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Abstract

Internationally, there are thousands of existing and newly introduced chemicals in commerce, highlighting the ongoing
importance of innovative approaches to identify emerging chemicals of concern. For many chemicals, there is a paucity
of hazard and exposure data. Thus, there is a crucial need for efficient and robust approaches to address data gaps and
support risk-based prioritization. Several studies have demonstrated the utility of in vitro bioactivity data from the ToxCast
program in deriving points of departure (PODs). ToxCast contains data for nearly 1,400 endpoints per chemical, and the
bioactivity concentrations, indicative of potential adverse outcomes, can be converted to human-equivalent PODs using
high-throughput toxicokinetics (HTTK) modeling. However, data gaps need to be addressed for broader application: the
limited chemical space of HTTK and quantitative high-throughput screening data. Here we explore the applicability of in
silico models to address these data needs. Specifically, we used ADMET predictor for HTTK predictions and a generalized
read-across approach to predict ToxCast bioactivity potency. We applied these models to profile 5,801 chemicals on
Canada’s Domestic Substances List (DSL). To evaluate the approach’s performance, bioactivity PODs were compared with
in vivo results from the EPA Toxicity Values database for 1,042 DSL chemicals. Comparisons demonstrated that the bioac-
tivity PODs, based on ToxCast data or read-across, were conservative for 95% of the chemicals. Comparing bioactivity
PODs to human exposure estimates supports the identification of chemicals of potential interest for further work. The bioac-

tivity workflow shows promise as a powerful screening tool to support effective triaging of chemical inventories.

1 Introduction

Methods for identifying priorities for chemical risk assessment
and risk management serve a critical role in chemicals manage-
ment systems globally (OECD, 2019). In most jurisdictions,
prioritization schemes select from existing inventories of chem-
icals known to be in commerce for that region. Each chemi-
cal inventory is unique to the country or regulatory agency, but
there is acknowledgement of the presence of overlapping inter-
ests and priorities internationally. For example, under the exist-
ing substances risk assessment program of Canada’s Chemicals
Management Plan, Health Canada (HC) and Environment and
Climate Change Canada (ECCC) focus on evaluating chemi-
cals from the Domestic Substances List (DSL), which contains

more than 26,000 chemicals'. The approach for the Identifica-
tion of Risk Assessment Priorities? is a cyclical review process
that is conducted by both government departments to identi-
fy new scientific evidence on DSL chemicals and higher pri-
ority substances for further action. These actions could include
risk assessment, risk management, data collection, research and
monitoring, or the generation of new data. A common challenge
for prioritization efforts, and risk assessment in general, is the
lack of exposure or toxicity data available to inform risk. Con-
sequently, chemicals have been traditionally prioritized for as-
sessment based on data sufficiency rather than inherent toxici-
ty and potential risk. Thus, there is a need to leverage emerging
technologies for the development of more innovative and mod-
ern approaches, capable of addressing both hazard and expo-
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sure data gaps, to make prioritization schemes more pragmatic,
efficient, transparent, and proactive.

Across the different international agencies, there is increasing
demand for data required to support chemical safety and risk as-
sessments, and there is recognition that traditional animal studies
alone will be unable to address these data needs (Kavlock et al.,
2018). Specifically, animal studies are too prohibitive to efficient
resource allocation, and there is a degree of uncertainty associat-
ed with the human relevance of results. Moreover, there are glob-
al pressures to develop robust and reliable alternatives to animal
testing (Kavlock et al., 2018). For these reasons, there are coor-
dinated efforts between international collaborators to modernize
approaches for screening, priority setting, and risk assessment
by exploring and implementing new approach methodologies
(NAMs). NAMs broadly refer to any novel technologies, meth-
ods, and/or approaches designed to support risk evaluation that
serve to reduce, refine, or replace vertebrate animals. NAM data
are diverse and encompass areas such as in vitro toxicodynam-
ics and toxicokinetics, exposure science, omics technologies, and
computational chemistry. Importantly, in silico and experimental
NAM data are readily available for thousands of chemicals, most
often in public databases. When there are no traditional in vivo
data available for chemical risk assessment, NAMSs can be used
to generate data in a high-throughput and high-content manner.
As part of collaborative efforts, such as the Accelerating the Pace
of Chemical Risk Assessment (APCRA) (Kavlock et al., 2018)
initiative and OECD Integrated Approaches to Testing and As-
sessment (IATA) (Patlewicz et al., 2014), proof-of-concept and
transparent case studies are being conducted to build confidence
in the science and application of NAM data in various regulato-
ry contexts.

A large-scale retrospective analysis, conducted under APCRA,
demonstrated the utility of in vitro biological activity (bioactiv-
ity) in establishing NAM-based points of departure (PODs) that
are conservative relative to in vivo PODs based on apical end-
points used currently in traditional risk assessments (Paul Fried-
man et al., 2019). The APCRA study conducted by Paul Fried-
man et al. succeeded several smaller case studies investigating
chemical bioactivity across a broad series of toxicological in vi-
tro assays, all probing early biological events implicated in ad-
verse outcome pathways (AOP; Blackwell et al., 2017; Corsi et
al., 2019; Gannon et al., 2019; Judson et al., 2011; Paul Fried-
man et al., 2016; Tilley et al., 2017; Turley et al., 2019; Wet-
more et al., 2011, 2013). The APCRA case study leveraged ex-
isting data from the intersection of several sources of NAM in-
formation mostly available on the EPA CompTox Chemicals
Dashboard (Williams et al., 2017). Specifically, bioactivity da-
ta were taken from the EPA’s ToxCast/Tox21 collaborative da-
tabase?, which contains quantitative high-throughput screening
(qHTS) data for nearly 1,400 toxicological endpoints assessed
across approximately 10,000 chemicals (Richard et al., 2016).
The high-throughput toxicokinetics (HTTK) tool available as an
open source R package was probed for chemicals that had suf-

3 https://comptox.epa.gov/dashboard/
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ficient data to perform in vitro to in vivo extrapolation (IVIVE)
and model administered equivalent doses (AEDs) in mg/kg bw/
day (Pearce et al., 2017). This was key to enable comparisons to
be made between in vitro derived PODs (commonly referred to
as PODnam or PODgioactivity) and traditional PODs (PODryagi-
tional)> as well as to compare the bioactivity PODs to exposure es-
timates. Traditional PODs were identified using the ToxValDB,
which is a highly structured database containing publicly extract-
ed in vivo toxicity data from thousands of studies covering thou-
sands of chemicals (Williams et al., 2017). Lastly, exposure es-
timates were pulled from ExpoCast (Cohen Hubal et al., 2010;
Wambaugh et al., 2013) to establish bioactivity exposure ratios
(BERs) and provide a risk estimate. BERs are analogous with
margins of exposure used to support regulatory decision-making
and are reported as the PODgioactivity divided by the exposure es-
timate or as the logjoBER ratio (logioPODgjoactivity - 10g10Expo-
sure). In total, 448 chemicals had the necessary data to derive a
PODgjoactivity to facilitate comparisons with PODTyagitional values
and exposure estimates.

