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Abstract

The United States Environmental Protection Agency has proposed a tiered testing strategy for
chemical hazard evaluation based on new approach methods (NAMSs). The first tier includes

in vitro profiling assays applicable to many (human) cell types, such as high-throughput
transcriptomics (HTTr) and high-throughput phenotypic profiling (HTPP). The goals of this study
were to: (1) harmonize the seeding density of U-2 OS human osteosarcoma cells for use in

both assays; (2) compare HTTr- versus HTPP-derived potency estimates for 11 mechanistically
diverse chemicals; (3) identify candidate reference chemicals for monitoring assay performance
in future screens; and (4) characterize the transcriptional and phenotypic changes in detail for
all-trans retinoic acid (ATRA) as a model compound known for its adverse effects on osteoblast
differentiation. The results of this evaluation showed that (1) HTPP conducted at low (400 cells/
well) and high (3000 cells/well) seeding densities yielded comparable potency estimates and
similar phenotypic profiles for the tested chemicals; (2) HTPP and HTTr resulted in comparable
potency estimates for changes in cellular morphology and gene expression, respectively; (3)

three test chemicals (etoposide, ATRA, dexamethasone) produced concentration-dependent effects
on cellular morphology and gene expression that were consistent with known modes-of-action,
demonstrating their suitability for use as reference chemicals for monitoring assay performance;
and (4) ATRA produced phenotypic changes that were highly similar to other retinoic acid
receptor activators (AM580, arotinoid acid) and some retinoid X receptor activators (bexarotene,
methoprene acid). This phenotype was observed concurrently with autoregulation of the RARB
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gene. Both effects were prevented by pre-treating U-2 OS cells with pharmacological antagonists
of their respective receptors. Thus, the observed phenotype could be considered characteristic

of retinoic acid pathway activation in U-2 OS cells. These findings lay the groundwork

for combinatorial screening of chemicals using HTTr and HTPP to generate complementary
information for the first tier of a NAM-based chemical hazard evaluation strategy.
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High-throughput phenotypic profiling; Cell Painting; concentration-response; computational
toxicology

Introduction

Thousands of chemicals in commerce and present in the environment are lacking toxicity
information (Judson et al., 2009; NRC, 1984). As traditional animal experiments lack

the necessary throughput for generating hazard information on thousands of chemicals,
new approach methods (NAMSs) based largely on /n vitro assays in human cell lines or
assays in simple model organisms, together with /n silico modeling, have been proposed

as alternatives to traditional /n vivotesting (NRC, 2007). The United States Environmental
Protection Agency (USEPA) recently proposed a tiered testing strategy for hazard evaluation
using NAMs (Thomas et al., 2019). The first tier consists of high-throughput profiling
(HTP) assays and /n silico modeling to generate potency estimates for chemical bioactivity
and predict mechanism-of-action (MoA). Chemicals of interest can then be investigated

in greater detail using targeted /n vitro high-throughput screening assays (tier 2) and, if
needed, with more complex organotypic culture models (tier 3). Tier 1 ideally casts a
broad net for capturing biological effects of chemicals across diverse cell types expressing
varying complements of molecular targets and pathways. Two HTP assays currently being
explored are high-throughput transcriptomics (HTTr) using whole transcriptome TempO-
Seq, a form of targeted RNA-Seq (Harrill et al., 2021; Yeakley et al., 2017) and imaging-
based high-throughput phenotypic profiling (HTPP) using the Cell Painting assay (Bray et
al., 2016; Nyffeler et al., 2020). These two complementary approaches capture changes at
different levels of cellular organization: while HTTr is focused on the molecular level (gene
expression), HTPP measures changes at the cellular level (morphological changes in cells
and their organelles).

Both HTP methods have been applied previously by USEPA and others to profile cellular
responses to chemicals. With regards to HTPP, over 30,000 chemicals have been screened

in U-2 OS cells at a single concentration (Bray et al., 2017; Gustafsdottir et al., 2013).

More recently, USEPA tested 460 chemicals at multiple concentrations in U-2 OS cells
(Nyffeler et al., 2020). Multiple studies have demonstrated that application of HTPP to other
cell types is also possible (Gustafsdottir et al., 2013; Warchal, Dawson, & Carragher, 2016;
Willis, Nyffeler, & Harrill, 2020). Similarly, ~20,000 chemicals have been transcriptionally
profiled at a single concentration (Duan et al., 2014; Subramanian et al., 2017) in various
cell types using the L1000 platform, which measures the expression of ~1000 genes. Further,
USEPA tested 44 chemicals in concentration-response format using whole transcriptome
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TempO-Seq (Harrill et al., 2021). To date, only a few studies have combined the two HTP
approaches to predict mechanisms (Lapins & Spjuth, 2019) or assay outcomes (Becker et
al., 2020; Wawer et al., 2014). These studies were conducted at a single test concentration
and overall concluded that HTPP and HTTr provide complementary information regarding
perturbation of cellular biology by chemicals. However, comparison of potencies across
assays was not possible due to lack of concentration-response data.

A goal of USEPA’s tier 1 screening strategy is to conduct concurrent HTTr and HTPP
chemical bioactivity screens in a single test system (e.g., same cell type and culture
conditions). Prior to this study, it was unknown whether HTTr and HTPP are comparable
to one another with regards to potency estimation. Moreover, there is potential value in the
ability to link phenotypic responses and changes in gene expression to specific molecular
initiating events (MIE), such as nuclear receptor activation.

We previously applied HTTr to MCF7 cells (Harrill et al., 2021) and HTPP to U-2 OS

cells (Nyffeler et al., 2020). In order to use both assays (HTTr, HTPP) concurrently for
potency estimation and mechanistic prediction, there is a critical need to harmonize culture
conditions across the assays for any given cell model. The present study was therefore
undertaken to harmonize protocols for chemical screening in U-2 OS cells. Our previous
U-2 OS HTPP screen was conducted at a low seeding density (i.e., 400 cells/well), while
HTTr requires a higher cell density per well to generate enough RNA for TempO-Seq
profiling in cell lysates. Therefore, the test system must be adapted to a cell seeding density
that could accommodate both assay formats.

In addition, to monitor assay performance during screening campaigns, reference chemicals
are tested on each assay plate (Nyffeler et al., 2020). Previously, these reference chemicals
were tailored to HTPP, but in order to support both assays, reference chemicals suitable

for monitoring performance would ideally exert robust phenotypic effects in a concentration-
dependent manner, and induce robust changes in gene expression that are associated with

a known and specific MoA. We thus tested a set of candidate reference chemicals in both
assays and compared their qualitative and quantitative effects in both assays.

The U-2 OS cell line was selected because it is the cell line that was originally used to
develop the Cell Painting assay and the one most commonly used for HTPP at US EPA
(Bray et al., 2016; Nyffeler et al., 2020). U-2 OS cells are derived from an osteosarcoma, a
bone cancer (Pautke et al., 2004). Osteoblasts and osteoclasts are involved in remodeling of
bones. This process is modulated by all trans-retinoic acid (ATRA). ATRA and other retinoic
acid (RA) derivatives are vertebrate hormones, that play a role in many other biological
processes, particularly during the development of organs, limbs, and the nervous system
(Ghyselinck & Duester, 2019; Janesick, Wu, & Blumberg, 2015). Thus, for the final part

of this study, we explored the biology underlying changes in cell morphology and gene
expression induced by a candidate phenotypic reference chemical, ATRA and its analogues.
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Materials and Methods

Materials

Cell culture

Materials and reference chemicals used for the present studies were obtained from a number
of different suppliers (Tables S1-S3). Chemical stock solutions (Tables S2 + S3) were
prepared in dimethyl sulfoxide (DMSO). The first phase of this study involved testing a set
of 11 candidate reference chemicals in both HTPP and HTTr (Table 1). The second phase of
this study involved testing a collection of RA pathway modulators in a variety of follow-up
experiments using HTPP and reverse transcription quantitative polymerase chain reaction
(RT-gPCR) (Table 2).

U-2 OS human osteosarcoma cells (HTB-96®, Lot: 64048673, ATCC) were cultured as
described in Nyffeler et al. (2020). Briefly, cells were cultured in media consisting of
Dulbecco’s Modified Eagle Medium (DMEM) with 10% heat-inactivated fetal bovine serum
and penicillin/streptomycin/glutamine, passaged using TrypLE Select and maintained at 37
°C in a humidified atmosphere of 5% CO, in air.

A cryo stock of internal passage number 6 (P6) was generated as described in Nyffeler et
al. (2020); experiments were performed using U-2 OS cells from P7 to P10. Cells were
counted using a Countess Il automated cell counter and seeded into CellCarrier-384 Ultra
microplates at 400 cells/well or 3000 cells/well in 40 pl media per well. For experiments
in 96-well plate format, cells were seeded into CellCarrier-96 Ultra microplates at 9000
cells/well in 120 pl media.

