
 1 

Title 1 

High Throughput Risks and impacts of chemicals in consumer products 2 

Olivier Jolliet*a, Lei Huanga, Ping Houc, Peter Fantkeb, with contributions of Isaacs K. 3 

a Environmental Health Sciences, School of Public Health, University of Michigan, Ann 4 

Arbor, USA 5 

bQuantitative Sustainability Assessment, Department of Management Engineering, Technical 6 

University of Denmark, Diplomvej 371, 2800 Kgs. Lyngby, Denmark 7 

cSchool for Environment and Sustainability, University of Michigan, Ann Arbor, USA 8 

 9 

*Corresponding author: Tel.: +1 734 717 6734, fax: +1 734 936 7283. E-mail: 10 

ojolliet@umich.edu 11 

 12 

 13 

 14 

 15 

 16 

 17 

 18 

 19 

 20 

 21 

This paper has been prepared for the Harvard Center for Risk Analysis “Risk Assessment, 22 

Economic Evaluation, and Decisions” workshop, September 26-27 201923 



 2 

1. Introduction 24 

Chemicals are ubiquitously present in the thousands product we are using on a daily 25 

basis. It is estimated that approximately 30,000 to 80,000 different chemicals are commonly 26 

used, but good quality toxicity data is only available for a few thousands chemicals and the 27 

product-specific nature of exposure makes that many decisions are taken on hazard-based data 28 

only (xxx ref.). Among all chemical used in manufacturing, Wambaugh et al. (2014) shows 29 

that those found at the highest concentrations in serum and urine human biomonitoring data 30 

are associated with a chemical usage in consumer products, whereas chemicals only used in 31 

industrial processes or active ingredients in pesticides are associated with lower exposure 32 

levels. This stresses the needs for screening a broader sets of chemicals than the traditional 33 

well-studied suspect chemicals, accounting for both exposure and hazard and considering 34 

both chemical and product properties. 35 

 Recent developments in the assessment of near field exposures (Jolliet et al., 2015, 36 

Huang and Jolliet, 2015, Isaacs et al., 2014) have framed the field towards a consistent 37 

inclusion of product-chemical combination specific and near-field human health assessment 38 

for High Throughput Risk and Impact Assessment. Data are becoming increasingly available 39 

to assess chemical content in products (Philipps - functional prediction) and product usage 40 

using statistics (Isaacs et al., 2014), but with limitation on the exposure side, tacking shortcut 41 

or conservative assumption that do not account for the mass-balance nature of competing 42 

processes, such as volatilization and dermal uptake on skin surface. On the other hand, mass-43 

balance based models have been developed to tracks fate, transport, exposure and health 44 

effects associated with multiple chemical emissions and usage along the life cycles of 45 

products and services (Fantke et al., 2016, Csiszar et al, 2016 for high throughput screening of 46 

cosmetics), but with relatively limited data on chemical and product usage . This paper aims 47 

to combine stochastic estimates of chemical-product usage with product-chemical mass-48 

balance based exposure models to provide a high throughput assessment of risks associated 49 



 3 

with commonly used household products. More specifically, it aims to a) characterize the 50 

product usage and chemical content in household products, b) estimate multi-pathways near- 51 

and far-field exposures for thousands of chemical-product combinations c) assess and 52 

prioritize risk and impact using both exposures and latest toxicity data and high-throughput 53 

toxicity estimates. 54 

 55 

2. Methods 56 

2.1. Assessment framework 57 

High throughput quantitative exposure assessment will be performed according to the 58 

Product Intake Fraction (PiF) framework (Jolliet et al., 2015, Fantke et al., 2016), 59 

successively determining the amount of chemical applied in product per user and per day, the 60 

corresponding exposure in mg/kg/d and the associated risks, hazard quotient or impacts 61 

(Figure 1). This overall assessment framework is execetude according to the folowing 62 

stepwise procedure:  63 

a) Chemical used in product: Using product usage (Mp, in kgproduct/d) and chemical content 64 

(wf, in kgchemical/kgproduct) determined by SHED-HT (Isaacs et al, 2014), we first quantify the 65 

chemical mass (mp , in kgchemical/d) that enters a defined compartment of entry, i.e. the 66 

compartment into which or within which a chemical is first applied or used within the 67 

considered product (e.g. ‘skin surface’ for an ingredient in personal care product): 68 

