the Sequence Read Archive. This work is part of an Accelerating the
Pace of Chemical Risk Assessment (APCRA) case study: “Transcriptomics-based points of departure for
ecotoxicology - investigating the applicability of high throughput transcriptomics data to inform
guantitative hazard assessments for ecological species”. We thank our APCRA partners including C.
Inglis, J. Prindiville, A. Nong, J. O’Brien, and F. Page-Lariviere.

Keywords

Transcriptomic point of departure; RNA sequencing; high throughput; aquatic toxicology

Abstract

It is postulated that below a transcriptomic-based point of departure, adverse effects are unlikely to
occur, thereby providing a chemical concentration to use in screening level hazard assessment. The
present study extends previous work describing a high throughput fathead minnow assay that can
provide full transcriptomic data after exposure to a test chemical. One day post-hatch fathead minnows
were exposed to ten concentrations of three representatives of four chemical modes of action:
organophosphates, ecdysone receptor agonists, plant photosystem Il inhibitors, and estrogen receptor
agonists for 24 hours. Concentration response modeling was performed on whole body gene expression
data from each exposure, using measured chemical concentrations when available. Transcriptomic
points of departure in larval fathead minnow were lower than apical effect concentrations across fish



species but not always lower than toxic effect concentrations in other aquatic taxa like crustaceans and
insects. The point of departure was highly dependent on measured chemical concentration which were
often lower than the nominal concentration. Differentially expressed genes between chemicals within
modes of action were compared and often showed statistically significant overlap. In addition,
reproducibility between identical exposures using a positive control chemical (CuSO4) and variability
associated with the transcriptomic point of departure using in-silico sampling were considered. Results
extend a transcriptomic-compatible fathead minnow high throughput assay for possible use in
ecological hazard screening.

Introduction

Concurrent with the use of chemicals in commerce are efforts to protect human health and the
environment from potential hazardous effects from these same chemicals. Historically, regulatory
agencies and industry have both relied heavily on animal toxicity testing to determine concentrations at
which chemicals cause adverse effects. These tests rely on direct observations of apical adverse
outcomes in exposed animals, such as impacts on survival, growth, reproduction, or organ pathology to
elucidate hazardous concentrations. Harmonized test guidelines have been published by regulatory
agencies to guide the generation of scientifically defensible data that has historical precedent for use in
hazard or risk assessments (OECD 2013a, 2013b; USEPA 2016a, 2016b). However, the number of
chemicals entering production drastically outpaces our ability to generate these data which argues
against the sustainability of this strategy for chemical toxicity testing and screening.

In response, strategies advocating for the use of mechanistically based high throughput assays for
chemical hazard evaluation were proposed over a decade ago (Krewski et al. 2010). This resulted in the
development of pioneering efforts like the US EPA Toxicity Forecaster (ToxCast) program (Kavlock et al.
2012), the Tox21 consortium (Tice et al. 2013), and initiatives under the European Centre for the
Validation of Alternative Methods (EURL, 2021). However, despite the inclusion of over 1500 assay
endpoints and 300 gene targets (https://comptox.epa.gov/dashboard/; Williams et al. 2017), it has been
acknowledged that the battery of assays included in these efforts was insufficient to cover all potential
molecular targets and toxicologically relevant pathways, suggesting potential for gaps in chemical
hazard evaluation. Therefore, the US EPA developed an updated blueprint for computational toxicology
that incorporated use of non-targeted, high-content assays in tier 1 to expand pathway coverage while
efficiently characterizing for large numbers of chemicals (Thomas et al. 2019). These high content
assays include high throughput phenotypic profiling (i.e., Cell Painting) and high throughput
transcriptomics utilizing human-derived cell lines (Harrill et al. 2021; Nyffeler et al. 2020; Thomas et al.
2019).

Current transcriptomic approaches allow whole or nearly whole transcriptome coverage providing
response data across most or perhaps all biological pathways without a priori knowledge of mode of
action. The use of high throughput (HTP) transcriptomic (HTTr) assays with short exposures duration is
founded, in part, on research in mammals demonstrating that transcriptomic responses to relatively
short exposures were predictive of effect doses of chronic exposures (NTP, 2018). This strategy assumes
a stressor (i.e., toxic chemical) that causes an adverse outcome will first cause a “concerted molecular



change” detectable within the transcriptome (Johnson et al. 2022). When transcriptional responses are
qguantified across multiple test concentrations, benchmark doses for each differentially expressed gene
can be determined with standard concentration-response modeling. Subsequently, the distribution of
gene-specific benchmark doses can be used to determine the chemical concentration at which a
concerted molecular change or response has occurred. This concentration has been termed the
transcriptomic point of departure (tPOD; Thomas et al. 2013) and it is postulated that below the tPOD a
chemical is unlikely to cause adverse effects (Johnson et al. 2022). If these assumptions hold, HTTr
approaches like the generation of tPODs should provide protective concentration estimates for use in
tiered screening and prioritization of chemicals while also providing biological pathway data to possibly
infer mode(s) of action for further hazard characterization (Thomas et al. 2019).

While potentially effective, a recognized blind spot in both the strategy of determining tPODs and the
original ToxCast/Tox21 program is the lack of explicit consideration of ecological hazards to non-human
organisms. While conservation of genes and their associated pathways across taxa ensures
human/mammal-centric assays have some ecological relevance, there are biological pathways unique to
non-mammalian taxa. Obvious examples include photosynthesis in plants, molting in invertebrates, and
vitellogenesis in fish. The existence of unique physiological pathways and/or differential sensitivity in
analogous pathways among diverse groups of organisms, drives a need for high throughput assays
focused on a complement of species beyond humans alone.

The US EPA has been developing and evaluating an eco-HTTr assay using larval fathead minnows
(Pimephales promelas) for the evaluation of chemical hazard (Villeneuve et al. 2023). This assay uses 5-
day post-fertilization/24-hour post-hatch fathead minnows to conduct exposures in deep, 96-well
microplates. This format allows for relatively high throughput toxicity evaluation (i.e., mortality) in small
test volumes followed by whole-body RNA extraction for sequencing of the transcriptome. The fathead
minnow is one of the most often used test species for hazard assessment within aquatic environments
(Ankley et al. 2006). Furthermore, the fathead minnow genome has been sequenced, assembled, and
annotated (Martinson et al. 2022) providing an important resource for assessment of the transcriptome.