The results of the case study by Paul Friedman et al. (2016)
determined that the PODgjoactivity was lower than the PODryagi-
tional for 89% of chemicals. On average, the PODgijoactivity Was
100-fold lower than the PODragditional. For the chemicals that had
a higher PODgijoactivity than PODTragitional, the PODgioactivity Was
typically within one order of magnitude (i.e., a factor of 10). A
closer inspection revealed that the chemicals that had a higher
PODgioactivity than PODryaditional had an enrichment of structur-
al features related to organophosphates and carbamate insecti-
cides. Thus, these types of chemicals were recommended as po-
tential exclusion criteria for future application of the approach.
The PODgjoactivity Was also compared against the threshold of
toxicological concern (TTC) derived using the TTC decision
tree, which is a well-established and conservative in silico ap-
proach for setting human exposure threshold values for chemi-
cals (Health Canada, 2016; Kroes et al., 2004; Patlewicz et al.,
2018). This comparison demonstrated that the PODgijoactivity Was
higher than the TTC for 90% of the chemicals, indicating that the
PODgjoactivity could be useful as part of a tiered risk assessment
framework subsequent to the TTC. After establishing confidence
in the approach, the PODgioactivity values were compared against
exposure estimates to derive BERs for the purpose of screening
chemicals to identify those of greater potential for concern. A key
achievement of the APCRA retrospective case study was the de-
velopment of a generic workflow, offering a trade-off between
uncertainty for higher throughput, that could be broadly applied
to many different chemical classes.

The BER approach and workflow as described already has
promise to be a powerful tool for rapid screening of chemical
inventories. However, in order to apply the approach on a larg-
er scale, there are key data gaps that need to be addressed and
areas of uncertainty for possible refinement. Specifically, to de-
rive PODgjoactivity values for hazard assessment, chemicals need
to have available HTTK data and have been screened in a battery
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Fig. 1: Data gaps for broad BER application

The BER approach could be applied for 357 DSL chemicals
where there was existing HTTK and ToxCast data. For

the remaining chemicals on Canada’s DSL, there are two primary
data gaps: 1) an inner gap, where 2,625 chemicals have

ToxCast data but no HTTK data, and 2) an outer gap, where
14,096 chemicals have neither HTTK nor ToxCast data.

of in vitro assays that cover a broad representation of biological
space (e.g., ToxCast). Once a PODBgjoactivity has been established,
human exposure estimates are required to derive BERs for risk-
based evaluation.

In this proof-of-concept work, we determined the intersec-
tion between the Canadian DSL, HTTK, and ToxCast to identi-
fy chemicals for which PODgjoactivity values can be derived and
to assess the data gaps that need to be addressed for broader ap-
plication of the approach (Fig. 1). We developed a computation-
al workflow that applied in silico predictions and read-across to
fill in the HTTK and ToxCast bioactivity data gaps, respective-
ly (Fig. 2). Through this approach, we were able to successfully
expand the application of the generic bioactivity workflow from
an initial 357 chemicals meeting the minimum data requirements
to thousands of chemicals, most of which had one or more data
gaps addressed to support application of the approach. This work
demonstrates the power of using NAMs combined with read-
across methods to triage chemicals of higher potential concern,
allowing for more concentrated focus on testing and assessment
efforts on chemicals demonstrating the highest potential for haz-
ard and risk. Moreover, effective use of NAMs to narrow the fo-
cus of chemical risk assessment activities will support the reduc-
tion of animal use in toxicity testing and assessment.
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Fig. 2: Computational workflow and confidence-building

data comparisons

The left side of the middle vertical line shows the computational
workflow used to derive bioactivity exposure ratios (BERSs).

Red boxes indicate when a data gap was addressed. Specifically,
in silico predictions were used to address missing HTTK data

and read-across was explored to address chemicals not tested

by ToxCast. Green boxes, right of the middle vertical line, indicate
where data comparisons were used to assess confidence of

data gap-filling and ultimately determine how the NAM-based
PODgioactivity Of PODRead-Across Values compare to PODrraditional
values. The red text indicates the total number of chemicals carried
forward at each step of the workflow before the application of

any filters. The blue text indicates the total number of chemicals
that passed filters and were reported as the final PODs (5,801)

or BERs (3,679). The plots displayed next to the workflow steps are
explained in more detail in the other figures.

2 Materials and methods

Approach overview and computational workflow

The computational workflow (Fig. 2) closely follows the meth-
ods developed by Paul Friedman et al. (2019) and applied in
the Science Approach Document developed by Health Canada
(2021). Briefly, ToxCast bioactivity data based on ACsg values
in uM were extracted from the SQL database, inactive assays
were filtered out, and from the remaining data, the 5" percen-
tile bioactivity concentration for each chemical was reported.
IVIVE was then performed using HTTK to derive AEDs in mg/
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kg bw/day (i.e., PODBgjoactivity)- For chemicals lacking HTTK da-
ta, in silico predictions of toxicokinetics parameters were used.
For chemicals lacking ToxCast data, generalized read-across
(GenRA) using different chemical fingerprint representations
was applied to predict bioactivity concentrations for chemi-
cals. The AEDs for read-across chemicals are referred to as the
PODRead-Across- Comparisons were made in order to corroborate
results and build confidence in the in silico data gap-filling ap-
proaches. Specifically, existing HTTK-derived steady state plas-
ma concentrations (Cgs) were compared with the in silico-de-
rived Cgs values, and existing ToxCast bioactivity concentra-
tions were compared to bioactivity concentrations derived from
the read-across model. Furthermore, the PODRead-Across Values,
based on both in silico HTTK data and read-across, were com-
pared against the true PODBgjoactivity Where possible (i.e., POD
derived using in vitro HTTK data and ToxCast bioactivity data).

The methods are presented below in the order that each data
gap was addressed. Specifically, the HTTK (inner) data gap was
addressed first, and the ToxCast (outer) data gap was addressed
second (Fig. 1). This reflects the increasing uncertainty with ad-
dressing data gaps, as the majority of chemicals outside the scope
of ToxCast also lack HTTK data (i.e., PODRead-Across Uncertain-
ty > PODgjoactivity Uncertainty).

The workflow was mainly performed using the R program-
ming language®* (version 2.15), with each exception noted be-
low. All of the code used to analyze and report the data as well
as build confidence in the approach is available as a supplemen-
tary RMarkdown report, and a tool to derive PODBgjoactivity and
PODRead-Across 1S available as an RShiny web-application’.
The data used in the workflow are either available on public da-
tabases or are included in the supplementary material® to allow
for reproducibility of results. The results and output of the work-
flow (i.e., chemical info, PODs, etc.) are provided in the supple-
mentary material®.

Extract bioactivity data from ToxCast database

The methods for this step are described in greater detail else-
where (Paul Friedman et al., 2019) and are only briefly dis-
cussed here. The in vitro bioactivity data for all chemicals in
the local install MySQL ToxCast database (invitrodb_v3) (US
EPA, 2015) were queried using the ToxCast Data Analysis
Pipeline (tcpl) v2.0 R package (Filer et al., 2016). Specifical-
ly, levels 5, 6, and 7 data were extracted from the MySQL Tox-
Cast database for each chemical tested. Level 5 data contains
the hit call information for the assay endpoints of each chemical
and the ACsg values from the selected concentration-response
models used during the curve fitting process. Level 5 data were
filtered to only include assay endpoints with an active hit call
and endpoints tested in a multiple concentration format. Lev-
el 6 and 7 data provide caution flags and uncertainty informa-
tion, respectively, for curve fits and hit calls. The data were fil-
tered to remove assays with at least three caution flags and a

4 https://www.r-project.org/
5 https://github.com/MarcBeal/HC-ESRAB/tree/master/DSL_Bioactivity_ PODs
6 doi:10.14573/altex.2106171s1
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hit percent of less than 50% (only assays meeting both criteria
were filtered out). The data were further filtered to remove as-
says with curve fittings meeting categories 36 and 45, which
correspond to ACsg values above the maximum tested concen-
tration based on the hill and gain-loss models, respectively. Af-
ter filtering, the ACso concentrations for each chemical could be
used to derive an AED, but only one AED per chemical was re-
ported as the final PODgjoactivity- Specifically, the 5th percentile
of ACsg concentrations for each chemical was carried forward
for the derivation of PODgjoactivity values. For chemicals where
there were no active ACsg concentrations, the maximum con-
centration tested in ToxCast of 100 uM was carried forward for
POD derivation.

