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Abstract

‘Cell Painting’ is an imaging-based high-throughput phenotypic profiling (HTPP) method in which
cultured cells are fluorescently labeled to visualize subcellular structures (i.e., nucleus, nucleoli,
endoplasmic reticulum, cytoskeleton, Golgi apparatus / plasma membrane and mitochondria) and to
quantify morphological changes in response to chemicals or other perturbagens. HTPP is a high-
throughput and cost-effective bioactivity screening method that detects effects associated with many
different molecular mechanisms in an untargeted manner, enabling rapid in vitro hazard assessment for
thousands of chemicals. Here, 1201 chemicals from the ToxCast library were screened in concentration-
response up to ~100 uM in human U-2 OS cells using HTPP. A phenotype altering concentration (PAC)
was estimated for chemicals active in the tested range. PACs tended to be higher than lower bound
potency values estimated from a broad collection of targeted high-throughput assays, but lower than
the threshold for cytotoxicity. In vitro to in vivo extrapolation (IVIVE) was used to estimate administered
equivalent doses (AEDs) based on PACs for comparison to human exposure predictions. AEDs for
18/412 chemicals overlapped with predicted human exposures. Phenotypic profile information was also
leveraged to identify putative mechanisms of action and group chemicals. Of 58 known nuclear receptor
modulators, only glucocorticoids and retinoids produced characteristic profiles; and both receptor types
are expressed in U-2 OS cells. Thirteen chemicals with profile similarity to glucocorticoids were tested in
a secondary screen and one chemical, pyrene, was confirmed by an orthogonal gene expression assay as
a novel putative GR modulating chemical. Most active chemicals demonstrated profiles not associated
with a known mechanism-of-action. However, many structurally related chemicals produced similar
profiles, with exceptions such as diniconazole, whose profile differed from other active conazoles.
Overall, the present study demonstrates how HTPP can be applied in screening-level chemical

assessments through a series of examples and brief case studies.



68 Abbreviations

69 AED administered equivalent dose

70 AGP actin, golgi, plasma membrane

71 AR androgen receptor

72  ATRA all trans-retinoic acid

73 BER bioactivity exposure ratio

74 BMC benchmark concentration

75 BMR benchmark response

76 Clint intrinsic hepatic clearance

77  CCTE Center for Computational Toxicology and Exposure

78 DMEM Dulbecco’s Modified Eagle Medium

79 DMSO dimethyl sulfoxide

80 EC50 effective concentration 50%

81 ER estrogen receptor

82 FPR false positive rate

83  Fyp fraction unbound in plasma

84 GR glucocorticoid receptor

85 GRE glucocorticoid response element

86 HTPP high-throughput phenotypic profiling

87 HTTr high-throughput transcriptomics

88 HTS high-throughput screening

89 IVIVE in vitro to in vivo extrapolation

90 LOEC lowest observed effect concentration

91 logKoA octanol air partition coefficient

92 MAD median absolute deviation

93 MOA mechanism-of-action

94 Mito mitochondria

95 NAMs new approach methods

96 nCC normalized cell count

97 NR nuclear receptor

98 nMAD normalized median absolute deviation

99 PAC phenotype altering concentration
100 PPAR peroxisome proliferator-activated receptor
101 PBS phosphate-buffered saline
102 PMI pointwise mutual information

103 POD point-of-departure
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QSPR
RA

RAR
RT-gPCR
RXR

SD

SRP
USEPA

guantitative structure-property relationships

retinoic acid

retinoic acid receptor

reverse transcription quantitative polymerase chain reaction
retinoid X receptor

standard deviation

stress response pathways

United States Environmental Protection Agency



113

114
115
116
117
118
119
120
121
122
123
124
125
126
127
128

129
130
131
132
133
134
135
136
137
138
139
140
141
142
143

Introduction

‘Cell Painting’ is an imaging-based profiling method in which cultured cells are fluorescently
labeled to visualize subcellular structures (i.e., nucleus, nucleoli, endoplasmic reticulum, cytoskeleton,
Golgi apparatus / plasma membrane and mitochondria) and changes to the morphology (e.g., their
phenotypic appearance) are quantified (Gustafsdottir et al., 2013). Many other bioassays are targeted;
that is, they are designed to measure specific, expected effects on a discrete molecular target or
biological process. In comparison, Cell Painting is a profiling assay and thus untargeted, meaning that a
broad range of biological effects can be observed and evaluated. The method is high throughput and
more cost effective than other molecular profiling methods, such as transcriptomics or panels of
targeted assays (Chandrasekaran et al., 2021). For these reasons, Cell Painting has been used in many
applications, including by the pharmaceutical industry for lead hopping, to establish chemical screening
libraries with diverse biological activities, or for functional genomic screens (Caicedo et al., 2016).
Different perturbations can result in different phenotypes, which several groups have leveraged to
predict outcomes of in vitro bioassays (Simm et al., 2018; Hofmarcher et al., 2019; Way et al., 2021),
mechanism-of-action (MOA) (Caie et al., 2010; Woehrmann et al., 2013; Ramm et al., 2019; Warchal et

al., 2019; Trapotsi et al., 2021) or in vivo organ toxicity (Su et al., 2016; Ramm et al., 2019).

The Center for Computational Toxicology and Exposure (CCTE) at the United States
Environmental Protection Agency (USEPA) became interested in using the Cell Painting assay for
bioactivity screening of chemicals because of its cost-effectiveness (Hughes et al., 2011; Svenningsen
and Poulsen, 2019; Chandrasekaran et al., 2021; Marin Zapata et al., 2023) and its broad applicability to
different cell types. Scientists at CCTE proposed a tiered testing strategy whereby the first tier comprises
in silico predictions and in vitro bioactivity screening of large chemical collections using two high-
throughput profiling methods: image-based high-throughput phenotypic profiling (HTPP) with the Cell
Painting assay and high-throughput transcriptomics (HTTr) with targeted RNA-Seq (Thomas et al., 2019).
The second tier consists of targeted high-throughput screening (HTS) assays to confirm biological activity
observed in Tier 1, followed by higher order tiers including more complex low-throughput systems such
as organotypic models and microphysiological systems. The goal of the first tier is to rapidly generate
information about the concentration at which a chemical exerts bioactivity, as well as its putative
mechanisms. The first-tier screening data from HTPP (and HTTr) could be used in a variety of ways to
inform chemical risk assessment, including prioritization of chemicals based on the overlap of biological

activity with human exposure predictions, inference of molecular MOA by comparison to reference
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chemicals and grouping of chemicals based on similarities in bioactivity profiles to inform chemical read-

across.

While other groups notably in the pharmaceutical sector are mostly interested in drug-like
chemicals that have one (or a few) specific target(s), the research at CCTE is more focused on
characterizing the putative bioactivity of chemicals found in the environment, such as pesticides,
herbicides and industrial chemicals in order to inform chemical risk assessment. Such chemicals were
typically not designed to have biological activity in humans and in many cases, human health hazard has
been incompletely characterized. Moreover, researchers using Cell Painting (or similar profiling assays)
in phenotypic drug discovery are often focused on a particular phenotype, or transition between
phenotypes, such as reversion of diseased cells to a “healthy” phenotype (Chandrasekaran et al., 2021).
In contrast, bioactivity screening of environmental chemicals requires an approach that is capable of
measuring the vast array of unknown phenotypes these chemicals may produce in order to detect any
type of biological effects. Additionally, when screening environmental chemicals, there is a priority to
avoid false negatives, while a certain number of false positives are acceptable in this first testing tier

(Nyffeler et al., 2021).

We previously adapted the HTPP approach to be compatible with our available microfluidic
instruments and screened 462 chemicals in human U-2 OS osteosarcoma cells (Nyffeler et al., 2020).
Upon comparison to mammalian in vivo studies, we found that HTPP effect values were lower or
comparable to in vivo effect values for 68% of chemicals. We further conducted a small study where we
profiled U-2 OS cells with both HTPP and HTTr and demonstrated that for one model compound, all-
trans retinoic acid (ATRA), a characteristic cellular phenotype co-occurs with transcriptional changes

specific to activation of the retinoic acid receptor signaling pathway (Nyffeler et al., 2022).

In the present study, we screened 1201 unique chemicals from the ToxCast chemical library
(Richard et al., 2016) in concentration-response mode. We then compared how potency estimates from
HTPP related to those from other in vitro assays and provided an example of how HTPP can be used for
screening-level assessments via the bioactivity exposure ratio (BER) approach. For the first time, we
leverage the broad phenotypic information collected with HTPP to identify putative MOAs for
environmental chemicals in a human-derived cell model and group chemicals based on similarities in

biological activity. These concepts are demonstrated using multiple examples.
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Materials and Methods

Materials

Materials and reference chemicals were purchased from various suppliers (Table S1). Lists of

screened chemicals are provided as supplementary documents (File S1-52).

Cell culture

U-2 OS human osteosarcoma cells (HTB-96®, Lot: 64048673, ATCC) were expanded to internal
passage number 6 (P6) as described previously (Nyffeler et al., 2020). For the purposes of this study, a
subsequent stock of cells was expanded and cryopreserved at P8 using those same methods. Culture
media consisted of Dulbecco’s Modified Eagle Medium (DMEM) with 10% heat-inactivated fetal bovine
serum and penicillin/streptomycin/glutamine. The primary screen was performed with cells expanded
from P8 to P10. Follow-up experiments were conducted using P9 cells. Cells were plated at 3000
cells/well in 40 uL media or 9000 cells/well in 120 pL media for 384-well and 96-well plates, respectively,
as described previously (Nyffeler et al., 2022).

Chemical treatment

For screening in 384-well format, all test chemicals were received as solutions in dimethyl
sulfoxide (DMSO) from the USEPA ToxCast library management contractor (Evotec, Princeton, NJ).
Solutions were 20 mM or the highest concentration soluble in DMSO not exceeding 20 mM. An 8-point
dilution series of each test chemical was prepared in DMSO using a uniform dilution scheme (half logie-
spacing). The dilutions were prepared as 200x the desired nominal test concentrations corresponding to
0.03 to 100 uM for chemicals received as 20 mM stocks. Reference chemicals (e.g., dexamethasone,
etoposide, ATRA, staurosporine and trichostatin A) were purchased as neat chemicals and solubilized in
DMSO at CCTE laboratories. Dilution series of the first three reference chemicals were prepared as
described for test chemicals. Chemical treatments were dispensed 24 h after cell seeding using a
LabCyte Echo 550 acoustic dispenser (Beckman-Coulter, Indianapolis, IN) and randomized plate layouts
(Fig. S1) as described previously (Nyffeler et al., 2020; Nyffeler et al., 2022). In brief, 200 nL of 200x stock

was dispensed into 40 pL of media in the test wells.

For treatments in 96-well plates, 20 uL of media was removed from the cell culture well. Then
750 nL of chemical was dispensed into an empty 384-well plate using the LabCyte Echo 550 acoustic

dispenser, manually filled with 25 L cell culture media and 20 pL of this manually transferred onto the
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cells. The final concentration of DMSO in test wells was 0.5% for all experiments, regardless of plate

format. The vehicle control treatment for all experiments was 0.5% DMSO.