Pilot testing of the current assay (Villeneuve et al. 2023) was promising and served as the foundation for
optimization of both the exposure design and data analysis strategies. In our previous work, exposures
with chemicals from three classes (metals, selective serotonin reuptake inhibitors, and neonicotinoids)
were performed and tPODs calculated from RNA-seq data. The first objective of the current study was
to extend the application of the assay to chemicals with additional modes of action. Specifically, the
additional chemicals tested included two classes of insecticides (acetylcholinesterase inhibitors and
ecdysone receptor agonists), estrogen receptor agonists, and herbicides acting through photosystem lI
inhibition. From these exposures (12 total with three chemicals for each of four distinct modes of
action), tPODs were calculated. A second objective of this work was to compare effect metrics from
whole animal in vivo tests, both specific to fathead minnows and across other taxa to tPODs from the
HTP fathead minnow assay. A third objective was to extend data analysis beyond tPODs by comparing
the differentially expressed genes (DEGs) induced by exposures to chemicals with the same mode of
action for similarities between DEG lists. The final objective was to assess reproducibility of DEGs across
independent exposures by including a single concentration of CuSO, as a positive control with every
exposure. Completion of these objectives allowed the testing of the following hypotheses: (1) fathead
minnow tPODs are lower than traditional toxicity metrics but are not overly protective (i.e., not grossly



lower), (2) fathead minnow tPODs are not always protective of other taxa, and (3) chemicals with the
same mode of action induce similar transcriptional profiles.

Materials and Methods
Chemicals

Twelve chemicals were tested in the present study (Supplemental Table S1). All chemicals were
purchased from Sigma-Aldrich (St. Louis, MO, USA) at purity >95%. Stock solutions were prepared in
dimethyl sulfoxide (DMSO) also purchased from Sigma-Aldrich. Final test concentrations for each
chemical were achieved by dilution of chemical stocks with Lake Superior water and delivered to the
appropriate wells of exposure plates. DMSO concentration was equivalent across all wells within each
assay and no greater than 0.07% (except cyanazine which was 0.5%).

Each chemical was classified into one of four modes of action. Parathion, fenthion, and methidathion
are acetylcholinesterase inhibitors, specifically organophosphates, while methoxyfenozide,
tebufenozide, and halofenozide are ecdysone receptor agonists, specifically diacyl hydrazines
(Insecticide Resistance Action Committee; https://irac-online.org/mode-of-action/classification-online).
Atrazine, simazine, and cyanazine are triazine herbicides that inhibit photosystem Il (Herbicide
Resistance Action Committee; https://www.hracglobal.com). Bisphenol A, 4-nonylphenol, and estrone
are estrogen receptor agonists (US EPA Endocrine Disruptor Screening Program;
https://www.epa.gov/endocrine-disruption/endocrine-disruptor-screening-program-edsp-estrogen-
receptor-bioactivity).

Assay design and procedures

Five-day post-fertilization larval fathead minnows (Pimephales promelas) were obtained from an on-site
culture facility at the US EPA Great Lakes Toxicology and Ecology Division in Duluth, MN, USA. All
laboratory procedures involving larval fathead minnows were approved by an animal care and use
committee in accordance with the Guide for the Care and Use of Laboratory Animals (NRC 2011; US EPA
Animal Care and Use Plan # Eco24-09-001). Assay design and rationale has been detailed previously
(Villeneuve et al. 2023) to conduct exposures in three replicate 96-well deep bottom (1 ml well) plates
(catalog #502162, NEST Scientific USA, NJ, USA) sealed with 700 pl of exposure media per well. See
Supplemental Information for details.

Exposures were static with one larval fathead minnow, verified by dissecting microscope inspection, per
well. Each replicate plate tested a single chemical with eight replicate wells (fish) per chemical
concentration and 10 chemical concentrations in % log dilutions plus Lake Superior water-only controls
containing matched concentration of DMSO and positive controls of 150 ug/L CuSO4. The maximum
concentration of each chemical tested (Table 1) was based upon published LC50s for each of the tested
chemicals. To minimize potential error associated with manual pipetting, treatments and controls were
systemically arrayed on each plate, with concentration increasing across columns and each row
containing replicate fish for each concentration. It is recognized that this design confounds position on
the plate with treatment, such that any spatially associated variability (e.g., “edge effects”) may
confound treatment-related transcriptomic responses. Each exposure consisted of three replicate
plates to provide enough fish to calculate traditional mortality metrics (e.g., LOECs and LC50s). One of
the three plates was selected for downstream chemical (when applicable) and transcriptomics analysis.
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After the 24-hour exposure, survival and/or any abnormalities were determined on all three exposure
plates via observation of each individual larvae using a dissecting microscope. When exposure chemical
guantification was conducted, 250 ul of exposure media from each well of one the replicate exposure
plates was archived at -20°C with 250 pl acetonitrile in polypropylene 96 well plates for post-exposure
chemical quantification (Table 1). The remaining exposure media from exposure plates was removed
and replaced with 100 pl RNA homogenization buffer (Buffer RLT; catalog #79216, Qiagen, MD, USA)
and a 2.3 mm stainless steel bead.

Chemical quantification

Exposure concentrations were not measured in the assays conducted with bisphenol A, tebufenozide,
and halofenozide; all data analyses performed were based upon nominal concentrations for these three
chemicals. After data collection for these three, it was decided the importance of measured exposure
concentrations warranted dedicating resources (ex., implementing quantification methods, procuring
chemical standards, allocating instrument time, etc) for chemical verification. Therefore, chemical
concentrations for at least some concentration levels for all other chemicals were measured post-
exposure using exposure media diluted in 1:1 acetonitrile. Three replicate exposure water samples per
treatment measured were selected at random for analysis. Then, samples were analyzed using liquid
chromatography mass spectrometry (LC-MS) paired to a triple quadrupole mass spectrometer with
electrospray ionization. See Supplemental Information for details. In addition, the source chemical
stocks were measured for all tested chemicals. All concentration-response modeling to derive
benchmark concentrations (BMCs) and transcriptomic points of departure (tPODs) were based on the
measured concentrations, when available. Nominal concentrations were only used where analytical
measurements were not feasible due to logistical or technical reasons (bisphenol A, tebufenozide, and
halofenozide). The two highest concentrations of methoxyfenozide tested were omitted from analyses
due to uncertain exposure concentrations. Finally, the measured atrazine concentrations are from an
identical exposure conducted after the exposure from which RNA was extracted for transcriptomics
(Table 1).

