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Abstract

Moving towards species-relevant chemical safety assessments and away from animal testing
requires access to reliable data to develop and build confidence in new approaches. The Integrated
Chemical Environment (ICE) provides tools and curated data centered around chemical safety
assessment. This article describes updates to ICE, including improved accessibility and
interpretability of in vitro data via mechanistic target mapping and enhanced interactive tools for
in vitro to in vivo extrapolation (IVIVE). Mapping of in vitro assay targets to toxicity endpoints of
regulatory importance uses literature-based mode-of-action information and controlled
terminology from existing knowledge organization systems to support data interoperability with
external resources. The most recent ICE update includes Tox21 high-throughput screening data
curated using analytical chemistry data and assay-specific parameters to eliminate potential
artifacts or unreliable activity. Also included are physicochemical/ADME parameters for over
800,000 chemicals predicted by quantitative structure-activity relationship models. These
parameters are used by the new ICE IVIVE tool in combination with the U.S. Environmental
Protection Agency’s httk R package to estimate in vivo exposures corresponding to in vitro
bioactivity concentrations from stored or user-defined assay data. These new ICE features allow
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users to explore the applications of an expanded data space and facilitate building confidence in
non-animal approaches.
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Non-animal methods; IVIVE; regulatory toxicology

Introduction

As the momentum grows toward adoption of alternatives to animal use for chemical safety
testing, there is a commensurate need for curated data to support method validation and
establish scientific confidence in new approaches (Prior et al., 2019). Data describing the
biological activity of a chemical are used for applications such as developing regulatory
exposure limits, developing and evaluating new test methods, screening or prioritizing
chemicals to identify potential adverse outcomes, and developing predictive models that can
reduce the need for in vivo or in vitro testing. Finding appropriate and reliable data to
support these efforts can be a challenge. In the absence of biological context, protocol
information, and other metadata, the suitability of a data set for a particular purpose is not
always clear. Even when the specific methods used to generate the data are named, it can be
difficult for those with less familiarity with in vitro mechanistic approaches to determine
how the methods may relate to a given in vivo adverse outcome.

Launched in 2017, the Integrated Chemical Environment (ICE) provides a free access point
to data and tools for assessing and interpreting chemical bioactivity data (Bell et al., 2017).
ICE was developed by the National Toxicology Program Interagency Center for the
Evaluation of Alternative Toxicological Methods (NICEATM) to provide curated chemical
bioactivity and property data for users evaluating alternatives to animal toxicity tests, such as
method developers, chemical producers, and risk assessors. A primary goal of ICE is to
increase access to reliable data to support the development, evaluation, and use of in vitro
and in silico methods for characterizing the potential health impacts of chemicals.

In addition to data, users developing or evaluating new testing approaches also need easy-to-
use, open-source computational tools. Recent updates to ICE focus on meeting the needs of
users who are interested in exploring data and computational tools to relate in vitro
bioactivity to in vivo testing results. New resources include an in vitro to in vivo
extrapolation (IVIVE) tool that leverages the U.S. Environmental Protection Agency (EPA)
high-throughput toxicokinetic (httk) R package (Pearce et al., 2017) and curated high-
throughput screening (cHTS) data. Additionally, the mechanistic assays are annotated to
toxicity endpoints using mode-of-action information according to terms from the NCI
Metathesaurus (NCIm, https://ncim.nci.nih.gov/ncimbrowser/). Based on feedback from the
scientific community, changes have also been made to ICE to improve the user experience,
and additional help documentation has been added to make the resource easier to use.

This article will describe data available in ICE, data organization around regulatory toxicity
endpoints, the curation of the ICE cHTS data, mapping of mechanistic assays to toxicity
endpoints, and improvements to the ICE Search and IVIVE tools.
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ICE data
Scope of ICE data

ICE was established to provide access to diverse types of relevant and reliable data for users
developing and evaluating non-animal methods to assess chemical bioactivity. Potential ICE
users include regulators, regulated industry, and test method developers. These users have
diverse data needs, including in vivo assay data for regulatory endpoints and data from non-
animal approaches that provide mechanistic information that may be relevant to the same
regulatory endpoints. Users may also be looking for data about chemicals, including
physicochemical properties and modeling parameters.

Table 1 summarizes data available in ICE. The organization of this table by regulatory
endpoints reflects ICE’s emphasis on providing data in a manner useful for regulatory
application. In vivo data in ICE include data from methods that adhere to, or closely
resemble, accepted regulatory guidelines. Also included are data that do not have guideline-
level documentation, including select in vivo data from public resources such as the National
Library of Medicine’s Hazardous Substances Data Bank (HSDB, now part of PubChem,
https://pubchem.ncbi.nlm.nih.gov/) (Fonger et al., 2014) and the Organisation for Economic
Co-operation and Development’s eChemPortal (https://www.echemportal.org/echemportal/).
ICE provides additional curation and review to increase the usefulness of these data, as
described below. ICE also includes chemical lists compiled from public sources such as test
method evaluations, test guidelines, and collaborative modeling projects. In vivo data in ICE
are primarily rodent (rat), but include human, rabbit and guinea pig. In vitro data in ICE
have been generated both from targeted assays designed to inform on a specific regulatory
endpoint, such as estrogen receptor binding, and non-targeted assays that are designed to
provide insight on mechanistic interactions with a biological system, such as oxidative
stress.