Experimental design for primary screen

In the primary screen, 1218 chemical samples comprising 1201 unique chemicals were tested at
8 concentrations each, with one technical replicate and four biological replicates (i.e., independent cell
cultures). All tested chemicals are listed in File S1 and on the EPA CompTox Chemicals Dashboard
(https://comptox.epa.gov/dashboard/chemical-lists/HTPP2023_U20S_SCREEN). The 1218 chemicals
were distributed among 29 dose plates. Each dose plate contained up to 42 test chemicals and three
reference chemicals (dexamethasone, etoposide, ATRA) at 8 concentrations in half-logio spacing, as well
as three wells of a reference chemical (trichostatin A) and three wells of a cell viability positive control
chemical (staurosporine) at a single concentration (1 uM), and eighteen wells of vehicle control (0.5%
DMSO). Each dose plate was used to treat four assay plates across four biological replicates (i.e.,
independent cultures). A set of four assay plates receiving the same group of test chemicals is referred

to as a ‘plate group’ (Fig S1).

High-throughput phenotypic profiling assay (HTPP)
Fluorescent labeling

Phenotypic profiling of cells was performed using the ‘Cell Painting’ method (Bray et al., 2016).
Fluorescent labeling was performed exactly as described in Nyffeler et al. (2020). In brief, the nucleus,
nucleolus, endoplasmic reticulum, action cytoskeleton, Golgi apparatus / plasma membrane and
mitochondria were visualized with Hoechst-33342, SYTO14, Alexa Fluor™ 488 Concanavalin A conjugate,
Alexa Fluor™ 568 Phalloidin conjugate, Alexa Fluor™ 555 Wheat Germ Agglutinin conjugate and

MitoTracker DeepRed, respectively.

Image acquisition & feature extraction

Fluorescent images were acquired using an Opera Phenix High Content Screening System and
Harmony® software (v4.9). Five distinct fields-of-view were acquired with a 20x water immersion
objective in confocal mode exactly as described in Nyffeler et al. (2020). A total of 1300 features per cell

were extracted.

Aggregation and normalization
For each feature, data were normalized to vehicle-control treated cells using the median and

median absolute deviation (MAD) as described previously (Nyffeler et al., 2020) and aggregated to the
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well-level by computing the median of all cells in that well. Well-level data were scaled further by using
the vehicle control wells of the corresponding plate group (typically 96 wells), but in slight modification
from previous reports (Nyffeler et al., 2022); the mean and standard deviation (SD) were used instead of
the median and normalized MAD. These scaled values were used for concentration-response modeling

and graphical representations.
Cell viability analysis

Cell counts from the HTPP assay plates were used to evaluate cell viability and cytostasis in the
present study. This differs from our previous studies (Nyffeler et al., 2020; Willis et al., 2020) where
separate assay plates labeled with Hoechst-33342 and propidium iodide were used to assess
cytotoxicity. In the present study, normalized cell counts (nCC) were calculated by dividing the number
of cells in each treatment well by the average number of cells in vehicle control wells on the same plate.
Concentration-response modeling of nCC was performed using tcplfit2. The benchmark response was
set at 50% and a cell viability benchmark concentration (CV BMC) was determined. For chemicals with a
CV BMC, the lowest test concentration above the CV BMC was defined as the lowest observed effect
concentration (CV LOEC) and the highest test concentration below the CV BMC was defined as the no
observed effect concentration (CV NOEC). Treatments that produced a greater than 50% decrease in

nCC were excluded from analysis of HTPP data.

Concentration-response analysis of HTPP data

Generation of null chemicals

In order to estimate a false positive rate (FPR), a synthetic data set was created consisting of
responses of the two lowest concentrations of the tested chemicals. Only responses from chemicals
with at least 6 non-cytostatic concentrations were eligible. The responses were randomly assigned to
the null chemicals on a per plate basis. In this manner, 10 null chemicals with 8 concentrations each and
four biological replicates could be generated for each plate group, resulting in a total of 290 null
chemicals. These null chemicals were treated exactly as the test chemicals for concentration-response

modeling.

Mahalanobis distance calculation
Two separate Mahalanobis distance modeling approaches were used to reduce the information
from the 1300 features to fewer dimensions for concentration-response modeling as described

previously (Nyffeler et al., 2021). For the ‘Global Mahalanobis’ approach, one distance value was

10
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generated for each treatment from the combined 1300 features. For the ‘Category-level Mahalanobis’
approach, one distance value was generated for each of 49 feature categories for each treatment. A
feature category consists of multiple features generated from the same channel, organelle and analysis

module. Each of the 1300 features maps to one of 49 categories.

Concentration-response modeling

Mahalanobis distances were used for concentration-response modeling using the R package
tpclfit2 (v0.1.0) (Sheffield et al., 2021) as described previously (Nyffeler et al., 2021; Nyffeler et al., 2022)
with minor modification. First, cell count information was used to remove overtly cytostatic
concentrations, defined as those that caused a > 50% reduction in nCC compared to vehicle control.
Then Mahalanobis distance data were modeled using nine different functions (constant, Hill, polyl,
poly2, power, exp2, exp3, exp4, exp5) and setting the cutoff to 1 standard deviation (SD). Chemicals for
which the modeled responses did not exceed the cutoff were only modeled with the constant model
and thus were deemed inactive. The benchmark-concentration BMC was defined as the concentration at
which the response exceeded the benchmark response (BMR) of 1 SD. BMCs more than half an order of
magnitude below the lowest tested concentration were set to that value. For the ‘Category-level
Mahalanobis’ approach, only curves with a hitcall probability of > 0.9 were considered as active; for the

‘Global Mahalanobis’ approach no additional restrictions were set.

Hit identification

Chemicals were considered phenotypically active if a BMC could be identified with either the
‘Global Mahalanobis’ approach or for at least one category using the ‘Category-level Mahalanobis’
approach. The phenotype altering concentration (PAC) was defined as the lower of the Global BMC or

most sensitive Category-level BMC.

Comparison of phenotypic profiles

Feature selection

Of the 1300 acquired features, only a subset was used to compare phenotypic profiles. Features
were eliminated in three steps: (1) One feature was excluded that always gave a constant value and thus
did not provide any information; (2) 716 features were excluded as their response across biological
replicates had low correlation (Pearson correlation <= 0.5), thus indicating low reproducibility, similar as
described in Woehrmann et al. (2013); and (3) the remaining 583 features underwent stepwise feature
elimination (Bray et al., 2016; Warchal et al., 2019). In the process of feature elimination, the feature

pair with the highest correlation was identified, one of the two features removed, then this process was

11
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repeated until all remaining features were correlated less than a set threshold value (Kendall correlation
< 0.75). This procedure resulted in 289 selected features (listed in File S3). A detailed description of the

procedure is provided in the supporting information (Fig. S2).

HTPP profile generation and evaluation of biological similarity

Similarity of biological responses was then calculated by comparing phenotypic profiles using
the 289 selected features. First, all bioactive concentrations of test chemicals were identified (i.e., above
the PAC and below the CV LOEC). Second, the lowest test concentration that resulted in a reproducible
profile (defined in Fig. S3) was identified. As the PAC marks the onset of bioactivity, it may be that a
robust reproducible profile is only observable at a slightly higher concentration. Third, after finding the
lowest concentration with a reproducible profile, up to two higher concentrations were selected, if they
were still below the CV LOEC. These profiles were then modified by setting values that fall within [-1,1]
to 0, to reduce noise. Profiles were then compared using Kendall correlation. This procedure resulted in
multiple correlation values for each chemical pair; thus, these data were further summarized by
retaining the highest correlation value for each chemical pair. A detailed description is provided in the

supporting information (Fig. S3).

Combination of HTPP results with other data streams

Generation of chemical structural features and calculation of structural similarity

Chemical structure features aim to represent molecules in machine-readable notation, such as
binary or categorial descriptors. Different approaches exist that each have advantages and
disadvantages. In the present study, the following descriptors were used to explore whether chemicals

with structural similarities produce similar phenotypic profiles in U-2 OS cells:

(1) ToxPrint chemotypes consist of a predefined library of 729 sub-structural features designed
to encapsulate a broad range of chemical atoms and scaffolds, which were developed by Altamira and
Molecular Networks under contract by the US Food and Drug Administration (Yang et al., 2015). Whilst
the binary molecular fingerprint is generated for the set of chemicals utilizing the publicly available
ToxPrint chemotype feature set (https://toxprint.org) and the ChemoTyper software
(https://chemotyper.org/), given the large number of substances being profiled, the commercial
command line version of CORINA Symphony application licensed from Molecular Networks was used.

ToxPrint chemotypes were generated for 1173 chemicals.

12
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(2) ClassyFire (Djoumbou Feunang et al., 2016) was used to generate structural features (i.e.,
substituents) identified through the application’s rules-based approach that utilizes its comprehensive
chemical structure and structural feature hierarchical chemical taxonomy (ChemOnt) to assign chemical
compounds to 4825 categories covering both organic and inorganic chemistries. The chemical taxonomy
consists of up to 11 levels (i.e., Kingdom, SuperClass, Class, SubClass, etc.). The terms Kingdom,
SuperClass, Class, and SubClass denote the first, second, third and fourth levels of the chemical
taxonomy, respectively, where the top level (Kingdom) refers to two distinct classes of chemistries —i.e.,
organic and inorganic compounds. Each subsequent level in the chemical taxonomy consists of more
specific chemical categories and hence, more specific and recognizable structural features (i.e., nodes)
as one goes down the taxonomic tree. ClassyFire also returns a list of chemical substituents (i.e.,
structural features within a corresponding chemical category such as functional groups, substructures or
motifs) contained in the chemical structure. Utilizing the molecules’ InChiKeys (https://iupac.org/who-
we-are/divisions/division-details/inchi/), a list of chemical substituents was generated using the
ClassyFire web APl (http://classyfire.wishartlab.com/) to programmatically access the stored pre-
processed data as a query lookup. The keywords in the column ‘substituents’ were used to generate
binary fingerprints (presence/absence of a given keyword). Fingerprints were available for 1171

chemicals and 1010 features were present in at least one chemical.