RNA extraction and cDNA library construction

Total RNA was isolated from each homogenate using MagMAX-96 Total RNA Isolation kits (AM1830,
Thermo Fisher Scientific, MA, USA) following the manufacturer’s instructions. All isolated RNA was
quantified with spectrophotometry (Synergy HTX plate reader and a Take3 microvolume plate, BioTek,
VT, USA) and 16 randomly chosen RNA samples per 96-well plate were analyzed with electrophoresis
(4200 Tapestation, Agilent, CA, USA) to confirm quality of the RNA isolation procedure (RIN. > 9).

Each cDNA library was prepared from 250 ng of total RNA using commercially available kits that select
for mRNA (SENSE mRNA-Seq Library Prep kit, Lexogen, NH, USA) following the manufacturer’s
instructions. The quality and size distribution of libraries was determined using a 4200 TapeStation, and
concentrations were measured with a fluorescence-based assay (Quant-iT PicoGreen dsDNA Assay,
Thermo Fisher Scientific, MA, USA). Overall, 89 samples out of a maximum of 1152 were not submitted
for RNA sequencing due to various quality control issues (ex., failed library preparation, dead or missing
fish, or low-quality RNA).

RNA sequencing



Sequencing methodological details are included in the Supplemental Information. Pooled and quality
checked libraries were sequenced at the Genomics Core of the Research Technology Support Facility at
Michigan State University using NovaSeq 6000 v1.5 300 cycle reagent kits and NovaSeq 54 flow cells
(lumina, CA, USA) in a 2 x 150 bp paired end format. Reads were mapped to the fathead minnow
reference genome (assembly GCA_016745375.1; Martinson et al. 2022). Raw FASTQ, raw count files,
and normalized expression matrices were submitted to the Sequence Read Archive and Gene Expression
Omnibus (BioProject PRINA104613).

Transcriptomic concentration-response modeling and points of departure

Concentration-response modeling was conducted using BMDExpress3 (Phillips et al. 2019; Yang et al.
2007) following the general approach detailed by the National Toxicology Program (NTP, 2018) and used
previously (Villeneuve et al. 2023). Conceptually, concentration-response modeling was applied to each
gene within the expression matrix in which a concentration-response curve could be fit, resulting in a
distribution of gene-specific BMCs (see Supplemental Information for details). BMCs that passed all
filters populated the BMC distribution used to calculate a tPOD. Several methods for calculating a tPOD
from the BMC (or benchmark dose) distribution have been proposed (Page-Lariviere et al. 2019). For the
present study, the tPOD was defined as the 10™" percentile of the distribution of BMCs determined for
each chemical.

For the chemicals without any measured concentrations (i.e., bisphenol A, tebufenozide, and
halofenozide), nominal concentrations were used for modeling data. For the remaining chemicals, not
all exposure concentrations were above the limit of quantification. For those concentrations below the
limit of quantification, a simple linear regression, based upon the measured concentrations, was used to
extrapolate the missing concentrations for use in concentration-response modeling. The number of
extrapolated concentrations for a chemical ranged from only a single concentration for atrazine to all
but the highest concentration for 4-nonlyphenol (Table 1).

Although BMDExpress3 calculates an upper and lower confidence limit for each BMC, the tPOD, as
calculated following the NTP guidance, is a single value that summarizes the distribution of BMCs,
without an estimate of variability or a confidence interval. Therefore, to estimate a confidence interval
for each tPOD, the expression data was sampled in silico using a custom R script. Starting with the
original count matrix, an individual from each concentration was randomly selected for inclusion in a
new count matrix. This was repeated until the number of replicates in each concentration in the new
count matrix was equal to the number in the original count matrix (nominally, 8). This process was done
with replacement and repeated 50 times. From the new count matrices, tPODs were calculated from the
50 iterations. The interquartile range (IQR) of tPODs was calculated as an estimate of variability in the
tPOD.

Common DEGs from chemicals with the same mode of action

To analyze the concordance of DEGs from exposure to different chemicals with the same mode of
action, lists of DEGs from logical groupings of chemicals (acetylcholinesterase inhibitors, estrogen
receptor agonists, ecdysone receptor agonists, and plant photosystem Il inhibitors) were compared.
DEGs were identified by analyzing the un-normalized gene count matrix from each exposure using
DESeq2 (Love et al. 2014) in RStudio (RStudio Team, 2020) with a FDR < 0.05/maximum number of
unique treatment groups. The lists of DEGs for chemicals with the same mode of action (three



chemicals per mode of action) were compared and statistically significant overlap was determined with
the “supertest” function in the SuperExactTest R package (Wang et al. 2015) which calculates adjusted
p-values and enrichment factors (i.e., observed number of DEGs/predicted number of DEGs). The
number of overlapping DEGs was visualized with Venn diagrams. Since the three chemicals that were
compared within a mode of action may have different potencies, tPOD comparisons were made for
concentrations equidistant from the tPOD, as a measure of transcriptomic potency. For example, to
select a DEG list from equally potent concentrations for each of the estrogen receptor agonists, the third
concentration above the respective tPODs for 4-nonylphenol (0.8 pg/L), bisphenol A (13 pg/L), and
estrone (0.1 pg/L) was chosen, resulting in the comparison of DEGs from exposure to 0.005 mg/L 4-
nonylphenol, 0.3 mg/L bisphenol A, and 0.002 mg/L estrone. The number of concentrations above the
tPOD was selected to maximize the number of DEGs in the mode of action trio. Specific DEGs that were
common within the trio were analyzed based on pathway mapping using the Kyoto Encyclopedia of
Genes and Genomes (KEGG; Kanehisa and Goto, 2000) Database (http://www.genome.jp/kegg/) to
provide indication of the biological function to these transcripts.

In addition, 10 of the 12 exposures had wells allocated to a single concentration of CuSO4(0.15 mg/L), as
a positive control. The RNA-seq data from these samples were analyzed with DESeq?2 as previously
described to compile lists of DEGs for each independent exposure, which could then be compared across
the 10 exposures to estimate the consistency of the transcriptomic response to the positive control
exposure across experiments.