High-throughput toxicokinetics modeling

IVIVE modeling of ACsp concentrations in pM to AEDs in
mg/kg bw/day was performed using the HTTK package v1.10
(Pearce et al., 2017) in R. Specifically, the three compartment
steady-state model (“3compartmentss”), modified from Wetmore
et al. (2011, 2015), was used to calculate the Cg at a constant
dose rate of 1 mg/kg bw/day. The three compartments consist of
the gut, liver, and the rest of the body. At steady state, the plas-
ma concentration is assumed to increase in a linear fashion as the
dose rate increases. Using this linear assumption, the AED/ACsq
ratio is determined to be directly proportional to the constant
dose rate divided by the Cgs. The IVIVE process models the dose
rate (AED) that is required to achieve a Cgs equal to the ACsg
concentration. Based on the linear assumption, the following for-
mula can be used to calculate the AED (i.e., PODBgjoactivity):

AED = bioactivity concentration (uM) x (Eq. 1)

The HTTK 3compartmentss model has a built-in Monte Car-
lo population simulator, referred to as HTTK-POP (Ring et al.,
2017), which can account for inter-individual variability in the
human population. HTTK-POP uses physiological metrics, based
on different demographics and subgroups from National Health
and Nutrition Examination Survey (NHANES) data (Johnson et
al., 2014). These include gender, age, body weight class, renal
function, and ethnicity. HTTK-POP varies several parameters,
each with a coefficient of variation of 30%, including liver vol-
ume, cell density, blood flow, body weight, glomerular filtration
rate, and intrinsic hepatic clearance (Clin). The default setting of
1000 simulations was used to provide a Cgs distribution, and the
95th percentile was used to derive the AED. Thus, the AED that
was reported as PODBgjoactivity for each chemical was obtained by
dividing the 5t percentile ACso concentration by the 95% per-
centile Cg¢ from a constant dose rate of 1 mg/kg per day. To mod-
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el each Cgg, the calc_mc_css() function in HTTK was used with
output.units="uM” and well.stirred.correction=TRUE.

High-throughput toxicokinetics gap-filling

To run the 3compartmentss model, specific in vitro parameters
and physical chemical properties are required. Specifically, the
requirements to run the model and return units in mg/kg bw/day
are Cljy, fraction unbound in the plasma protein (Fyp), molec-
ular weight, and the octanol/water partition coefficient (log P).
These data are available in HTTK for many DSL chemicals but
are unavailable for thousands of others (Fig. 1), and therefore, in
silico predictions were used to address this data gap. The Chem-
mineOB R package’ (version 1), which interfaces the OpenBabel
C++ project (O’Boyle et al., 2011), was used to provide molecu-
lar weight and log P values for each chemical as required by the
HTTK model. ADMET Predictor 10 used the simplified molec-
ular-input line-entry system (SMILES) of each chemical to pre-
dict Fyp percentage (hum_fup%) and human liver microsomal
clearance (CYP_HLM Cliy). Recent work has demonstrated
that ADMET Predictor estimates of Fy,, are reliable and estimates
of intrinsic clearance (Cl;y) are adequate, allowing for the cal-
culation of stable Css values within the applicability domain of
the model (Pradeep et al., 2020). ADMET parameters were for-
matted to HTTK units following a previously applied procedure
(Rajkumar et al., 2021). Hum_fup% were converted to Fy, by
dividing by 100. CYP_HLM_Clip (uL/min/mg) were adjusted to
Clin¢ HTTK units (uL/min/10° cells) by dimensional analysis us-
ing scaling factors (Barter et al., 2007) that have been previously
applied (Sipes et al., 2017):

Clie = CYP_HLM CLin
X
32 mg of microsomal protein

g of liver
X

1 g of liver
99 x109 cells

(Eq.2)

ADMET Predictor 10 was also used to estimate fraction ab-
sorbed and fraction bioavailable. These parameters were not
used in the HTTK model but were used to filter the HTTK da-
ta. Specifically, chemicals with a fraction absorbed or bioavail-
able below 0.1 were filtered out, as these chemicals are predict-
ed to have a fraction absorbed or bioavailability that is one order
of magnitude away from the assumption of full absorption/bio-
availability made by the model. DSL chemicals outside the ap-
plicability domain of any of the predictions made by ADMET
Predictor 10 were noted and filtered out. Lastly, the Lipinski rule
of five (Lipinski et al., 1997) was used to exclude chemicals with
more than 5 hydrogen bond donors, more than 10 hydrogen bond
acceptors, molecular weight above 500 Da, and a log P above
5. The Lipinski rule of five filter was applied to minimize un-
certainty around the in silico predictions, as these models were

7 https:/rdrr.io/bioc/ChemmineOB/
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trained using mainly pharmaceutical data. The rule of five vio-
lations were identified using the R Chemistry Development Kit
(redk) library, based on the open-source cdk Java library (Stein-
beck et al., 2003).

In order to build confidence in the in silico toxicokinetics pa-
rameters, ADMET Predictor 10 was first applied to 931 chemi-
cals in HTTK (Fig. 2). A Cg for each of the chemicals was ob-
tained using the existing HTTK data. Subsequently, Fy, and
Clip; values derived from ADMET Predictor 10 were incorpo-
rated into HTTK using the add_chemtable() function with over-
write=TRUE. For each chemical, an in silico-derived Css was
then modeled and compared against the in vitro-derived Cggs.

The workflow was applied to unique DSL chemicals contain-
ing structural information (i.e., SMILES). Specifically, the re-
quired data were obtained from ADMET Predictor 10 and Chem-
mineOB and then incorporated into HTTK using add_chem-
table() with overwrite=FALSE. Setting overwrite to FALSE
prioritized using existing experimental HTTK data over the pro-
vided in silico data where available. To be conservative, a cut-off
Cgs value of 0.1 pM was applied (i.e., Css values below 0.1 de-
faulted to 0.1), as there are only 12 chemicals in HTTK with a Cgg
based on in vitro data below 0.1.

Generalized read-across using molecular fingerprints

GenRA (Helman et al., 2019; Shah et al., 2016), an algorithmic
approach to read-across that has been previously developed and
implemented within the EPA’s CompTox Chemicals Dashboard,
was explored as a means to predict ToxCast bioactivity data out-
comes for DSL chemicals lacking experimental data. Specifical-
ly, structurally similar analogues were identified from the Tox-
Cast database on the basis of different chemical fingerprints.
Pairwise similarity was calculated using Tanimoto coefficients.
Similarity scores were based on molecular fingerprint similari-
ties between chemicals. Three different chemical fingerprints
were explored to optimize the read-across approach: ToxPrint,
PubChem, and Morgan fingerprints. The protocol to calculate
ToxPrint fingerprints involves multiple steps within and outside
the R workflow. First, SMILES for ToxCast and DSL chemicals
were converted to structure-data files (SDFs) using the Chem-
minerR package (Cao et al., 2008). The SDFs were imported in-
to the Chemotyper v1.0.r12976 software (Yang et al., 2015) and
converted to ToxPrints using the ToxPrintv2.0_r711.xml tem-
plate (done outside of the R workflow environment). A finger-
print file was exported from the Chemotyper and imported into
the R workflow. PubChem and Morgan fingerprints were calcu-
lated using the rcdk library.