(3) The OECD Toolbox (v4.4.1) (Dimitrov et al., 2016) was used to profile the set of chemicals
through all available profiling schemes. There are several types of ‘profilers’ in the Toolbox to facilitate
the categorization process. The profilers are grouped into different types from predefined, general
mechanistic, endpoint specific, empiric and toxicological. These profilers are effectively structural alert
schemes that may assign a chemical into a predefined chemical category. Keywords in the columns
‘Organic.functional.groups’ (general), ‘Organic.functional.groups.nested’ (nested),
Organic.functional.groups.Norbert.Haider.checkmol’ (NH), ‘Organic.functional.groups.US.EPA’ (USEPA)
and ‘US.EPA.New.Chemical.Categories’” (newCat) were used to generate binary fingerprints
(presence/absence of a given keyword). The term in brackets indicates the prefix added to the keyword
for graphical representation. Fingerprints were available for 1151 chemicals and 669 features were
present in at least one chemical. The Organic.functional.groups (OFG) profiler was developed by LMC in
2012 and comprises 534 categories. The OFG profiler is subdivided into two types, OFG and OFG nested.
The difference is that OFG displays all functional groups present in a chemical structure whereas OFG
nested does not show functional groups that are nested in larger ones e.g., an aldehyde group would be

nested in the carboxylic group and is not shown with OFG nested. The OFG NH was created on the basis

13
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of 204 organic functional groups recognized by the CheckMol program that had been developed by Dr.
Norbert Haider of the University of Vienna, Austria. The OFG USEPA comprises 466 categories developed
from the 645 structural fragments and correction factors underpinning the EPA KOWWIN fragment
library in the EPISuite program. The EPA New Chemical Categories profiler aims to reproduce the original
categories cited in the New Chemicals Program Chemical Categories, which was last revised in 2010 (see
https://www.epa.gov/reviewing-new-chemicals-under-toxic-substances-control-act-tsca/chemical-

categories-used-review-new). Not all categories were implemented since a handful were based on
physical considerations and did not include specific structure-based rules. The newCat profiler comprises

66 categories.

The 729 ToxPrints were used to calculate structural similarity of chemicals as this set of
fingerprints describes more detailed features as opposed to the other two methods. Structural similarity
was calculated using Jaccard/Tanimoto similarity (Jaccard, 1902) with the function jaccard from the R
package jaccard. All structural feature sets were used for the enrichment analysis described below in

‘Enrichment of structural and biological properties within phenotypic clusters’.

Bioactivity-Exposure-Ratio (BER) analysis

For all chemicals, the molecular weight was obtained from the CompTox Chemicals Dashboard,
and physicochemical properties were predicted using quantitative structure-property relationships
(QSPRs) provided by OPERA v2.6 (Mansouri et al., 2018). Using these properties, chemical-specific
values for the fraction unbound (F.p) and internal clearance (Clint) were predicted using the QSPR models
from Dawson et al. (2021). A total of 1041/1205 chemicals were in the applicability domain of the
Dawson et al. 2021 QSPR models. Of those, 412 were active in the HTPP assay. For these 412 chemicals,
the administered equivalent dose (AED in units of mg/kg bodyweight/day) was calculated using the httk
R package (v2.2.2) (Pearce et al., 2017) as described previously (Paul-Friedman et al., 2019; Nyffeler et
al., 2020; Breen et al., 2021), based on the predicted Fp, Clint, and octanol-water partitioning values.
Briefly, oral equivalents were calculated for human species (using function "calc_mc_oral_equiv") with
restrictive clearance set to ‘true’. Population variability was simulated using Monte Carlo (Ring et al.,
2017) and the 5 percentile (i.e., most sensitive) of the population distribution was considered as the

HTPP AED.

General population human exposure predictions (mg/kg bodyweight/day) were obtained from
the SEEM3 consensus exposure model (Ring et al., 2019) for all but one chemical. SEEM3 provides

distributions of plausible daily intake rates and the upper 95" percentile limit on the estimated median

14
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population intake was used. The BER was calculated as the ratio of the bioactivity estimate (HTPP AED)
and the SEEM3 exposure predictions as described (Paul-Friedman et al.,, 2019; Canada, 2021). A
log10(BER) < 0 indicates that the chemical was bioactive at or below the predicted exposures while a
logi0(BER) > 0 indicates that bioactivity was detected at or above the predicted exposures. More positive

values of logio(BER) indicate a larger margin between those two measures, respectively.

Comparison to targeted in vitro assay results

In vitro bioactivity data from the US EPA ToxCast program (Dix et al., 2007; Judson et al., 2010)
were obtained from the database invitrodb (version 3.4,
https://doi.org/10.23645/epacomptox.6062623.v7) and summarized as detailed in Suppl. Fig S4. The
database contains potency estimates and activity calls (‘hitcall’) for chemical x assay endpoint pairs. For
chemicals tested more than once in a given assay, results were averaged using a weighted approach that
gives less weight to concentration-response curves with more caution flags, as caution flags tend to be
indicative of less reliable data/curve fits. Subsequently, an in vitro point-of-departure (POD) was
calculated from the lowest three potency estimates (i.e., benchmark concentration, BMC) out of all
active assays for a given chemical, again by using a weighted average using the number of caution flags

as weights.

For comparison with HTPP, only chemicals that were run in at least 400 ToxCast assay endpoints
were included (n=1075 chemicals). A chemical was deemed active in the ToxCast battery if it was active

in at least 3 assay endpoints, which was the case for 896 chemicals.

A subset of ToxCast assay endpoints (n=75) were annotated as relating to cytotoxicity and cell
health and were used to calculate a ‘burst’ estimate, i.e., a lower bound potency measure for impact on
general cell health using the function tcp/CytoPt of the tcpl package (version 2.0.2). Only chemicals that
were run in at least 40 ‘burst’ assays were included (n=1071 chemicals). A chemical was deemed active

in the ‘burst’ assays if the lower bound potency estimate was < 1000 uM.

Annotation of chemicals to known MOA

For all chemicals that were active in the screen, annotations were retrieved from RefChemDB
(Judson et al., 2019). Only entries for nuclear receptors (NRs) as targets were considered. Fifty-six
chemicals had a support of five or more for one of 21 NRs. As some chemicals were annotated to more

than one receptor family, this list was manually curated to retain only the most significant target for
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each chemical. Despite these efforts, two chemicals could not be resolved and were assigned to two

receptor families.

Enrichment of structural and biological properties within phenotypic clusters

To cluster the phenotypic profiles of all active chemicals (n=547), only the profile from the
highest of the three lowest active concentrations was selected. For these profiles (consisting of the 289
selected features), similarity was calculated using the function get_dist from the package factoextra
(v1.0.7) with the option method="kendall” followed by clustering with the function hclust from the stats

package (v.3.6.2). The resulting tree was then cut into 15 clusters.

Enrichment of chemical fingerprints: Chemical fingerprints were generated with ToxPrints,
ClassyFire, and the OECD Toolbox as described in ‘Generation of chemical structural features and
calculation of structural similarity’. A Chi-squared test was performed comparing the number of
chemicals with/without a feature and their presence/absence in a given cluster. The p-value was
calculated with the function chisqg.test from the stats package with options correct=TRUE and

simulate.p.value=F.

Enrichment of activity in ToxCast/Tox21 bioassays: Activity data was summarized to binary
hitcalls as explained in ‘Comparison to targeted in vitro assay results’. A total of 1191 chemicals had
activity data for at least one bioassay. A Chi-squared test was performed comparing the number of
chemicals that were active/inactive in the bioassay and their presence/absence in a given cluster. The p-
value was calculated with the function chisq.test from the stats package with options correct=TRUE and

simulate.p.value=F.

Enrichment of stress response pathways (SRPs): For each chemical, a literature search was conducted
using PubMed (NCBI, 2018) to count how many references co-occurred between a chemical and a
keyword for a specific SRP (e.g., “DNA damage response”, “oxidative stress”, ...), relative to the overall
occurrence of the chemical name and the key word. A list with all key words is included in the File S4. An
SRP could have multiple keywords. For each keyword x chemical combination, the pointwise mutual
information (PMI) score (Church and Hanks, 1990) was calculated as follows: PMI = -log,{(abstracts
mentioning chemical name AND keyword)/((abstracts mentioning chemical name)*(abstracts
mentioning keyword)) (Chambers et al. 2022, submitted). PMIs below zero were set to zero.

Subsequently, a one-sided Wilcoxon rank sum test using these PMIs was performed to inform whether

chemicals within a given cluster had higher PMlIs than chemicals outside of the cluster.
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Experimental designs and analysis for follow-up experiments

Conazoles case study

The primary screen included 18 conazoles. For the follow-up study, the ToxCast chemical
inventory was searched for chemicals with a high structural similarity to at least one of the 18 tested
conazoles. Structural similarity was measured as the Jaccard similarity (also known as Tanimoto
similarity) (Jaccard, 1902) of 729 binary ToxPrints using the R function jaccard from the jaccard package
(v0.1.0). Chemicals were selected if (1) they had a Jaccard similarity of > 0.5 with one of the tested
conazoles; (2) they were among the three closest neighbors for any tested conazole, and (3) if their
chemical name contained the string “conazole”. This led to 69 chemicals being selected (File S2,
https://comptox.epa.gov/dashboard/chemical-lists/HTPP2023_U20S_CONAZOLES). For the 18
chemicals tested during the primary screen, the same sample (i.e., from the same source bottle) was
requested, where possible, from the ToxCast chemical collection. For diniconazole, two additional
samples were requested from the ToxCast chemical collection. Additionally, diniconazole, ketoconazole
and difenoconazole were purchased from Sigma-Aldrich, solubilized in DMSO at the testing laboratory
and tested as additional samples. All conazoles were randomly distributed among two ‘plate groups’,
with the three purchased chemicals and the three diniconazole samples from the chemical inventory
tested on both plate groups. Additionally, each plate contained three reference chemicals
(dexamethasone, etoposide, ATRA) and two negative control chemicals (saccharin, sorbitol). All
chemicals were tested at 8 concentrations with half-log spacing. Each assay plate contained 24 vehicle

control wells (0.5% DMSO). Four biological replicates were conducted.

Samples were processed as described above, with slight modifications to the analysis: For
computing global Mahalanobis distances, the eigenfeatures generated in the primary screen were used.
For concentration-response modeling, the lowest two concentrations of test chemicals and negative
control chemicals were used to calculate the mean and SD to define the BMR. Chemicals were

considered active if they had a BMC with the ‘Global Mahalanobis’ approach.

Secondary screen for suspected glucocorticoid-like chemicals

Seven chemicals known to be agonists of the glucocorticoid receptor (GR) and eleven chemicals
with high profile similarity were re-tested. For this purpose, new aliquots were requested from the
ToxCast chemical collection, if possible, from the same sample/bottle. Chemicals were tested at six
concentrations (highest concentration was 100 puM) at half-log spacing. The assay plate contained

twenty vehicle control wells (0.5% DMSO). Four biological replicates were conducted.
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Samples were processed as described above, with slight modifications to the analysis: For
computing global Mahalanobis distances, the eigenfeatures generated in the primary screen were used.
For concentration-response modeling, the solvent control wells were used to calculate the mean and
SD. As opposed to the other experiments, the BMR was set at 2 SD. Chemicals were considered active if

they had a BMC with the ‘Global Mahalanobis’ approach.

Orthogonal assay: Reverse Transcription Quantitative Polymerase Chain Reaction (RT-qPCR)

The seven chemicals known to be agonists of the GR receptor and the eleven chemicals with
high profile similarity in the primary screen were tested in RT-gPCR. For each chemical, a high,
phenotypically active concentration that was not cytostatic was selected (concentrations are listed in

Table S2).