To be included in ICE, bioactivity data must:

. Provide information on the biological/toxicological effect of a chemical on a
whole organism, a cell-based system, or molecular pathways.

. Define the chemical, experimental, or computational model setup, and result.

. Adhere to community standards for the specific assay or computational model;
for example, an assay described in an accepted test guideline must follow that
guideline.

. Be derived from an assay/computational model that is deemed appropriate for the

endpoint it claims to inform on, based on validation studies, performance
metrics, or other publicly available data.

. Be available to be openly shared and distributed without restrictions.

There are some data in ICE that may not meet all the above criteria. For example, individual
chemical data without an associated Chemical Abstracts Service Registry Number (CASRN)
or where the chemical identity cannot be reasonably determined are not included in ICE.
However, bioactivity data from chemical mixtures may be included, provided at least one
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component of the mixture has a CASRN, as is common in agrochemical formulations. Data
sets developed as part of large-scale computational efforts at NICEATM often involve
aggregation of data from public repositories as mentioned above. Verification that all
inclusion criteria are met for these data sets is not always possible. However, before
inclusion in ICE these datasets are curated to review and address formatting and data quality
issues. One example of this curation of data from the public repositories is the acute oral
toxicity data that were curated for use by the CATMoS (Collaborative Acute Toxicity
Modeling Suite) modeling consortium (Kleinstreuer et al., 2018b).

Information on a chemical’s physical and pharmacological properties is also needed to
establish a chemical’s suitability for testing in a specific assay or to use the chemical in a
predictive model. For example, information on protein binding is a critical variable in
describing how a chemical is processed by a biological system used in IVIVE. To address
such needs, ICE contains in silico predictions for physicochemical properties, as well as
absorption, distribution, metabolism, and excretion (ADME) properties (Table 1). These are
generated using the Open Structure-activity/property Relationship App (OPERA, https://
github.com/NIEHS/OPERA )(Mansouri et al., 2018), a free and open-source/open-data suite
of quantitative structure-activity relationship (QSAR) models that provides predictions of
physicochemical properties, environmental fate parameters, and regulatory toxicology
endpoints. Availability of OPERA predictions not only provides users with access to
predicted property values on a large number of structures but has also supported further
development of ICE tools. For example, the OPERA predictions of ADME properties, such
as partition coefficients and hepatic clearance rates, are key input parameters for the IVIVE
tool described below.

ICE Chemical Quick Lists

ICE provides curated chemical lists that can be used with any of its tools. ICE Chemical
Quick Lists are useful for evaluating specific types of toxicities represented in the ICE
database (Table 2). ICE has two types of quick lists: reference chemical lists and non-
reference chemical lists. Reference chemical lists are comprised of chemicals that cause a
specified, well-characterized biological effect and therefore can be used to assess the
performance of an assay designed to measure that effect. Non-reference chemical lists have
less restrictive criteria for inclusion than reference chemical lists, and may include chemicals
with uncharacterized or ambiguous biological effects.

Users can download each of these lists with supporting bioactivity information from ICE on
the Quick Lists page (https://ice.ntp.niehs.nih.gov/ChemicalQuickLists). These lists can be
useful for evaluating data in ICE or for use in development of new approaches. Effort has
been taken to have a reference chemical list available for all toxicity endpoints for which
there is a non-animal method available in ICE.

On the other hand, the ICE non-reference chemical lists were developed to provide a list of
chemicals to aid in exploratory queries relevant to a specific toxicity for which ICE has data
but a “reference” list has not been established or is not available (for example Tox21
chemical list or the various cancer quick lists). Non-reference chemical lists are often
compiled from review studies, which often do not meet the criteria allowing data extracted
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from them to serve as reference lists. The limitations of these sources may include
substantial deviations from established test guidelines or results reported that did not signal a
clear activity. Other non-reference lists represent useful lists of chemicals that do not relate
to a specific bioactivity, such as the Tox21 chemical inventory quick list.