Effect concentrations from ECOTOX

To compare tPODs with adverse effect concentrations observed in whole-animal toxicity tests, data for
the 12 tested chemicals were extracted from the USEPA’s Ecotoxicology Knowledgebase (ECOTOX;
https://cfpub.epa.gov/ecotox/; Olker et al. 2022) following procedures previously described (Villeneuve
et al. 2023). Briefly, output from the database was exported and filtered in the R statistical computing
environment (R Core Team, 2022) to include data from any fish, crustacean, or insect species while
capturing ECOTOX field codes. Effect types were categorized into two tiers. Tier 1 included effects that
would generally be considered adverse in an ecological context such as mortality, reproduction,
behavior, population, growth, development, intoxication, etc. Tier 2 included effects that would not
necessarily lead to harm (i.e., could be compensatory) such as enzymes, genetics, histology,
biochemistry, morphology, physiology, feeding, cells, immunological, hormones, avoidance, etc. These
effects are not based upon benchmark responses at or near one standard deviation from control values,
but rather are often 50% effect estimates or lowest observed effect concentrations (LOECs). The
ECOTOX data are also derived from studies employing a wide range of species, life stages, exposure
designs, etc., and not specific guideline toxicity studies. Therefore, strict concordance between tPODs
and ECOTOX values would not be expected.

Results
Acute 24-hour mortality

Of the 12 chemicals, only bisphenol A, atrazine, and cyanazine caused statistically significant mortality
(Table 2; Supplemental Table S5). The highest concentration of bisphenol A tested (10 mg/L) induced
100% mortality while there was no mortality observed in any of the lower concentrations. Atrazine



caused mortality at concentrations of 2.8 mg/L and above while there were chemical induced
mortalities observed after exposure to cyanazine at 59 mg/L.

Transcriptomic-based points of departure

The number of annotated transcripts for each experiment ranged from 21,313 to 22,554. From these,
the number of genes that remained after both evaluation by ANOVA and showed a concentration-
dependent response based on a Williams trend test with at least a 2-fold change relative to controls
ranged from 39 in halofenozide to 447 in cyanazine (Table 3). After these screening steps, the gene
specific expression data were fit to concentration-response curves for benchmark dose modeling and
further data quality filters were applied (see Section 2.6 and Supplemental Information). These steps
removed, on average, 80% of the potential concentration-responsive genes (CRGs), leaving a minimum
of 3 CRGs for both halofenozide and simazine and a maximum of 103 CRGs for cyanazine for which
BMCs were calculated to finally produce a tPOD at the 10™" percentile.

Based upon tPODs, the rank potency was estrone > tebufenozide > methoxyfenozide > 4-nonylphenol >
bisphenol A = fenthion = atrazine = cyanazine > methidathion > parathion > simazine > halofenozide.
Within a mode of action, the acetylcholinesterase inhibitors were ranked as fenthion > methidathion >
parathion. The three estrogen receptor agonists were ranked as estrone > 4-nonylphenol > bisphenol A
which was ~100-fold less potent than the other two estrogenic chemicals. Of the ecdysone receptor
agonists, methoxyfenozide and tebufenozide had similar potencies, while halofenozide was 100 to
10,000 times less potent. The three herbicides had similar potencies with simazine perhaps slightly less
potent (Fig. 1).

Comparison with effect concentrations from ECOTOX

For all the chemicals in the current study, there were available ECOTOX records meeting our filtering
criteria for Tier 1 endpoints from fish exposures, ranging from 8 (halofenozide) to 295 records (atrazine).
In addition, all tested chemicals, except methoxyfenozide and halofenozide, had Tier 2 records from fish
exposures available (3 records for tebufenozide to 713 records for bisphenol A). All chemicals had
ECOTOX records with Tier 1 data from exposures with a crustacean, ranging from methidathion with 6
records to atrazine with 214 records. Tier 1 data from insect-based exposures was not available for
methidathion and estrone. The number of records for the remaining chemicals ranged from a single
record for cyanazine to 197 records from insect exposures to fenthion (Fig. 1; Supplemental Table S7).

Across all 12 tested chemicals, the tPODs were lower than the median fish Tier 1 ECOTOX effect
concentrations, often substantially, providing evidence current tPODs would be protective of fish
species in general. Likewise, the tPODs were generally less than Tier 2 effect concentrations (when
available) except parathion, estrone, and atrazine, which tPODs were approximately equal to Tier 2
concentrations. For 10 of 12 chemicals, the tPODs were not only less than the median of the Tier 1
ECOTOX data but were also less than the 25™ percentile of Tier 1 ECOTOX data for fish species. The two
exceptions to this, methidathion and estrone, were still lower than the median ECOTOX effect
concentration for fish by 160- and 7-fold, respectively. The tPODs for methidathion and estrone overlap
because the 25" percentile of the data from these two chemicals is orders of magnitude lower than
their median. At the other extreme, the median fish Tier 1 effect concentration for methoxyfenozide
and tebufenozide were 4700- and 2600-times greater than the tPOD.



The effect concentrations extracted from ECOTOX from crustacean and insect-based exposures were
similar to each other with the largest difference observed in tebufenozide (16-fold) and halofenozide
(13-fold) effects on insects. Unlike the situation comparing our tPODs to fish Tier 1 or 2 effect
concentrations, fathead minnow-based tPODs were not always lower than effect concentrations
observed in crustaceans or insects. Transcriptomic-based points of departure from exposures to
parathion, fenthion, methidathion, and halofenozide were greater than crustacean and/or insect
median Tier 1 concentrations (Fig. 1).

The current tPODs for estrogen receptor agonists were 100 to 1000-fold lower than effect
concentrations in either crustaceans or insects. Interestingly, our tPODs were also substantially lower
than crustacean and insect effect concentrations for two of three ecdysone receptor agonists:
tebufenozide and methoxyfenozide. The third ecdysone receptor agonist, halofenozide, had a tPOD 50-
fold higher than the median insect-based effect concentration.

The ECOTOX Tier 1 based relative potency in fish, crustaceans, and insects for the acetylcholinesterase
inhibitors was parathion = fenthion > methidathion, which was 5-fold and 10-fold less potent than
parathion and fenthion in fish and crustacean species, respectively. While the tPOD-based rank order
was different (fenthion > methidathion > parathion), the three tPOD values were similar and well within
their error estimates.

