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Introduction

« Understanding how human populations interact with and are exposed to chemical sources is essential to prioritizing chemicals for risk
assessment, as risk is the intersection of chemical hazard and chemical exposure (Wambaugh et al. 2019).

« However, many chemicals lack measured estimates of human exposure and little is known about how they are used.

» High-throughput exposure simulations and structure-based chemical-use models can help inform exposure scenarios for data-poor
chemicals.

» The results of these high-throughput models can be difficult to navigate, especially for those unfamiliar with computational
methods.

« The National Toxicology Program Interagency Center for the Evaluation of Alternative Toxicological Methods (NICEATM) has curated
chemical exposure predictions from the U.S. Environmental Protection Agency’s (EPA) Systematic Empirical Evaluation of Models
(SEEM3, Ring et al. 2019) and functional use categories from EPA’'s Chemicals and Products Database (CPDat, Williams 2017) to
help place chemical hazard in the larger context of chemical risk.

» Functional use data is the role a chemical plays within a product. Both measured and predicted uses were curated for
inclusion in ICE.

» We integrated these exposure predictions and new use categories into NICEATM's Integrated Chemical Environment (ICE;
https://ice.ntp.niehs.nih.gov/) which is an open-access resource containing toxicologically relevant data and computational tools.

Source of Exposure Predictions

« SEEMS3 was developed by the ExpoCast group at EPA's Center for Computational Toxicology and Exposure (Figure 1A).
« This model predicts both population-level exposure in mg/kg/day for over 600,000 chemicals and the potential pathway of
exposure (Figure 1B).
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Figure 1: Figure is adapted from Ring et al. 2019. A) An overview of the SEEM3 model inputs and outputs. B) The pathways predicted by the SEEM3 model and the
high-throughput exposure models that are used for each pathway.

Pathways of Exposure for Chemicals in ICE

« SEEMS3 predictions were pulled for over 600,000 chemicals from EPA’s GitHub page in November 2022
(https://github.com/HumanExposure/SEEM3RPackage). Outputs of the model include the 5, 50, and 95" percentile of exposure in
mg/kg/day.

« The data set was further refined to ~480,000 chemicals that were within the model’'s domain of applicability (Figure 2).
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Figure 2: The Median SEEMS prediction in mg/kg/day for the 479,866 chemicals with the model’s domain of applicability. Error bars represent the 5" and 95" percentile of

exposure. Chemicals are ranked by 95% percentile.

« For the ~480,000 chemicals within the domain of applicability we also pulled the pathway predictions from SEEM3 and created
near-field and far-field annotations based on the predicted pathway (Figure 3).
« Over 80% of chemicals do not have a known pathway, as chemical use information is often limited.
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Figure 3: The number of chemicals with a given pathway of exposure.

Visualize New Exposure Data in ICE

Exposure predictions can be overlayed onto boxplots of equivalent administered dose (EAD) in the ICE In Vitro to In Vivo
Extrapolation (IVIVE) tool (Figure 4).

» This feature allows users to see the intersection of chemical hazard (as characterized by EAD) and predicted exposure, providing a
more comprehensive picture for potential chemical risk.
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Figure 4: An example output of the ICE IVIVE tool with boxplots showing EAD and SEEMS3 exposure predictions.

Chemical Use Data in ICE

» To help users explore potential chemical use and exposure scenarios, ICE contains chemical use categories that are derived from

EPA's CPDat v3.

« CPDat is a document-based database that contains exposure-relevant data on chemicals in consumer products

(Dionisio et al. 2018).

« Curated product use categories describe

the products that chemicals are reported
be in.

to

 Within ICE there are over 300 different

product use categories for 4896
unique chemicals.

» Knowing product use can help
determine factors like chemical

composition, exposure frequency, and

route of exposure.

 Users can visualize and extract these

categories from the ICE Chemical
Characterization tool (Figure 5).
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Figure 5: Bubble plot and summary table depicting curated product use categories in the ICE Chemical
Characterization tool.

Curation of Functional Use Data

« Functional use can help inform what products a chemical is used in if product use category is not known, how much of a chemical is
used within a product, and potential chemical alternatives.

» Two types of functional use were pulled from CPDat, including reported functional use harmonized to Organization of Economic
Co-operation and Development (OECD) categories and predicted functional as predicted by quantitative structure—use relationship

models (QSUR, Phillips et al. 2017).

» As part of the curation process, reported use was additionally harmonized to OECD use for ~2000 chemicals.
» For predicted functional use, the prediction probability was limited to = 80% to ensure high-confidence results.
* The functional use dataset in ICE has 77 OECD uses for 9,395 chemical (Figure 6A) and 37 QSUR-predicted uses for 192,438

chemicals (Figure 6B).
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Figure 6: A) The number of chemicals that fall within each OECD functional category in the ICE functional use dataset. B) The number of chemicals that fall within each
QSUR-predicted functional use category in the ICE functional use dataset.

Visualization of New Functional Use Data in ICE

» |CE users can visualize and extract OECD functional use and predicted functional use via heatmaps in the ICE Chemical

Characterization tool (Figure 7).