Knowledge organization of ICE data

A major goal of the ICE update was to make ICE data more accessible to those with limited
experience with the assays and data types represented in the database. Knowledge
organization systems (KOS) such as controlled vocabularies, thesauri, and ontologies can
improve the utility of data in accordance with FAIR principles of findability, accessibility,
interoperability, and reproducibility (Harrow et al., 2019; Wilkinson et al., 2016). ICE data
are annotated using KOS to organize the assays based on regulatory toxicology endpoints of
interest and mechanistic target information. Use of the KOS facilitates expansion of the
toxicity endpoint parent terms beyond typical in vivo assays to include in vitro assays with
relevant biological targets. For example, Fig. 1 illustrates the mapping of an assay measuring
the phosphorylation of a histone protein to the toxicity endpoint using controlled
terminology and parentchild relationships. This organization allows users to easily identify
and select assays associated with the toxicity endpoint of interest, without requiring deep
familiarity with each technology or data source. The current ICE update therefore increases
visibility of non-animal methods that can inform on regulatory endpoints. For example, the
suite of in vitro assays probing the adverse outcome pathway for skin sensitization (OECD,
2014) has been included, as well as the ToxCast/Tox21 estrogen and androgen receptor
pathway models (Judson et al., 2015; Kleinstreuer et al., 2016a).

Many in vitro and in silico methods are mechanistic in nature and provide insight on
biochemical activity, molecular signaling, or metabolite levels that are conceptually distant
from in vivo regulatory endpoints like acute lethality. However, these mechanistic assays can
still provide useful information relevant to in vivo endpoints, such as assays probing key
events in an adverse outcome pathway framework (Ankley et al., 2010; Villeneuve et al.,
20144, 2014b). Mechanistic targets are used in ICE to help integrate in vitro assays with the
regulatory endpoint-based framework of ICE data as shown in Fig. 1. Currently, over 40
mechanistic targets have been integrated into ICE (Supplemental File 1) defined largely by
modes of action cited in peer-reviewed literature that are mapped to or associated with
toxicity endpoints.

Curation of mechanistic targets to toxicity endpoint

Mapping of the assay annotations to the mechanistic targets is based on review of the assays
by domain experts and those familiar with the technical aspects of the assays. Assays are
described using available information from the assay and notations from the ICE curation
team. A NICEATM team member with expertise in a given toxicity endpoint defines a set of
modes of action based on the current literature. Assays in ICE are then mapped to the
defined modes of action. Mechanistic target terms like “vascularization” and “epigenetic
process” along with the mode of action are annotated to the assay. A data scientist reviews
the new mechanistic targets and the mechanistic target/mode-of-action relationship
alongside the existing mappings in ICE to identify any issues with internal logic, and selects
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the appropriate controlled vocabulary terms. ICE relies on terms available in the National
Cancer Institute Metathesaurus (NCIm, https://ncim.nci.nih.gov/ncimbrowser/), as they
cover multiple KOS relevant to the toxicology covered in ICE. The data scientist brings
forward proposed mechanistic target-controlled vocabulary mapping and any parent/child
relationships to a group of toxicologists and individuals familiar with the in vitro assays for
discussion. Once terms and relationships have been agreed upon by the group, the ICE KOS
terms updated appropriately.

Current mappings are available in Supplemental Table 1. Mapping of the ICE mechanistic
target terms to terms in the NCIm creates a connection to widely used and established
terminologies with controlled identifiers, allowing the annotations found in ICE to be
accessed and the ICE data linked to other resources and terms. At this time, not all assays
have been mapped to a mechanistic target. The mappings are actively maintained to keep up
with current literature and to promote greater interoperability with related data resources,
such as those from the EPA’s Chemistry Dashboard (https://comptox.epa.gov/dashboard;
Williams et al., 2017), and we intend to add more terms in future ICE releases.

Data processing, curation, and mapping

One feature of ICE that sets it apart from resources such as HSDB or EPA’s Chemistry
Dashboard is the ability to query and merge bioactivity data and chemical property data for a
variety of endpoints (Table 1). Another important ICE feature is NICEATM’s data curation,
which improves the interoperability of the data and facilitates analyses, setting ICE apart
from other databases that simply serve as repositories for data. ICE data have standardized
units, common identifiers, and values that are available in a tabular format, so users do not
have to perform separate queries or processing for assay values. Curation is done by both
subject matter experts and data scientists to ensure that values are technically accurate and
retain relevant metadata such as sex, timing of the measurement, and cell viability. Such
metadata are important for putting the data as originally published into the appropriate
biological context.

Fig. 2 presents the steps in the ICE data curation process. This process verifies that:

. Chemical identifiers are consistent and are in a standard format.

. The intended assay targets and the endpoints needed to describe chemical
activity are clearly defined.

. Assay response values, units, and other relevant metadata are harmonized within
and across assays to promote data interoperability.

These steps help to ensure that ICE queries capture all related data and that queries from
other databases using shared identifiers can be integrated into in-house workflows and
analysis pipelines without the need for extensive processing on the user side.