With respect to the tested photosystem Il inhibitors, the range of median ECOTOX Tier 1 effect
concentrations for atrazine, simazine, and cyanazine was less than 3-fold, suggesting near equal potency
in fish. The tPOD for simazine was approximately 27-fold greater than the nearly equal tPODs for
atrazine and cyanazine, suggesting simazine might be less potent in larval fathead minnows. These
three herbicides seem to have similar potency in crustaceans and insects and these effect
concentrations are also similar to the effect concentrations extracted from ECOTOX for fish.

Comparison of DEGs from chemicals with the same mode of action

Effects on the transcriptome by chemicals with presumably the same mode of action were compared by
determining the statistical significance of any overlapping DEGs identified by DESeq2 within each of the
four mode of action groups (Fig. 2). To account for chemical-specific potency, DEGs from concentrations
equidistant from the chemical’s tPOD were compared for each of the three chemicals. In addition, DEGs
that were common to all three chemicals within a mode of action were used as KEGG queries for
pathway mapping.

Comparing the acetylcholinesterase inhibitors, the number of DEGs at three concentration levels (i.e.,
1.5 log units) above the tPOD for methidathion (1.3 mg/L), fenthion (0.3 mg/L), and parathion (0.5 mg/L)
were 425, 100, and 77, respectively (Fig. 2A). Of these, four (<1%) were common across all three
chemicals which was significantly more overlap than would be expected by chance, as indicated by the
SuperExactTest (enrichment factor = 594; p-value = 7.3 x 10'*!) and ~6% were common in two of the
three chemicals and all comparisons statistically significant (Fig. 2A; Supplemental Table S6). The four
overlapping DEGs (Table 4) mapped to 76 KEGG pathways (Supplemental Table S8), mostly because of
adenylate cyclase which maps to 50 KEGG pathways. Of these pathways, only three were shared across
50% of the overlapping DEGs (Table 4). The overlapping KEGG pathways were “Pathways in cancer”,
“Chemical carcinogenesis — reactive oxygen species”, and “Chemical carcinogenesis — receptor
activation”.



The number of DEGs identified after exposure to an ER agonist was 39 (4-nonylphenol, 0.005 mg/L), 8
(bisphenol A, 0.3 mg/L), and 63 (estrone, 0.002 mg/L) (Fig. 2B). Two (~2%) were common across all
three chemicals which was statistically significant (enrichment factor = 50227; p-value = 6.7 x 10'%%). The
pairwise comparisons included three overlapping DEGs between bisphenol A and estrone (enrichment
factor = 132; p-value = 1.2 x 10°®), four overlapping DEGS between 4-nonylphenol and bisphenol A
(enrichment factor = 285; p-value = 5.6 x 101%), and two overlapping DEGs between estrone and 4-
nonylphenol (enrichment factor = 18; p-value = 0.005) (Fig. 2B; Supplemental Table S6). The two DEGs
common to all three chemicals were similar, perhaps identical, gene products (coagulation factor XIlI)
and mapped to two KEGG pathways (Table 4; Supplemental Table S9): “Complement and coagulation
cascades” and “Coronavirus — COVID-19”.

DEG lists from concentrations with similar potencies of the three ecdysone receptor agonists,
methoxyfenozide (1 mg/L), tebufenozide (0.3 mg/L), and halofenozide (6 mg/L), identified 10 DEGs (~4%
of the total) that overlapped all three chemicals (Fig. 2C; Supplemental Table S6), which was statistically
significant (enrichment factor = 4740; p-value = 1.5 x 10%%). Methoxyfenozide exposure resulted in 75
total DEGs while tebufenozide and halofenozide had 100 and 86 DEGS, respectively. Six of the 10
overlapping DEGs mapped to 22 separate KEGG pathways (Supplemental Table S10) while four DEGs did
not map to any pathways contained in the KEGG database. Of the 22 KEGG pathways, nine pathways
were shared by at least half of the mapped DEGs (Table 4). Pathways that contained at least five of the
six overlapping DEGs included “Metabolic pathways”, “Metabolism of xenobiotics by cytochrome P450”,
“Chemical carcinogenesis - DNA adducts”, and “Chemical carcinogenesis - receptor activation”.

Exposures to three photosystem Il inhibitors (atrazine, simazine, and cyanazine) did not produce a single
DEG that overlapped all three chemicals (Fig. 2D). In fact, only a single DEG overlapped simazine and
cyanazine (enrichment factor = 14; p-value = 0.07) and two DEGs were overlapped from atrazine and
cyanazine (enrichment factor = 9; p-value = 0.02). In part, this might be an artifact of relatively low
numbers of DEGs identified by DESeq2 for atrazine (12 DEGs) and simazine (4 DEGs), especially when
compared to cyanazine with 378 DEGs (Fig. 2D; Supplemental Table S6).

CuSO04 exposure across assays

In 10 of the 12 assays, a single concentration of CuSO4 (0.15 mg/L) with 8 replicates was tested, as a
positive control, with the concentration chosen to be higher than the tPOD and not overtly toxic
(Villeneuve et al. 2023). The mean number of DEGs per CuSO, exposure was 815 + 150 (standard
deviation) and 4271 unique DEGs were identified in at least one test by DESeg2. Out of this number,
330 DEGs (~8%) were observed in half of the tests. As the percentage of tests that a DEG was observed
is increased, the number of DEGs decreased from 104 DEGs in 50% of the tests to 25 DEGs in 100% of
the tests (Fig. 3). The function of the 25 DEGs that were observed in all exposures did not appear to be
associated with similar biological functions (Supplemental Table S11).

Discussion
Continued development of a fathead HTTr assay

Unlike Villeneuve et al. 2023, we were able, in most of the current exposures, to measure the free
concentration of the test chemical in select test wells. Because of chemical properties (hydrophobicity,
stability, volatility, etc.) and conditions in the test wells (surface area to volume ratio, dissolved organic
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matter, uptake and metabolism by the larval fish, etc.), the measured concentrations were often much
lower than the nominal concentration (Table 1). These data highlight that without measured
concentrations or reliable models to predict test well concentrations, there is a recognized risk of
underestimating the potency of a test chemical. However, a significant trade-off is that quantifying free
concentrations of test chemical represents a bottleneck in the assay pipeline, particularly when
analytical methods need to be developed and optimized for a large library of chemicals.