Chemical treatment in 384-well plates

For all experiments in 384-well plates, treatments were applied using a LabCyte Echo 550
acoustic dispenser (Beckman-Coulter, Indianapolis, IN). Plate layouts for treatments were
uniquely randomized for each assay plate, i.e., technical replicates were distributed across
the plate to avoid systematic edge-well effects. Dilution series for test chemicals were
prepared prior to dosing in Echo qualified 384-well low dead volume (384LDV) plates
using the Echo 550 acoustic dispenser. A Certus FLEX Microdispenser (Trajan Scientific
Americas, Morrisville, NC) was used for backfilling with DMSO, as described previously
(Nyffeler et al., 2020).

For experiments testing single chemical treatments per well, dilution series were prepared
as 200x stock and 200 nl of chemical solution was dispensed (see Tables S2 + S3 for
concentration ranges). For pharmacological blockade experiments, dilution series were
prepared at 400x the desired test concentration and the pre-treatment was dispensed in

a volume of 100 nl, followed by dispensing of 100 nl of the test chemical. The final
concentration of DMSO in test wells was 0.5% for all experiments. Cells were treated with
test chemicals 24 h after seeding.
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Cell Viability (CV) Assay

For the experiment with the 11 candidate reference chemicals, parallel plates were prepared
to measure cytotoxicity and cytostasis, as described previously (Nyffeler et al., 2020).
Briefly, cells were live-labeled with propidium iodide (P1) and H-33342, then fixed with
3.5% paraformaldehyde for 10 min and rinsed with phosphate buffered saline (PBS).

Plates were imaged on an Opera Phenix High Content Screening System (PerkinElmer,
Waltham, MA) using a 10x objective and four fields per well. Images were analyzed

to count the number of Hoechst-33342 labeled cells and the percentage of Pl-positive

cells. Well-level results were then modeled using concentration-response functions from

the R package fpc/fit2 (v0.1.0) (https://rdrr.io/github/USEPA/CompTox-ToxCast-tcplFit2/).
Cytotoxicity data (i.e., % Pl-positive cells) were fit to three functions: constant, Hill and
Gain-Loss function, whereas cell count data were only modeled with the first two functions.
The benchmark response (BMR) was set at 3 times the normalized median absolute
deviation (nMAD, with nMAD = 1.4826*MAD) for cytotoxicity data, while for cell counts,
the effective concentration 50% (EC50) was calculated. The lower of the two was defined as
the cell viability benchmark concentration (BMC). Subsequently, the first test concentration
above the BMC was defined as the lowest observed effect concentration (LOEC) and test
concentrations above the LOEC were removed before concentration-response modelling of
profiling data as described previously (Nyffeler et al., 2020). For the experiment with the 11
candidate reference chemicals, this included the highest tested concentration for actinomycin
D and docetaxel and the two highest tested concentrations for trichostatin A.

For experiments with the RA pathway modulators, no cell viability plates were prepared.
Instead, the relative cell count was obtained from the Cell Painting images and used to
estimate the EC50.

High-throughput phenotypic profiling assay (HTPP)

Fluorescent labeling—Phenotypic profiling of cells was performed using the “Cell
Painting’ method (Bray et al., 2016) as described in Nyffeler et al. (2020). First,
MitoTracker Deep Red was applied to live cells 24 h after chemical treatment. After
incubation for 30 min in the incubator, plates were fixed with 3.5% paraformaldehyde for
10 min and washed with PBS. Then, cells were permeabilized with 0.1% Triton X-100 for
30 min at room temperature, followed by rinsing with PBS. The remaining labeling reagents
(Hoechst-33342, SYTO14, Concanavalin A-488, Alexa Fluor 568 Phalloidin and Wheat
Germ Agglutinin Alexa Flour 555 Conjugate) were applied as a cocktail in PBS with 1%
bovine serum albumin. After a 30 min incubation at room temperature, plates were rinsed
four times with PBS and stored in PBS at 4 °C until the day of imaging.

Image Acquisition & Feature Extraction—Fluorescent images were acquired using an
Opera Phenix High Content Screening System and Harmony® software (v4.9). Five images
were acquired with a 20x water immersion objective in confocal mode (2 x 2 pixel binning)
using four different excitation wavelengths: 405 nm (DNA), 488 nm (RNA, z-offset 1), 488
nm (ER, z-offset 2), 561 nm (actin, golgi, plasma membrane) (AGP), 640 nm (mitochondria)
(Mito). For experiments at the lower seeding density, 9 fields per well were acquired, while
for experiments at the higher seeding density 5 fields per well were acquired. Feature
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extraction was performed using Harmony® software as previously described (Nyffeler et al.,
2020). Briefly, nuclei were segmented in the DNA channel. The nuclei were then used as
“seeds”, i.e., starting points, for segmentation of the cells in the ER channel. Cells touching
the image border were excluded from analysis. The protocol is provided in the supporting
information. Of note, the chemical ER 50981 was auto-fluorescent in the DNA channel and
interfered with accurate cell segmentation. Treatments with > 3 uM ER 50981 could not be
properly segmented, and hence were excluded from further analysis.

Data analysis—For each cell, 1300 features were measured. Typically, approximately
250 cells/well and 1000 cells/well were analyzed for the low and high seeding densities,
respectively. Cell-level data were aggregated to the well-level and normalized using R
statistical software (v 3.6.2), as previously described (Nyffeler et al., 2020). Briefly, cells
treated with the vehicle control were used to define a median and MAD for normalization.
Well-level aggregates were calculated by computing the median from all cells. In a slight
modification from previous reports (Nyffeler et al., 2021; Nyffeler et al., 2020; Willis

et al., 2020), the well-level data were scaled further using the combined vehicle control
wells of the corresponding plate group (typically 96 wells). A plate group consists of the
four biological replicate plates that were administered the same treatments. These scaled
values were used for heatmap visualizations with values within [-1, +1] (i.e., within 1
standard deviation of controls) being substituted with 0 to indicate that the feature was
not substantially affected by the treatment. Profiles were compared by first averaging the
biological replicates, then computing pairwise Pearson correlation.

In order to reduce the high-dimensional data to a single value, the ‘Global Mahalanobis
distance’ approach was applied as described previously (Nyffeler et al., 2021). Briefly,
Mahalanobis distance is similar to common Euclidean distance, but takes into account
the correlation of features. To this end, scaled feature-level data were transformed using
principal component analysis, then the covariance matrix was estimated. The covariance
matrix was then used to calculate each well’s distance to the mean position of the
corresponding (solvent) control wells. Thus, a large distance means that the well’s profile
was very different from the control.

Concentration-response modeling—Mahalanobis distances were subjected to
concentration-response modeling using the R package foc/fit2 (v0.1.0, https://github.com/
USEPA/CompTox-ToxCast-tcplFit2) (Sheffield, Brown, Davidson, Friedman, & Judson,
2021). First, all concentrations above the cell viability LOEC were removed. Then the

data were modeled with the following functions: constant, Hill, poly1, poly2, power and
four exponential models (exp2-exp5). The baseline median and MAD was calculated using
data from appropriate control wells. For the experiments with single treatments, these
were data from the lowest tested concentration of test chemicals. For the experiments with
sequential treatments, wells that received the same pre-treatment, but were not treated with
the test chemical served as controls. For all experiments, the BMR was set at 1 nMAD and
concentration-response fits exceeding this cutoff value were considered active. Chemicals
with a BMC below the highest tested concentration were considered active; no BMCs were
extrapolated above the tested range. BMCs below the tested range were set at half an order
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of magnitude below the lowest tested concentration. The BMC of the global Mahalanobis
curve fit was defined as the phenotype altering concentration (PAC).

High-Throughput Transcriptomics (HTTr)

Sample Generation & Sequencing—For the experiment with the 11 candidate
reference chemicals in U-2 OS cells seeded at high density (3000 cells/well), parallel plates
were prepared for whole transcriptome profiling of cell lysates using TempO-Seq (Yeakley
etal., 2017). Samples were prepared as previously described (Harrill et al., 2021), with
some modifications: wells were washed with PBS, drained to 10 uL and lysed by addition
of 10 pL of 2X Enhanced BioSpyder Lysis Buffer. Plates were temporarily sealed with an
adhesive film, shaken for 30 s on the stage of MultiFlow FX microplate dispenser (BioTek,
Winooski, VT) and then placed in a hybridization oven (37°C) for 10 min. The adhesive
films were removed, plates were re-sealed with Nunc™ aluminum acrylate sealing tape and
stored at —80°C. Prior to shipment, the tape was removed and reference samples (reference
RNAs, bulk lysates and lysis buffer blank) (Harrill et al., 2021) were added in duplicate to
each plate while keeping the plates frozen. The plates were then resealed with new Nunc™
aluminum acrylate sealing tape.