Once a data set has been curated for the items outlined above (Fig.2), subject matter experts
work with data scientists to annotate the assays and facilitate mapping to regulatory toxicity
endpoints and appropriate KOS. NCIm incorporates controlled vocabularies and ontologies
such as the Gene Ontology (Ashburner et al., 2000), Unified Medical Language System
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(Bodenreider, 2004), and National Cancer Institute Thesaurus (Sioutos et al., 2007), among
others. Use of NCIm allows ICE to use the NCIm identifier to map the ICE term to multiple
relevant KOS in environmental health sciences for describing health effects and biological
processes (Fig. 1, CUI IDs) These mappings are based on technical details of the assay
protocol, current and past U.S. and international regulatory guidelines, and available peer-
reviewed literature. The mapping process includes review by data scientists, curators, and
domain experts familiar with the relevant biology and regulatory statutes. In general,
consensus is reached after discussion to review the annotations for mechanistic targets. If
consensus cannot be reached, the mapping to the KOS is put on hold for the assay pending
additional information. Currently, mapping of ICE data to KOS terms is limited to regulatory
endpoints and mechanistic targets, with the initial efforts focused on cHTS assays. Ongoing
activities include building out the annotation of the assay and model details with information
about the testing platform, such as adherence to test guidelines and the type of model.
Adding these metadata, mapped to the appropriate KOS, for the experimental details will
improve the search and filtering capabilities within ICE, as well as providing users with
additional information with which to evaluate the bioactivity data. Refining the annotation to
the toxicity endpoint and the terms for the mechanistic assays will be a continuous process,
as will expanding coverage to cover tasks such as identifying orthologous assays.

Curation of cHTS data

The curated high throughput screening (cHTS) data in ICE are compiled from public data
released by the U.S. government interagency Tox21collaboration (Tice et al., 2013) (https://
tripod.nih.gov/tox21/assays/) and EPA’s ToxCast high-throughput screening (HTS) program
(Dix et al., 2007; Kavlock et al., 2012)(https://doi.org/10.23645/epacomptox.6062623).
These HTS programs produce data on thousands of compounds for thousands of assays
spanning multiple molecular targets and testing platforms. Therefore, one processing
approach cannot be applied to all ToxCast and Tox21 assay data to be included in ICE. A
curation workflow was applied to these HTS datasets for integration into ICE resulting in the
cHTS inventory. Curation efforts sought to maximize the confidence in bioactivity calls and
flag any chemical activity with high uncertainty. One step in this process involves removal of
chemicals and/or assays in cases where there is reasonable certainty that the reported activity
concentrations do not accurately reflect the bioactivity of the chemical within the expected
variability of the assay, based on considerations such as erroneous concentration-response
patterns and activity outside the tested concentration range (Richard et al., 2016). Another
step involves removal of data for chemicals which have not passed purity and concentration
confirmation.

Integration of Tox21 and ToxCast data sets to form the cHTS data set in ICE begins with
retrieval of output from a custom analysis algorithm, the ToxCast Pipeline (tcpl), an R
package developed by EPA specifically for concentration-response analysis for HTS data
(Filer et al., 2016). The EPA tcpl pipeline provides a representative curve for each assay-
chemical pair, so technical and biological replicate information is not included in the ICE
database, and would be challenging to integrate with other assay information contained in
ICE. Work is ongoing to create linkages to other resources that house the technical replicate
information for users who want that level of detail (Williams et al., 2017). Following
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retrieval of the representative curve, NICEATM curation processing then applies chemical-
and assay-focused filtering steps as summarized in Fig. 3. Analytical chemistry quality
control (QC) methods have been, or are being, developed for all unique chemicals in the
Tox21 library, providing information on the purity and identity of each sample (Richard et
al., 2016). Results of these analyses are used in the ICE cHTS curation process ensure that
only chemicals with confirmed purity and concentration are reported. Any chemicals failing
purity or concentration QC are flagged in ICE and the bioactivity data are not reported.
(Supplemental File 2). NICEATM also uses information provided from tcpl outputs about
the curve-fitting and specific assay platforms to develop custom flags. For example, custom
criteria developed for ICE curation include flagging bioactivity calls where the measure of
activity (AC50) is above the tested concentration range and assay-specific filtering (https://
ice.ntp.niehs.nih.gov/DATASETDESCRIPTION). These chemical- and assay-based flags
increase the confidence in the cHTS bioactivity calls for ICE users. Thus, cHTS endpoints
can receive one of four calls: Active, Inactive, QC-omit (for cases of failed chemical QC)
and Flag-omit (for cases where active calls were omitted due to filtering based on custom
NICEATM-defined flags). A numeric activity value (i.e., AC50, the concentration at 50%
the maximal response) is only given for “active” calls. ICE Search queries that include cHTS
data will return the curated outputs in both the results table and download files.

Ease of access and interpretation of the diverse cHTS data in ICE are facilitated by mapping
to mechanistic target groups and modes of action. For each mechanistic target or mode of
action selected, the user is provided with a summary of the number of times a chemical is
active, inactive, etc., based on all the HTS assays that are annotated to that mechanistic
target or mode of action. Detailed information on the activity concentrations is available by
downloading the cHTS data from the ICE Data Sets page (https://ice.ntp.niehs.nih.gov/
DATASETDESCRIPTION).