𝑚𝑚𝑃𝑃 = 𝑀𝑀𝑃𝑃 × 𝑤𝑤𝑤𝑤  (1) 69 
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 70 

Figure 1. Schematic description of the assessment framework and impact pathways, 71 

from mass in product to risk and impacts, illustrated with the example of ethylbenzene in 72 

paint stripper. 73 

b) User and population exposure: Second, the framework captures the multi-74 

pathway fate and transport processes transferring chemicals to and between near- and far-field 75 

compartments, until finally reaching humans. Multimedia transfers are structured in a matrix 76 

of direct inter-compartmental transfer fractions (Fantke et al., 2016). By matrix inversion, we 77 

quantify cumulative multimedia transfer fractions and exposure pathway-specific product 78 

intake fractions defined as chemical mass taken in by humans per unit mass of chemical in a 79 
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product:  𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢,𝑥𝑥 = ∑ 𝐼𝐼𝑢𝑢,𝑒𝑒
consumer

𝑒𝑒∈𝑥𝑥 𝑚𝑚𝑃𝑃⁄ . Combining product intake fractions with chemical mass 80 

in the product and dividing by the number of users (Nu, in pers) and the user Body weight 81 

(BWu, in kgBW/pers) yields function-based intake doses for exposure route x (𝐷𝐷𝑢𝑢,𝑥𝑥, in 82 

mg/kgBW/d) as exposure estimates: 83 

 𝐷𝐷𝑢𝑢,𝑥𝑥 = 𝑚𝑚𝑃𝑃×𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢,𝑥𝑥
𝑁𝑁𝑢𝑢×𝐵𝐵𝐵𝐵𝑢𝑢

  (2) 84 

Exposure is calculated both for one person using the product, and for the average 85 

population, accounting for the SHEDS-HT predicted fraction of the population using this 86 

product per day. 87 

c) Risk and impact characterization: The third step is to assess and compare the 88 

risks and impacts associated with each of the chemical-product combinations, combining 89 

exposure with toxicity data. First carcinogenic risks (𝑅𝑅𝑢𝑢,𝑥𝑥, in probability of cancer for a 90 

lifetime exposure) are calculated by multiplying the exposure dose by a cancer slope factor 91 

for exposure route x (CSFx, in incidence/(mg/kgBw/d)): 92 

 𝑅𝑅𝑢𝑢,𝑥𝑥 = 𝐷𝐷𝑢𝑢,𝑥𝑥 × 𝐶𝐶𝐶𝐶𝑃𝑃𝑥𝑥 (3) 93 

This risk probability can then be compared to the acceptable lifetime risk limit of 10-6.  94 

Non Carcinogenic risks are characterized by comparing the dose with a reference safe dose 95 

(RfD, in mg/kgBW/d) and calculating the dimensionless hazard quotient as: 96 

𝐻𝐻𝐻𝐻𝑢𝑢,𝑥𝑥 = 𝐷𝐷𝑢𝑢,𝑥𝑥 𝑅𝑅𝑤𝑤𝐷𝐷𝑥𝑥⁄   (4) 97 

The hazard quotient should not be interpreted as a risk, but indicates potentially 98 

harmful chemicals that requires further scrutiny if exposure is higher than reference dose, i.e. 99 

if HQ>1.  100 

Based on similar points of departure, we also calculate the impacts expressed here in 101 

µDALY/pers/d, accounting for dose-response and severity factors as defined by the USEtox 102 

model (Rosenbaum et al., 2011, see section 2.4 below). Risk and impacts are first determined 103 
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for the product user and then extrapolated to an average risk per person for the entire 104 

population. 105 

 106 

The next sections of the method details the data and models used for each of these 107 

three main steps. 108 

 109 

2.2. Chemical used in product - the SHEDS-HT model 110 

For determining daily chemical usage by product user and for the general population, we used 111 

the SHEDS-HT model (Isaacs et al., 2014), an integrated probabilistic exposure model for 112 

prioritizing exposures to chemicals and run it for 9700 product-chemical combinations 113 

involving 1777 unique chemicals in 289 products, including arts and crafts, auto product, 114 

cleaning product, food contact product, home maintenance, home office, lawn and yard, other 115 

home product, personal care product and pesticides. Based on a 25,000 standard population, 116 