Plates were shipped to BioSpyder, Inc. frozen (on dry ice) where U-2 OS cell lysates
were then analyzed using a custom-attenuated version of the TempO-Seq human whole
transcriptome assay version 2 (hWTv2). Lysates were processed and the TempO-Seq
assay was performed as previously described (Harrill et al., 2021). Ligation products
generated from each sample using the TempO-Seq assay were “barcoded” with well
coordinate-specific primer pairs containing universal adaptors for sequencing. Barcoded
ligation products were then pooled into a combined sequencing library and distributed
across multiple lanes of a HiSeq dual flow cell and analyzed on a HiSeq 2500 Ultra-High-
Throughput Sequencing System (Illumina, San Diego, CA). The target depth for each test
sample was 3 million mapped reads.

Data processing—TempO-Seq data were processed as previously described (Harrill et
al., 2021). In brief, raw TempO-Seq data were aligned to probe sequences in the hWTv2
assay probe manifest using HISAT2 v.2.1.0 (Kim, Langmead, & Salzberg, 2015; Kim,
Paggi, Park, Bennett, & Salzberg, 2019) with splice alignment disabled. The number of
uniquely aligned reads for each probe were computed using SAMtools v1.9 (Li et al., 2009).
The probe counts for each sample are provided via FigShare (https://doi.org/10.23645/
epacomptox.16834519.v1). Raw and processed data are available through Gene Expression
Omnibus (GEO) under accession GSE200845. Source code for all data processing steps is
included in an open source package ‘httrpl” (https://github.com/USEPA/httrpl_pilot).

Samples from treatments above the cell viability LOEC were excluded from transcriptomic
analysis. In addition, quality control metrics for each sample were calculated as previously
described (Harrill et al., 2021). The thresholds for sample exclusion based on the fraction of
uniquely mapped reads and the number of uniquely mapped reads were set at = 50% and <
10% (of the target read depth of 3 million mapped reads), respectively, as in Harrill et al.
(2021). The thresholds for sample exclusion based on the number of probes with at least
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5 mapped reads (NCovs), the number of probes capturing the top 80% of counts (NSiggg)
and the Gini coefficient (Graczyk, 2007; van Mierlo, Hyatt, & Ching, 2016) were set at
approximately Tukey’s Outer Fence (Tukey, 1977), defined as 3x the inter-quartile range of
the distribution of all test samples and vehicle controls. Thresholds for sample exclusion
based on quality control metrics are illustrated in figure S1.

Differential expression analysis—Differential expression analysis was performed
independently for each chemical as described previously (Harrill et al., 2021). For each
chemical, read counts for all test samples across all concentrations tested and corresponding
vehicle controls were tabulated. Probes with mean read count < 5 across the tabulated
samples were removed. Counts for the remaining probes were modeled using DESeq2 v1.24
(Love, Huber, & Anders, 2014) by treating the experimental plate and treatment effect

as independent factors (i.e., counts ~ plate + concentration). Size factors and dispersion
were estimated using package defaults and model-fitting was performed with ‘betaPrior

= FALSE’. Fold-change shrinkage was applied separately for each test concentration vs.
vehicle control to compute moderated log2 fold-change (L2FC) values for each probe,
adjusted to remove any average plate effects. For each chemical, the gene level L2FC values
were determined by aggregating the probe level L2FC values for each gene and using the
probe value with the highest fold change in either direction. All L2FC data for this study are
included in the data release (https://doi.org/10.23645/epacomptox.16834519.v1).

Signature score calculation—L2FC data were used to generate transcriptomic signature
scores that were then used as input for concentration-response modeling as previously
described (Harrill et al., 2021), with modifications. The signature collection used in this
study contained 10056 signatures collected from a variety of resources including the
Molecular Signatures database (MSigDB) collections C2 and H (Liberzon et al., 2015;
Liberzon et al., 2011), BioPlanet (R. Huang et al., 2019) and DisGeNET (Pinero et

al., 2015). Directional signatures in the collection were derived from the Connectivity

Map (CMAP) database (Subramanian et al., 2017) by identifying the 100 most highly
downregulated and 100 most highly upregulated genes from each CMAP profile. Signatures
in the collection were annotated with a target class inferred from the signature name and
manually curated. The target class indicates, for example, the molecular target that would
elicit the response (e.g., receptor), a process at the molecular level (e.g., transcription factor)
or cellular level (e.g., apoptosis) or a disease state (e.g., cancer). Signatures were further
aggregated into “super-targets” of biologically similar signatures to aid in mechanistic
interpretation. The super-targets represent specific genes or a group of genes (e.g., RAR),
biological entities (e.g., estrogens, antibiotics), or pathologies (e.g., adenocarcinoma). The
full signature catalogue with annotations is included in the data release (https://doi.org/
10.23645/epacomptox.16834519.v1).

The signature scoring analysis began by calculating the gene level L2FC matrix for all
concentrations of all test chemicals. For a gene in the L2FC matrix to be retained for this
analysis, at least 95% of conditions must contain data. For retained genes, any missing L2FC
values were set to zero. For each chemical-concentration-signature combination, a signature
score was computed using the Single-Sample Gene Set Enrichment Analysis (SSGSEA)
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method (Barbie et al., 2009). For directional signatures from CMAP, enrichment scores were
calculated separately for up- and down-regulated signatures and a final score calculated

as scoreyp — SCOregown- In this way, treatments that elicit both up- and downregulation of
transcripts as part of a characteristic response were associated with larger signature scores.

Concentration-response modeling—~For each combination of test chemical and
signature, the concentration-response series of signature scores was modeled using fcp/fit?
(v0.1.0) using the following functions: constant, Hill, poly1, poly2, power and four
exponential models (exp2-exp5). The model with the lowest Akaike information criterion
(Akaike, 1974) was selected as the preferred model. A chemical-signature was considered
active if the signal exceeded a statistically defined noise threshold (‘cutoff’) by a given
magnitude. The cutoff was estimated for each signature by calculating the 95% confidence
interval around the signature scores for the two lowest concentrations across all chemicals.
Active chemical-signatures were defined as those where the ‘top over cutoff’ was = 1

and the hitcall was > 0.9. Out of all active signatures that had a benchmark dose upper
confidence limit (BMDU) over benchmark dose lower confidence limit (BMDL) (BMDU/
BMDL) ratio < 40 for a given chemical, the BMC for the 5! most potent active signature
(i.e., the one with the 51 lowest BMC value) was defined as the biological pathway altering
concentration (BPAC) for that chemical. To provide insight into the biological activities of
the test chemicals, active signatures were also aggregated to the super-target level. BMCs
for all active signatures were grouped according to super-target annotation. Super-targets
containing at least one active signature were then rank ordered by the median signature
BMC and visualized as accumulation plots.

Pharmacological blockade with retinoic acid pathway modulators—For
pharmacological blockade experiments, cells were treated 24 h after seeding with the first
treatment (“pre-treatment”), a single concentration of CD 2665 (10 uM), ER 50891 (1 uM),
UVI 3003 (10 uM) or citral (100 pM). The concentration was selected to be high (i.e., above
the inhibitory concentration 50 of the respective target) but non-cytotoxic. One hour later,
the second treatment (“test chemicals’) was applied, typically in concentration-response, for
24 h.

For the HTPP assay, cells were seeded in 384-well plates, as described above, and at the

end of the exposure period, the cells were processed as described in the “‘High-throughput
phenotypic profiling assay (HTPP)’ section. Global Mahalanobis distances were calculated
as described above, by using the corresponding pre-treatment (with DMSO only as the “test
chemical’) as the control. Thus, the distances of different pre-treatments cannot be compared
quantitatively. Global Mahalanobis distances were then fit with cp/fit2 as described above.

Each biological replicate consisted of two plates, with two modulators plus DMSO per plate
(citral and CD 2665 on one plate; ER 50891 and UVI 3003 on the other). Therefore, two
curves are displayed for pre-treatment with DMSO in plots of these data. For one biological
replicate, wells treated with ER 50981 were excluded from analysis, because the cells could
not be properly segmented due to the ER 50981 chemical’s autofluorescence interfering with
the Hoechst-33342 signal.
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Reverse Transcription Quantitative Polymerase Chain Reaction (RT-gPCR)—
Cell culture for all RT-gPCR experiments was conducted in 96-well format. For testing the
RT-gPCR primers, DMSO and ATRA dilutions were prepared as 5x concentrate in culture
medium and added manually as a 30 pl volume, to obtain final concentrations of 0.5%
DMSO and 500 nM ATRA in 0.5% DMSO. Four biological replicates (i.e., independent
cultures) were conducted with one technical replicate (i.e., test well) each.