Annotation of HTS assays to mechanistic targets—As described above (“Scope of
ICE data”), ICE includes data from in vitro assays that are designed to provide mechanistic

insight. While other efforts have been made to annotate the Tox21 and ToxCast data to gene
or biochemical process (Richard et al., 2016), or KOS based on the assay platform (Cooper

and Schiirer, 2019), or processes specific to cancer (Chiu et al., 2018), annotation of assays

specifically to link them to regulated toxicity endpoints has been lacking. ICE maps these in
vitro assays to toxicity endpoints of regulatory interest through mechanistic targets.

ICE uses the EPA’s invitroDB database v3.2 (https://doi.org/10.23645/epacomptox.6062623,
accessed October 2019) (EPA, 2019; Filer et al., 2016) to map cHTS assays to toxicity
endpoints. Assays are annotated with fields such as “intended_target_family”,
“intended_target_official_gene_symbol”, and “biological_process_target”. These
annotations are applied for ICE integration in a manner that appropriately considers assay
readouts unrelated to the main target of the assay. For example, background signal endpoints
for internal controls are filtered out, and viability controls measuring cytotoxicity are
annotated to cell viability or are filtered out as deemed appropriate by domain experts.
Additional mapping of cHTS assays to mechanistic targets is also conducted and is based on
NCIm terms as described above in “Curation of mechanistic targets to toxicity endpoint”
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relying heavily on expert-defined mode of action groups developed from peer-reviewed
literature (Supplemental Table 1).

Using this approach gives users very clear statements of the association between the
mechanistic target and the toxicity endpoint. For example, ICE could state that assays “may
inform on” some mode of action “leading to” a toxicity endpoint “through a mechanistic
target”. Specifically:

. The assay: “APR_HepG2_MitoticArrest_1h_up”

. May inform on: “KCC10: Cell Proliferation/Death/Energetics
. Leading to: “Cancer”

. Through the mechanistic target: “Cell Cycle”

. That is a child of: “Cell Proliferation (CUI:C0596290)”

It is envisioned that ongoing and more specific annotation may allow assays to be associated
with multiple modes of action. Currently, the endpoints in ICE for which mechanistic targets
have mapped are limited to those that have peer-reviewed literature defining modes of
action: acute lethality (Hamm et al., 2017; National Academies of Sciences, Engineering,
and Medicine, 2015; Prieto et al., 2019), developmental and reproductive toxicity (van
Gelder et al., 2010) and cancer based on the ten key characteristics of carcinogens (Smith et
al., 2016). Mapping of in vitro assays to other toxicity endpoints ongoing, including skin
sensitization, for which data described in the defined approach for skin sensitization testing
(Casati et al., 2018; Kleinstreuer et al., 2018a) are available in ICE. The goal is to continue
expanding and improving the mechanistic target mappings and assay annotation to toxicity
endpoints, which aid in ease of access and computational modeling efforts.

ICE tools were developed in response to specific requests from NICEATM stakeholders. The
ICE user interface enables users with little prior knowledge of chemical bioactivity testing to
interact with and explore a wide variety of chemical testing data. The ICE Search tool allows
users to integrate data from different models and testing systems to provide an overall view
of a chemical’s activity for regulatory endpoints of interest. ICE also has tools that allows
users to conduct simple IVIVE analyses, explore and compare the characteristics of one or
two chemical lists.

The ICE Search and IVIVE tools have recently undergone major revisions in ICE 3.0 to
increase their usability and are described in detail in the following sections. The ICE
Chemical Characterization tool allows users to characterize and compare the
physicochemical properties of one or two lists of chemicals to each other. Users can also
compare specified chemicals to the property range of over 800,000 chemicals for which
experimental or predicted data are available in the ICE database. This characterization can
be useful for identifying features that might be driving assay performance across different
groups of chemicals, investigating appropriate test substances based on technical limitations
of the test system (such as highly volatile compounds), or checking for a bias in the range of
properties represented in the list.
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Search Tool

The ICE Search tool allows users to query and combine assay bioactivity data for over
10,000 chemicals and chemical property predictions for over 800,000 chemicals. The user
builds an ICE Search query by specifying chemicals, assays, or both. Chemicals in a query
can be provided using a combination of Chemical Quick Lists and user-specified CASRNs.
ICE assays are organized in categories around toxicity endpoints of regulatory interest, with
separate categories allowing queries specific to cHTS and physicochemical property data.
Users can select multiple assays and endpoints across all categories. The organization of
assays around toxicity endpoints of regulatory interest makes it easy to include data from
both animal and non-animal tests relevant to that endpoint. The user therefore does not need
to know what specific assay or test is relevant to. For example, if the user wishes to explore
endocrine disruption, adding all endocrine assays to a query will by default include the
relevant in vivo, in vitro, and in silico data, with the user having the option to include or
exclude any category of assay or individual data source. Detailed information on the
different data endpoints available from each assay can be found on the Data Sets page on the
ICE website (https://ice.ntp.niehs.nih.gov/DATASETDESCRIPTION).