GenRA uses similarity-weighted activity values of analogs
to automate read-across predictions of biological activity for
data-poor target chemicals (Shah et al., 2016). We applied the
GenRA algorithm to estimate in vitro bioactivity concentrations
for chemicals lacking ToxCast data using the following equation:

Zf‘ S;Bioactivity,

3
S, (Eq.3)

Bioactivitygead-Across =

127


https://rdrr.io/bioc/ChemmineOB/

BEAL ET AL.

where Bioactivityread-Across 1S the estimated logjpbioactivity
concentration using GenRA, S; is the Tanimoto coefficient of the
analog, Bioactivity; is the log-transformed 5t percentile bioac-
tivity concentration of the analog, and k is the number of nearest
neighbors. The k-value was set to 10 as done previously (Helman
etal., 2019), but different s-values ranging from 0.1 to 0.8, in 0.1
increments, were explored to optimize the performance relative
to coverage.

In an effort to establish confidence in the read-across approach,
ToxCast chemicals were used as a control. Each ToxCast chemi-
cal (target) was iteratively compared to the other ToxCast chemi-
cals. The ten nearest neighbors (analogues) with the highest Tan-
imoto coefficients above the threshold s-value were identified for
each ToxCast chemical. To qualify as a target or analogue, the
chemical required more than five active assays and more than
five active structural features (fingerprint bits). The 5t percentile
bioactivity concentrations for the structurally similar chemicals
were reported, and the GenRA equation was used to predict a
bioactivity concentration for the target chemical. The bioactivity
concentration for each chemical derived from ToxCast data was
compared to the bioactivity concentrations derived from read-
across to assess the performance of the read-across approach.
The fingerprint type and s-value combination that returned the
optimal number of targets and accuracy was identified for further
application to DSL chemicals.

Following the same protocol, the DSL chemicals were itera-
tively compared to all the ToxCast chemicals to identify structur-
ally similar chemicals. The GenRA equation was used to predict
bioactivity for DSL chemicals with more than five active struc-
tural features based on the ten or fewer analogues above the op-
timal s-value. IVIVE was then applied to derive AEDs for these
chemicals. The PODRead-across Was calculated by dividing the
GenRA-predicted concentration by the Cgs of the target. Up to
ten additional AEDs were calculated for each target by dividing
the 5th percentile ToxCast bioactivity concentration of the ana-
logues by the Cg of the target.

Collection of POD7yqgitional data

Only published in vivo data were used as part of this work, and
no new animal studies were conducted. For the chemicals where
a PODgipactivity Of PODRead-Across could be derived, PODryagi-
tional data were downloaded as available from ToxValDB (latest
version as of September 17, 2020) hosted on the EPA CompTox
Chemicals Dashboard? (Williams et al., 2017). Data were filtered
to only include PODryagitional Values where the units could be re-
ported as mg/kg or mg/kg-day. Only the most common response
types (LOAEL, NOAEL, BMDL) were retained, and synonyms
of these response types were converted accordingly. Specifically,
“NOEC”, “NOAEC”, “NOEL”, “NEL”, “HNEL” were labelled
as “NOAEL”, and “LOEC”, “LOAEC”, “LOEL”, “LEL” were
labelled as “LOAEL.” Exposure route was limited to oral and ga-
vage routes. Risk assessment class and study type were limited
to developmental, reproductive, subchronic, chronic, and repeat
dose. The lowest POD in ToxValDB for each chemical was used
as the PODyaditional-

128

B

Collection of exposure estimates data

Exposure data were downloaded from the CompTox Chemicals
Dashboard (Williams et al., 2017). Specifically, the Chemical
Abstracts Service Registry Number (CASRN) for each DSL
chemical was input into the dashboard and the NHANES/Pre-
dicted Exposure data were downloaded on August 13, 2020. The
SEEM3 ExpoCast median and 95t percentile values were used as
the denominators in the BER calculations, with the 95 percentile
exposure estimates providing the more conservative BERs.

Determination of threshold of toxicological concern values

The SDF file for the DSL chemicals, described previously, was
loaded into KNIME (v 4.2.1), and the RDKit salt stripper node
was used to convert organic chemicals with counter ions to their
neutral form. The converted SMILES were then loaded into Tox-
tree (v3.1.1) software (Patlewicz et al., 2008), and the Cramer class
was assigned for each DSL chemical in batch mode. Cramer class-
es were limited to Class I (TTC: 30 pg/kg bw/day), Class II (TTC:
9 ng/kg bw/day), and Class III (TTC: 1.5 ug/kg bw/day) (EFSA
and WHO, 2016), as genotoxicity is beyond the scope of this work.

3 Results

3.1 Intersection between domestic substances list

and data sources

Data extraction from ToxCast resulted in ACsg concentrations for
a total of 8,059 chemicals. For 128 of the chemicals, there were
no active assays after filtering, and ACsy concentrations were
assigned as 100 pM. The version of HTTK used in the work-
flow had sufficient in vitro data to model Cgg for 931 chemicals.
Cross-referencing the DSL CASRN for 17,095 unique chemicals
against the CASRN from ToxCast and HTTK revealed that there
was sufficient data to model bioactivity-derived PODs for 357
chemicals (Fig. 1). Two main data gaps existed for the remain-
ing chemicals. For the inner data gap, there were ACs concen-
trations for 2,625 DSL chemicals but no HTTK data. In the out-
er gap, there were 14,096 chemicals that had neither HTTK nor
ToxCast data. There were 17 DSL chemicals that had HTTK data
but no ToxCast data available.

3.2 Addressing the HTTK data gap

3.2.1 Building confidence for in silico predictions
In total, in silico Fyp and Cliy values were obtained for 931
chemicals in the HTTK R package. The in silico Fyp values
ranged from 0.018 to 0.998, the upper range being equivalent
to the chemical being freely available. In HTTK, the Fy;, ranged
from O to 1, with the limit of detection defaulting to 0.005 when
Fup = 0. The in silico Cliy values ranged from 0.909 to 4848.485
uL/min/10°, and the HTTK values ranged from 0 to 1000 pL/
min/10°. Thus, the in silico Cliy values had a higher maximum
clearance than experimental measurements.

Without applying filters, deriving Cgs values using in silico
parameters revealed that 75.94% of Cgs values derived from in
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Fig. 3: Comparison of Css derived from in silico parameters with Css derived from in vitro parameters

Left scatterplot displays correlation of in silico-derived Css and HTTK Css derived from in vitro parameters. Green line represents perfect
correlation and orange lines display boundary where Css values are within 10-fold of each other. Right histogram shows the distribution

of log10Css ratios between predicted (in silico) and HTTK (in vitro). Deriving Css values using in silico parameters revealed that 79.68% of
Css values derived from in silico predictions are within 10-fold of the Css derived using HTTK data, and 96.64% are within 100-fold (adjusted

r2 = 0.3624).

silico predictions were within 10-fold of the Cy derived using
HTTK data, and 94.31% were within 100-fold3. Applying the
filters outlined below removed 188 chemicals and improved the
accuracy with 79.68% of predictions being within 10-fold of
HTTK Cgs and 96.64% within 100-fold (Fig. 3; Tab. S18). The
in silico-derived Cgs values, after filtering, were more often low-
er than the in vitro derived value (less conservative), with 401 in
silico estimations resulting in a lower Cgg compared to 342 esti-
mates with a higher Cgg.

