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Background: Chemicals in consumer products are a major contributor to human Consumer Product Purchase Data: The U.S. EPA established a material transfer agreement in 2013 with The Nielsen Figure 1. Data processing Unmapped Data Direct Match
chemical co-exposures. Consumers purchase and use a wide variety of products Company (US), LLC, to obtain consumer product purchasing (CPP) data for household products purchased during the year of pipeline for frequent itemset Jres e Jpes 20,880 iy
containing potentially thousands of chemicals. There is a need to identify potential real- 2012. Individuals used hand-held scanners to catalog products purchased. The data included limited demographic and mining of chemicals in consumer ~

Purchases: 2,499,829 Mapped Data

world chemical co-exposures to prioritize in vitro toxicity screening. However, due to the product information (including Universal Product Code, UPC, and product name). Product categories included personal care purchasing. Consumer products. 31,585
House%

FUIZV Match | «——— uec mapping CPDat

Compliance: 12 or more total
purchases by household over 1 year

vast number of potential chemical combinations, this has been a major challenge. products and household care products. purchasing data was obtained
from Nielsen, mapped with a

Consumer Product Ingredient Data: Data on chemicals in specific consumer products were obtained from the most recent database linking chemicals to Non-compliant | Puchases: 235560 Compliant
version of the EPA’s Chemical and Products Database (CPDat) (Dionisio et al. 2018). The CPDat ingredient data were obtained products (CPDat), integrated Households | - chemicals jorsios): 73] Households

. . . \ . . . . ! Households: 53,525 Aggregate purchases by FUse
via collection and curation of one of three types of data documents: public safety data sheets (SDS), ingredient lists, and with chemical functional use < month and incorporate

functional uses Chemicals: 14,272

manufacturer ingredient disclosures. Chemical identifiers were harmonized to unique substance identifiers using EPA CompTox information, and purchases L Functional Uses: 137
Chemicals Dashboard (comptox.epa.gov/dashboard). These data were merged with the purchasing data using direct UPC were aggregated by month to T mctions! e 30 | Chemicals Introduced to

matching and fuzzy matching to product names. focus on chemical co-exposure. Chemicals with known Use: 523 |  Individual Households

For analysis, chemicals were +——— Chemicals of Interest TSCA

limited to a broad set (TSCA) chemicas: 554 [ grong C‘hemTcaIs Chemicals: 6,405
and a smaller pathway-based

case study (endocrine active

chemicals).

Objectives: To develop a data-driven procedure for identifying prevalent chemical
combinations that humans are exposed through purchase and use of consumer products.
Methods: We applied frequent itemset mining on an integrated dataset linking
consumer product chemical ingredient data with product purchasing data from 60,000
households to identify chemical combinations resulting from co-use of consumer
products.

Results: We identified co-occurrence patterns of chemicals over all households as well
as those specific to demographic groups. We also identified chemicals exhibiting Frequent Itemset Mining (FIM): The merged purchasing and ingredient data were mined to obtain prevalent chemical
aggregate exposure. Lastly, a case study of endocrine active chemicals revealed priority combinations introduced to individual homes. A presence-absence matrix was created where a row corresponds to all the
cI‘]em|ca|_ comb|nat|on_s co-targeting recepFors mvolv_ed in biological 5|gnalln_g pathways. purchases made by a single household in a single month and has a value of 1 for all chemicals that were in the products and 0
Discussion: Integration and comprehensive analysis of household purchasing data and for those not. The Equivalence Class Transformation (Eclat) algorithm (implemented in R with the arules package) was applied

product-chemical information provided a means to assess human near-field exposure to this matrix to identify the most prevalent chemicals and chemical sets. N ’ COMPARA
and inform selection of sets of chemicals for high-throughput screening in in vitro e EACs e 151
assays. Chemical Analyzed: The data were limited to the active public chemical inventory of the Toxic Substances Control Act (TSCA),

Abbreviations: CPDat (Consumer Products Database; Dionisio et al. 2018), UPC (Universal Product Code),

obtained from EPA’s CompTox Chemicals Dashboard (US EPA 2020) to eliminate ingredients of limited interest (e.g., water). As _ it : :

a more focused pathway-based case study, a set of potential endocrine active chemicals was analyzed. The chemicals were EESRi(;,LQ%gﬁigf;igztz’siggﬁsg f;'p%g:;i’t:ﬁf grézc:’;'t?of%ﬁi}ggﬁﬁg’gﬂ :;C;’l %%%?%gﬁgﬂ;ﬁ A
identified using results from the Collaborative Estrogen Receptor Activity Prediction Project (CERAPP) (Mansouri et al. 2016) (Collaborative Modelling Project for Androgen Receptor Activity: Mansouri et al. 2020)', EACs (Endocrine
and the Collaborative Modeling Project for Androgen Receptor Activity (COMPARA) (Mansouri et al. 2020). active chemicals; determined by in silico models)

CERAPP

+—— (Case Study Chemicals  gg pgsitive: 1,142
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Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-, 0 . . i i
{ Y | Poly(oxy yD), -alp ga.-nydroxy Education 0000 O0O0O0/0 0 O 0 0 0 0 0 O {limonene | propylparaben} 5 Etbucesion Conclusions
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1 - emale .