One of the challenges associated with identifying relevant data for a test chemical is that
different salts of the chemical are often assayed. These salts may have the same core
structure but different identifiers. In QSAR modeling, flat, desalted structures are used for
modeling; that is, the chemical structure used for predictive purposes is often the two-
dimensional representation of a chemical without the salt ion. ICE provides the user with the
option to use this simplified representation of the chemical structure and add any chemicals
with the same QSAR structure (QSAR Match) to their query, thus returning available
information on the different salt forms. Query results indicate what “QSAR Match”
chemicals were added to the dataset.

IVIVE Tool

IVIVE relates in vitro assay activity concentrations to in vivo exposures. This can support
development of hypotheses on the exposure ranges that exert in vivo effects relevant to the
bioactivity measured by in vitro assays (Bell et al., 2018). The ICE IVIVE tool brings
together annotated in vitro assay data, QSAR model predictions of chemical ADME
properties, and pharmacokinetic (PK) or physiologically based pharmacokinetic (PBPK)
models of varied complexity to predict a daily equivalent administered dose (EAD) that
would result in a plasma concentration equal to the activity concentration of any given in
vitro assay. Using the ICE cHTS data, users can generate EAD predictions for over 9,000
chemicals. In addition, users can upload their own in vitro assay data to use in addition to or
instead of cHTS data available in ICE. The PK/PBPK models of IVIVE tool are
parameterized using values from the ICE database and not through the database included in
the httk package. This currently limits the number of chemicals that can be run through the
ICE browser tool, so inputs are limited to the 800,000 chemicals with predictions. For
predictions of chemicals not currently these properties available in the ICE database, users
are encouraged to use code available in GitHub for both the ICE IVIVE tool (https://
github.com/NIEHS/ICE2.2_IVVIVEpipeline) and the OPERA QSAR models (https://
github.com/NIEHS/OPERA).
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The ICE IVIVE tool uses PK and PBPK models (Table 3) to first estimate the plasma
concentration of the chemical that would result from an in vivo exposure of 1 mg/kg at the
specified dosing intervals. A linear extrapolation is then used to estimate the daily EADs
resulting from a plasma concentration equivalent to the activity concentration of the in vitro
assay. Currently, the ICE IVIVE tool provides three models with varied complexity and
exposure routes: a one-compartment PK model, a three-compartment PK model, and a
multi-compartment PBPK model for oral and intravenous routes (Table 3). Both the three-
compartment PK and multi-compartment PBPK models come from the EPA httk package
(Pearce et al., 2017), while the one-compartment model uses custom code based on
published equations (Casey et al., 2018; Chang et al., 2014). The parameter values for
executing the PK/PBPK models are either provided directly through the ICE database or
calculated using embedded functions in the httk package using physicochemical property
values from the ICE database.

The output of the IVIVE tool includes a table summarizing the model inputs as well as the
predictions of plasma concentration of the chemical at 1 mg/kg at the specified dosing
intervals and EAD values. Interactive tabular and graphic representations of the EAD values
allows users to explore results in detail and apply filters to examine specific chemicals or
assays. Additionally, users can choose to overlay a selection of in vivo data from the ICE
database over the EAD plots, allowing a comparison of experimental results and predicted
values. Efforts are currently underway to use the KOS mapping of in vitro assay to better
guide users on selecting what in vivo data for comparison, with predicted results, might
benefit their search. An expanded availability of in vivo data is also in development through
links to other resources such as CEBS (https://manticore.niehs.nih.gov/cebssearch) and the
Chemistry Dashboard (https://comptox.epa.gov/dashboard).

Discussion

The updates to ICE since its launch in 2017 improve the user experience and are intended to
support FAIR principles through additional data curation and mapping to KOS. NICEATM’s
interactions with the chemical safety assessment and regulatory communities have helped us
to develop ICE to prioritize commonly requested resources. These resources include the
curated data sets and chemical lists focused on specific bioactivity or regulatory endpoints,
and the ability to put the in vitro assays into an in vivo context using IVIVE.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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encourage adoption of these methods by federal agencies and regulated industries (ICCVAM, 2018). The curation
discussed herein directly impacts all three of these goals by removing the common roadblocks of lack of familiarity
with mechanistic testing platforms and access to reliable reference data, thereby making data from new approach
methodologies easier to navigate and relate to regulatory endpoints for users of all backgrounds. Adding in the
annotation and mapping to the KOS in conjunction with the online IVIVE tool address some commonly expressed
and previously unmet needs of stakeholders. Continued development of ICE will provide more end user support,
building out additional features and availability of online tools, and expanding datasets. This will aid in making
computational toxicology methods more broadly accessible, which we hope will increase users’ comfort and
understanding of new approaches to chemical bioactivity testing.
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Highlights:
. ICE provides curated data and tools to support chemical safety testing
. In vitro data are mapped to mechanistic targets and regulatory endpoints
. Tox21 data are curated using analytical chemistry and assay-specific
information
. In silico predictions are available for physchem and ADME properties
. IVIVE tool uses ICE or user data to estimate in vivo exposure levels
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Cancer