the SHEDS-HT model provided mean and distribution of amount of product use by user, 117 

chemical weight fraction, amount of chemical used by user, the number of users in this 118 

population and the average amounts of product and chemical used in the overall population, 119 

together with confidence intervals on each of these variables.  120 

 121 

2.3. User and population exposure 122 

To estimate product intake fractions, we first need to populate a multimedia transfer matrix 123 

with direct inter-compartmental transfer fractions. These direct transfer fractions characterize 124 

transfers from the chemical in product compartment of entry into which the chemical enter the 125 

near field environment (e.g. on an object surface for cleaning products or in article interior for 126 

a toy) to the neighboring compartments. Subsequent higher order transfers are obtained by 127 

matrix inversion (Fantke et al., 2016). Direct transfer fractions from the product to various 128 

near-field environmental, far-field environmental and human intake compartments are 129 
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calculated using a series of complementary underlying models. Depending on the product 130 

application and the compartment of entry in the near-field environment, a set of five main 131 

models was included into our framework for calculating direct transfer fractions, namely 132 

‘Direct emission’, ‘Article interior’, ‘Skin surface layer’, ‘Object surface’, and ‘Food contact 133 

material’. Table 1 summarizes the direct transfer fractions that are determined by each model 134 

and the respective exposure pathways. Each of these models is then parametrized adapting 135 

model parameters such as thickness of applied chemical on skin, surface applied, number of 136 

adult and children exposed, to the SHEDS-HT product subcategory. Since the USEtox multi-137 

media model is used to determine the far-field transfers, data availability on chemical 138 

properties from the USEtox database restricted the chemical-product with valid results from 139 

9700 to 5500 combinations. 140 
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Table 1. Selected underlying near-field exposure models with main direct transfer fractions from compartment of entry, exposure pathways, model 141 
mechanisms, key parameters, and example products covered. 142 
Model Compartment of 

entry and main 
transfers and 
compartments 
considered 

Direct exposure 
pathways 

Model mechanism Key parameters Product 
example 

Direct 
emission 

Emissions to near-
person, indoor, 
urban or continental 
air, to surface water, 
agricultural and 
natural soil, 
WWTP1 and STP2 

Inhalation and gaseous 
dermal uptake, ingestion 
pathways via drinking 
water, above ground 
produce, below ground 
produce, meat, milk and 
dairy products, and fish 

Direct transfer fraction is simply the chemical mass 
emitted to a certain compartment divided by the original 
mass in product and is calculated as the ratio of transfer 
rate constant to total removal rate, using the USEtox rate 
constant K matrix (Rosenbaum et al, 2008, Henderson et 
al., 2011) 

Half-lives and residence 
time in each 
environmental 
compartments. 
Bioaccumulation factors 

All chemical 
emissions to 
environmental 
compartments 

Article 
interior 
 

Transfers from 
chemicals in article 
interior to near-
person air or indoor 
air, to human 
epidermis via 
dermal contact, and 
to human GI tract 
via dust ingestion. 

Dermal contact with 
article surface, dust 
ingestion in addition to 
inhalation and gaseous 
dermal uptake 

Diffusion-limited (for e.g. VOCs) or partition-limited 
model (for e.g. SVOCs) for the transfer from article 
interior to indoor air. The diffusion-limited model 
accounts for the chemical’s internal diffusion inside the 
article via Fick’s 2nd Law, but does not need to account 
for the restricted long-term chemical’s sorption on other 
indoor surfaces, yielding a two exponential model 
applicable to mostVOCs (Huang and Jolliet 2016). The 
partition-limited model accounts for indoor sorption, but 
assumes the chemical is always evenly distributed inside 
the article since surface partitioning is limiting. The air is 
assumed in quasi steady state with the different surfaces. 
This yields a parsimonious two-compartment mass-
balance model for article and indoor surfaces applicable to 
most SVOCs, solved into a two exponential explicit 
equation using eigenvalues and eigenvectors . 

Diffusion coefficient 
inside the article Dm, 
solid material-air 
partition coefficient Kma, 
material-water partition 
coefficient Kmw, which 
are predicted by Huang 
and Jolliet, 2017, Huang 
and Jolliet, 2019a, Huang 
and Jolliet, 2019b, 
respectively. 