For all other RT-gPCR experiments, 20 pl medium was removed from each well before
dosing. The pre-treatments and test chemicals were dispensed at a volume of 500 nl with
the LabCyte Echo 550 acoustic dispenser into an empty plate, then back filled with 16.16 pl
medium, of which 10 pl was added to the cells (corresponding to 300 nl of chemicals in 10
ul being applied). The final DMSO concentration after both treatments was 0.5%.

Twenty-four hours after applying the test chemicals, cells were harvested, RNA reverse
transcribed, and qPCR conducted using the SYBR Green Fast Advanced Cells-to-CT Kit
(Invitrogen) following manufacturer’s recommendations. Briefly, cells were washed once
with ice-cold PBS, then lysed by addition of 50 pl lysis solution including DNase 1. Samples
were shaken for 30 s on a MultiFlo FX stage and incubated for 5 min at room temperature.
Then, 5 pl stop solution was applied to each well, followed by another shake for 30 s and

a 2 min incubation at room temperature. Samples were then stored at =80 °C until further
use. Reverse transcription was carried out in 50 or 100 pl volumes, with 20 or 40 ul lysate as
input.

The gPCR was carried out in 384-well MicroAmp Optical 384-well reaction plates.
Reactions contained 1 pl cDNA, 5 ul PowerUp SYBR Green Master Mix and 250 nM

of each forward and reverse primer in a total of 10 pl. Primers (Table S4) were designed

to amplify a segment spanning two exons. A subset of primers has been used in previous
studies (Nyffeler et al., 2018; Nyffeler et al., 2017). Reactions were carried out in duplicate,
with averages used for analysis. Each biological replicate contained three cell culture wells
that were treated with DMSO only. One of these replicates was used to normalize all data
using the AACt method (Livak & Schmittgen, 2001), with ACTB as the reference gene.

Curve fitting was conducted with fcp/fitZ, as described above, with a BMR of 1 nMAD
(derived from the remaining DMSO control wells that were not used for normalization)
and an (arbitrary) cutoff of 0.5 cycles. For gPCR experiments with combined chemical
treatments, the two DMSO control wells not used for normalization were further averaged
to obtain one value per biological replicate. This value was then used in a two-sided paired
t-test to determine statistically significant effects of both pre-treatments and test chemicals.

In parallel, a 384-well plate was cultured, treated with the sequential treatments and
processed for HTPP. Data were analyzed as described in the ‘Pharmacological blockade
with retinoic acid pathway modulators’ section. The technical replicates were then averaged
to obtain one value per biological replicate to use in the two-sided paired t-test, analogous to
the gene expression results.
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Experimental Design—Typically, four technical replicates across four independent
cultures (e.g., biological replicates) were performed for HTPP. For HTTr, four technical
replicates were performed across two biological replicates. For test chemicals, 6-8
concentrations at half log10 spacing were tested (except for g°PCR which was run at a single
concentration). Detailed information about the number of biological and technical replicates,
as well as the negative and reference chemicals run for reach experiment type can be found
in Table S5.

Phenotypic profiling of candidate reference chemicals at two seeding densities

In order to make the HTPP test system amenable for the Temp-O-Seq assay, the number of
cells seeded per well had to be increased from that used in previous studies (Nyffeler et al.,
2020). Preliminary experiments indicated that 3000 cells/well was a suitable density (data
not shown), allowing cells to grow in a monolayer necessary for accurate cell segmentation
with the Cell Painting assay, while also providing sufficiently concentrated lysates for
TempO-Seq analysis. To confirm that the test system was suitable for detecting phenotypic
changes at the higher seeding density, we tested a set of 11 candidate reference chemicals
and a viability positive control (staurosporine) at both cell densities (400 cells/well and
3000 cells/well) (Table 1). Among the chemical set were four chemicals previously used
as reference chemicals for HTPP (Nyffeler et al., 2020), two that previously yielded robust
responses in HTTr (Harrill et al., 2021), as well as two agonists of receptors expressed

in U-2 OS cells, and three chemicals that exerted large effects in previous HTPP screens
(unpublished).

Chemicals were tested in concentration-response format at both seeding densities. The low-
density screen was performed first, and some of the dose ranges were adapted for the high-
density screen. Overall, we observed that the phenotypic profiles of all reference chemicals
were qualitatively similar (Fig. 1A) and strongly correlated (Fig. 1B) across the two seeding
densities. We further estimated BMCs for cytotoxicity, cytostasis and phenotypic effects
and compared them across seeding densities (Fig. 1C). For most chemicals, PACs at the
two seeding densities were within half an order of magnitude of each other. The largest
difference was observed for dexamethasone (ca. 1.1 orders of magnitude). We therefore
concluded that the higher seeding density yielded similar results to those observed at lower
seeding density using the HTPP assay.

Comparison of transcriptional and phenotypic effects

The 11 candidate reference chemicals were then tested under the same high seeding density
conditions (i.e., 3000 cells/well, 384-well format) using the Temp-O-Seq assay. Initially,
HTTr data were analyzed with two approaches: BMDEXxpress (as described in Harrill et

al. (2021)) and modeling of signature scores with cp/fit2. For 10/11 chemicals, the HTTr
signature analysis resulted in more potent estimates of bioactivity (i.e., BPACs); for four
chemicals the difference was one order of magnitude or more (Fig. S2). Therefore, the
signature analysis was selected for further comparisons. For all but one chemical, the
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PAC and BPAC were within half an order of magnitude of each other (Fig. 2A). For
dexamethasone, HTTr was more sensitive by a factor of 5.

In order to visualize mechanistic information underlying the transcriptional responses, active
signatures were grouped into super targets (Fig. 2B, S3). This visualization revealed that

for ATRA, many of the most potently affected pathways were related to the retinoic acid
receptor (RAR) (e.g., fourth and sixth super target). For dexamethasone, the glucocorticoid
receptor (GR) super target was only ranked as 9t most potent, and only two out of 56
signatures of this super target were active. However, the overall most potent signature
belonged to the GR super target and had a BMC below the tested range. For etoposide, many
super targets were affected. Several of those were related to chromatin remodeling and DNA
replication. For some of the other chemicals, the interpretation of gene expression effects
was less clear, or their expected effect on gene expression was not known. Therefore, these
three chemicals (ATRA, dexamethasone, etoposide) were chosen as reference chemicals for
subsequent experiments. It is also notable that these three chemicals vary in their effect

sizes both for HTPP and HTTr. The largest concentration-responsive increases in global
Mahalanobis distance were observed with etoposide, followed by ATRA and dexamethasone
(Fig. 2C). Similarly, the largest number of active HTTr signatures was observed etoposide,
followed by ATRA and dexamethasone (Fig. 2D).

Phenotypic profiling of retinoic acid pathway modulators

All-trans-retinoid acid was selected for more detailed analysis for multiple reasons: (1) it
had a distinct phenotypic profile in HTPP, (2) it activated the retinoic acid (RA) pathway
as one of the most sensitive biological effects in HTTr, (3) both effects happened at sub-
nanomolar concentrations, and (4) it is known to modulate bone homeostasis (Henning,
Conaway, & Lerner, 2015; Herlin et al., 2021). Therefore, it served as an interesting case
study to investigate whether the observed morphological phenotype was directly linked to
the receptor activation. To this end, we tested other RAR agonists in the HTPP assay (Table
2). As RAR and retinoid X receptor (RXR) heterodimerize to activate gene expression
(Marill, Idres, Capron, Nguyen, & Chabot, 2003), we also evaluated whether RXR agonists
produce a similar phenotype as RAR agonists. In addition to RAR and RXR agonists, we
also tested RAR and RXR inhibitors, as well as a RA metabolism inhibitor and an RA
synthesis inhibitor, to investigate how perturbing RA signaling and homeostasis would affect
cellular phenotypes. All chemicals were tested at eight to twelve concentrations.

The two additional RAR agonists (AM580 and arotinoid acid) produced the same
phenotype as ATRA (Fig. 3A+B). This phenotype includes robust changes in mitochondrial
morphology (Fig. 3C) and more subtle changes in the DNA and RNA fluorescent channels.
Exploration of cell-level data revealed that there is a population-level shift in mitochondrial
compactness, with more cells having higher compactness upon ATRA treatment (Fig.