The Lipinski rule of five filter removed the most chemicals
(119 removed) with 94 of those chemicals being unique to this
filter alone (Fig. S1%). 31 unique chemicals were removed by the
applicability domain filter. All of the chemicals removed by the
fraction absorbed filter were also removed by the fraction bio-
available filter, making the former filter redundant in this appli-
cation. Together, the fraction absorbed and bioavailable filters re-
moved 37 unique chemicals, with the latter removing an addi-
tional 5 unique chemicals.

The discrepancies between in silico-derived Cgs and in
vitro-derived Cgs ranged from -6.44 to 6.52 on the log scale
(logipin silico-derived Cg - logioin vitro-derived Cgg) without
filtering. After applying filters, the range narrowed to -3.30 to

8 doi:10.14573/altex.2106171s2
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2.75 (Tab. S28). There were only 11 cases where the in silico-
derived Cgs was between 100- and 1,000-fold lower than the in
vitro-derived Cgg, and 11 cases where the in silico-derived Cgg
was between 100- and 1,000-fold higher than the in vitro-de-
rived Cgs. For the largest discrepancies, there were three instanc-
es where the in silico-derived Css was > 1,000-fold higher than
the in vitro-derived Cgg (cotinine, 4-chloro-2-methylaniline, and
chlorophene).

Some of the largest discrepancies between Cg values pre-filter-
ing were associated with specific structural congeners. Specifical-
ly, the chemicals that had in silico Css more than 100,000 lower
than the in vitro Css were enriched with ToxPrint chemotypes re-
lated to aromatic halides. However, this result was not significant
after adjusting for multiple comparisons (Holm-adjusted Fisher’s
Exact test). Five of the eight chemicals with discrepancies larger
than 100,000-fold were PCBs. One additional chemical related to
PCBs, p,p’-DDD, also had a largely discrepant Cgs. The in vitro
TK data for the PCBs comes from Tonnelier et al. (2012), and the
data for p,p’-DDD comes from Wetmore (2015). The Fy;, default-
ed to 0.005 for the PCBs and was 0.03 for p,p’-DDD. The in silico
Fup predictions for these chemicals were similar to the in vitro
measurement of p,p’-DDD around 0.03. The in vitro Cliy; val-
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ue for these chemicals ranged from 2.70 x 104 to 0 uL/min/10°
cells. In contrast, the Clin predictions were 2180.8 for p,p’-DDD
and the maximum value of 4848.5 uL/min/106 cells for the PCBs.
Thus, the differences in Cgg are attributed to the vastly different
Clint values. All of these chemicals were removed from analysis
when the filters were applied. There did not appear to be any func-
tional groups associated with in silico Cgs values that are higher
than the in vitro Cgs before or after filtering.

3.2.2 Applying in silico HTTK data to DSL chemicals

The requisite data to run the 3compartmentss model was avail-
able for 16,637 DSL chemicals. From these chemicals, PODg;,.
activity values could be derived for a total of 2,974 chemicals. All
of the previous filters were applied, resulting in the removal of
1,266 PODgioactivity values and leaving a PODgjoactivity for 1,708
DSL chemicals (Fig. 4). The rest of the DSL chemicals lacked
ToxCast bioactivity data, and a PODgjoactivity could not be de-
rived. Across all 16,637 DSL chemicals, the Cgs concentrations
ranged from 0.1 pM (default minimum) to 28924.64 uM. A total
0f 2,127 DSL chemicals had the minimum Cgs.

3.3 Addressing the ToxCast bioavailability data gap

3.3.1 Optimization of generalized read-across using
ToxCast bioactivity data

GenRA was explored using Morgan, PubChem, and ToxPrint
fingerprints. ToxCast chemicals were retained if they had more
than five active assays and more than five active fingerprint
features (bits). 4,934 chemicals passed this criterion for Mor-
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gan fingerprints, 4,945 chemicals for PubChem fingerprints, and
4,369 chemicals for ToxPrint chemotypes. The number of targets
where read-across could be applied increased as the s-value was
relaxed. Read-across could be applied to all targets, for each fin-
gerprint type, when the s-value reached 0.1 (Fig. S28). Although
ToxPrint chemotypes allowed fewer possible targets and ana-
logues to be used in read-across, ToxPrint served as the most ac-
curate fingerprint type for read-across (Fig. S3, S48). Specifical-
ly, an s-value of 0.3 gave a read-across concentration that was
within 10-fold of the true bioactivity concentration for 63.99%
of chemicals and within 100-fold for 89.17% of chemicals (Fig.
S58%). The possible bioactivity concentrations ranged from 8.81 x
107 to 342 uM on the arithmetic scale (8.6 orders of magnitude).
Thus, the accuracy was not a result of the dynamic range of
possible bioactivity concentrations. Considering that ToxPrint
chemotypes are a fixed set, interpretable, and were developed
with a stronger focus on mechanistic modes of action and a high-
er relevance to toxicological effects (Richard et al., 2016; Yang
et al., 2015), these fingerprints and an s-value of 0.3 were chosen
as the optimal parameters to perform GenRA on DSL chemicals.

3.3.2 Assessing the accuracy of in silico HTTK data
combined with generalized read-across

To test the effects of compounding uncertainty with in sili-
co HTTK data and read-across bioactivity concentrations, the
PODRead-Across Was compared to the true PODgjoactivity from
ToxCast, where possible. The true PODgioactivity Was calculated
by dividing the 5th percentile bioactivity concentration for each
chemical by the in vitro-derived Cgs, while the PODRead-Across
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was calculated by taking the read-across bioactivity concentra-
tion, calculated by the GenRA equation, and dividing it by the in
silico-derived Cg. There were 580 chemicals for which compar-
isons could be made with HTTK filters applied and 733 chem-
icals without the application of filters. The filtered data demon-
strated that the PODRead-Across Was within 10-fold of the true
PODgioactivity for 79.48% of chemicals, and within 100-fold for
91.21% of chemicals (Fig. 5). The possible PODgjoactivity values
ranged from 1.57 x 10 to 246 on the arithmetic scale (11.2 or-
ders of magnitude). Thus, the accuracy was not a result of the dy-
namic range of possible PODgijoactivity values. Interestingly, the
PODRead-Across Was a better surrogate of PODBgjoactivity than the
read-across concentration was for the bioactivity concentration
alone. Thus, there do not appear to be any issues related to uncer-
tainty propagation.