To expand the original work (Villeneuve et al. 2023) to additional modes of action, the current work
included chemicals representing acetylcholinesterase inhibitors, estrogen receptor agonists, ecdysone
receptor agonists, and photosystem Il inhibitors. This is part of an ongoing effort to evaluate confidence
in the appropriateness and responsiveness of high throughput transcriptomics assays conducted with
larval fathead minnows for incorporation into a tiered hazard screening framework e.g. (Thomas et al.
2019) that levarages the toxicological relevance of the transcriptome. Efforts have been made to
demonstrate the utility of benchmark dose modeling (Thomas et al. 2007) to distill the complexity of a
transcriptomic response to a concentration estimate that can be applied to the current risk assessment
paradigm (NTP, 2018). This concentration estimate is a concentration below which adverse effects are
unlikely to occur (Johnson et al. 2022).

Our previous work demonstrated the general high throughput assay design was robust, having high
survival rates of fish in control groups while maintaining acceptable water quality parameters. Likewise,
the current set of exposures had high control survival across all exposures including 9 out of 12 with
100% control survival (Table 2). While exposure concentrations were chosen to maximize samples for
RNA sequencing by largely avoiding acute toxicity, high control survival along with verified chemical
concentrations are crucial metrics for the identification of a successful test prior to committing
resources to RNA sequencing. It is likely that any future standardized assay guidelines would specify
minimum acceptable control survival much like current test guidelines (OECD, 2013a, 2013b; USEPA,
2016a, 2016b) and our collection of tests can be the foundation for this criterion.

Based upon principles outlined by Johnson et al. 2022, the rationale for the development of a fathead
minnow high throughput transcriptomics assay as a screening level tool in hazard assessment is the
hypothesis that to be protective, a chemical specific tPOD will be less than traditional, whole animal,
toxicity metrics while not being substantially less, avoiding issues of possible overprotection. The first
half of the hypothesis is straightforward to assess with the examples presented herein. Looking at the
current data, the tPODs for all 12 chemicals were less than the median Tier 1 ECOTOX effects in fish and
usually less than the IQR of all available fish data, despite that data including diverse fish species, test
conditions, apical endpoints, and exposure durations. In short, the current data supports the premise
that this assay is protective of fish species in general. The present results compare favorably with the
initial pilot (Villeneuve et al. 2023) in which the tPODs from 10 chemicals tested also were lower than
adverse effect concentrations reported for fish toxicity. The current results also are similar to Page-
Lariviere et al. (Page-Lariviere et al. 2019), that found microarray-based tPODs were within 10-fold of
apical PODs in adult fathead minnows exposed to three estrogen receptor agonists.

Whether the tPODs are too protective is a matter of how they would be used and of opinion. Adverse
effect concentrations captured by the fish ECOTOX Tier 1 data ranged from 7-fold to 4750-fold higher
than the corresponding tPOD. At the extreme end, the 4750-fold difference between a traditional effect
concentration and the tPOD for methoxyfenozide might be considered overly protective. A caveat to
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consider is that while the tPODs are derived from a single assay design, the ECOTOX data are from a
wide range of test designs, both freshwater and marine species, and each chemical has varying numbers
of unique tests within ECOTOX (Supplemental Table S7). At present, current comparisons with the range
of effect concentrations from ECOTOX, now available for 22 chemicals from the present and previous
work (Villeneuve et al. 2023), suggest tPODs hold promise, at least as a screen to prioritize chemicals for
higher tier testing, similar to Paul-Friedman et al.’s use of ToxCast-based points of departure (Paul-
Friedman et al. 2020).

In addition to comparing current tPODs to fish effect concentrations, it is logical to assess the efficacy of
fathead minnow-based tPODs to other animal taxa. Therefore, we compared tPODs to data from
ECOTOX for crustaceans and insects (Fig. 1). As observed in the initial work, fish-based tPODs were not
universally protective of crustaceans or insects. In particular, tPODs for the acetylcholinesterase
inhibitors were either greater than the 75" percentile effect concentrations (parathion) or
approximately equal to the median Tier 1 effect concentrations of crustacean and insect (fenthion and
methidathion). Fish-based tPODs were protective of crustaceans and insects for estrogen receptor
agonists, which is not surprising considering fish are responsive to estrogenic chemicals (Ankley and
Johnson, 2004; Ankley et al. 2016) while crustaceans and insects, generally, are not. The tPOD for
estrone, an endogenous estrogen that can be metabolized to the more potent 17B-estradiol (Ankley et
al. 2017), was ~1000-fold less than the median effect concentrations for crustaceans, which lack
estrogen receptors (Knigge et al. 2021) and thus would not be expected to exhibit estrogen-mediated
sensitivity. Interestingly, tPODs for two of the three ecdysone receptor agonists (methoxyfenozide and
tebufenozide) were ~1000-fold less than the median effect concentration in insects which are the target
organisms for these pesticides. One would expect insects and crustaceans to be more sensitive to
ecdysone receptor agonists. However, these chemicals caused upregulation of genes (Supplemental
Table S8) involved in phase Il metabolism of xenobiotics (Morgenstern et al. 2011; Yu, 2008) in fathead
minnows at lower concentrations then they caused overt toxicity in insects.

While the fathead minnow tPODs for the three herbicides were protective for both crustaceans and
insects, they are based upon very different numbers of CRGs. Cyanazine exposure resulted in 103
filtered and curve fitted CRGs which inherently provides a high level of confidence in the accuracy of the
calculated tPOD (Table 3). However, the tPOD for simazine was based upon only 3 CRGs which might
have considerable impact on the accuracy of the tPOD estimate and certainly provides a lower level of
confidence in the estimate. In fact, in our initial pilot (Villeneuve et al. 2023), the recommended
minimum number of filtered DEGs was set at 15, based upon uncertainty estimates exceeding four
orders of magnitude when tPODs were calculated with less than that threshold. As research has
continued, additional chemical exposures have resulted in <15 filtered CRGs, while still providing, what
we consider, acceptable uncertainty estimates (Table 3; Fig. 1) and plausible relationships with effects
data from ECOTOX. This is in part because the distribution and range of the BMCs, in addition to the
number of BMCs in that distribution play important roles in defining tPOD variability. Consequently,
acceptance criteria based on the minimum number of CRGs alone are not necessarily the best indicators
of potential tPOD variability, as our resampling approach with 50 iterations demonstrated.