Chemicals 
encapsulated in 
article interior 
(e.g.,  building 
materials, 
furniture, toys, or 
arts and crafts) 

Skin-
surface 
layer 
 

Transfer from skin 
surface layer to 
near-person air, to 
human epidermis, 
and to WWTP1 

Direct dermal aqueous 
uptake in addition to 
inhalation and gaseous 
dermal uptake 

The model uses a three-compartment mass balance, whose 
compartments include skin, indoor air, and the product 
applied on the skin. The model assumes that volatilization 
and skin permeation are two competing loss processes for 
chemicals in the product applied on skin. (Ernstoff et al., 

Skin permeation 
coefficient via aqueous 
solution Kp_aq, total 
gaseous-skin permeation 
coefficient Kp_gas_total, 

Personal care 
products, hand 
dishwashing 
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Model Compartment of 
entry and main 
transfers and 
compartments 
considered 

Direct exposure 
pathways 

Model mechanism Key parameters Product 
example 

2016, Csiszar et al., 2017). The fraction remaining on the 
skin at the end of the exposure period is washed-off to 
Waste Water Treatment Plant  

which are calculated by 
the methods used by ten 
Berge (2009) as applied 
by Csiszar et al. (2017). 

Object 
surface 
 

Transfer from 
object surface to 
near-person air, and 
indoor air, and to 
human epidermis  

Dermal contact in 
addition to inhalation and 
gaseous dermal uptake 

The model is a simplified version of the model from 
Earnest and Corsi (2013), as developed by Wang et 
al. (2016), which uses a four-compartment mass 
balance, whose compartments include near-person 
surface, near-person air, far-person surface and far-
person air. In this model, a transfer rate constant 
between near-person surface and the rest of the 
surface (far-person surface) is used to simulate the 
movement of the person when cleaning surfaces. 

Air-water partition 
coefficient Kaw, which 
can be predicted directly 
by EPISuite (USEPA, 
2012), or can preferably 
be estimated from the 
ratio of chemicals vapor 
pressure and water 
solubility when these 
parameters are available. 

Surface cleaner 
detergents 

Food 
contact 
material 

Transfer from food 
packaging to food 

Dermal contact, food 
ingestion 

This screening-level model estimates the fraction of 
organic chemicals migrating from polymeric 
packaging materials into food matrices as a function 
of two main parameters, namely the diffusion 
coefficient within the packaging material and the 
packaging-food partition coefficient (Ernstoff 2017). 

Packaging-food partition 
coefficient Kpf, which is 
predicted by Huang and 
Jolliet, 2019b.  

Food packaging 

1Wastewater treatment plant, 2Solid waste treatment plant, 3Semi-volatile organic compounds. 143 
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2.4. Toxicity data, risk characterization and impacts. 144 

For cancer risks, cancer slope factors have been calculated based on the Carcinogenic 145 

Potency Database (CPDB) and its implementation for Life Cycle assessment in USEtox 146 

(Rosenbaum et al., 2011), starting from the lowest species-corrected harmonic mean of 147 

tumourigenic dose-rate for 50% of animals in a chronic, lifetime cancer test  (𝑇𝑇𝐷𝐷50𝑎𝑎,𝑥𝑥, 𝑃𝑃𝑖𝑖 𝑚𝑚𝑚𝑚
𝑘𝑘𝑚𝑚

/148 

𝑑𝑑): 149 

 𝐶𝐶𝐶𝐶𝑃𝑃𝑥𝑥 = 0.5×𝑓𝑓𝑎𝑎×𝑓𝑓𝑡𝑡
𝑇𝑇𝑇𝑇50𝑎𝑎,𝑥𝑥

, in 1/(mg/kg/d)  (5) 150 

where fa (dimensionless) is the extrapolation factor for interspecies differences 151 

(Rosenbaum et al., 2011, Table S3),  and ft (dimensionless) is the extrapolation factor for 152 

differences in time of exposure, i.e. a factor of 2 for subchronic to chronic exposure and a 153 

factor of 5 for subacute to chronic exposure (Huijbregts et al.,2005). Route specific harmonic 154 

mean were determined separately when available for both ingestion and inhalation. In case no 155 

data was available for a specific exposure route, a route-to-route extrapolation has been 156 

carried out, assuming equal slope factor between inhalation and ingestion route, and between 157 

dermal and ingestion route. Rosenbaum et al. (2011, SI section S3.2) indicates that cancer 158 

slope factors by inhalation might be underestimated, when a) the primary target site is 159 

specifically related to the route of entry (case of formaldehyde linked to nasal cancer) and b) 160 

when the expected fraction absorbed via inhalation is expected to be much higher than the 161 

fraction absorbed via ingestion with octanol-water partition coefficients  Kow smaller than 2.5 162 