Experiments were conducted in 96-well format as previously described (Nyffeler et al., 2022),
with three vehicle control wells. Cells were harvested 24 h after applying the test chemicals, RNA
reverse transcribed, and gPCR conducted using the SYBR Green Fast Advanced Cells-to-CT Kit
(Invitrogen) following the manufacturer’s recommendations. The qPCR was carried out in 384-well
MicroAmp Optical 384-well reaction plates in duplicates. 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
were designed to amplify a segment spanning two exons using the freeware All in One software
(Karreman, 2002). Primers were designed for five genes (ALOX5AP, ARL4C, CRACDL, FKBP5, PER1) whose
expression was strongly affected by dexamethasone in a previous study in U-2 OS cells (Nyffeler et al.,
2022). GAPDH served as the housekeeping gene and CTNNB1 and PTK2 were used as negative control
genes whose expression was not affected by dexamethasone treatment. For the later three genes, the
primers have been used in previous studies (Nyffeler et al., 2017; Nyffeler et al., 2018). All primer

sequences are listed in Table S3.

Data were analyzed using the AACt method (Livak and Schmittgen, 2001), with GAPDH as the
reference gene and using one solvent control cell culture well as reference condition. Three biological

replicates were conducted; the AACt from these three replicates were averaged.

Supplemental data files for all phases of this study can found at

https://doi.org/10.23645/epacomptox.21183481.
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Results

Monitoring assay performance

To screen all 1218 chemical samples in concentration-response, a total of 116 assay plates were
assessed with up to 42 chemicals per plate group, 29 plate groups and four biological replicates (Fig S1).
On each plate, three reference chemicals were run in concentration-response to monitor assay
performance. The chemicals were chosen from a previous study (Nyffeler et al., 2022) to induce either a
weak (dexamethasone), medium (ATRA), or strong (etoposide) phenotypic response in U-2 OS cells.
Concentration-response modeling of phenotypic responses demonstrated repeatable concentration-
response curves for all three reference chemicals (Fig S5A). For all reference chemicals and both analysis
approaches (i.e., Global and Category-level) the SD of PACs was < 0.5 an order of magnitude (Fig S5B).
The PACs obtained by the Category-level Mahalanobis approach were slightly lower (i.e., more sensitive)
than the ones obtained with the Global Mahalanobis approach (two-sided Wilcoxon test, p < 0.05).
Additionally, 17 test chemicals were screened in duplicate. For both analysis approaches, the
concordance of active / inactive hit calls was 94% (16/17 chemicals) for chemicals screened in duplicate

(Fig S5C).

Moreover, phenotypic responses were also monitored for the reference chemicals. Each
reference chemical produced a characteristic phenotypic profile. These profiles were qualitatively
similar across all 29 plate groups for a given chemical (Fig S6). Biological similarity was assessed by
measuring Kendall correlation of the 289 selected features for a single concentration of each reference
chemical (Fig S7A). For ATRA, etoposide, and trichostatin A, the median similarity was > 0.75, while it
was lower for dexamethasone (0.55) (Fig S7B). Overall, these data illustrate reproducible assay

performance and response of U-2 OS cells across all plate groups in the primary screen.

Screening results

For the remainder of the analysis, results from the chemicals tested in duplicate were combined
to yield results for 1199 unique chemicals. For 1151 chemicals, the number of viable cells relative to
vehicle control was > 50% at all tested concentrations. The remainder of the chemicals had between
three and seven tested concentrations that were non-cytostatic (Fig 1A). Most active chemicals were
active only at 10 uM or higher (Fig 1B). To estimate a false positive rate, a synthetic dataset was
generated. Only 3% (9/290) of “null” chemicals were considered active with either analysis approach,

and their PAC was at the upper range of the concentration series, as expected (Nyffeler et al., 2021). The
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two analysis approaches gave consistent results, with 41.1% and 45.8% of test chemicals being active
according to the Global and Category-level Mahalanobis approach, respectively (Fig 1C). Overall, 49.3%
(590/1196) of chemicals were active with at least one approach. For the remainder of the analysis, a
chemical was considered active if it was active with either of the approaches. A subset of chemicals
(n=437) was tested in a previous study in U-2 OS cells, but at a lower cell density (Nyffeler et al., 2020).
When data from the previous screen were re-analyzed using parameters consistent with the current
study, PACs were within half an order of magnitude from each other for the majority of chemicals, with
only few chemicals having a difference of more than one order of magnitude (Fig S8). Chemicals that
were active in one screen but not the other tended to have PACs at the upper end of the tested

concentration range (10 — 100 uM).

Many test chemicals in this screen have been categorized with regards to use class and
described in lists on the USEPA CompTox Chemicals Dashboard (https://comptox.epa.gov/dashboard/).
We hypothesized that certain chemical use groups would produce larger biological effects than other
use groups in the HTPP screen. Chemicals annotated as pharmaceuticals and as active ingredients in
pesticides were overall more active than chemicals not annotated as such (Fig 1D, Fig S9). On the
contrary, chemicals annotated as inert, food additives and food contact chemicals tended to be less

active than chemicals not annotated for these uses.

We also hypothesized that physicochemical properties would affect whether a chemical will be
identified as active or not in the HTPP assay. To test this hypothesis, we developed a machine learning
model using random forest modeling to predict the HTPP activity calls from 13 predicted
physicochemical and environmental fate properties listed in Fig 1E (see also Supplementary Method 1).
Overall, using several cross-validation methods, the model had a balanced accuracy of 76-77%. This
indicates that predicted physicochemical and fate properties may relate to which chemicals are active in
the HTPP assay. As these 13 input features were all predicted from SMILES and are interrelated, the
value of the most important features in the model may be limited. Boiling point was the most important
feature in the model, but this feature is well-correlated with average mass (0.68) and octanol air
partition coefficient (logkoA) (0.84), suggesting that chemicals with higher boiling point, greater mass,
and thereby greater partitioning to octanol (higher logkoA) are chemicals that are more amenable to

cell-based systems and more likely to be identified as active in HTPP.

Examining the data from a more localized perspective, chemicals that were structurally similar

tended to have a concordant bioactivity call more often than expected by chance (Fig S10). For example,
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the long chain alkane hydrocarbons (dodecane, hexadecane, tetradecane, tridecane, pentadecane,
heptadecane) were overall inactive. Though these structure-informed approaches may provide useful
information a priori in future screens regarding chemical amenability to aqueous cell-based screening
and the chances of observing bioactivity, these approaches may not predict what morphological

phenotypes will be observed.

Application of potency estimates for BER analysis

One application of potency estimates derived from HTPP is their use in derivation of a lower-
bound estimate for bioactivity, which in turn can be compared to human exposure predictions to
identify chemicals of relatively higher concern. For all active chemicals, physicochemical properties were
predicted and subsequently used to predict Fy, and Cline (Fig 2A). These two properties are required in
reverse dosimetry to convert the PAC (in uM) into an AED (in mg/kg-bw/day). The AED can then be
compared to exposure estimates by computing the ratio of the two. This ratio is termed BER (Paul

Friedman et al., 2020; Canada, 2021).

Overall, the median logio(BER) was 2.9 (i.e., bioactivity occurred at least at a 1000-fold higher
dose than estimated human exposures) (Fig 2B). However, for 18/412 chemicals, the logio(BER) was
negative, indicating the potential for humans to be exposed to bioactive concentrations of these
chemicals. Fig 2C plots the AED (x-axis) versus the predicted exposure (y-axis) and identifies the 18
chemicals with negative logio(BER) values. These included etoposide, the GR agonist dexamethasone, a
pair of retinoic acid receptor agonists (ATRA, arotinoid acid), two polycyclic aromatic hydrocarbons
(benzo(a)pyrene, benzo(k)fluoranthene), a food-use fungicide (cyazofamid), a triarylmethane dye
(gentian violet), a disinfectant and metal chelator (sodium dimethyldithiocarbamate) and several
chemicals commonly found in consumer goods (octinoxate, 4-chloro-3,5-dimethyl phenol (i.e., PCMX), 2-
Ethylhexyl 4-(dimethylamino)benzoate (i.e., Padimate O) and 1,2-Dibromo-2,4-dicyanobutane (i.e.,
MDBGN)).

Comparison to targeted in vitro assay results

The majority of chemicals tested in the primary screen (89%) have already been assessed with a
large battery of targeted in vitro assays (both cell-based and cell-free) from the ToxCast and Tox21
screening efforts (Judson et al., 2010). It was of interest to us to compare the activity calls and potency

estimates from HTPP to these legacy data. Of interest, chemicals that were active in the HTPP assay

21



595
596

597
598
599
600
601
602
603
604
605
606

607
608

609
610
611
612
613
614
615

616
617
618
619

620
621
622
623
624

tended to be active in a greater percentage of ToxCast assays than chemicals that were inactive in HTPP

(Fig 3A).

Overall, 83.4% of chemicals were active in the ToxCast assay battery, but only 38.2% were active
in HTPP (Fig 3B). Only 7/1072 (1.8%) chemicals were active in HTPP but not ToxCast. For chemicals active
in both platforms, the POD calculated from ToxCast assays was nearly always lower than the HTPP PAC
(Fig 3C). A subset of ToxCast assays are indicative of overall cytotoxicity and cell stress, commonly
referred to as ‘burst assays’. Approximately 56.4% of chemicals were active in the burst assays (Fig 3D).
Of the chemicals active in HTPP, 9.2% (38/409) were not active in the burst assays. For chemicals having
both a burst estimate and PAC, the HTPP PAC tended to be lower by orders of magnitude for some
chemicals (Fig 3E). Chemicals inactive in HTPP but active in the burst assays tended to be active in only a
few burst assays and/or had a potency estimate close to the upper bound of the tested concentration

range.

To summarize, chemicals active in HTPP were also active in many ToxCast assays. The ToxCast

POD tended to be lower than the HTPP PAC, but the PAC was typically lower than the ‘burst’ estimate.

Feature Selection for Profile Correlation

Measurements from the HTPP assay can also be leveraged to compare profiles produced by
different chemicals. The hypothesis is that two chemicals that share the same MOA will produce the
same phenotypic changes, thus comparing phenotypic profiles can be used to group chemicals and infer
mechanism when comparisons involve mechanistic reference chemicals. Mechanistic hypotheses can
then be confirmed using follow-up assays as described (Thomas et al., 2019). The remainder of this

manuscript will illustrate how this can be achieved and provide some examples and applications.

Not all extracted features in the HTPP assay are informative. For this study, we chose to do a
simple feature selection by retaining features that were reproducible among biological replicates and
did not have a high correlation to another feature (Fig S2). The second step in this process was

accomplished using stepwise feature elimination. This resulted in 289 features.

Next, results associated with the retained features (named a profile) were modified further by
censoring values that were above or below a certain threshold. The generated profiles can then be
compared with different correlation methods, such as Pearson or Kendall correlation or cosine
similarity. For this study, we compared performance of different censoring thresholds and correlation

methods using the reference chemicals, test chemicals tested in duplicate and “mismatches”, i.e.,
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correlation of profiles of non-identical chemicals (Fig S11). Based on these results, Kendall correlation

was selected with a censoring threshold of 1.