3D). Moreover, two of the RXR agonists (bexarotene, methoprene acid) displayed the
same phenotype as the RAR agonists, albeit at higher test concentrations (Fig. 3A+3B).
Triphenyltin hydroxide, another RXR agonist, had very weak effects but was also similar
to the aforementioned RAR and RXR agonists. The RXR agonist docosahexaenoic acid
had a different phenotypic profile, which was only observable at the highest non-cytotoxic
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concentration (Fig. S4). The RA metabolism inhibitor (liarozole dihydrochloride) and RA
synthesis inhibitor (citral) had rather weak effects (at non-cytotoxic concentrations) that
did not resemble the retinoid phenotype. Interestingly, the RAR antagonist CD 2665

and the RXR antagonist UVI 3003 also induced profiles similar to those of retinoids.
Lastly, the RAR antagonist ER 50891 resulted in a very distinct phenotype. ER 50891

is autofluorescent in the blue (DNA) channel, which led to interference with nuclei
segmentation at higher concentrations. This resulted in an apparent increase in cell counts
(see Fig. S4). At concentrations = 10 UM nuclei segmentation was considerably affected;
hence these conditions were excluded from analysis.

While potency estimation was not the primary focus of this experiment, we performed
concentration-response analysis for all chemicals (Fig. S4). Of note, the three RAR agonists
were effective at sub-nanomolar concentrations, while not affecting cell numbers up to 1
UM. In contrast to this, chemicals like docosahexaenoic acid and citral had a very small
window of phenotypic activity before cytostasis was observed. As several of the RAR and
RXR agonists resulted in the same phenotypes, we concluded that this phenotype is likely to
be specific for RA pathway activation and less likely to be an “off-target’ effect.

Pharmacological blockade of retinoic acid pathway: Phenotypic effects

To determine whether the observed phenotype is a result of activation of the RA

signaling pathway, varying concentrations of the RAR and RXR agonists, as well as

the RA metabolism inhibitor liarozole were applied to cells pre-treated with a single
concentration of RAR antagonists, RXR antagonists or synthesis inhibitors. In accordance
with the previous experiments, several RAR and RXR agonists produced the characteristic
phenotype, in a concentration-response manner (Fig. S5). However, pre-treatments with
certain inhibitors prevented this concentration-dependent phenotype from manifesting (Fig.
4A, Fig. S5). For example, for ATRA, the concentration-dependent phenotype is apparent
in samples pre-treated with DMSO only or UVI 3003 and overlaid with the phenotype of
citral. But upon treatment with CD 2665 or ER 50891, no concentration-dependent effects of
ATRA were detectable, only the phenotypic effects of the inhibitor itself (see Fig. 4A, black
arrows).

To quantify these observations, concentration-response modeling was performed following
transformation of the phenotypic effects into Mahalanobis distances (Nyffeler et al., 2021).
Briefly, Mahalanobis distances are similar to Euclidean distances, but take into account the
correlation amongst features. In the present experiment, distances were calculated relative to
wells treated with the pre-treatment but not with the second treatment. Hence, if an inhibitor
suppresses the retinoid phenotype, no concentration-response is expected. For the three
RAR agonists (ATRA, AM580, arotinoid acid), citral and UVI 3003 pre-treatments were
ineffective (i.e., did not prevent the appearance of the retinoid phenotype with increasing
agonist concentration), while pre-treatment with the two RAR antagonists (CD 2665, ER
50891) right-shifted the concentration-response by two orders of magnitude or more (Fig.
4B+C). Analogously, UVI 3003 was able to shift the concentration-response of the RXR
agonists bexarotene and methoprene acid. For methoprene acid, RAR antagonist ER 50891
led also to a slight right-shift but did not affect efficacy to the same extent as RXR
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antagonist UVI 3003. Responses to docosahexaenoic acid, triphenyltin and liarozole were
not blocked by any inhibitor.

As apparent in figure 4A, only certain features were responsive to retinoid treatment. In
order to identify feature categories that were affected by retinoid treatment, we applied the
category-level Mahalanobis approach as described previously (Nyffeler et al., 2021) and
compared the efficacy of the concentration-responses (Fig. S6). The two categories with

the largest effects were related to the MitoTracker channel and concerned mitochondrial
compactness and radial distribution of the intensity signal (Fig. S7). For both categories, the
effect was suppressed by pre-treating cells with either RAR antagonist, and was similar to
the results obtained with the ‘global Mahalanobis’ approach.

To summarize, we saw that effects of RAR agonists (ATRA, AM580, arotinoid acid) can be
blocked by pre-treatment with RAR antagonists (CD 2665, ER 50891), and effects of RXR
agonists can be blocked by pre-treatment with the RXR antagonist (UV1 3003), as expected.
Of interest, we observed that RAR agonists and RXR agonists (bexarotene, methoprene
acid) produced the same phenotype, although they apparently act on different receptor types.

Pharmacological blockade of retinoic acid pathway: Transcriptional effects

Phenotypic profiling with sequential antagonist/agonist treatments demonstrated that the
observed phenotype is related to RA signaling. However, it was not clear whether the
phenotype is a consequence of the receptor activation or preceded receptor activation.

We therefore monitored receptor activation by measuring expression of genes of the RA
pathway, as some of these genes are known to exert auto-regulation: i.e., changes in mMRNA
expression of a receptor in response to modulation of that receptor pathway at the protein
level (de The, Vivanco-Ruiz, Tiollais, Stunnenberg, & Dejean, 1990; Haq, Pfahl, & Chytil,
1991; Kato et al., 1992; Martin, Ziegler, & Napoli, 1990; Nyffeler et al., 2018; Ocaya et al.,
2011; Ray, Bain, Yao, & Gottlieb, 1997; Rossant, Zirngibl, Cado, Shago, & Giguere, 1991;
Rowe, Richman, & Brickell, 1991).

In a first step, a broad set of genes was evaluated using RT-gPCR to identify genes whose
expression is affected by ATRA treatment. The set included the three RAR subtypes, three
RXR subtypes, vitamin D receptor, three CYP26 isoforms (as CYP26 metabolizes RA) and
three aldehyde dehydrogenases (ALDH, as these enzymes synthesize RA) (Marill et al.,
2003). We also evaluated two ‘off-target’ genes (CTNNB1, PTK?2) and two housekeeping
genes (ACTB, GADPH) for normalization. Overall, the measured expression level correlated
well with public data from the human protein atlas (http://www.proteinatlas.org) (Uhlen

et al., 2017). Of those genes, all ALDH and two CYP26 forms (CYP26A1, CYP26C1)

had very low expression, and their expression was not increased upon ATRA treatment

(Fig. S8A). Only two genes were found to be induced upon treatment with 500 nM

ATRA: RARB and CYP26BL1. This is consistent with the literature (de The et al., 1990;

Haqg et al., 1991; Kato et al., 1992; Martin et al., 1990; Nyffeler et al., 2018; Ocaya

etal., 2011; Ray et al., 1997; Rossant et al., 1991; Rowe et al., 1991). Subsequently,
primers for RARA, RARB, RARG, RXRA and RXRB as well as CYP26B1 were chosen
for follow-up experiments characterizing the concentration-dependent upregulation of gene
expression in response to ATRA. We observed a concentration-dependent increase in RARB
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and CYP26B1 expression following ATRA treatment, paralleling the phenotypic changes
measured by global Mahalanobis distance modeling of HTPP data (Fig. 5A, Fig. S9). The
BMC for phenotypic changes and for CYP26B1 upregulation was ~ 1 nM, while RARB was
already upregulated at concentrations below 100 pM.

Finally, the effect of ATRA (100 nM) and bexarotene (100 nM) on gene expression was
examined in presence and absence of RAR/RXR inhibitors. Results from the HTPP assay
run in parallel agreed with the previous results: CD 2665 and ER 50891 suppressed

the cellular phenotype invoked with ATRA but not bexarotene. In contrast, UVI 3003
suppressed the phenotype invoked with bexarotene, but not ATRA (Fig. 5B, left). ATRA-
induced upregulation of RARB did not occur with ER 50891 pre-treatment, but did

occur with CD 2665 or UVI 3003 pre-treatment (Fig. 5B, right, Fig. S10). CD 2665
slightly inhibited RARB upregulation in response to ATRA, but as CD 2665 treatment
itself increased RARB expression, these results are difficult to interpret. Upregulation

of RARB by bexarotene was only suppressed by UVI 3003. Of note, the magnitude of
upregulation by bexarotene is smaller than the one induced by ATRA (1 qPCR cycle vs 4
gPCR cycles). Interestingly, bexarotene and CD 2665 had a synergistic effect on RARB
expression. CYP26B1 expression was not affected by bexarotene. The ATRA-induced
CYP26B1 expression was suppressed by treatment with the two RAR antagonists CD 2665
and ER 50891. Unlike for RARB, CYP26B1 expression was not induced by CD 2665
treatment alone. Overall, these gene expression changes are consistent with the phenotypic
changes; both can be suppressed by applying RAR and RXR specific antagonists for RAR
and RXR agonists, respectively.