10-2 or Kow larger than 1010. The slope factors for acrylonitrile, arsenic, benzene, benzidine, 163 

beryllium, 1,3 butadiene, cadmium, chromium VI and nickel by inhalation were directly taken 164 

from the human based data available via the IRIS database (http://www.epa.gov/iris/).  165 

For non-cancer risk characterization, Reference Doses (RfD) are determined starting 166 

from a point of departure and dividing them by the product of three uncertainty factors for 167 

animal to human extrapolation, inter-individual variability and uncertainty:  𝑅𝑅𝑤𝑤𝐷𝐷𝑥𝑥 = 𝑃𝑃𝑃𝑃𝑇𝑇𝑥𝑥
∏ 𝑈𝑈𝑃𝑃𝑖𝑖𝑖𝑖

. 168 

http://www.epa.gov/iris/
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The points of departure are in general NOAEL or LOAEL taken from IRIS or other regulatory 169 

oriented databases. We retained the RfDs used as training set by Wignall et al. (2018) for 170 

calculating the hazard quotients. When not available, we used the in silico conditional toxicity 171 

value (CTV) predictors for Reference doses and NOAELs from Wignall et al. (2018), for 172 

generating predicited quantitative reference Doses estimates for chemicals. Since the available 173 

training dataset is more complete for NOAELs than for RfDs, when the quality indicator was 174 

higher than 3 for RfDs, we approximated the RfDs using the in silico NOAELs and applying 175 

an uncertainty factor of a thousands. 176 

In addition to the risk oriented charcaterization, we also calculated comparable impacts 177 

scores for both cancer and non-cancer, using the USEtox dose-response factors (DRFs, in 178 

incidence/kgintake) and severity factors (SF, in DALY/incidence). The cumulative impact for 179 

a given effect e (𝐼𝐼𝐶𝐶𝑒𝑒 , in DALY/d for cancer or non cancer effect e) via exposure route x is 180 

given by: 181 

 𝐼𝐼𝐶𝐶𝑒𝑒 = 𝑚𝑚𝑝𝑝 × ∑ �𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢,𝑥𝑥 × 𝐷𝐷𝑅𝑅𝑃𝑃𝑥𝑥,𝑒𝑒 × 𝐶𝐶𝑃𝑃𝑥𝑥,𝑒𝑒�𝑢𝑢,𝑥𝑥  (6) 182 

For cancer effects, the DRFs are taken from the USEtox database as described by 183 

Rosenbaum et al.,(2011): 𝐷𝐷𝑅𝑅𝑃𝑃𝑐𝑐𝑎𝑎𝑐𝑐𝑐𝑐𝑒𝑒𝑐𝑐,𝑥𝑥 = 0.5×𝑓𝑓𝑎𝑎×𝑓𝑓𝑡𝑡×106

𝑇𝑇𝑇𝑇50𝑎𝑎,𝑥𝑥×𝑁𝑁𝑑𝑑×𝐵𝐵𝐵𝐵×𝐿𝐿𝑇𝑇
 where BW is the average body 184 

weight of humans (70 kg), LT is the average lifetime of humans (70 years), Nd the number of 185 

days per year (365.25 d/year). An average cancer severity factor of 11.5 DALY/incidence 186 

(Huijbregst et al., 2005) is taken as average over all cancer types. 187 

For non-cancer effects, the DRFs are also taken from the USEtox database as 188 

described by Rosenbaum et al.,(2011): 𝐷𝐷𝑅𝑅𝑃𝑃𝑐𝑐𝑛𝑛𝑐𝑐 𝑐𝑐𝑎𝑎𝑐𝑐𝑐𝑐𝑒𝑒𝑐𝑐,𝑥𝑥 = 0.5×𝑓𝑓𝑎𝑎×𝑓𝑓𝑡𝑡×106