Mode of Action
KCC1: Electrophilic/Metabolically Activated
KCC2: Genotoxic Effects
DNA Modification Process (CUI:C1158479)
Epigenetic Process (CUI:C1516924)
Histone Modification (CUI:C1156199)
TOX21_H2AX_HTRF_CHO_AGONIST_RATIO
KCC3: Alteration of DNA Repair/Genomic Stability
KCC4: Epigenetic Alterations
KCCS: Oxidative Stress
KCC6: Chronic Inflammation
KCC7: Immunosuppression
KCC8: Receptor Mediated Effects
KCCS: Immortalization
KCC10: Cell Proliferation/Death/Energetics

Fig. 1. Example Mapping to KOS.
High-throughput screening assays from the Tox21 program are mechanistic in nature and do

not intuitively link to toxicity endpoints. Annotation from the mechanistic targets of the
Tox21 assay (Histone modification) to the parent toxicity endpoint (Cancer) is via the mode
of action (KCC2). Identifiers refer to the NCImetathesaurus codes.
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Data Curation

eVerifyand/orobtain
chemicalidentifiers
eHarmonize:
eValuesandunits
within dataset
eMetadata withindata
setand across assays
eData set with existing
datain ICE

Data Evaluation

*Check
inclusion/exclusion
criteria fordata set

eVerifymetadata

eDefine assay endpoints

and key parameters for
inclusioninICE

Fig. 2.

Mapping to
Mechanistic Target

eReviewassaymetadata
to identify endpoint
targets

eVerifyassay
parametersare
appropriate for
annotation

eAssigntentative
mechanistictarget

*Map to existing KOS
term

Page 19

Mapping to
Regulatory
Endpoint

eCheck forestablished
relationship with
regulatoryendpoint

eForestablished assays,
annotate with
regulatoryendpoint

eFor mechanistic assays,
identify published
mode of action support
ma pping to regulatory
endpoints

ICE data go through a four-step curation process. This process involves technical domain
experts familiar with the biology and regulatory applications of the assay. Data scientists
also review the data to ensure harmonization across ICE data sets and with established

identifiers to promote the interoperability of ICE data.
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Chemical QC

tcpl curve-fit

* “QC-Omit” *“Flag-Omit”

* All data for chemicals with * Review active hit-calls
QC grades of “caution” where:

* Includes removal of * Activity is predicted to be
chemicals with incorrect outside of the testing
weight, purity <50%, etc concentration range

* Down-direction assays fit
with gain-loss model

* Any curve fit with gain-
loss model with only one
mid-range concentration
above cutoff

Fig. 3. Curation criteria for cHTS data in ICE.

Page 20

Assay-Specific

[

* “Flag-Omit”

* Assay source NovaScreen:
active hit-calls with
maximum efficacy <50%

e Assay source Tox21: active
hit-calls with gain-loss
model and only low
concentrations having
activity above cutoff

Three types of metadata are considered when curating the Tox21 and ToxCast HTS data for
integration into ICE: chemical-based criteria from analytical chemistry quality control
analysis, curve-fit information based on the tcpl algorithm curve-fitting output for all active
hit-calls, and assay-specific criteria set by domain experts familiar with the assays.
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Assay data in ICE

Table 1:

Page 21

Endpoint Data Type (number of unique Example Assays/Models
chemicals)
In vivo (10,335) acute oral toxicity assay

Oral Systemic Toxicity

In silico (838,911)

CATMoSl

Dermal Systemic Toxicity In vivo (278) acute dermal toxicity assay
Inhalation Systemic Toxicity In vivo (225) acute inhalation toxicity assay
In vivo (140) Hershberger (agonist/antagonist)

Endocrine-Androgen

In vitro (164)

androgen receptor binding and transactivation (agonist/
antagonist)

In silico (838,911)

androgen receptor pathway model (agonist/antagonist),
CoMPARAJ (agonist/antagonist)

Endocrine-Estrogen

In vivo (118)

uterotrophic

In vitro (54)

estrogen receptor potency category, TG455

In silico (838,911)

estrogen receptor pathway model (agonist), CERAPPJ

(agonist/antagonist)

Eye Irritation/Corrosion

In vivo (183)

acute eye irritation

In vitro (117)

Vitrigel

Skin Irritation/Corrosion

In vivo (120)

acute skin irritation/corrosion, 4h human patch test

In vitro (193)

reconstructed human epidermis irritation and corrosion,
Vitrolife-Skin, Corrositex, TER, etc.