1| 0 {propylparaben | fd&c blue no. 1} T It is possible to prioritize chemical combinations, using

0 {limonene | fd&c blue no. 1} with Function approaches like FIM, to greatly reduce the potential number of
' <1> in vitro tests that are needed.
o liciohenyl oxide | inalool m: Varlogs d_emographlcs are exposed t_o ;ertaln cheml_cal_s (and _
. combinations) at different rates. This is also true within certain
0 {2-hydroxy-4-methoxybenzophenone | propylparaben | benzophenone} mh;:::;:fm; product categories.
.{dl-tocopherol mixture | phytonadione} 0 EACs are present in commonly purchased consumer products,

! which are used in households with a level of consistency that

-1 {decamethylcyclopentasiloxane | propylparaben} 2 . i
| B make them an important factor to consider for hazard or

2 {2-hydroxy-4-methoxybenzophenone | methylparaben | ethylparaben | benzophenone} t oxicity assessment

o

C10-16-alkyl ethers, sodium salts | 1,2-Propylene glycol}
{Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-, C10-16-alkyl ethers, sodium salts | Ethanol | 1,2-Propylene Female Age 1lo0l-1l0

glycol}
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10 0 O 1 -2 2 0 {limonene | propylparaben | fd&c blue no. 1}

{Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | 1,2-Propylene glycol} 0

0
0
{Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | Ethanol | 1,2-Propylene glycol} Number of Chemicals . | i | | 0 | 0]0]0 | 0 0 | -2
0
0
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-1 {Ethanol | Sodium dodecyl sulfate} | | |
. 2 0 1 2 BN -7 |-
{Sodium dodecyl sulfate | Glycerol} I I ]

{Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-, C10-16-alkyl ethers, sodium salts | 1,2-Propylene glycol} . ; I

110 -1-1,0 0

Ethanol | 1,2-Propyl lycol ' [ 4]
{Ethanol | ropylene glycol} 1.1 0

0 -{Ethanol | Glycerol}

0 -2 -2 {Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-, C10-16-alkyl ethers, sodium salts | Ethanol}

2 {2-hydroxy-4-methoxybenzophenone | propylparaben | methylparaben | ethylparaben | benzophenone} . There is an observed overlap in preva|ent itemsets with
1 {decamethylcyclopentasiloxane | 2-hydroxy-4-methoxybenzophenone | benzophenone} previous studies looking at chemical sets in consumer
' products and human urine.

{Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-, ' 1 {decamethylcyclopentasiloxane | linalool}

C10-16-alkyl ethers, sodium salts | Ethanol}
{Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-,

1 {diazolidinyl urea | propylparaben
C10-16-alkyl ethers, sodium salts} { Y | propylp } Future Work

-1 {1-cedr-8-en-9-ylethanone | decamethylcyclopentasiloxane} « Great efforts were made to obtain the product purchasing
information and chemical ingredient data for consumer
products, but the more this work is continued, the more
informative the results will be.
-3 {linalool | 2-phenylethanol} - Improve methods and strategies for determining chemicals
1 {1-cedr-8-en-9-ylethanone | propylparaben} present in consumer products.
| Improve population sampling to have more diversity.
Include product purchases from a wider set of retailers
(specialty stores, convenience stores, etc.) to expand
chemical universe.
Select itemsets for targeted in vitro testing
« Top broad itemsets occurring in all households
« Top EAC sets utilizing endocrine-specific assays

o

-2 {Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | Ethanol}

{Propane | Isobutane} 1 l{2-hydroxy-4-melhoxybenzophenone | linalool | benzophenone}

3 {linalool | limonene}
{Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | C10-16-Alkyldimethylamines oxides} —

{Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-, C10-16-alkyl ethers, sodium salts | C10-16-Alkyldimethylamines

oxides}
{Sulfuric acid, mono-C10-16-alkyl esters, sodium salts | Poly(oxy-1,2-ethanediyl), .alpha.-sulfo-.omega.-hydroxy-,

C10-16-alkyl ethers, sodium salts | C10-16-Alkyldimethylamines oxides}
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Chemical names are preferred names per the
EPA CompTox Chemicals Dashboard
(https://comptox.epa.gov/dashboard)
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