3.3.3 Applying generalized read-across to

DSL chemicals

Using the same read-across protocol as above (> 5 active Tox-
Print chemotypes; s-value of 0.3), a PODRead-Across could be pre-
dicted for 9,937 DSL chemicals due to the overlap in structural
features between many ToxCast and DSL chemicals (Fig. S68).
After applying HTTK filters, 4,093 chemicals remained with a
PODRead-Across (Fig. 6). In total, there were 12,828 DSL chemi-
cals with a derived POD based on ToxCast bioactivity (2,974) or
read-across (9,854). After filtering, there were 5,801 chemicals
with a POD based on ToxCast (1,708) or read-across (4,093).
The log1oPODs ranged from -7.59 to 2.34 for the DSL chemicals
passing filtering criteria.
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3.4 Comparison of bioactivity PODs to traditional

PODs

Among the chemicals with a PODgjoactivity 0f PODRead-Across»
a total of 2,248 chemicals had a suitable PODryagitional in Tox-
ValDB with a response type of NOAEL, BMDL, or LOAEL
(Tab. S3%). After applying the HTTK filter, 1,042 compari-
sons could be made. The vast majority of chemicals (95.20%)
had PODsgioactivity 0f PODRead-Across values that were protec-
tive (Fig. 7), in that they were lower than or equal to PODry,-
ditional (see Tab. S38 for more detailed comparisons). The me-
dian difference between PODrTyaditional and PODBgjoactivity OF
PODRead-Across Was 241-fold on an arithmetic scale, indicating
that on average the PODBioactivity or PODRead-Across 1S tWo or-
ders of magnitude lower than PODTraditional: The PODgjoactivity
or PODRead-Across Values were least protective when compared
to BMDL, with five of the 42 PODs not being protective of
BMDL (11.90%). Analysis of the ToxPrint chemotypes of
chemicals without a protective POD revealed an enrichment
of four chemotypes: bond:metal group III other Sn gener-
ic, atom:element metal poor metal, bond:X[any] halide, and
bond:CS_sulfide (Holm-adjusted Fisher’s Exact p-value < 0.01).
After applying HTTK filters, there were no enriched chemotypes
for chemicals with non-protective PODs, demonstrating the utili-
ty of applying filters to obtain protective PODs.

In the APCRA case study, there were some ToxPrint chemo-
types that were enriched in chemicals with non-protective
PODgioactivity values. In this analysis, only one of these chemo-
types (bond:CS sulfide) was enriched in chemicals with
non-protective PODgjoactivity 0 PODRead-Across Values, but the

131



BEAL ET AL.

Compound

5 -4 3 -2 -

log10 mg/kg bw/day

-6

0

¢ Analogue AED ¢ PODRgeagacross

.
8 e

-.’.
o e

Compound

-2 -1 0
Log1o mg/kg bw/day

|-ogso POD ratio < 0

B

Fig. 6: Ranking of DSL
chemicals absent in
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HTTK parameters. Each row
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derived from read-across
(purple) and the analogue
AEDs used in the derivation
(orange; AEDs are calculated
using the ToxCast bioactivity
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divided by the Css for
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PODRead-Across values.
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result was not significant after adjusting for multiple compari-
sons (Holm-adjusted Fisher’s Exact test). This may be because
these structural features are underrepresented in the DSL. For ex-
ample, the chemotype bond:P=O_phosphate thio was not pres-
ent in any DSL chemicals analyzed.

3.5 Derivation of bioactivity exposure ratios

Exposure estimates were available to generate 7,042 BERs and
of these 3,680 were retained after applying the filters (Fig. 8).
The BERs were separated into bins of variable levels of poten-
tial risk: logjoBER < 0, log;oBER 0-2, log10BER 2-3, log;oBER

ALTEX 39(1), 2022

> 3. The first and second bins contain chemicals with the high-
est potential for concern, as the PODgjoactivity Values are below
or approaching the exposure estimate. Previous work has shown
that these bins capture chemicals previously assessed and con-
cluded to be toxic to human health or the environment under Sec-
tion 64 of the Canadian Environmental Protection Act (CEPA),
1999 (Health Canada, 2021). When the ExpoCast median expo-
sure predictions are used to derive BERs, the results show that
there are 55 chemicals with a log;oBER < 0 and 149 chemicals
with a logjoBER 0-2. Furthermore, there are 206 chemicals with
a logoBER 2-3 that may be considered on a case-by-case ba-
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sis, and 3,270 chemicals with a logjoBER > 3. Using the Expo-
Cast 95 percentile exposure prediction increases the number of
chemicals to 505 in the logjoBER < 0 bin, 1,054 in the logjoBER
0-2 bin, and 1,200 in the logjoBER 2-3 bin. The remaining 921
chemicals had a BER > 3.

3.6 Comparison of TTC values with bioactivity
exposure ratios

The TTC and BER approaches can be seen as complementary
to each other, as both might be used to assist in prioritization ef-
forts. Thus, the PODgioactivity and PODRead-Across Values were
compared to the TTC values to see how they might support each
other. As was demonstrated in the APCRA case study, the TTC
was found to be lower than the PODBgjoactivity 0f PODRead-Across
for the majority of chemicals (88%; Fig. S7%). On the arithmetic
scale, the median difference showed that the TTC was on aver-
age 25 times lower than the bioactivity PODs. As a further com-
parison, the chemicals where the exposure estimate was great-
er than the TTC were compared against the chemicals with a
log10BER < 0 or logjoBER of 0-2 (Fig. S8%). This exercise deter-
mined that 422 chemicals with a logjoBER < 0 and 489 chemi-
cals with a logjoBER of 0-2 also had a TTC that was below the
exposure estimate. Thus, these are chemicals with multiple lines
of evidence supporting higher potential for concern and are can-
didates that may therefore warrant closer evaluation. There were
243 chemicals with a TTC that was below the exposure estimate
that were not in the high-concern BER bins. For these chemicals,
expert judgement could be applied to determine whether these
chemicals should be further evaluated in subsequent scoping
steps of a screening approach.

4 Discussion

In this work, we presented a computational workflow devel-
oped to begin to address data gaps for a broad chemical space
as represented by the Canadian DSL. Specifically, we applied
in silico tools and read-across to derive PODs for DSL chem-
icals based on bioactivity data from qHTS programs. The in-
tended purpose of this workflow is to identify data-poor chem-
icals with the highest potential for concern that, with addition-
al scoping as needed, may be candidates of interest for further
prioritization and assessment activities. This analysis serves as
a direct follow-up to the collaborative retrospective case study
that demonstrated the utility of these in vitro bioactivity da-
ta to derive protective PODs and BERs to be used to support
chemical risk prioritization (Paul Friedman et al., 2019). In
the retrospective case study, the analysis was applied to 448
chemicals and was the largest analysis hitherto. Herein, we ex-
panded on this work and applied the methodology to 12,828
chemicals with a derived POD based on ToxCast bioactivity or
read-across, of which 3,679 had physico-chemical properties
amenable to HTTK modeling and exposure estimates available
for BER derivation. Further advancements to the approach,
such as the inclusion of other data sources and addressing ar-
eas of uncertainty, will serve to broaden the scope of applica-
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tion to include more diverse chemicals represented in chemical
inventories.