Discussion

In this study, we aimed to combine two HTP assays, phenotypic profiling and
transcriptomics, for use in U-2 OS cells. We have demonstrated that (1) HTPP yielded

very similar results if conducted at different cell densities, both in terms of potency and
profiles of phenotypic effects; (2) for most of the chemicals tested, PACs for perturbation of
cell morphology and BPACs for perturbation of gene expression were within half an order of
magnitude; (3) retinoids induced a characteristic phenotypic profile, that could be prevented
by pre-treating cells with appropriate RAR or RXR antagonists and (4) these phenotypic
changes coincided with changes in gene expression known to occur upon perturbation of RA
pathway signaling, including autoregulation of RARB.

In order to harmonize the conditions for the two HTP assays, the cell seeding density had to
be increased in relation to those used in previous HTPP studies (Nyffeler et al., 2020; Willis
et al., 2020). For HTTr, a higher seeding density is beneficial for generating cell lysates
that are compatible with the TempO-Seq assay in terms of RNA content per unit volume. In
contrast, for HTPP, a higher seeding density can decrease the ability to accurately segment
and profile individual cells. In the present study, we have increased the seeding density of
U-2 OS cells nearly ten-fold as compared to previous studies (Nyffeler et al., 2020; Willis
et al., 2020), without considerably affecting the resulting phenotypic profiles or PACs (Fig.
1). The differences in PACs across the two seedings densities were mostly < % order of
magnitude, and thus comparable to the intra-screen variability of PACs from repeatedly
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tested reference chemicals (Nyffeler et al., 2020). While consistency of phenotypes across
seeding densities is often debated, this is — to our knowledge — the first study to show

their equivalence. In addition, using methods established previously (Harrill et al. 2021),
lysates generated using the higher seeding density of U-2 OS cells (3000 cells input per
well) yielded TempO-Seq whole transcriptome data of high quality with only a few sporadic
exceptions (Fig. S1).

Upon harmonization of the culture conditions, testing of the same chemical set in both
assays in parallel enabled us to identify chemicals that yield both robust phenotypic effects
and changes in gene expression (Fig. 2B). ATRA, dexamethasone, and etoposide were
identified as promising reference chemicals for future HTTr/HTPP studies in U-2 OS cells.
These chemicals were selected for multiple reasons: First, the PACs for phenotypic effects
and BPACs for gene expression changes were well below the threshold for cytotoxicity

for each of these chemicals in U-2 OS cells exposed for 24 hours. In fact, cytotoxicity

was not observed within the tested concentration range for any of these three chemicals.
Second, the phenotypic and transcriptional effects are either strong (etoposide), moderate
(ATRA) or weak (dexamethasone) with regard to the number of phenotypic features or
gene expression signatures affected as well as response magnitudes associated with each.
While a strong reference chemical might be the more obvious choice for monitoring assay
performance, combinatorial use of multiple reference chemicals ranging from weak to
strong and with varying potencies for perturbing cellular biology might allow for more
comprehensive monitoring of HTP assay performance compared to a single chemical. Third,
all three of these chemicals have specific MoA, with dexamethasone and ATRA targeting
specific nuclear receptors known to be expressed in U-2 OS cells. These molecular targets
(RAR for ATRA; GR for dexamethasone; DREAM cell cycle regulator complex, E2F and
topoisomerase inhibitor for etoposide) were represented amongst the most sensitive super
target classes for each of these chemicals in the present study.

To date, only a few studies have combined HTTr and HTPP (Becker et al., 2020; Lapins &
Spjuth, 2019; Wawer et al., 2014). However, these studies did not focus on concentration
responsiveness. In the present study, we compared the potency estimates from HTPP and
HTTr for a small set of chemicals and found that, in general, the PAC for phenotypic
effects and the BPAC for gene expression changes were within half an order of magnitude
(Fig. 2A). While results from testing of this small chemical set indicate that potencies from
HTTr and HTPP are highly comparable, it is unclear if this trend is extensible to larger,
more structurally diverse sets of chemicals. This will be a topic for investigation in future
chemical screening studies.

When considering each HTP assay separately, interpretation of biological effects from HTTr
data is often more straightforward than interpretation of biological effects from HTPP.

This is because the HTTr assay measures discrete biological molecules that, in a majority

of cases, are annotated with regards to cellular function and membership in established
signaling pathways. In contrast, HTPP data are based upon measurement of cellular features
computationally derived from patterns of fluorescent labels applied to cells. These features
are not discrete biological molecules, but rather emergent properties that are not annotated to
any particular functional protein or signaling pathway. Effects associated with changes in the
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morphology of a labeled organelle may be due to a variety of upstream molecular initiating
events; thus, mechanistic interpretation of phenotypic profiles often involves consideration
of other data types as well as comparison of effect profiles to those produced by well-
annotated reference chemicals evaluated in the same test system.

Phenotypic and transcriptional responses to ATRA were studied in more detail because of
ATRA'’s relevance in the U-2 OS cell model: U-2 OS cells are osteosarcoma cells, and
ATRA plays a role in bone remodeling (Henning et al., 2015; Herlin et al., 2021). In

order to gain confidence that the phenotypic response to ATRA is linked to modulation

of RA signaling, follow-up studies were conducted using a variety of approaches. First,

we tested several different RAR agonists, as well as some RXR agonists in the HTPP
assay. A majority of those chemicals resulted in the same characteristic phenotype as
ATRA, which supports that this phenotype is related to activation of the RAR/RXR nuclear
receptor complex. In contrast, treatment with the RAR antagonists CD 2665 and ER 50891
resulted in phenotypes distinct from one another. This could be indicative of very specific
on-target effects on different RAR receptor isoforms, or unrelated off-target effects. It is
unclear whether the RAR receptor is active in untreated U-2 OS cells and thus whether it
could be inhibited by RAR antagonists in the absence of exogenous ligand. In a similar
manner, the RXR agonists docosahexaenoic acid and triphenyltin hydroxide did not result in
the characteristic phenotype produced by other RAR and RXR agonists. The phenotypes
produced by these chemicals could be due to the interaction of activated RXR with

nuclear receptors other than RAR (Gilardi & Desvergne, 2014). However, effects of those
chemicals were also not blocked by the RXR antagonist. Both chemicals have biological
activity at other molecular targets within the same concentration range required for

RXR activation (triphenyltin hydroxide: https://comptox-prod.epa.gov/dashboard/dsstoxdb/
results?search=triphenyltin%20hydroxide#invitrodb, docosahexaenoic acid: https://
www.guidetopharmacology.org/GRAC/LigandActivityRangeVisForward?ligandld=1051),
which could explain the appearance of a non-retinoid phenotype.

Second, we conducted pharmacological blockade experiments via sequential treatment of
U-2 OS cells with RAR or RXR antagonists followed by RAR or RXR agonists. While
RAR and RXR agonists resulted in the same phenotype, only application of the respective
antagonist was able to prevent the occurrence of the phenotype. These results indicate that
the phenotypic effects are likely downstream effects of the receptor activation. Interestingly,
effects of the RXR agonist methoprene acid were mitigated by RXR antagonist UVI 3003
and partly by the RAR antagonist ER 50891. These results could be explained by either
methoprene acid not being a “pure” RXR agonist as previously reported (Harmon, Boehm,
Heyman, & Mangelsdorf, 1995), or by the fact that RXR agonists cannot activate the
heterodimer alone requiring an active RAR to elicit phenotypic effects (le Maire, Teyssier,
Balaguer, Bourguet, & Germain, 2019). Of note, RA synthesis and metabolism inhibitors
did not result in profound phenotypes, which indicates that U-2 OS cells might not have the
capacity to synthesize ATRA.

Third, we applied RT-qPCR as an orthogonal assay. Upon binding of the ligand, the
RAR/RXR heterodimer induces transcription of target genes. The pathway is known to
autoregulate, and thus several RA pathway genes are transcriptionally regulated upon
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receptor activation (de The et al., 1990; Hag et al., 1991; Kato et al., 1992; Martin et

al., 1990; Nyffeler et al., 2018; Ocaya et al., 2011; Ray et al., 1997; Rossant et al.,

1991; Rowe et al., 1991). The most well-known autoregulated target gene is RARB. We
identified two RA pathway genes that were upregulated upon ATRA treatment and served as
biomarkers of effects: RARB and CYP26B1. ATRA-induced transcriptional upregulation of
RARB and CYP26B1 was concentration-dependent and paralleled the phenotypic changes.
As the BMC for RARB upregulation (~40 pM) was lower than the PAC (~400 pM), one
could hypothesize that some changes in gene expression precede the phenotypic effects.
Upregulation of RARB and CYP26B1 by ATRA was prevented by treatment with RAR
antagonists, consistent with ATRA’s known MoA (Marill et al., 2003). At the same nominal
concentration, RXR agonist bexarotene had less pronounced phenotypic and transcriptional
effects, possibly because bexarotene is less potent than ATRA or because bexarotene targets
RXR and not RAR. Of interest, RAR antagonist CD 2665 alone upregulated RARB, and
led to a synergistic effect together with bexarotene. This indicates that CD 2665 seems to
activate the RA pathway, possibly in a counter-regulatory manner, and consistent with the
observed phenotypic effects in HTPP.