Profile comparison of nuclear receptor (NR) modulators

The approach of leveraging Cell Painting profiles of reference chemicals to generate hypothesis
regarding MOA of test chemicals is a well-accepted practice with multiple examples in the literature
(Hughes et al., 2011; Melillo et al., 2018; Schneidewind et al., 2020; Rohban et al., 2022). To determine
whether the HTPP assay in U-2 OS cells can be used to identify chemicals that share the same MOA, a
chemical set with annotated mechanisms was needed. Among the tested chemicals, 58 chemicals were
annotated in the literature as modulators of a NR. A modulator can be either an agonist, antagonist, or
an unspecified direction of the interaction. Of those 58 chemicals, 50 were active in HTPP and could be
phenotypically compared. Modulators of GR and modulators of the retinoic acid and retinoid X
receptors (RAR/RXR) each produced a characteristic profile that was different from the profiles observed
for other NRs (Fig. 4A). For some NRs, such as androgen receptor (AR), estrogen receptor (ER) or

peroxisome proliferator-activated receptor (PPAR), no characteristic pattern was observed.

We hypothesized that some of these NRs might not be expressed in U-2 OS cells. Upon
inspection of transcriptome data from the Human Protein Atlas (https://www.proteinatlas.org/) (Uhlen
et al., 2017), we confirmed that GR, several RAR/RXR isoforms, and several PPAR isoforms were
expressed, but ER isoforms were not expressed (Fig. 4B). If a receptor is not expressed, the test
chemicals cannot interact with the receptor; thus, the observed phenotypes are likely the result of ‘off-
target’ effects. Despite ER not being expressed in U-2 OS cells, many tested chemicals with known
estrogenic activity were active in HTPP. We then investigated how the HTPP PAC related to potency
estimates from the ToxCast assay battery in such cases. As expected, HTPP PACs were higher than the
ToxCast POD for chemicals modulating ER, but were similar for chemicals modulating RAR/RXR, and

partly similar for GR modulators (Fig. 4C).

To summarize, we saw characteristic profiles for GR and RAR/RXR modulators, but not for
modulators of other NRs. For those two receptor types, HTPP gave potency estimates comparable to the

ToxCast assay battery.

Application: Identification of potential GR modulating chemicals

It is well established that image-based phenotypic profiling can identify MOA for drug-like

chemicals, and in the previous section, we showed that this is also true for HTPP in U-2 OS cells.
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However, to apply HTPP in chemical hazard evaluation for environmental chemicals, it is of greater
interest to identify possible specific mechanisms of non-drug-like chemicals. As an example, we chose to
focus on chemicals targeting the GR pathway. Thirteen chemicals induced profiles similar to the seven
known glucocorticoids (Fig 5, left), albeit with a lower correlation than the known glucocorticoids to
each other. To confirm these initial findings, the HTPP assay was repeated with a fresh chemical library.
Overall, the same pattern was observed (Fig 5, middle). The highest correlation values were obtained
with pyrene, followed by N-hydroxybenzamide and benfluralin. Profile similarity is not definitive proof
of interaction with the GR pathway; hence, we performed gPCR on selected genes. The seven known
glucocorticoids produced an upregulation of ALOX5AP, CRACDL, FKBP5 and PER1, and a downregulation
of ARL4C (Fig. 5, right, Fig S12). Only one test chemical, pyrene, induced a similar change in gene

expression, indicating that it likely acts in a similar manner to glucocorticoids in U-2 OS cells.

Structural similarity translates to biological similarity

The results presented thus far showcase how HTPP can be used to identify chemical bioactivity
that is exerted through a specific MOA, such as activation of a NR. However, our interest is more in
environmental chemicals. The chemical library contained many structurally related chemicals, therefore,
we set out to investigate whether structurally related chemicals would produce biologically similar
responses in U-2 OS cells. For this purpose, we clustered all active chemicals using structural
information. We found that chemicals that co-clustered based on structural information had higher
biological similarity than expected by chance (Fig 6A-C). Some examples are highlighted in the following

(Fig 6D-H, Fig S13).

For example, cluster 22 comprises five organochlorine pesticides, all of which have pair-wise
biological similarity scores of greater than 0.6 (Fig 6D). Their phenotypic profile indicated that the HTPP
DNA channel was particularly affected (Fig. S13A). Inspection of the microscopy images revealed that
cells treated with dieldrin have brighter and less bright areas within the same nucleus (i.e., greater
texture), while control cells tended to have a more even pixel intensity within nuclei (Fig. 6E). Cluster 23
contains four chloroacetamide herbicides and the benzamide fungicide zoxamide. The minimum pair-
wise biological similarity score (0.4-0.6) between chemicals in this cluster was lower than for

organochlorines, but it was still greater than random (Fig 6F, Fig S13B).

However, not all biological activity was explained by structural similarity. For example, cluster 13
contained phthalates, a group of chemicals typically used as plasticizers. Only two of the five structures

(dibutyl phthalate and benzyl butyl phthalate) resulted in high biological similarity (0.68), with all other
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profiles having low similarity with one another (-0.07 — 0.26) (Fig 6G, Fig S13C). A peculiar example is
carvone in cluster 15 (Fig. 6H, Fig S13D). The two stereoisomers produce completely different profiles in
U-2 OS cells, with S-(+)-carvone being phenotypically similar to the other structurally related chemicals,
and R-(-)-carvone inducing a different profile. Taken together, these results demonstrate that structural
similarity can be associated with similarity in biological activity in the HTPP assay, but not all biologically

similar effects can be explained by chemical structure.

Grouping of chemicals based on phenotypic profiles

Next, we wanted to examine the phenotypic results from a broader perspective. We clustered
all active chemicals based on their profiles (Fig S14) and displayed them in a correlation matrix (Fig 7A).
Qualitatively, two to three large clusters containing dozens of chemicals were present along with a few
small clusters with high correlation within them. We hypothesized that chemicals in specific clusters
would share certain features such as chemical fingerprints, activity in certain targeted ToxCast assays or
activation of stress response pathways (SRPs). For this purpose, the dendrogram was cut into 15
clusters. Then, each cluster was evaluated with regards to whether chemicals within the cluster were
enriched in chemical fingerprints, ToxCast assay activity or association with SRPs compared to all other
tested chemicals that were not in that particular cluster. Results are summarized qualitatively in a table

(Fig S15) and quantitatively in heatmaps (Fig S16).

For example, cluster 10 contained glucocorticoids, and the cluster was enriched in chemicals
with a 21-hydroxysteroid structure. Consistently, chemicals in that cluster were more likely to be active
in GR agonism assays than chemicals not in that cluster. Similarly, cluster 11 contained retinoids and
ToxCast assays targeting RARs were enriched. Cluster 6 was the largest cluster and contained multiple
conazoles, parabens and phenols. The chemotype 1,2,4-triazole was enriched as well as bioassays
measuring CYP activation from multiple platforms (i.e., assay providers). Cluster 3 had significant
similarity to cluster 6 in the correlation matrix. It also contained conazoles, but different chemotypes
and bioassays were enriched. Cluster 2 was enriched in quinones and epoxides and included chemicals
like etoposide, hydroxyquinone, hydroxyurea and carbaryl. Enriched bioassays came mostly from the
Bioseek platform, and multiple assays measured downregulation of VCAM1. We hypothesized that the
large clusters (i.e., 2, 3, 4 and 6) might be characteristic for different stress responses. However, of those
only clusters 2 and 3 were enriched in chemicals known to exert these responses. Additionally, clusters
10 and 13 were enriched in stress responses. Interestingly, these two clusters were located next to

cluster 2 in the heatmap.
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To summarize, we observed several different clusters of profiles. But not all chemicals resulted
in unique profiles — many resulted in more general, broad profiles. However, these phenotypic
groupings contained information, such as common underlying chemotypes or activity in the same
targeted bioassay. Interestingly, some clusters were characterized by more shared chemotypes, while

others shared activity in bioassays or stress responses (Fig 7B).

Application: Grouping of conazoles

The chemical test set contained 18 conazoles, of which 16 were bioactive in U-2 OS cells. Upon
closer inspection of Figure 7, we noted that diniconazole was located in cluster 7, while most other
conazoles were located in clusters 3 and 6. This finding was confirmed when looking at the phenotypic
profiles and biological similarity: diniconazole produced a different profile in U-2 OS cells compared to
all other (bioactive) conazoles that had a similar profile amongst them (Fig 8A+B). We are not aware of
any structural features that would explain this drastic difference. Investigation of results from targeted
in vitro assays and in vivo data did not indicate a different bioactivity pattern for diniconazole (data not
shown). We were curious whether other conazole-like chemicals would be phenotypically similar to
diniconazole. Thus, we selected an additional 41 chemicals with structural similarity to one of the
previously tested 18 conazoles and conducted the HTPP assay in U-2 OS cells as a secondary screen. Of
the 69 tested chemicals, 42 were bioactive. However, none of the other tested conazole-like chemicals
produced a similar profile to diniconazole using a threshold value of 0.6 (Fig 8C). In this screen,
diniconazole had the highest biological similarity with triadimefon (0.60), followed by hexaconazole
(0.55) and difenoconazole (0.52). Of note, to exclude the possibility that the diniconazole sample from
the primary screen was contaminated or wrongly annotated, we obtained multiple samples of
diniconazole from two different providers. All diniconazole samples consistently reproduced the distinct
profile (Fig S17). As diniconazole did not produce a phenotypic profile similar to other conazoles, we
sought to probe its MOA in U-2 OS cells. Leveraging data from the primary screen, we identified the
thirty chemicals with the highest phenotypic similarity to diniconazole (Fig 8D). Phenolphthalein was the
most similar (0.55), with multiple estrogens (17alpha-ethinylestradiol, 17beta-estradiol,
diethylstilbestrol) and inhibitors of mitochondrial respiration (fenpyroximate, rotenone) being in the top
20. Inspection of the microscopy images confirmed, that the phenotype produced by diniconazole is
similar to the phenotype produced by phenolphthalein (AGP stain aggregated around the nucleus, cells
are large and polygonal) and different from the one produced by ketoconazole (Fig 8E). Many of the

listed chemicals are known to be modulators of microtubules (Metzler and Pfeiffer, 1995; Kipp and
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Ramirez, 2003; Srivastava and Panda, 2007; George et al., 2008; Heard et al., 2013; Adamakis et al.,
2019). Hence, we hypothesize that diniconazole might affect microtubule dynamics in U-2 OS cells.
Overall, this case study shows how structural and phenotypic information can be combined to group

chemicals with similar activity in cells, as well as to highlight chemicals that produce a different activity.
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Discussion

One of CCTE’s objectives is to generate publicly accessible chemical bioactivity data to inform
chemical hazard evaluation and risk assessment. Previously, the ToxCast program had used a large
assortment of targeted HTS assays to generate in vitro bioactivity data across many molecular targets
(Kavlock et al., 2012), primarily using contract mechanisms. This was an expensive and time-consuming
endeavor that took many years. More recently, a revised strategy for in vitro hazard evaluation was
proposed that envisions the use of more comprehensive and efficient molecular profiling assays such as
Cell Painting (and HTTr), as opposed to large collections of targeted HTS assays, as a first-tier approach
for generating bioactivity data for environmental chemicals (Thomas et al., 2019). As these assays are
compatible with many different human-derived cell lines, they can be used to broadly survey different
aspects of human biology using cell line collections and potentially detect chemical bioactivity at
molecular targets not represented in ToxCast. For laboratories with appropriate infrastructure (i.e., a
high content imaging platform, automation-assisted sample preparation and networked data storage),
using the Cell Painting assay to screen large chemical collections (100s to 1000s of chemicals at multiple
concentrations) across multiple cell lines may be more a time and cost-effective (Hughes et al., 2011;
Svenningsen and Poulsen, 2019; Chandrasekaran et al., 2021; Marin Zapata et al., 2023) means of
establishing in vitro PODs compared to testing those same sets of chemicals in a collection of targeted
HTS assays. We previously evaluated the Cell Painting assay towards that purpose (Nyffeler et al., 2020).
Here, we expand upon that work by further demonstrating the reproducibility and robustness of the Cell
Painting assay and demonstrate its utility for use in risk assessment in three different contexts: 1) BER

analysis, 2) inference of molecular MOA and grouping of chemicals to inform chemical read-across.