Relationship between chemical mode of action and transcriptomic response
Even though our primary goal was to use transcriptomic concentration response modeling to define a

point of departure, the rationale for selecting three chemicals per mode of action was to test, in parallel,
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the hypothesis that, exposure to chemicals with the same mode of action results in similar
transcriptomic responses. This has been well documented in the literature across many model
organisms and systems (Harrill et al. 2021; Luijten, Wackers et al. 2021; Thomas et al. 2012) and is the
basis for developing gene expression “signatures”. However, in the present study, relatively few DEGs
overlapped all three chemicals within a mode of action (Fig.2). We hypothesize that the lack of clear
mode of action transcriptomic signal is related to the use of whole larvae, rather than specific target
tissues, as the RNA source for sequencing. For example, estrogens might be expected to induce
estrogen receptor alpha and vitellogenin expression and reduce insulin-like growth factor and
apolipoprotein be in liver (Feswick et al. 2017), but at this life stage, the liver may account for a small
percentage of the total RNA pool from the organism. Analyses by Hao et al. suggested that larval
zebrafish estrogen responsive transcripts are largely localized in liver, pancreas, and brain (Hao et al.
2013). In this respect, mode of action signals in specific tissues may be obscured by overall variations in
those transcripts across the rest of the body. However, microdissection would be required to test this
hypothesis.

Of the 568 DEGs identified by DESeq2 for the three acetylcholinesterase inhibitors, only four were
present in all three chemicals (Fig. 2A) and those four DEGs, based on annotations, did not have an
obvious mechanistic connection to this class of pesticide (Table 4) other than probable roles in general
xenobiotic metabolism for the ATP-binding MDR/TAP gene and CYP1A1 (Ankley et al. 2007; Dean and
Annilo, 2005). However, it should be noted that DEGs after a short exposure to subtoxic concentrations
are not necessarily expected to be directly related to the chemical’s toxic mode of action (Johnson et al.
2022). Rather, the transcriptomics response can reflect any concerted molecular response to the
stressor, including activation of xenobiotic metabolism, which may be adaptive or protective.

For the three estrogen receptor agonists, it was expected these chemicals would induce an estrogenic
transcriptomic signature in our assay. However, there were only two common DEGs across all three
chemicals and only one to two additional DEGs if the comparison was limited to two of the three
chemicals (Fig. 2B), suggesting the low number of overlapping DEGs was not an artifact of the paucity of
DEGs for bisphenol A. While estrone is clearly estrogenic and is converted to 17B-estradiol in fish
(Ankley et al. 2017), 4-nonlyphenol and bisphenol A are less potent estrogen receptor agonists
(CompTox Chemicals Dashboard; https://comptox.epa.gov/dashboard/) and have toxic effects
independent of the estrogen receptor, possibly explaining the lack of estrogen receptor mediated
differential expression. The two overlapping DEGs across the three tested estrogen agonists (Table 4),
likely code for the same protein (coagulation factor XllI) and are involved in blood coagulation in
vertebrates by cross-linking fibrin to stabilize blood clots (Horimizu et al. 2017). There was not an a
priori prediction that these chemicals would affect a blood coagulation pathway (KEGG Pathway:
map04610) nor was there phenotypic indication of effects, such as edema. However, differential
expression of coagulation factor XllI, leading to perturbation of the blood coagulation pathway by
estrone, bisphenol A, and 4-nonlyphenol, is at least plausible, based upon other fish studies. Exposing
adult zebrafish to 17B-estradiol resulted in gene enrichment in the blood coagulation pathway specific
to fibrin (Huff et al. 2019) and bisphenol A has been shown to directly bind to another clotting factor
(factor VII), thereby increasing bleed times in zebrafish (Chagas et al. 2021). While our data is very
limited, there are possible connections with these findings, suggesting the common DEG might be
toxicologically meaningful.
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Even though fathead minnows do not have an ecdysone receptor, exposure to three agonists produced
the most overlapping DEGs (10) observed in the current study (Table 4; Fig. 2C). The DEGs and their
corresponding KEGG pathways suggest a general response to exposure. For example, CYP3A65,
dihydrodiol dehydrogenase, glutathione S-transferases, and glucuronosyltransferases are involved in the
phase Il metabolic response to xenobiotic chemicals (Loughery et al. 2019; Wiseman et al. 2013; Uno et
al. 2012; Crago et al. 2011;). The data suggests larval fathead minnows have pathways involving
detoxification and excretion of ecdysone receptor agonists that are sensitive to exposure.

Finally, the three photosystem Il herbicides had no overlapping DEGs. It is likely this is largely driven by
the results of the simazine exposure, in which only 4 DEGs were identified (Table 4; Fig 2D). The low
number of DEGs is not surprising considering the specificity of these chemicals to plants, though
cyanazine exposure resulted in 379 DEGs.

Assay reproducibility and variability

Important attributes for an acceptable toxicity assay are the levels of reproducibility and variability.
High throughput transcriptomic assays are no different. The NTP recommends performing three
independent dose response tests for any new “platform” (i.e., any combination of exposure or
sequencing systems) to assess reproducibility (NTP, 2018). While repeat concentration response
exposures are planned, the current group of tests had a CuSO, exposure at a single concentration (0.15
mg/L) repeated 10 times, providing an assessment of assay reproducibility. This concentration was
chosen, based upon our previous results (Villeneuve et al. 2023), to be slightly less than a lethal
concentration but still high enough to perturb the transcriptome (CuSO,tPOD = 0.005 mg/L). While
there was a robust transcriptomic response (4271 DEGs total), there were few DEGs that consistently
repeated (e.g., 8% in 5 of 10 tests and 0.6% in 10 of 10 tests). As a result of these data, future tests will
incorporate several concentrations of a positive control to allow for more comprehensive assay
characterization.