To summarize, the combination of RT-gPCR and HTPP showed that the transcriptional
changes and phenotypic effects co-occur and appear to be driven by modulation of
RAR/RXR nuclear receptor signaling. It is unknown whether the phenotypic changes occur
up- or downstream of the transcriptional activation as these effects were measured at only
a single point in time. ATRA can exert biological effects in different ways: (1) through

a classical nuclear receptor mechanism involving binding of the activated RAR/RXR
heterodimer to genomic retinoic acid response elements (RARE); (2) through an alternative
genomic mechanism with lower affinity by binding to peroxisome proliferator-activated
receptors (PPAR)/RXR or retinoid-related orphan receptors (ROR); (3) or through a non-
genomic mechanism such as phosphorylation of cCAMP response element binding protein
(CREB) or inhibition of translation by RARa (Conaway, Henning, & Lerner, 2013). Our
results do not allow us to definitively conclude through which pathway ATRA exerts its
effect on cell morphology. However, the pharmacological blockade experiments provide
evidence that activation of the RAR/RXR receptors is necessary for the phenotype to occur
as preventing ligands from activating these receptors prevents emergence of the phenotype.
As both RAR and RXR agonists resulted in the same phenotype, this suggests that the
observed phenotype is likely related to the classical genomic pathway where RAR and RXR
form heterodimers.

Previous studies concluded that HTPP and HTTr provide complimentary information.
Wawer et al. (2014) reported that while a large portion of tested chemicals were active

in HTPP and HTTr, there was not complete overlap in the chemical sets. Similarly, other
studies found that HTPP and HT Tr assays are complementary in predicting MoA of
chemicals (Lapins & Spjuth, 2019) and assay outcomes (Becker et al., 2020). Although
the present study investigated only a small number of chemicals, we observed that the

two assays are susceptible to different artifacts: ER 50891 appeared to be phenotypically
active (due to autofluorescence) but did not affect gene expression of ATRA target genes.
In contrast, CD 2665 was more amenable to HTPP, while modulating expression of ATRA
target genes. Thus, combining assays can help understand and overcome these limitations.
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The present study with 11 chemicals suggests that HTPP and HTTr have comparable
sensitivity for detecting perturbations in cellular biology. Consideration of HTTr and
HTPP data in combination allows on one hand for establishment of linkages between
morphological phenotypes and putative initiating events revealed via gene expression
profiling, and on the other hand for associating gene expression changes to apical cellular
effects observed at a higher level of biological complexity. Moreover, HTPP is more
costeffective than HTTr and more readily applicable to cell models from other species.
Recently, Becker et al. (2020) demonstrated that HTPP augments the ability of quantitative
structure activity-based models to predict assay outcomes more than HTTr. The results of
the present study demonstrate the advantages of combining in silico methods, HTPP and
HTTr, in the first tier of the USEPA’s tiered testing strategy for hazard evaluation (Thomas
et al., 2019). Future studies will use this modified U-2 OS cell test system to evaluate
chemicals of interest to the USEPA.
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Dulbecco’s Modified Eagle Medium
effective concentration 50%

Gene Expression Omnibus
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median absolute deviation
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Molecular Signatures database

new approach methods
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reverse transcription quantitative polymerase chain reaction

retinoid X receptor
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Highlights

. HTPP conducted at two different cell seeding densities lead to comparable
results

. Phenotypic profiling and transcriptomics resulted in comparable potency
estimates

. Three test chemicals were selected as suitable phenotypic reference chemicals

. Multiple retinoids produced the same phenotypic profile and upregulated
RARB

. Pre-treatment with RAR antagonists blocked phenotypic and gene expression
effects
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Figure 1: High-throughput phenotypic profiling of candidate reference chemicals at two seeding
densities.

Test chemicals were screened in concentration-response using the HTPP assay in U-2

OS cells seeded at low (400 cells/well) or high (3000 cells/well) densities. Data were
collected across four independent cell cultures. The exposure duration was 24 h. (A) The
columns represent the 1300 features measured per cell, arranged within the fluorescent
channel, as indicated by the color key on top. Phenotypic profiles for each chemical

are visualized in rows, with increasing test concentrations arrayed from top to bottom in
each horizontal section of the heatmap. Only non-cytotoxic, non-cytostatic concentrations
are shown. Results from low and high seeding densities for each chemical are shown in
consecutive horizontal sections of the heatmap. (B) Correlation matrix of the similarity of
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phenotypic profiles, as measured with Pearson correlation. A Pearson correlation of > 0.75
(red) is considered a strong correlation. (C) Potency estimates for each chemical, expressed
as benchmark concentration (BMC). The cytotoxicity BMC (red triangles) is defined as an
increase in % propidium-iodide positive cells. The cytostasis BMC (gray squares) is the
EC50 of the normalized cell count. The phenotype altering concentration (PAC) (purple
circles) is the concentration at which the phenotype was different from control. The gray
shading indicates the tested concentration range for each chemical, which can be different
between the two seeding densities. If the potency is below the tested range, it is set at %2 an
order of magnitude below the lowest tested concentration and marked accordingly. For three
chemicals (cucurbitacin I, staurosporine, trichostatin A) a PAC could not be estimated for
the lower seeding density because too few non-cytotoxic concentrations were available for
modeling. Abbreviations: AGP: actin, golgi, plasma membrane; ER: endoplasmic reticulum;
Mito: mitochondria; Pos: position (features not associated with a particular channel).
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Figure 2: Comparison of high-throughput transcriptomics and high-throughput phenotypic

profiling.

Test chemicals were screened in concentration-response using the HTTr assay in U-2

OS cells seeded at high (3000 cells/well) density. The exposure duration was 24 h. (A)
Comparison of the chemical-wise BPAC from HTTr (green squares), PAC from HTPP
(purple circles), and cell viability BMC (red crosses). The numbers to the right indicate
the difference between the HTPP and HTTr potency on the log scale. The gray shaded
area indicates the tested concentration range of each chemical. Chemicals with BPACs
below the tested concentration range were set to ¥ an order of magnitude below the lowest
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tested concentration. (B) Accumulation plots of active signatures from HTTr, summarized
by super target. Each graph displays the 30 most sensitive super target classes. The point
and stems represent the median and the 101" and 90t percentile, respectively. The numbers
in parentheses are the number of affected signatures and the number of total signatures in
the signature catalog associated with the super target, respectively. The size of the points
corresponds to the number of active signature and the shade of the point and stem (from
light to dark) represents the percentage of signatures that were active in each super target
class. The gray shaded area indicates the tested concentration range for each chemical.

(C) Concentration-response curves from HTPP modeling global Mahalanobis distances.
The gray shaded area indicates the noise level (median = nMAD). (D) Efficacy measures
(expressed as ‘top over cutoff”) for concentration-response modelled signature score data of
all active signatures. The number of active signatures (n) is indicated on the plot.
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Figure 3: High-throughput phenotypic profiling of retinoic acid pathway modulators.
Chemicals were screened in concentration-response using the HTPP assay in U-2 OS

cells seeded at high (3000 cells/well) density. The exposure duration was 24 h. Data
were collected across four independent cell cultures. (A) The columns represent the
1300 features, arranged within the fluorescent channel, as indicated by the color key
on top. Phenotypic profiles for each chemical are visualized in rows, with increasing
test concentrations arrayed from top to bottom in each horizontal section of the
heatmap. Saccharin and sorbitol served as negative controls, while dexamethasone and
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etoposide served as reference chemicals (assay controls). (B) Correlation matrix of the
similarity of phenotypic profiles, as measured with Pearson correlation. (C) Representative
images of cells treated with ATRA (1 pM in 0.5% DMSO) or solvent alone (0.5%

DMSO) for 24 h. ATRA produced subtle, but reproducible, changes in mitochondrial
morphology. The radial distribution of mitochondria in the perinuclear region tends to

be less symmetrical and more compact in ATRA treated cells. Compare the patterns in
cells marked with arrowheads. Top row: Pseudo color composite image displaying the
nucleus and mitochondria fluorescent channels only. Bottom row: Transformed image of
mitochondria fluorescent labeling using background intensity subtraction. (D) Cell-level
results of cells treated with ATRA (1 uM) or solvent alone (0.5% DMSO) for 24 h. The
feature ‘Mito_Cells_Morph_STAR_Threshold_Compactness_40%_SP-Filter’ corresponds
to a measure of compactness measured in the transformed image using the sliding parabola
filter. Abbreviations: AGP: actin, golgi, plasma membrane; ER: endoplasmic reticulum;
Mito: mitochondria; Pos: position (features not associated with a particular channel).
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Figure 4: Combined effects of retinoic acid pathway modulators on phenotypic profiles.
U-2 OS cells were pre-treated with a single concentration of the RAR antagonists CD 2665