OECD Functional Use By Substance

32 substances

Predicted Functional Use By Substance
19 substances

1-Dinitrophe... — | | [ (R
4L e | _ __ = B AR In ".n'ftr-s Ag :'F-'EE (R)
V-Butane-1,...~ - e - B B AR In Vivo Agonist
i L B EBoth Chemical Lists
AcetonE- 1 ] | INECH — |
a oT- == - B
o Ectenwalerate — _
i mo
@ s == |
Metadanyl — _
Metribuzin— -
PFrochilomns — _
achio... | =t
£ T 1 T T I T I I [ [ [ I T I T I I T T I [ T '.0_..:.
o A it e ™ i L o o i a 0, &= & o
k- - s ™ el . C ' o v & e o 20 b ’
B T
Chemical

DECD Functional Use Category

Predicted Functional Use Category Characterizati
aracterization

Figure 7: An example heatmap to visualize functional use categories within the ICE chemical characterization tool. Heatmap was generated using a query for two chemical
lists, including the AR In Vitro Agonist and AR In Vivo Agonist Chemical Quick Lists in ICE. Color of the cell corresponds with chemical list. Plot titles indicate the amount of

substances queried with a given type of use, as some chemicals may have predicted use only, OECD use only, or both OECD use and predicted use.
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Accessing Data

« Exposure predictions and functional use data can be downloaded directly through the ICE data sets page
(https://ice.ntp.niehs.nih.gov/DATASETDESCRIPTION).

Data Sets

|CE contains data sets curated for targeted toxicity endpoints by NICEATM, ICCVAM, and their partner organizations. ICE also contains other

ICE Data Sets

Acute Lethality

data sets that may be useful in evaluating or developing new approaches for assessing chemical safety.

The data available in ICE are described in detail under the corresponding ICE Data Sets section in the left sidebar. Each Data Sets page

Cancer contains information on the assays and their endpoints that make up the data set. Assays and chemicals included in each data set can be
selected to query data in Search or run workflows in Tools.
Cardiotoxicity
Data in ICE are mostly organized around toxicity endpoints of regulatory interest and assay type. ICE also includes a data set drawn from
DART : . . . o
cHTS data, and a data set of physicochemical parameters. The cHTS data set contains data from assays run by laboratories participating in
Endocrine the Tox21 Consortium (including ToxCast data). These data have been annotated based on their mechanistic target to simplify querying and
to allow linkage to other toxicity endpoints through modes of action.
Irritation-Corrosion
Alldata in ICE are publicly available with no restrictions on use.
Sensitization
ICE Data Inclusion Guidelines ~ Exposure Population-level exposure predictions from the EPA’'s SEEM3 maodel. + Download
cHTS + 479,584 Chemicals Learn maore. « Query (Search,
« 1Endpoint REST API)
Processing of ICE Data ~ » 479,584 Records »  Overlay (IVIVE)
Chemical Parameters
) ) . Curated Product Use Categories describing the types of products a chemical may be found ¢ Query (Search,
Exposure Predictions Single Chemicals and Mixtures ~ Categories in. Curated from EPA's CPDat and derived from manufacturers' REST API)
* 4896 Chemicals documents. Learn more.
Chemical Use Knowledge Organization of ICE Data ~ * 300 Product Use
Categories
+ 29,785 Records
—_— Chemical Functional Use Categories describing the role a chemical may play within a product. + Download

—_— Categories Derived from EPA's CPDat. OECD Functional Use data are harmonized s Query (Chemical
‘ + 194114 Chemicals to OECD categories; Predicted Functional Use data are in silico Characterization)
+ 37 Predicted Functional predictions. Learn more.
Data

Uses, 80 OECD Functional
Uses
* 262,473 Records

Figure 8: A screenshot of the ICE data sets page where users can download data and access descriptions of data sources and curation processes.

Future Additions: ClassyFire Chemical Taxonomies

« ClassyFire (Djoumbou et al. 2016) is an automated, structure-based, hierarchical chemical taxonomy created by the Wishart Research
group. It has up to 11 levels of classification with 4,285 classifications across all levels of the hierarchy.

* One potential use case for these classifications is to link certain chemical use categories within ICE to ClassyFire taxonomies, allowing
ICE users to identify chemical classes and structures that are most abundant in their chemical query.

» |dentifying chemical groups of interest can help focus follow-up investigations or aid in the selection of alternative chemicals.

 We conducted a case study of 100 chemicals with the OECD functional use of biocides to demonstrate a potential ClassyFire output
(Figure 9).
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Figure 9: ClassyFire results for 100 chemicals identified as biocides in ICE. A) A taxonomic tree for the Kingdom, SuperClass, and Class levels of the ClassyFire hierarchy.
B) The number of chemicals in each class for the “Class” level of the hierarchy.

Summary and Discussion

In our continuing efforts to provide high-confidence, high-quality toxicologically relevant data, we curated exposure predictions from
EPA's SEEM3 model and functional use data from EPA’'s CPDat.
« This includes exposure predictions for over 475,000 chemicals, OECD functional use categories for nearly 10,000 chemicals, and
predicted functional use data for approximately 192,000 chemicals.
« These new data are publicly available in ICE with releases v4.0 (March 2023) and v4.0.1 (August 2023). Data can be directly
downloaded from the ICE data sets page or visualized in the IVIVE and Chemical Characterization tools.
« With the inclusion of these data, users will be able to better explore how human populations may interact with chemicals and
potential levels of exposure.
 In future releases of ICE, ClassyFire chemical taxonomies will be incorporated to allow users to see how chemical structures can be
connected with different exposure scenarios and chemical use cases.
« The addition of exposure and use data into ICE facilitates the potential addition of new data sources, exposure models, and use types.
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