Given that the primary application context of qHTS data and
the BER approach is to serve as a risk-based screening tool in
prioritization activities (Thomas et al., 2013a), the various deci-
sions related to the derivation of the PODs and BERs were made
to be conservative to address the different areas of uncertainty.
Consequently, the PODBioactivity or PODRead-Across Were found
to be lower than the PODTraditional for 95% of chemicals. How-
ever, these decisions may have reduced the correlation between
the qHTS-based PODgjoactivity and animal-based PODrradition-
al for the chemical space evaluated as demonstrated previously
(Wignall et al., 2018). The use of PODrraditional Values derived
mainly from rodent studies, often using a limited dose range and
few biological endpoints with limited mechanistic information,
presents a challenge for building confidence in our workflow.
This is because the PODgjoactivity values were based on a broad
concentration range to measure high-precision ACsg values, a
large number of toxicological endpoints probing all of known
biology, primarily assays using human cells, and a toxicokinet-
ics model simulating chemical disposition in humans. Further-
more, the type of toxicity value available from traditional data
also makes the comparisons difficult. For example, there were
relatively few BMDL values available in ToxValDB for DSL
chemicals. Interestingly, the PODgjoactivity values were least pro-
tective relative to BMDLs, potentially due to the BMDL values
being more reflective of true in vivo bioactivity compared to the
other toxicity values. The purpose of this approach is not to pre-
dict a POD to serve as a replacement for animal data in a quan-
titative risk assessment. Rather, this approach is meant to iden-
tify chemicals with a higher potential for concern and support a
weight-of-evidence assessment. The benefit of the qHTS data is
that it provides mechanistic information for known biology and
adverse outcomes. Chemicals with high hazard (low PODs) or
high risk potential (low BERs) are prioritized for further exam-
ination, and the lowest active assays for these chemicals, or ana-
logues in the case of GenRA, can be used to inform where more
focus is needed in the evaluation. This would reduce the need for
unnecessary toxicity testing, providing a need for only the most
targeted or relevant studies serving to greatly reduce the number
of'animals required to inform a chemical safety evaluation. There
are some areas of uncertainty that remain inherent in the method-
ology and acknowledging these can focus future research efforts
to improve the approach and support the transition away from
animal use in toxicity assessment.

Some of the uncertainties revolve around the completeness of
the toxicological space covered by the test batteries used to cal-
culate bioactivity. ToxCast consists of nearly 1,400 assays (Rich-
ard et al., 2016), covering a broad range of possible adverse out-
comes, but this is still likely insufficient to accurately capture
the potencies of all possible biological effects, and not all of the
nearly 1,400 assays are tested for each chemical. For example,
it is acknowledged that chemicals with structural features relat-
ed to carbamates or organophosphates are not adequately ad-
dressed by ToxCast (Paul Friedman et al., 2019). Specifically,
these chemicals and their metabolites are potent acetylcholines-
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terase inhibitors, and while there are assays that measure acetyl-
cholinesterase inhibition in ToxCast (Sipes et al., 2013), previ-
ous work has suggested that these assays are unable to fully cap-
ture acetylcholinesterase inhibition potency (Aylward and Hays,
2011). For these reasons, it was recommended that carbamates
and organophosphates be excluded from this type of analysis.
Further research identifying other biological perturbations and
associated assays not covered by ToxCast will aid to reduce the
uncertainty with toxicological space and minimize the applica-
tion of exclusion criteria.

Another limitation of this approach that is more critical is the
inability of the qHTS assays to accurately assess genotoxicity.
Within ToxCast, there are only a few select assays that measure
some component of DNA damage or repair to provide a predic-
tion of genotoxic potential. Specifically, five assays have been
identified that can detect stalled replication forks and/or DNA
double-strand breaks. However, these assays have low sensitiv-
ity for predicting genotoxic potency, with only 40% of known,
direct-acting genotoxic chemicals displaying activity in one or
more of the assays related to genotoxicity (Hsieh et al., 2019).
This analysis was restricted to chemicals known to be positive
without metabolic activation. Considering that many mutagens
are pro-mutagenic, in that metabolic activation is a requirement
for genotoxicity, the sensitivity could potentially be lower, as
the assays preclude the use of rat liver S9 required for metabolic
competency. Thus, genotoxicity assessment is currently beyond
the scope of this approach.

A parallel approach or testing strategy that uses in silico mod-
els (e.g., Pradeep et al., 2021)) and in vitro NAM data for geno-
toxicity assessment is currently under development to support
high-throughput screening efforts. Several new assays have
been developed that greatly enhance the throughput, sensitiv-
ity, and mechanistic information in detecting genotoxic chemi-
cals. Quantitative dose-response modeling can be applied to the
in vitro data, and the genotoxic concentrations can be coupled
with IVIVE to derive a PODgenotoxicity in the same way that the
PODgioactivity Was derived here. The assays that hold promise
include, but are not limited to, those that use flow cytometry to
detect DNA damage directly (MicroFlow®) (Avlasevich et al.,
2006; Bryce et al., 2010) or detect DNA damage response ele-
ments (MultiFlow®) (Bryce et al., 2018), use reporter cell lines
to detect DNA damage response elements (ToxTracker®) (Hen-
driks et al., 2012), use transgenic cell lines to detect point muta-
tions or insertions/deletions (indels) in mutation reporter trans-
genes (FE1 MutaMouse) (Maertens et al., 2017; White et al.,
2003), or use gel electrophoresis and cell imaging to detect DNA
strand breaks in single cell microwells (CometChip®) (Chao and
Engelward, 2020; Weingeist et al., 2013). Apart from these as-
says, there are also lower throughput genomic-based NAMs that
can comprehensively interrogate the mutagenic mechanisms of a
chemical. Specifically, error-corrected next-generation sequenc-
ing technologies have been shown to detect somatic cell muta-
tions with extreme accuracy (Salk et al., 2018; Salk and Kenne-
dy, 2020; Schmitt et al., 2012). The analysis of transcriptomic
biomarkers has also been shown to be a powerful tool for classi-
fying genotoxic and DNA damage-inducing chemicals (Li et al.,
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2015, 2017). A combination of these assays in the assessment of
chemical hazard could greatly benefit the application of NAM
data in chemical screening and prioritization.

Incorporation of additional sources of genomic-based bioactiv-
ity data, including transcriptomics data targeting either the whole
transcriptome or surrogate biomarker panels, could greatly en-
hance the biological space and complexity of the bioactivity es-
timates (Harrill et al., 2019, 2021). Specifically, a high-through-
put transcriptomics (HTTr) approach based on RNA-seq of cell
lysates can enable cost-efficient screening of thousands of chem-
icals (Thomas et al., 2019), rivaling the qHTS assays used in this
approach. Similar to the PODgjoactivity, @ nondescript aggregate
transcriptomic POD could be derived using benchmark concen-
trations based on active genes or pathways following chemical
exposures (Farmahin et al., 2017; Thomas et al., 2013b). Alter-
natively, differentially expressed genes associated with chemi-
cal exposure can be linked to key events in biological pathways
within the AOP framework (Ankley et al., 2010; Villeneuve et al.,
2014), allowing for the derivation of a POD based on a specific
adverse outcome. The HTTr approach has the potential to study
all known biological pathways indicative of chemical toxicity and
offers an opportunity to identify and explore novel AOPs.