(10 uM), ER 50891 (1 uM), the RXR antagonist UVI 3003 (10 uM) or the RA synthesis
inhibitor citral (100 uM) for 1 h, prior to treatment with the test chemicals listed in Table

2 (e.9. RAR/RXR agonists, RA metabolism inhibitor, reference chemicals, negative control)
in concentration-response for an additional 24 h. Results are displayed as the average of
four biological replicates, with the exception of treatments with ER 50891, which was
interfering with cell segmentation in one biological replicate. (A) Phenotypic profiles for
reference chemicals, and ATRA. The columns represent the 1300 features, arranged within
the fluorescent channel, as indicated by the color key on top. Profiles are arranged in rows
for individual treatments, with increasing chemical concentration from top to bottom within
each horizontal section of the heatmap. The black arrows highlight two groups of features
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that are affected by ATRA treatment, but not affected when cells were pretreated with

RAR antagonists. (B) Concentration-response curves for test chemicals pre-treated with the
different modulators. Global Mahalanobis distance of each well was calculated relative to
the mean of wells (n=24 per biological replicate) of the corresponding pre-treatment (in
absence of the test chemical). In this graph, the Mahalanobis distances of the pre-treatment
wells is subtracted, so that all curves start at 0. The stars indicate the phenotype altering
concentration (PAC, i.e. the concentration at which the signal exceeded 1 * nMAD of the
noise). (C) Overview of the PACs for the curves displayed in (B). The gray boxes indicate
the tested concentration range. The error bar indicates the lower and upper bound (95%
confidence interval) of the potency estimates. The pre-treatments were spread across two
plates per biological replicate, hence there are two values for pre-treatment with DMSO.
Sequential treatments that did not result in a PAC are displayed as open circles %2 an

order of magnitude above the highest tested concentration. Abbreviations: AGP: actin,
golgi, plasma membrane; ER: endoplasmic reticulum; Mito: mitochondria; PAC: phenotype
altering concentration; Pos: position (features not associated with a particular channel).
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Figure 5: Gene expression changes upon treatment with retinoic acid pathway modulators
U-2 OS cells were treated with the RA pathway modulators as explained in Figure 4.

Experiments for HTPP and gene expression were conducted in parallel in 384-well and
96-well plates, respectively. Data were collected across four independent experiments, with
six technical replicates for HTPP. (A) Concentration-response of cells treated with ATRA
for 24 h. The left panel (in purple) represents HTPP results displayed as global Mahalanobis
distance relative to vehicle control wells. The shaded area indicates the noise band (1 *
nMAD of n=144 vehicle control wells). The dashed vertical line indicates the PAC. The
two right panels (in blue) represent gPCR results for two genes, RARB and CYP26B1,
expressed as difference in cycles (AACt) relative to the housekeeping gene ACTB and
DMSO treatment. Positive numbers indicate upregulation relative to DMSO treatment. The
shaded area indicates the noise band (1 * nMAD, derived from n=8 vehicle control wells
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that were not used for normalization). The dashed vertical lines indicate the BMC. The
dashed horizontal line is at 0.5, indicating the threshold for a marked biological effect.

(B) Combined effects of RA pathway modulators on phenotypic profiles (HTPP) and gene
expression (RARB, CYP26B1). U-2 OS cells were pre-treated with the RAR antagonists
CD 2665 (10 uM), ER 50891 (1 uM), or the RXR antagonist UVI 3003 (10 pM) for 1 h
prior to treatment with the RAR agonist ATRA (100 nM) or RXR agonist bexarotene (100
nM) for 24 h. HTPP results are expressed as global Mahalanaobis distances relative to the
corresponding pre-treatment. The gPCR results are expressed as AACt values, as in (A).
The filling of the bars corresponds to the test chemicals, while the multicolored outlines
correspond to the pre-treatment. The bars represent mean +/- standard deviation of the four
biological replicates. In these graphs, technical replicates within a biological replicate (e.g.,
plate) are averaged and represented as a single point. Statistical significance was calculated
using paired, two-tailed t-tests. p-values for addition of the pre-treatment (vs. pre-treatment
with DMSO alone) is indicated above the bars. p-values for addition of the test chemical (vs.
DMSO alone) are indicated below the bars. *: p<0.05; **: p<0.01; ***: p<0.001.
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Table 1:
List of candidate reference chemicals.

Name DTXSID CASRN Rationale Mechanism / Target | Reference

. : redistribution of Gustafsdottir et al.,
Berberine chloride DTXSID8024602 633-65-8 mitochondria 2013
Ca-074-Me DTXSID50881386 147859-80-1 | |1Tpp reference chemical Cathepsin B inhibitor | Buttle et al., 1992

(Nyffeler et al., 2020) :
Etoposide DTXSID5023035 | 33419-42-0 Topoisomerase 11 Hande et al., 1998
Rapamycin DTXSID5023582 53123-88-9 mTOR inhibitor Huang et al., 2003
Trichostatin A DTXSID6037063 | 58880-19-6 | HTT reference chemical ﬁ'ﬁfg{ggrdeawy'ase Yoshida et al., 1990
Lo you Large transcriptomic protein synthesis .
Cycloheximide DTXSID6024882 66-81-9 effects in MCF-7 cells inhibitor Obrig et al., 1971
all-trans-Retinoic A .
acid DTXSID7021239 302-79-4 receptor expressed in U-2 Retinoid Marill et al., 2003
OS cells
Dexamethasone DTXSID3020384 50-02-2 Glucocorticoid Brinks et al., 2018
. - Large magnitudes (RNA RNA polymerase -

Actinomycin D DTXSID9020031 50-76-0 channel) inhibitor Aktipis et al., 1981

- Large magnitudes (AGP JAK2 /STAT3 .
Cucurbitacin | DTXSID501015546 | 2222-07-3 channel) inhibitor Blaskovich et al., 2003

oa Large magnitudes (DNA Microtubule

Docetaxel DTXSID0040464 114977-28-5 channel) stabilizer Imran et al., 2020
Staurosporine DTXSID6041131 62996-74-1 viability positive control %rt?itgiiporinase Tamaoki et al., 1986
Dimethyl sulfoxide DTXSID2021735 67-68-5 solvent control - -
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Name DTXSID CASRN Mechanism / Target Reference

all-trans-Retinoic acid DTXSID7021239 302-79-4 Marill et al., 2003

AM580 DTXSID5040758 102121-60-8 RAR agonist Kagechika et al., 1988

Arotinoid acid DTXSID6040743 71441-28-6 Loeliger et al., 1980

Bexarotene DTXSID1040619 153559-49-0 Boehm et al., 1994

Triphenyltin hydroxide | DTXSID1021409 | 76-87-9 Kanayama et al., 2005, Nakanishi et
RXR agonist : - -

Docosahexaenoic acid DTXSID5040465 | 6217-54-5 de Lrquiza etal., 2000, Lengquist et

Methoprene acid DTXSID10886034 53092-52-7 Harmon et al., 1995

Liarozole dihydrochloride

DTXSI1D201026639

1883548-96-6

RA metabolism inhibitor

van Wauwe et al., 1992+1994

Connor et al., 1987, Tanaka et al.,

Citral * DTXSID6024836 5392-40-5 RA synthesis inhibitor 1996
CD 2665 * DTXSID50168846 170355-78-9 RAR antagonist (selectivity Szondy et al., 1997, Meister et al.,
forb, g) 1998
ER 50891 * DTXSID501026640 | 187400-85-7 E)’?; antagonist (selectivity Kikuchi et al., 2001, Ren et al., 2005
UVI13003 * DTXSID501024375 | 847239-17-2 RXR antagonist Nahoum et al., 2007
Dexamethasone DTXSID3020384 50-02-2 -
reference chemical
Etoposide DTXSID5023035 33419-42-0 -
Saccharin DTXSID5021251 81-07-2 -
negative control
Sorbitol DTXSID5023588 50-70-4 -
Staurosporine DTXSID6041131 62996-74-1 viability positive control -
Dimethyl sulfoxide DTXSI1D2021735 67-68-5 solvent control -

)

‘test chemicals’.

In sequential treatment experiments, chemicals marked with an asterisk were used as ‘pre-treatments’, while all other chemicals were applied as
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