Skin Sensitization

In vivo (572)

human potency assays, murine local lymph node assay

In vitro (121)

KeratinoSens, human cell line activation test, direct peptide
reactivity assay

CHT82

In vitro (9213)

high-throughput screening data from Tox21 and ToxCast

Physicochemical Properties
(OPERAJ predictions)

In silico (838,911)

LogP, Henry’s Law, pKa, boiling point, etc.

JPredictions are generated using OPERA v2.5 (https://github.com/NIEHS/OPERA) from the predictive modeling projects CATMoS, the
Collaborative Estrogen Receptor Activity Prediction Project (CERAPP; Mansouri et al., 2016), and the Collaborative Modeling Project for
Androgen Receptor Activity (COMPARA; Mansouri et al., 2020).

ZCHTS data currently in ICE are from EPA invitrodb v3.2 (accessed August 2019). Other endpoints listed in this table do not include cHTS data.
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ICE Chemical Quick Lists

Table 2:

Page 22

Chemical Quick Lists R Reference
Description Chemical List

AR In Vitro Agonist 37 chemicals with androgen receptor agonist activity characterized in in vitro assays Yes
(Kleinstreuer et al., 2016a)

AR In Vitro Antagonist 28 chemicals with androgen receptor antagonist activity characterized in in vitro assays Yes
(Kleinstreuer et al., 2016a)

AR In Vivo Agonists 26 chemicals with androgen receptor agonist activity characterized in in vivo assays No
(Browne et al., 2018)

AR In Vivo Antagonists 23 chemicals with androgen receptor antagonist activity characterized in in vivo assays No
(Browne et al., 2018)

EPA IRIS Carcinogenicity 225 chemicals classified for weight of evidence of carcinogenicity according to the EPA No

Classifications Guidelines for Carcinogen Risk Assessment (https://www.epa.gov/risk/guidelines-
carcinogen-risk-assessment)

ER In Vitro Agonist 40 chemicals with estrogen receptor agonist activity characterized in vitro assays Yes
(Browne et al., 2015). 118 chemicals with estrogenic activity characterized in guideline-
like rodent uterotrophic assays (Kleinstreuer et al., 2016b)

ER In Vivo Agonist 43 chemicals with estrogenic activity characterized in guideline-like rodent uterotrophic Yes
assays (Kleinstreuer et al., 2016b)

Eye IrritationCorrosion 123 chemicals recommended by ICCVAM for evaluating in vitro assays for eye irritation Yes
(https://ntp.niehs.nih.gov/go/40177)

IARC Classifications 864 chemicals classified in IARC monographs evaluating carcinogenicity to humans. No
(https://monographs.iarc.fr/monographs-available/)

NTP Cancer Bioassay 542 chemicals from the NTP Technical Reports characterizing the toxicologic potential of No

Chemicals agents in test animals.
(https://ntp.niehs.nih.gov/publications/reports/index.html)

RoC 229 chemicals classified according to RoC listing criteria for human carcinogens. (https:// No

Classifications ntp.niehs.nih.gov/whatwestudy/assessments/cancer/index.html)

Skin Corrosion 32 chemicals recommended for assessing proficiency of conducting in vitro assays for Yes
skin corrosion (https://ntp.niehs.nih.gov/go/40193)

Steroidogenesis - Androgen 36 chemicals with androgen synthesis effects characterized in the H295R steroidogenesis No
assay. (Pinto et al., 2018)

Steroidogenesis - Estrogen 35 chemicals with estrogen synthesis effects characterized in the H295R steroidogenesis No
assay. (Pinto et al., 2018)

Thyroid 34 chemicals with effects on thyroid activity characterized in up to three in vivo assays. No
(Wegner et al., 2016)

Tox21 9000+ chemicals tested in Tox21 Program. (https://tripod.nih.gov/tox21/assays/) No

lNumbers and references are current as of February 2020
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Table 3

PK/PBPK Models provided: IVIVE models in ICE IVIVE Tool

Model Name | Model Source Plasma levels calculated® Routes Parameters

1c NICEATM Steady state NA NA

Solve_3Comp httk v1.10.1 Maximal Oral, IV | Exposure intervals, Simulation length
Solve_pbtk httk v1.10.1 Maximal Oral, IV | Exposure intervals, Simulation length

a . . . . .
The one-compartment (1C) model calculates the steady-state plasma concentration at the 50th and goth percentile chemical concentration using
physiological and pharmacokinetic parameters of a Monte Carlo simulated population. Other models calculate the maximal concentration at the

5oth percentile based on average physiological and pharmacokinetic parameter values.
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