𝑇𝑇𝑇𝑇50𝑎𝑎,𝑥𝑥×𝑁𝑁𝑑𝑑×𝐵𝐵𝐵𝐵×𝐿𝐿𝑇𝑇
 where 𝑇𝑇𝐷𝐷50𝑎𝑎,𝑥𝑥 is 189 

extrapolated either from NOAEL (𝑇𝑇𝐷𝐷50𝑎𝑎,𝑥𝑥 = 9 × 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁, 𝑃𝑃𝑖𝑖 𝑚𝑚𝑚𝑚/𝑘𝑘𝑚𝑚/𝑑𝑑)  or from LOAEL 190 

(𝑇𝑇𝐷𝐷50𝑎𝑎,𝑥𝑥 = 2.25 × 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁, 𝑃𝑃𝑖𝑖 𝑚𝑚𝑚𝑚/𝑘𝑘𝑚𝑚/𝑑𝑑). An average cancer severity factor of 2.7 191 

DALY/incidence (Huijbregst et al., 2005) is taken as average over all non-cancer types. 192 
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3. Results and discussion 193 

3.1. Chemical and product usage 194 

The stochastic calculations from SHEDS-HT provides for 9700 product combinations 195 

and the total amount of product used per day is calculated as the multiplication of three 196 

stochastic variables: the amount of product used per day by a user, the chemical of content or 197 

weight fraction in the product and the fraction of the population using this product for 198 

calculating an average daily chemical usage at population level. Taking the example of 199 

ethylbenzene used in a paint stripper, a user will apply 1.42 kgpaint stripper/user/d, which contains 200 

an average value of 0.107 kgethylbenzene/ kgpaint stripper, thus a usage of 0.152 kgethylbenzene in paint 201 

stripper/user/d. Considering that on a given day only 45 person out of 25,000 are using this 202 

product, this corresponds to an average chemical usage of 0.00024 kgethylbenzene in paint 203 

stripper/pers/d. Figure 2a shows the fraction of users, i.e fraction of the population using a given 204 

product-chemical combination per day. It varies from close to 1 (everybody using it on a daily 205 

basis)  for several cosmetics and cleaning products, down to 1 user out of 25,000 for some 206 

home maintenance products that tend to be used by a smaller fraction of the population 207 

compared to other usage. In the following sections, we will first focus on the exposure to the 208 

user and the other member of the household. The fraction of the population from figure 1b 209 

will be then used in the final evaluation step of section to move from users to population 210 

average exposure and impacts. 211 

 Figure 2b illustrates the variability in chemical usage across users. The amount of 212 

chemical used per user per day for a given product-chemical application vary by more than 213 

five orders of magnitude, from mg to kg, across all application, the highest quantities used per 214 

user being observed for home maintenance. 215 

  216 
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a) Fraction of product-chemical users in overall population 217 
 218 

 219 
b) Chemical usage 220 

 221 
c) Product intake Fraction (PiF) 222 

 223 
d) exposure doses and comparison with Reference Doses 224 

 225 
e) Impact per user per day 226 

       227 
Figure 2. Fraction of users (a), chemical and product usage (b), product intake fractions (c), 228 
exposure doses and risk characterization (d), and human health impacts (e) on the product 229 
user, for multiple product-chemicals combinations of the 20 chemicals generating the highest 230 
cumulative impacts at population level. 231 
 232 
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3.2. Product intake fraction and exposures 233 

PiFs: Applying the USEtox-based near-field model for each of the product-combination 234 

yields the Product Intake Fraction (PiF). In the case of ethylbenzene in paint stripper, the total 235 

PiF for the adult users amounts to 0.0014 kgintake/kgethylbenzene in paint stripper, mostly dominated by 236 

inhalation. This means that for 1 g of ethylbenzene used in product, 1.4 mg is taken in by the 237 

user. Figure 2c shows that user PiFs typically vary by a factor 1000 between the various 238 

product considered, ranging from 1/1000 for many home maintenance products up to close to 239 

1 for personal care products. Population exposure outside of the household remains minimal 240 

on the order of 1 ppm to 10 ppm. 241 

User exposure doses: Multiplying the amount of chemical used per day by the PiF and 242 

dividing the intake by the body mass of 80 kg of the 2 adult users, we obtain for ethylbenzene 243 

an exposure dose of 1.34 mg/kg/d for the user adult, much higher than the exposure dose for 244 

the background population of 5∙10-6 mg/kg/d, due to a low PiF of 1.7ppm. Figure 2d shows 245 

that depending on the considered product-chemical combination, exposure doses vary by 246 

more than 4 orders of magnitude, from 1 to a few thousands mg/kg/d for a user using the 247 

product, with especially high doses for home maintenance products. 248 

3.3 Risk characterization 249 

Risk characterization for user: Taking the example of ethylbenzene (Fig.1), the user dose of 250 