Screening considerations

Inclusion of reference chemicals on each assay plate allowed for monitoring of assay
performance and indicated that the HTPP assay yielded highly reproducible results within the screen.
Repeated estimation of the PAC in each plate group resulted in values typically within half an order of
magnitude. This is consistent with our previous study (Nyffeler et al., 2020). Moreover, PACs were also

consistent among two studies conducted in U-2 OS cells at two different cell seeding densities (Fig S8).

Overall, half (49.3%) of the tested chemicals were active in the HTPP assay. While this hit rate
may seem high, this was expected because HTPP is intended to be a broad Tier 1 screening assay that
can detect many types of biological activity. Moreover, the HTPP analysis approach was geared toward

sensitivity (Nyffeler et al., 2021) and thus a few false active calls are to be expected in the list of active
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chemicals. However, using information from the ‘null chemicals’, each inactive chemical had only about
a 3% chance of being falsely called active. This becomes apparent when comparing the hit calls for the
global and category-level analysis approaches (Fig 1C). There were some discordant hit calls among the
two methods, but they tended to be chemicals with PACs close to the upper bound of the tested
concentration range. These chemicals were likely ‘borderline actives’, i.e., chemicals with low
magnitudes of effect that barely exceed the threshold for biological activity applied during
concentration-response modeling. Depending on the analysis approach these chemicals were either
determined to be active or inactive. As expected, pharmaceuticals and pesticides had overall higher
effect size compared to chemicals found in foods (Fig 1D). It should be noted that a chemical being
active in HTPP is not proof of biological adversity or hazard. Moreover, many chemicals were active at >
10 uM, a concentration that might not be reached in plasma at steady-state in real-life human exposure
scenarios. Hence, a comparison of bioactive concentrations with exposure estimates was important (Fig

2).

Using just 13 physicochemical properties enabled the prediction of binary HTPP activity (active
vs. inactive) with 76% balanced accuracy. This could indicate that some chemicals have physicochemical
properties outside the domain of applicability for screening in this assay. For example, semi-volatile
chemicals or chemicals with poor solubility in DMSO would be expected to appear inactive in the assay
despite their potential to be bioactive. Alternatively, the U-2 OS cells may lack expression of important
molecular target(s) for some chemicals or classes of chemicals. Therefore, the machine learning model,
which relies on physicochemical properties of the test chemicals but not biological properties of the in
vitro model, may be insufficient for predicting activity versus inactivity with absolute accuracy. Future
inclusion of additional information in a machine learning model, such as presence or absence of
moieties in the test chemicals, presence or absence of molecular target expression in the U-2 OS cells,
and how the moieties and molecular targets interact may improve the predictions made by the machine

learning approach.

Application of HTPP for potency estimation and BER analysis

One potential application of HTPP screening results is their use as input for a BER analysis. Such
an analysis has already been undertaken using HTS data (Paul-Friedman et al., 2019; Canada, 2021). The
previous study using HTS data found 11/448 chemicals with a negative logio(BER), while in the present
study using HTPP data 18/412 active chemicals had a negative logio(BER). It should be noted that for a

subset of chemicals, exposure at bioactive concentrations is expected, namely for drugs (e.g., etoposide,
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dexamethasone). Most of the other chemicals with negative logio(BER) identified in the present study
are found in consumer products which would also contribute to comparatively higher exposure
estimates in human populations. Whether a negative logio(BER) is of concern depends on the specific
chemical, chemical use scenario, and on the exposed population. For example, for a pesticide, overlap of
bioactivity with human exposure is likely undesirable. For a food additive, overlap of bioactivity with
human exposure may be expected and may be benign or beneficial. In contrast to Paul-Friedman et al.
(2019), who used measured toxicokinetics information, we used predicted physicochemical properties
to calculate Fy, and Clin, even for chemicals where empirical Fy, and Cliix were available. Thus, all
chemicals were considered uniformly in this regard. This approach was chosen as HTPP is of higher
throughput than generation of toxicokinetic data. Hence, in order to put those high-throughput
bioactivity data into perspective, high-throughput toxicokinetics approaches are needed, which at the
moment are only in silico based. The advantage is that such predicted values are available for most
chemicals. One disadvantage is that the predicted F,, and Cliy: values have more uncertainty compared
to those that are derived empirically, which in turn results in additional uncertainty in the IVIVE
prediction. Additional uncertainty comes from the IVIVE modeling procedure. Other sources of
uncertainty are the choice of the lower 5™ population percentile for exposure (instead of, e.g., a
median) and, as outlined above, the possibility of false actives. For example, 3-hydroxy-2-naphthanilide
is used in textile coloring (Roed-Petersen et al., 1990) and is also used as a fluorescent dye in science
(Vaughan et al., 1971), hence it might be a false active due to autofluorescence. Despite known
uncertainties and limitations in the IVIVE approach, calculating the BER can help prioritize chemicals for

additional information gathering or higher tier testing.

Many of the chemicals tested in the present study were bioactive in Toxcast assays, a collection
of hundreds of HTS assays of various types conducted over many years. Despite HTPP (in a single cell
type) being less sensitive (Fig 3), the results indicate that HTPP could be used as a less expensive and less
time-consuming alternative to the ToxCast assay battery approach for identification of bioactive
chemicals of various types (Fig 1D). HTPP screening in additional cell types beyond U-2 OS is anticipated
to increase the proportion of chemicals identified as bioactive and improve concordance with ToxCast.
HTPP was more sensitive than the lower bound of the ToxCast burst estimate which indicated that HTPP
measures cellular changes in the absence of cytotoxicity. Most chemicals that had a burst estimate but
were inactive in HTPP were active in only a few burst assays, which is indicative of a higher degree of
uncertainty as to whether these are authentic cytotoxicants or may require activation by metabolic

enzymes that U-2 OS cells lack in order to exert cytotoxicity. Overall, ToxCast assays were more sensitive
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than HTPP, which was expected. First, ToxCast assays measure biological activity at many different
molecular targets and are thus capable of detecting MOAs that are absent in U-2 OS cells. Second,
several ToxCast assays are cell-free assays, which may be more sensitive with respect to bioactive
potency than assays where chemicals can bind to various cell components (e.g., proteins, lipids), or
assays using intact cells with some resilience / adaptive response capacity. Third, it is consistent with our
previous study, where we found that ToxCast assays produced more conservative (i.e., lower) AED
estimates than the HTPP assay relative to in vivo effect data. The HTPP assay yielded a conservative or
comparable surrogate for in vivo effects for 68% of chemicals (Nyffeler et al., 2020). Interestingly
chemicals inactive in HTPP were often active in only a few ToxCast assays (Fig 3A). This suggests that
these chemicals are either biologically inactive and are false actives in the respective ToxCast assays, or
they could have a very specific MOA that is not capable of being detected in the U-2 OS HTPP assay.
Conversely, chemicals active in HTPP, particularly those with large effect sizes in HTPP, were often active
in many ToxCast assays. This could indicate that the chemicals are ‘pan-active’, i.e., affecting multiple

cellular pathways in a relatively unspecific manner.

Application of HTPP for identification of specific MOA

Multiple studies have leveraged phenotypic profiling for identification of MOA (Ramm et al.,
2019; Warchal et al., 2019; Trapotsi et al., 2021), to predict outcomes of in vitro bioassays (Simm et al.,
2018; Hofmarcher et al., 2019; Way et al., 2021) or organ toxicity (Su et al., 2016; Ramm et al., 2019).
Way et al. concluded that a wealth of information is captured in Cell Painting, even without staining for
a particular cell health event (Way et al., 2021). This is consistent with findings by Simm et al. who
repurposed data from a targeted high content screen to predict biological activity for other, not related
targets (Simm et al., 2018). Similarly, Hofmarcher et al. predicted outcomes of 66 assays from cell
morphology changes and Trapotsi et al. predicted 90 targets (MOA) using Cell Painting data (Hofmarcher
et al., 2019; Trapotsi et al., 2021). Our present study is in line with these findings: we identified a novel
glucocorticoid-acting chemical using HTPP, and have supporting evidence that diniconazole may affect

microtubules, without staining for these two specific mechanisms.

Many of these studies used drug-like chemicals with a specific, known MOA (Woehrmann et al.,
2013; Hofmarcher et al., 2019; Warchal et al., 2019; Trapotsi et al., 2021). To our knowledge, the
present study is the first one to apply HTPP to environmental chemicals in order to derive mechanistic
information. While our approach measures 1300 features, not all features were reproducible or

informative. A multitude of strategies for feature selection/reduction and profile correlation are
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possible. Here, we performed a feature selection where features with low reproducibility were
removed, similar to the procedure described in Woehrmann et al. (2013), followed by a stepwise feature
elimination, similar to the procedure as described (Bougen-Zhukov et al., 2017; Caicedo et al., 2017;
Rohban et al., 2017; Warchal et al., 2019; Chen et al., 2020). We chose this feature selection approach
because the interpretability of the remaining features is retained, as opposed to approaches such as
feature reduction that produces new latent variables. We further selected Kendall correlation followed
by unsupervised hierarchical clustering to facilitate grouping of chemicals without prior knowledge of
the expected profile (see ‘Introduction’ for more explanation). Unlike many other studies, we had to
integrate data from multiple chemical concentrations. We chose to use information from the lowest
three active test concentrations that gave reproducible phenotypic profiles (across the independent
cultures). The goal was to (1) select a high enough concentration to obtain a profile that is characteristic
for that chemical, and (2) select low enough concentrations to capture the most potent mechanism, as
opposed to general cell stress effects that might be induced at higher chemical concentrations. We
chose three concentrations as this covers one order of magnitude and we observed that for the
reference chemicals the profiles were fairly consistent in that range but became more robust with

increasing concentration.