In addition to continued efforts assessing assay reproducibility, we have worked to define the variability
around the tPOD estimate (Fig. 1). A pitfall in a typical approach to transcriptomic hazard assessment,
especially with ecologically relevant species, is the tPOD is a point estimate with no error term or
confidence interval (Mittal et al. 2022; Page-Lariviere et al. 2019). In the current analysis pipeline, gene
specific upper and lower bounds of the 95% confidence interval are calculated at the benchmark
concentration. Such bounds, while useful, do not capture all the factors that can contribute variability
to the tPOD estimates derived from the distribution of benchmark concentrations. In sufficiently
annotated genomes with enough transcriptomic effects data, there are methods available to calculate a
confidence interval, such as using gene expression signature-based concentration-response modeling
(Harrill et al. 2021). However, such an approach is not currently feasible for fathead minnow and won’t
be for most species frequently used as model organisms for ecotoxicology (fish, birds, amphibians,
invertebrates, etc.). Therefore, an in-silico sampling procedure at the level of the count matrix was
tested. In the absence of alternatives, we suggest this is an effective and practical means to express
variability in the tPOD, an important consideration in chemical hazard characterization. Other groups
have used similar bootstrapping-based approaches to estimate tPOD variability (Reardon et al. 2021).
However, either for the current approach or other bootstrapping methods to be valid, the number of
biological replicates needs to be sufficiently large that the occurrence of a resampled treatment group
composed entirely of a single sample, and therefore having no associated variability, is rare. The
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resampling approach employed is not appropriate for smaller sample sizes per treatment (e.g., n=3 or
5).

Our approach also can result in a surprising disconnection between the tPOD and the variability
estimate calculated from resampling, as seen for cyanazine (Fig. 1). Specifically, the tPOD for cyanazine
is less than the IQR. This is a result of some individuals responding to lower concentrations of cyanazine
exposure. There were enough of these individuals to produce gene-specific BMCs that passed quality
filters that drove the 10™" percentile of BMCs to a lower concentration. During in-silico sampling, these
individuals often were not selected for new count matrices so the resulting tPODs and therefore, the
IQR were shifted to higher concentrations.

Conclusions

The current work extended our initial pilot testing of a fathead minnow high throughput assay to include
more chemicals representing additional modes of action. The transcriptomics data is distilled to a point
estimate. However, for designs like the current assay (n = 8) that have adequate sample size per
treatment, we suggest an in-silico resampling method to calculate a confidence interval, that can be
used in hazard screening and prioritization. Thus far, the assay has performed well, in that the initial 22
tPODs (12 in the current work and 10 in the initial pilot) have been protective in fish, based upon
comparison to traditional toxicity data. While the duration of the current assay (24 hours) is not
substantially shorter than a traditional acute toxicity test (96 hours), the richness of the data can capture
a broad suite of toxicological effects that could lead to chronic impairment. Traditional hazard
evaluation methods focused on acute responses (e.g., lethality) can miss complex and subtle effects that
might result from chronic exposures, such as those seen with endocrine disrupting chemicals (Page-
Lariviere et al. 2019; Kavlock et al. 1996), which can exhibit reproductive toxicity at concentrations 1000-
fold lower than those that are acutely lethal (Vestel et al. 2016; Bhandari et al. 2015). Short-duration,
transcriptomic-based toxicity tests hold promise to both quickly estimate hazard and suggest mode of
action. Our initial pilot and the current calculation of tPODs are gene agnostic, but we have started to
explore DEG identity and biological pathways, as allowed by the annotation of the fathead minnow
genome (Martinson et al. 2022). Such efforts could be extended to calculating pathway-specific points
of departure (Harrill et al. 2021; NTP, 2018), although challenging to implement for species without well
annotated genomes.

Overall, we have presented an ecologically focused high throughput transcriptomics assay that holds
promise for chemical prioritization and hazard characterization in fish. Challenges remain in assay
design, implementation, and data analysis. Ongoing research includes continued expansion of tested
chemical classes, further assay optimization (e.g., sample pooling strategies and replication),
development of bioinformatics pipelines, testing of sequencing (targeted and full coverage) platforms,
and developing similar assays in additional ecologically relevant species (crustacean, insect, and algae)
all with the goal of having these assays have a role in advancing the pace of hazard assessment in an
overall approach to 21% century toxicity assessment.

Disclaimer

The contents of this manuscript neither constitute nor necessarily reflect US EPA policy. Mention of
trade names or commercial products does not constitute endorsement or recommendation of use.
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Figure Captions

Fig. 1 Comparison of Pimephales promelas transcriptomic-based points of departure (tPODS) after 24
hours of exposure in 96-well microplates to effect concentrations compiled in the ECOTOX

knowledgebase (https://cfpub.epa.gov/ecotox/) for the same chemicals. P. promelas tPODs (®) are the
10t percentile of the distribution of gene-specific benchmark concentrations (BMCs) while the upper
and lower error bars are the 75" and 25™ percentile (i.e., interquartile range) of recalculated tPODs (see
Methods for details). Fish ECOTOX tier 1 (©) and fish ECOTOX tier 2 (®) values are the median of
compiled effect concentrations from studies with varying fish species and experimental designs.

Crustacean ECOTOX tier 1 (M) values are the median of compiled effect concentrations of tier 1
endpoints from exposures to crustacean species while insect ECOTOX tier 1 (A ) are similar values from
insect-based studies. Tier 1 data included mortality, reproduction, behavior, population, growth,
development, and intoxication (i.e., adverse). Tier 2 data included effects on enzymes, genetics,
histology, biochemistry, morphology, physiology, feeding, immunology, and hormones (i.e., not
necessarily adverse). Error bars represent the interquartile range of the reported effect concentrations.
Gray boxes represent the exposure concentration range for each chemical.
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Fig. 2 Venn diagrams of overlapping differentially expressed genes by mode of action. Concentrations
were selected based upon chemical specific transcriptomic points of departure (tPOD) such that each
concentration level was equidistant from the tPOD, as a means to account for chemical potency. (a)
Acetylcholinesterase inhibitors; (b) estrogen receptor agonists; (c) ecdysone receptor agonists; (d)
photosystem Il inhibitors

Fig. 3 The occurrence rate of common differentially expressed gene (DEG) and percent of the total
unique DEGs across 10 independent CuSO,4 exposures at 0.15 mg/L. Solid bars, plotted on the left y-axis,
represent the cumulative number of common DEGs in 50% through 100% of the tests. Open bars,
plotted on the right y-axis, represent the percent of the total DEGs (4271) from all 10 tests that
overlapped. Forinstance, there were 147 cumulative DEGs or 3.4% of the total DEGs common across 7
of 10 of the tests.
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