1.34 mg/kg/d is multiplied by a cancer slope factor of 4.8∙10-2 [1/(mg/kg/d)] to yield a 251 

relatively high risk of 6∙10-2. Figure 3 presents the resulting risks of cancer for a lifetime use 252 

of each product-chemical combination. Risks are shown as diagonal lines, representing for 253 

each considered product-chemical combination the cancer slope factors as a function of the 254 

corresponding exposure doses. It shows that for multiple product, continuous exposures to 255 

these chemicals in product can potentially conduct to high cancer risks, exceeding 10-2 over 256 

lifetime, especially for inhalation and dermal exposures.  257 
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For non-cancer characterization, taking the example of ethylbenzene (Fig.1), the user dose of 258 

1.34 mg/kg/d is divided by a Reference Dose of 0.1 mk/kg/d, yieldin a higher than 1 Hazard 259 

Quotient of 13. Figure 4 presents by analogy the non-cancer hazard quotients in diagonal line, 260 

expressed as the product of the same exposure doses on the axis, by the inverse of the 261 

reference doses on the y-axis. We also find multiple combination with hazard quotients higher 262 

than 1 and with combination that lead to hazard quotients higher than 100 for user exposures. 263 

This high-throughput analysis indicates that exposure to chemicals in products might lead to 264 

high exposure for regular product users for multiple product-chemical combinations and 265 

enable us to identify chemical combinations inducing substantial risks and that deserve further 266 

scrutiny. At the same time absolute user risks must be taken with care, since for chemical with 267 

low usage at population level, it is unlikely that these products will be used on a daily basis 268 

over lifetime, apart from professional usage of e.g. paint strippers.  Also most dermal effect 269 

data are extrapolated from ingestion toxicity data and might overestimate real exposures 270 

 271 

 272 

Figure 3. User cancer risks due to chemical exposures represented as diagonal lines (equi-273 

cancer risks of 10-2 to 10-6), determined as the product of exposure dose for inhalation, 274 

ingestion and dermal exposure of the adult user on the x-axis, multiplied by the Cancer Slope 275 

Factor.  276 
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 277 

Figure 4. Hazard quotient represented as diagonal lines determined as the product of exposure 278 

dose for inhalation, ingestion and dermal exposure of the adult user on the x-axis, multiplied 279 

by the inverse of reference doses. 280 

Risk characterization at population level: Considering that only 45 persons are using 281 

ethylenebenzene in paint stripper out of the total considered population of 25,000, cancer risks 282 

are reduced at population level to 1∙10-4, which is still a relevant risk for an entire population. 283 

Since there are large variations in product usage and penetration in the population (Fig.2), 284 

figure 4 analyses how the user cancer risks translates at population level as a function of the 285 

fraction of user using this products. It shows that the higher population risks are found for 286 

chemical usage in personal care products and in a lesser extent to cleaning product, due to the 287 

combination of intermediate chemical usage, high PiFs, and broad usage of these products in 288 

the population (right upper corner of figure 4). The highest individual risks to the user tend to 289 

correspond to rarer product usages, that shows lower risks at population level (left upper 290 

corner of the figure). For non-cancer, the hazard quotient at population level associated with 291 

benzene in paint stripper becomes lower than 1, at a value of 13∙45/25,000 = 0.02 due the the 292 

relatively small fraction of users in the population. 293 
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 294 

Figure 5. Population cancer risks (based on user exposure) represented as diagonal lines (equi-295 

cancer risks of 10-2 to 10-6), determined as the product of fraction of population using the 296 

product-chemical combination, multiplied by the user cancer risk associated with chemicals in 297 

household products. 298 

3.3 Impact characterization 299 

Impacts on users: Since exposure duration of users is not very well-defined over lifetime, the 300 

impact oriented approach of Eq. 6 might be more adapted to look at impacts of single daily 301 

usage, enabling a first comparison between cancer and non-cancer impacts. For ethylbenzene, 302 

the dose of 1.34 mg/kg/d is multiplied by a dose-response factor of 0.024 cancer case/kg 303 

intake,a body weight of 80 kg and an average cancer severity factor of 11.5 (fig.1) to yield a 304 

daily damage by cancer of 29.1 µDALY/user/d. Adding a non-cancer impact of 0.5 305 