To gain confidence in our approach, we first applied it to “drug-like” chemicals, i.e., chemicals
with a specific, known MOA, such as NR modulators. We observed that multiple glucocorticoids and
retinoids each shared a characteristic profile, but this was not the case for modulators of some other
receptors (e.g., ER, PPAR) (Fig 4). We further determined that receptors for retinoids and glucocorticoids
are expressed in U-2 OS cells, whereas ERs are not. Of note, many estrogen modulators produced a
phenotypic profile in U-2 OS, i.e., were bioactive, albeit at concentrations much higher (3 — 100 uM)
than anticipated for potent ER modulators (e.g., 17alpha-ethinylestradiol, 17beta-estradiol). With the
receptor being absent, this indicates that the observed profiles are likely a consequence of “off-target”
activity. PPAR modulators did not produce a characteristic profile although several PPAR subtypes are
expressed in U-2 OS cells. It should be noted that 4/11 PPAR modulators were inactive in HTPP
altogether. The tested modulators target different receptor subtypes, either as agonists or antagonists.
Hence there might not have been many chemicals with the same molecular target and directionality of
effect. Moreover, it is possible that other components of the PPAR signaling pathway are not expressed
in U-2 OS cells or that the modulators affect the cells (e.g., changing gene expression) but without a
change in profile. From all these findings, we conclude that in order to have confidence in predicting

receptor-mediated MOAs and associated potencies, two conditions need to be fulfilled: (1) the

32



910
911
912
913

914
915
916
917
918
919

920
921
922
923
924
925
926
927
928
929
930
931
932
933
934

935
936
937
938
939
940

corresponding target has to be expressed in the tested cell type; and (2) multiple reference chemicals
targeting the same receptor need to result in the same profile to give confidence that the observed
profile is indeed a result of an on-target receptor-mediated effect. Secondary (Tier 2) targeted assays

could then be used to confirm the MOAs predicted from the HTPP profile comparisons.

As a proof-of-concept, we identified 13 chemicals that produced a similar profile to
glucocorticoids in the primary screen and confirmed the phenotypic response in an independent HTPP
experiment as a secondary screen. For most tested chemicals, the results between the two experiments
were consistent (Fig 5). In both experiments, pyrene had the most consistent similarity with the seven
glucocorticoids. We conducted gPCR as a targeted, orthogonal (Tier2) assay and confirmed that pyrene

upregulated the same genes as the known GR modulators.

Pyrene is a planar polycyclic aromatic hydrocarbon consisting of four fused benzene rings. It has
some structural similarity with dexamethasone and other GR modulators in Fig 4 and Fig 5, which all
contain a steroid backbone (i.e., four fused non-aromatic rings in a planar structure). We did not find
literature evidence of pyrene’s activity on the glucocorticoid pathway. Pyrene was tested in 988 ToxCast
assay endpoints and was active in 57 of them. It was inactive in the GR assay from the Tox21 and
Attagene platform and showed some activity in the H295R steroidogenesis assay. Of interest, Wang et
al. (2009) reported that dexamethasone and polycyclic aromatic hydrocarbons crosstalk between the
aryl hydrocarbon receptor and the GR. While pyrene did not induce the glucocorticoid response element
(GRE) alone, in the presence of dexamethasone it induced the GRE more than dexamethasone alone.
Thus, one could speculate that in the U-2 OS cell system a minimal level of glucocorticoids is present
(Honn et al., 1975; Cao et al., 2009) that allows observation of GR pathway activation upon exposure to
pyrene. This hypothesis is consistent with pyrene’s inactivity in ToxCast GR assays: these assays measure
direct interaction with GR or activation of the GRE in an engineered cell system. However, according to
Wang et al. (2009), polycyclic aromatic hydrocarbons do not interact with the GR pathway in a direct

manner.

All other candidate chemicals did not induce characteristic gene expression changes associated
with GR activation (Fig 5). These results demonstrate that a shared profile does not necessarily mean a
shared underlying mechanism. In fact, there could be different molecular effects that lead to a change in
some of the same phenotypic features, and thus could lead to a seemingly high correlation. This is
consistent with previous findings by Willis et al. (2020): amperozide, fluphenazine and tetrandrine

produced similar profiles but have different known molecular targets and MOA. To summarize, from
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1200 chemicals, we identified 13 candidates of which one chemical was confirmed for novel GR activity.
This illustrates the power of HTPP for screening environmental chemicals: thousands of chemicals can
be screened for multiple mechanisms at the same time, and candidates can be followed up with

targeted assays in a hypothesis-driven manner, which is cost- and resource efficient.

Application of HTPP for grouping of chemicals

As shown in Fig 1 and Suppl. Fig S10, physicochemical properties and chemical structure can
predict whether a chemical is active in the HTPP assay. But moreover, chemical structure also affects to
some extent the profile that is produced (Fig 6): Chemicals that are structurally similar tend to produce
similar profiles. However, this is not always the case. For example, R-(-)-carvone and S-(+)-carvone are
stereoisomers. With the chosen structural feature descriptions, which do not take into account
stereochemistry, they are 100% identical, but their phenotypic profiles are different from each other.
This is interesting, because the two stereoisomers have different biological activities: R-(-)-carvone has a
spearmint-like odor, while S-(+)-carvone has a caraway-like odor (Leitereg et al., 1971) due to the
differential interaction of these molecules with olfactory receptors (Krautwurst et al., 1998). A similar
phenomenon may be occuring in U-2 OS cells where R-(-)-carvone and S-(+)-carvone interact with
distinct, and currently unknown, molecular targets to produce distinct profiles. This is a powerful

example demonstrating how HTPP can enrich structural information to predict biological activity.

When looking from a broader perspective, we found that while there are profiles specific for
certain MOAs, many of the active chemicals produced one of a few profiles (Fig. 7). This is consistent
with findings from Young et al. (2008) who profiled chemicals for effects on nuclear morphology. We
hypothesized that the larger clusters would be representative of more generalized forms of cellular
stress. This seemed to be the case for clusters 2,10 and 13, which are adjacent clusters in Fig 7. This is
interesting, because the clustering utilized only phenotypic information, and the literature search for
positive associations with cellular stress was an independent exercise. In contrast to our expectation,
the largest cluster (cluster 6) was not enriched in stress response pathways. Chemicals in cluster 6 were
overrepresented among the actives in CYP assays (Fig. S15, S16). Hence, we hypothesize that cluster 6 is
representative of chemicals activating xenobiotic metabolism in the absence of a generalized stress
response. Overall, the automated literature search supported the hypothesis and, hence increased
confidence that the HTPP assay can distinguish stress-driven phenotypic responses from responses
occurring due to other mechanisms. Future work will aim to further characterize these stress

phenotypes using other data streams, such as transcriptomics.
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Using conazoles as a case study, we illustrated how HTPP could be used to group environmental
chemicals (Fig 8). In the primary screen, diniconazole’s phenotypic profile was different from that of all
other active conazoles. We confirmed this finding in an independent follow-up experiment including
multiple samples of diniconazole, as well as additional structurally related conazoles. The observations
did not provide information on the MOA of the underlying profile for diniconazole, but leveraging the
breadth of data obtained from HTPP allowed us to form a hypothesis: many of the chemicals with high
profile similarity to diniconazole have literature evidence for modulating tubulin polymerization.
Phenolphthalein, the chemical with the highest profile similarity, induces tubulin polymerization
abnormalities (Heard et al., 2013). Thiophanate methyl (ranked 6™ most similar) is a fungicide whose
MOA is inhibition of microtubule assembly (Casida, 2009). Rotenone (ranked 12") was found to inhibit
microtubule assembly in cell lines through tubulin binding at sub-micromolar concentrations (Srivastava
and Panda, 2007). Several estrogenic compounds (17alpha-Ethinylestradiol, 17beta-Estradiol,
diethylstilbestrol, bisphenol B) had high profile similarity with diniconazole. However, we do not think
that diniconazole acts in an estrogenic manner in U-2 OS cells. First, estrogen receptors are not
expressed in U-2 OS cells (Fig 4B), second, not all estrogenic compounds produced the same profile (Fig.
4A) and third, estrogens were active at relatively high concentrations (3-100 uM) compared to the
concentration typically needed to activate its receptors (pM to nM). Instead, there is evidence for
estrogens, diethylstilbestrol and bisphenol A to directly affect microtubule polymerization (Metzler and
Pfeiffer, 1995; Kipp and Ramirez, 2003; George et al., 2008; Adamakis et al., 2019). We did not find
literature evidence for an effect of diniconazole on microtubules. Thus, future experiments using
targeted assays that measure microtubule dynamics should explore this hypothesis. With regards to
other conazoles, two hypotheses are possible: (A) diniconazole has a different MOA in U-2 OS cells than
the other active conazoles; and (B) diniconazole has the same MOA compared to other active conazoles
and in addition has a secondary biological activity, such as affecting microtubule polymerization.
According to Fig 8D, there is some limited similarity between diniconazole and other conazoles, which

would lend support to the second hypothesis.

Considerations for future application of HTPP

Using multiple examples, we have outlined in the present study how HTPP could be used in next
generation risk assessment, specifically BER analysis, generating MOA predictions that could be used in
weight-of-evidence assessments, and grouping chemicals based on profile similarity — a procedure with

potential applications in chemical read-across. The described concepts can all be applied to various cell
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types; indeed, Thomas et al. (2019) envisioned the application of HTPP to multiple cell types. This will
provide coverage of more biological space compared to just one cell line, as different receptors and
pathways are expressed in different cell types. As shown in Fig 4, expression of the pathway of interest
is necessary but not sufficient to see characteristic profiles that can point to putative MOA. The ability to
infer biological activity at multiple receptors in using HTPP is advantageous from an efficiency
perspective, as multiple targeted HTS assays would be needed to achieve a similar amount of

information on the biological activity of a chemical set.