In order to use in vitro bioassay results in supporting hazard
characterization or risk assessment decision-making, in vivo
equivalent dose context is required. To achieve this, IVIVE of the
bioactivity concentration, relating to the concentration at which
a chemical may induce a hazard, was performed using a gener-
ic HTTK model. The generic model is more advantageous than
chemical-specific models, as its application can be extended to a
diverse chemical space, such as that of the DSL, with more con-
fidence (Wambaugh et al., 2015, 2018). To run the model, certain
in vitro parameters are required, and these data are missing for
many DSL chemicals; thus, in silico predictions were applied. It
is acknowledged that these in silico predictions increase the un-
certainty of the approach; it is also recognized that HTTK may
not be suitable for certain chemicals, such as those that bioac-
cumulate and fail to reach steady state (Wambaugh et al., 2015).
For these reasons, filters were applied to eliminate chemicals
from the analysis that may not give suitable parameters or may
not be appropriate for the generic model. This constrained the
number of chemicals to which HTTK modeling could be applied
but increased the confidence in model implementation. Compar-
ing Cgs values derived using in vitro parameters with Cgg values
derived using in silico parameters demonstrated that most pre-
dictions were in the same order of magnitude as the expected val-
ue. Discrepant results do not necessarily suggest that the in sili-
co predictions were poor; considering that in silico models may
be trained using in vivo data, the in silico parameters could ac-
tually be more consistent with what would be expected in vivo.
Further work establishing chemical groupings and determining
the HTTK model assumptions that are most appropriate for those
groupings in a decision tree framework will greatly enhance the
accuracy of the IVIVE approach. Overall, the use of in silico pre-
dictions with HTTK was essential for the derivation of PODgjoac-
tivity values for a broad range of DSL chemicals, greatly extend-
ing the utility of this approach.
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For the vast majority of DSL chemicals, limited to no hazard
data is available. Thus, prioritization efforts are most often fo-
cused on the chemical space for which the greatest amount of
traditional data exists as opposed to expanding the screening to
inform broader activities including further scoping, information
gathering, and targeted data generation to proactively increase
knowledge related to the potential for hazard and risk. The Tox-
Cast bioassay database contains toxicological endpoints for thou-
sands of chemicals, many of which have structural similarity to
chemicals on the DSL (Fig. S6®). Although toxicity data is miss-
ing for many chemicals, the overlap in chemical space between
ToxCast and the DSL provided an opportunity to source bioac-
tivity data from chemicals in ToxCast and apply them to DSL
chemicals that shared similar structural features. In this work,
we explored using a GenRA approach to derive surrogate PODs
for DSL chemicals lacking bioactivity data. The results showed
that the PODRead-Across Was in the same order of magnitude as
the true PODgjoactivity for the majority of chemicals (79%). Thus,
application of the PODRead-Across can be viewed as a useful tool
and an early step toward the identification of possible high-haz-
ard chemicals that would otherwise be ignored in prioritization
efforts. For the chemicals with the greatest difference between
PODRead-Across and PODBioactivitya the PODRead-Across tended to
be higher than the PODgijoactivity rather than lower (Fig. 5). Thus,
chemicals with PODReag-Across Values are less likely to be iden-
tified as priorities than chemicals with a PODgjoactivity. Howev-
er, this should not be viewed as a loss of information, as these
chemicals would routinely be excluded from priority setting be-
cause of their lack of data. Although read-across is a well-estab-
lished method, there is inherent uncertainty in the approach. The
level of acceptability of uncertainty, irrespective of whether it is
a traditional or a GenRA-based read-across, is generally depen-
dent on the regulatory decision-making context. With any read-
across method, the key sources of uncertainty are the choice of
analogs and the nature of the data. In this study, analog selection
was based on structural similarity analysis using mechanistical-
ly-based ToxPrint fingerprints. To address the uncertainty around
the read-across approach, caution should be applied when inter-
preting PODRead-Across Values. Specifically, expert multi-disci-
plinary judgment should be used to confirm the appropriateness
of analogs used to derive PODRead-Across Values for chemicals
where the BER is low.

Additional approaches, such as the development and applica-
tion of machine learning algorithms, should be explored to im-
prove the prediction of bioactivity for chemicals lacking qHTS
data and broaden the application of the BER approach. These al-
gorithms could also be used to generate predictions for chemicals
in ToxCast that have only been tested across a limited number
of assays. For example, consensus models have been trained us-
ing ToxCast data to make categorical or continuous predictions
on a chemical’s potential to interact with endocrine or androgen
receptors (Mansouri et al., 2020, 2016). In order to train robust
models for making bioactivity predictions, a sufficient level of
balanced data with a sufficient number of positive and negative
chemicals for a given endpoint is required. It is important to note
that the data will not be sufficient for most endpoints. Howev-

136

B

er, the most active assays in ToxCast should have adequate da-
ta that could be leveraged to train additional models. Establish-
ing models that make confident predictions with a high balanced
accuracy and have a well-defined domain of applicability will
enhance the computational workflow for deriving BERs of da-
ta-poor chemicals.

When assessing risk, the characterization of chemical expo-
sure levels in the population is equally as important as the hazard
assessment. In this work, high-throughput exposure estimates
were used as the denominator in the BER derivation, as these
values were available for many chemicals on the DSL. One area
of refinement to improve this workflow would be to use exposure
levels from analyses conducted in the jurisdiction of the chemi-
cal inventory. For example, chemical exposure levels in the Ca-
nadian population, from environmental media, biomonitoring,
or consumer products, would be more relevant to the prioritiza-
tion of the DSL. Recent advancements in non-targeted biomon-
itoring have allowed the identification of chemicals of emerging
concern present in the “exposome” (Dennis et al., 2017; Pour-
chet et al., 2020). Non-targeted biomonitoring and qHTS da-
ta can be viewed as complementary, and there is an opportuni-
ty to leverage both sources of information to identify chemicals
of potentially higher risk detected in human populations (Rager
et al., 2016). One vision for future application could be that the
PODgioactivity 0f PODRead-Across Values are used to identify the
chemicals with higher hazard potential present in the exposome,
supporting more targeted biomonitoring efforts to be used in the
context of risk assessment.

Another consideration for risk-based prioritization is that ma-
ny chemicals have no known exposure levels; however, many of
these chemicals could have functional properties that make them
suitable substitutes for chemicals undergoing risk management.
For example, several analogs to the known endocrine disruptor
bisphenol A exist on the DSL, and such analogues have been de-
tected in Canadian house dust (Fan et al., 2021), highlighting the
rising concern about these replacements, and similarly for others
across the broad chemical space, in commerce. Moreover, many
chemicals without known exposure may have broad use appli-
cations that are known, and this information could enable expo-
sure levels to be estimated. Thus, a lack of exposure data should
not preclude chemicals from rapid screening efforts, and hazard
and use potential should be considered in the problem formula-
tion. One approach that shows promise for this purpose is the
use of quantitative structure-use relationship (QSUR) models
to identify potential chemical functional substitutes (Phillips et
al., 2017). Together with qHTS data, the QSUR models could be
used to flag chemicals in commerce that have higher risk poten-
tial so that they can be surveyed or monitored more strategically.
Concerted and coordinated efforts to identify use scenarios and
estimate exposure levels for these chemicals would enhance the
protection of public health and prevent unnecessary animal use.

Here we have applied the BER approach (Paul Friedman et
al., 2019) to the Canadian DSL to demonstrate the applicability
of in vitro bioactivity data and in silico models for quantitative
risk-based prioritization and assessment. The 5,801 PODs and
3,679 BERs derived using the computational workflow can be
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used as part of a weight-of-evidence approach, with other ap-
proaches such as the TTC and other quantitative structure-activ-
ity relationship models, such as the Conditional Toxicity Value
predictor (Wignall et al., 2018), in accelerating the identification
of emerging priorities for the protection of human health. It is
envisioned that as NAMs advance and more confidence is estab-
lished in these approaches the pace and transparency of chemi-
cal evaluation will be greatly improved, and more concentrated
efforts can be placed on tiered testing and assessment of chemi-
cals that are of greater potential concern.
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