µDALY/user/d yield an overall user impact of 29.6 µDALY/user/d and an average population 306 

impact of 0.05 µDALY/pers/d. Since there is 31.5 million seconds in a year, a µDALY could 307 

be interpreted as 31.5 second  or 0.53 minutes of healthy life lost per day. 308 

Figure 1e) shows the product-chemical combination with the highest impacts on users, 309 

expressing the impacts in µDALY/user/d. First, for a given chemical, impacts vary by more 310 

than three orders of magnitude depending on the product usage, emphasizing the importance 311 

to look at both chemical and product usage and properties. Second, if some of the usual 312 

suspect chemicals such as formaldehyde or 1,4 dichlorobenzene, ethylbenzene or toluene were 313 
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expected among the highest impacting chemical-product combinations, this high throughput 314 

screening suggests that other broadly used chemicals such as triethanolamine, hydroquinone 315 

or D-lemonene could lead to substantial risks at user level and needs further scrutiny. Third, 316 

though high throughput screening tools are primarily designed for relative comparison, 317 

analyzing the order of magnitude of the impacts is nevertheless of interest. Impacts of 318 

chemical-product combinations range here from 0.1 up to 100 µDALY/user/d or 50 minutes 319 

of healthy life potentially lost per day. This is in the same range as other risks factor from the 320 

global burden of disease such as nutrition risk (35 minutes of life lost per serving of processed 321 

meat (Stylianou et al., 2016, 2019) or physical exercise. 322 

Health impacts at population level: multiplying impact per user per day by the fraction of 323 

the population using the product-chemical combination and summing up over all product- 324 

combinations of a given chemical yields the cumulative impacts at population level associated 325 

with the consumer use of that chemical (Figure 6). This figure shows the cumulative impacts 326 

of the 20 highest chemicals per main product type. The highest impacts are associated here 327 

with triethanolamine, due to carcinogenic effect since triethanolamine is found with positive 328 

cancer responses in mouse in the carcinogenic potency database (CPDB, 2019). Further 329 

investigation is however needed since this chemical is considered as not classifiable as to its 330 

carcinogenicity to humans by IARC (Group 3). 331 

 332 
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 333 

Figure 6. Cumulative population impacts on human health associated with chemicals in 334 

household products, differentiated by type of household product, for the 20 chemicals with 335 

highest impacts. 336 

 337 

4. Conclusion 338 

This high throughput screening of risks and impacts associated with chemicals in consumer 339 

products enables the identification of the product-combinations with highest impacts to 340 

further scrutinize in priority. It demonstrates large variations in impact between both 341 

chemicals and product combinations, consumer products being responsible for high exposure 342 

and risks for user and thus for the general population. It also show that exposure based on 343 

hazard only would neglect orders of magnitude variations in both product usage and exposure 344 

that need to be quantified. The good news is that present mass-balance based models are 345 

already able to provide exposure estimates for both users and populations. 346 

 347 

Results show that both individual and population exposures need to be considered when 348 

prioritizing chemicals. Prioritization mostly based on biomarker levels in the population 349 
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(Wambaugh et al., 2014, Ring et al., 2019) might neglect substantial exposure of individuals 350 

using certain products only use by a small fraction of the population, which are unlikely to 351 

show as important when sampling the general population.  352 

 353 

Further assessment is required for evaluating the impacts of chemicals with the highest user 354 

and population impact as was presented in figures 1 and 6, analyzing in depth each steps of 355 

the impact pathway form product usage up to exposures and toxicity data. Further research is 356 

also needed for several pathways, in particular for dermal and gaseous dermal exposures to 357 

chemicals in consumer products. 358 

 359 

 The translation of all impact in µDALY/user/d and minutes of healthy life lost per day also 360 

opens the possibility to compare impacts of chemicals in consumer products with other types 361 

of risks associated with e.g. nutrition (Stylianou et al., 2016) or physical activity towards an 362 

exposome-based approach. 363 
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