In the near future, HTPP could be used in a tiered hazard evaluation strategy, where structural
information is used as the starting point in tier 0. Chemicals that fall within the applicability domain of
HTPP (Fig 1) could then be tested in multiple cell types in HTPP. One could also consider leveraging the
structural information to test only a subset of structurally related chemicals, as structurally related
chemicals tend to have related biological activity (Fig S10, Fig 6). HTTr is another high-throughput
profiling platform envisioned as a part of Tier 1 hazard evaluation, but it is less cost-effective compared
to HTPP. Previous studies comparing Cell Painting and transcriptomics datasets have observed that they
contain both redundant and unique information that be leveraged for MOA prediction (Nassiri and
McCall, 2018; Haghighi et al., 2022; Seal et al., 2022; Way et al., 2022). A previous study with a small
collection of 11 chemicals demonstrated that potency thresholds from HTPP and HTTr in U-2 OS cells
tended to be close to one another, within order of magnitude (Nyffeler et al., 2022). However, further
work is needed to establish whether HTTr can be used to test chemicals or treatments with no activity in
HTPP or whether HTPP can be used to reduce the testing burden of HTTr within Tier 1 of a tiered hazard
evaluation strategy. One possibility is conducting HTPP screening first as a “Tier 1a” assay to help
determine appropriate chemical-by-chemical concentration ranges for more expensive HTTr screening
as a “Tier 1b”, using the HTPP result to benchmark the upper end of the HTTr dose range based on
biological activity. HTPP chemical activities would fall into one of three groups: (1) no bioactivity
detected at the tested concentrations; (2) specific bioactivity detected at concentrations below ‘general
cytotoxicity’, e.g., activities at certain receptors, such as GR in the present study (Fig 4, 5); (3)
nonspecific bioactivity detected. Information from the two first tier platforms could then be combined
to identify which chemicals should be selected for targeted follow-up assays. Chemicals in group (3)
would be of lesser priority for investigation of putative receptor-based mechanisms, because according
to Fig 3A, they are most likely pan-active chemicals and despite being active in many targeted assays
might not have a defined target. Chemicals in group (2) would be of highest priority, as there is evidence

for specific bioactivity that should be confirmed with targeted assays. Chemicals in group (1) may also be
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further investigated. Absence of bioactivity in Tier 1 screening in a particular cell type is not necessarily
predictive of absence of bioactivity in a different cell type. If a chemical continues to test as negative for
Tier 1 bioactivity across a variety of biologically diverse cell types, the weight of evidence grows that the
chemical is not bioactive within the concentration ranges tested and does not pose a substantial hazard
to humans. Such an accumulation of negative bioactivity data is not available in the scientific literature
at present. For all three groups, the efforts in higher tier studies should be integrated with exposure
information (Fig 2) (Baltazar et al., 2020) to provide context for these screening data in next-generation

risk assessments.
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Figure Legends

Figure 1: Overview of screening results.

(A) Graphical representation of the number of non-cytostatic concentrations for each test
chemical. Each chemical was tested at 8 concentrations (typically from 0.03 — 100 uM). A reduction of
cell counts by more than 50% was considered cytostatic. Most chemicals (1151/1199) were not
cytostatic in the tested concentration range. (B) PACs for all active test chemicals (blue data points) with
the two analysis approaches. A synthetic data set consisting of 290 “null” chemicals was generated (gray
circles). PACs extrapolated below the tested concentration range are depicted as triangles. (C)
Concordance of the two analysis approaches (Global and Category-level Mahalanobis). The scatter plot
displays the PACs for both approaches for all chemicals active according to at least one approach. The
inset Venn diagram indicates the number of active chemicals for each approach. (D) Distribution of

“w oo

effect size values for chemicals depending on their presence (“Y”) or absence (“-“) in chemical lists. The
value below the box indicates the number of tested chemicals that are a member of the indicated list.
Presence in lists information was obtained from the CompTox Chemicals Dashboard for 1207 chemicals.
The effect size value corresponds to the ‘top over cutoff’ from the Global Mahalanobis curve fit. For
each list, a two-sided Wilcoxon rank sum test was performed by comparing the distribution of effect size
values of chemicals in the list with the ones from chemicals not in that list. P-values in red indicate a
higher group median of chemicals in the list vs. chemicals not in the list; green p-values indicate the
opposite. Note that values >20 were adjusted for graphical display, but the statistical analysis was
performed on the original values. (E) OPERA predictions for 13 physicochemical properties were used to
build Random Forest (RF) models to predict activity in the HTPP assay. Multiple RF models were built

and tuned (see Supporting Information). The confusion matrix for the winning model is shown, which

lead to a balanced accuracy of 76%.

Figure 2: Application of potency estimates for BER analysis.

(A) Schematic overview outlining the prediction of metabolic parameters (Fyp, Clint) to use in
reverse dosimetry to convert the HTPP PAC (in vitro concentration, in uM) to an administered equivalent
dose (AED, in mg/kg-bw/day). The BER is then calculated from the ratio of the lower bound (5%
percentile) of the HTPP AED and the upper bound (95" percentile) of the exposure estimate. (B)
Distribution of logio(BER) for 412 chemicals that were active in HTPP, had the physicochemical
parameters available to estimate the AED, and had exposure estimates available. The gray dotted line

indicates the median of the distribution. The black dashed line indicates the unity line. Chemicals to the
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left of the unity line have an AED below the upper bound of the exposure estimate. (C) Scatter plot of
the bioactivity estimate (x-axis) versus exposure estimate (y-axis) for the chemicals in B. Points are
colored by their logio(BER). Chemicals with a negative logio(BER) are labeled. The solid, dashed, and
dotted lines indicate logio(BER) of 0, 1, and 2, respectively. Points with asterisks correspond to PACs that
were extrapolated below the test concentration range. Abbreviations: Fy,: fraction unbound; Clin:

internal clearance; BER: bioactivity-exposure ratio.

Figure 3: Comparison to targeted in vitro assay results from the ToxCast assay battery.

(A) Boxplot comparing the HTPP activity calls (x-axis) with the number of ToxCast assays where a
chemical was found active (y-axis). Each dot represents a chemical. The color code corresponds to the
effect size (‘top over cutoff’ of the ‘Global Mahalanobis’ approach) in the HTPP assay. The box indicates
the median with the first and third quartile and the whiskers indicate 1.5 * inter-quartile range. (B) Venn
diagram of the number of chemicals active in HTPP (purple) and ToxCast (blue). (C) Scatter plot
displaying the potency estimates for all chemicals active in either HTPP or ToxCast assays. A chemical
was deemed active in ToxCast if it was active in at least three assays. The solid line indicates unity; the
dashed lines marks % an order of magnitude. (D) Venn diagram of the number of chemicals active in
HTPP (purple) and ToxCast burst assays (gray). (E) Scatter plot displaying the potency estimates for all
chemicals active in either HTPP or ToxCast burst assays. The solid line indicates unity; the dashed lines

marks % an order of magnitude.

Figure 4: Profile comparison of nuclear receptor modulators

(A) Correlation matrix of phenotypic profiling data for 50 nuclear receptor (NR) modulating chemicals.
Chemicals are ordered by their main target, as annotated in the RefChemDB collection. Two chemicals
(marked with **) were assigned to two targets (AR, ESR). Abbreviations: GW0742: 4-[(2-[3-Fluoro-4-
(trifluoromethyl)phenyl]-4-methyl-1,3-thiazol-5-yl}methyl)sulfanyl]-2-methylphenoxy}acetic  acid; L-
165041: 4-[3-(4-Acetyl-3-hydroxy-2-propylphenoxy)propoxy]phenoxy-acetic acid. (B) Expression data for
U-2 OS cells obtained from the Human Protein Atlas (http://www.proteinatlas.org) (Uhlen et al., 2017).
Genes with an NX value < 1 are considered not expressed (indicated by the dotted line). (C) Scatter plot
displaying the potency estimates for NR modulators active in HTPP (see Fig 3C for more details). The

color code corresponds to the different receptor families and is the same for all subfigures.

Figure 5: Identification of potential GR modulating chemicals
(A) Correlation matrix of phenotypic profiles of seven known glucocorticoids (GC) and a subset of test

chemicals with results from the primary screen. (B) Correlation matrix of the same chemicals tested in a
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repeated experiment. Of note, the chemicals were selected based on preliminary results. Upon re-
analysis, the numbers slightly changed, leading to two chemicals not being tested in the secondary
screen and one chemical being tested that didn’t pass the threshold in the final analysis. (C) Results from
the orthogonal assay, qPCR, testing for changes in gene expression for GC target genes. The indicated

values correspond to AACt values. A value of +1 indicates a twofold upregulation.

Figure 6: Similarity of phenotypic profiles for chemicals with structural similarity.

(A) Schematic overview of the procedure. ToxPrints were obtained for active chemicals (n=536) and
used to create a dendrogram. The dendrogram was cut at a tree height of 0.6, which resulted in 234
clusters. Of these, 137 clusters contained at least two chemicals. Next, for clusters with more than two
chemicals, two chemicals were selected randomly (n=274). (B) For each of these 137 chemical pairs, the
biological similarity (Kendall correlation) was calculated. (C) To discern whether chemicals within a
cluster are more similar than expected by chance, a randomized data set was created. For this purpose,
the 274 chemicals were randomly paired 10 times, generating 1370 biological similarity values. The
graph displays the biological similarity values of the randomized data set (gray) and the real data set
(red). The box indicates the first and third quantile and the median, while the whiskers extend to 1.5
times the inter-quartile range. The indicated p-value above the graph was obtained from a one-sided
Wilcoxon rank sum test. (D,F,G,H) Exemplary correlation matrices of selected clusters. The bottom left
half displays structural similarity calculated as Jaccard similarity; the top right half displays profile
similarity calculated as Kendall correlation of the 289 selected features. (E) Representative images of
Hoechst-33342 labeling in U-2 OS cells treated with DMSO (0.5 %) (left panel) or 100 uM dieldrin (right
panel). Differences in nucleus texture compared to control were observable in dieldrin treated cells

(arrows). Scale bar is 50 um.

Figure 7: Grouping of phenotypic profiles of all active chemicals.

(A) The profile of the third lowest active concentration for each chemical (n=547) was used for
hierarchical clustering using Kendall correlation to obtain the dendrogram, which was then cut into 15
clusters. The colors in the matrix are pairwise Kendall correlations between two chemicals. (B) For each
cluster, it was determined whether chemicals in the cluster were enriched in certain chemical
fingerprints, activity in targeted bioassays or literature evidence for activation of stress response

pathways. The bar graph indicates the number of entities that were enriched in any given cluster.
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Figure 8: Case study of conazole-like chemicals.

(A) Phenotypic profiles of all active conazoles in the primary screen. For each chemical the highest
active, non-cytotoxic concentration is shown. The number in parentheses indicates the test
concentration in uM. Features are clustered within the respective fluorescent channels (indicated by the
column colors). Hierarchical clustering was performed using Kendall correlation of profiles. (B)
Correlation matrix of all active conazoles in the primary screen. Profiles of the three lowest
concentrations of each chemical were compared using Kendall correlation; the displayed color indicates
the value for the condition pair with the largest value. (C) Correlation matrix of all active conazoles of
the follow-up study. The bottom left part displays structural similarity, as calculated with
Jaccard/Tanimoto similarity. The top right part displays profile similarity, as calculated with Kendall
correlation. (D) Ranked list of chemicals tested in the primary screen with the largest profile similarity
with diniconazole. DTXSID are unique substance identifiers associated with ToxCast chemicals, as
referenced on the CompTox Chemicals Dashboard (Williams et al., 2017). Abbreviations: conc: test
concentration in uM; biol sim: biological similarity. (E) Representative images of Hoechst-33342 (blue)
and multiplexed WGA-Alexa 555 and phalloidin-Alexa 568 conjugates (gold) in U-2 OS cells treated with
DMSO (0.5 %), 100 uM diniconazole, 100 pM ketoconazole or 100 uM phenolphthalein (from left to
right). Note that the phenotype of diniconazole is qualitatively different from that of DMSO and

ketoconazole and more similar to phenolphthalein.
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