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Abstract

In the real world, individuals are exposed to chemicals from sources that vary over space

and time. However, traditional risk assessments based on in vivo animal studies typically use

a chemical-by-chemical approach and apical disease endpoints. New approach methodologies
(NAMs) in toxicology, such as in vitro high-throughput (HTS) assays generated in Tox21 and
ToxCast, can more readily provide mechanistic chemical hazard information for chemicals with
no existing data than in vivo methods. In this paper, we establish a workflow to assess the joint
action of 41 modeled ambient chemical exposures in the air from the USA-wide National Air
Toxics Assessment by integrating human exposures with hazard data from curated HTS (cHTS)
assays to identify counties where exposure to the local chemical mixture may perturb a common
biological target. We exemplify this proof-of-concept using CYP1A1 mRNA up-regulation. We
first estimate internal exposure and then convert the inhaled concentration to a steady state
plasma concentration using physiologically based toxicokinetic modeling parameterized with
county-specific information on ages and body weights. We then use the estimated blood plasma
concentration and the concentration-response curve from the in vitro cHTS assay to determine the
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chemical-specific effects of the mixture components. Three mixture modeling methods were used
to estimate the joint effect from exposure to the chemical mixture on the activity levels, which

were geospatially mapped. Finally, a Monte Carlo uncertainty analysis was performed to quantify
the influence of each parameter on the combined effects. This workflow demonstrates how NAMs

Page 2

can be used to predict early-stage biological perturbations that can lead to adverse health outcomes

that result from exposure to chemical mixtures. As a result, this work will advance mixture risk

assessment and other early events in the effects of chemicals.
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1. Introduction

Modern environments contain diverse and heterogeneously distributed toxicants resulting

in localized and unique exposures to complex mixtures for individuals. To characterize

the human health risk from such chemical exposures, an assessment requires information

on the potential for the chemical to cause an adverse effect (i.e., hazard), the degree of

response at differing exposure levels (i.e., concentration-response), and the concentration of
a chemical that an individual experiences (i.e., exposure) (National Research Council, 1983).
Characterizing risk from environmental mixtures of chemicals is particularly challenging

because hazard, concentration-response, and exposure data are required for all relevant

chemicals, and challenges integrating data across chemicals limit their use in human health

risk assessment.
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Many environmental chemicals lack traditional chemical hazard information due to the
time-consuming nature of in vivo animal studies (Judson et al., 2009). The introduction

and use of new approach methodologies (NAMs) for toxicology fill this data gap in

hazard assessment using in vitro, in silico, and chemoinformatic methods to rapidly inform
chemical hazard characterization (Kavlock et al., 2018; Zavala et al., 2020). Specifically,

in vitro high-throughput screening (HTS) assays have been used to generate concentration-
response information for >10 K chemicals and ~ 3000 different assay endpoints that inform
on a variety of biochemical and pathway targets, including nuclear receptors, cytotoxicity,
cell stress, etc. (Krewski et al., 2009; Richard et al., 2016; Sipes et al., 2017). This
information has been used to prioritize chemicals for risk assessment and link chemical
exposures to perturbations in biological pathways (e.g., Auerbach et al., 2016; Judson et al.,
2015; Judson et al., 2011; Kleinstreuer et al., 2017). More recently, NAMs have also been
used to estimate the risk of environmental exposures, such as environmental water samples
(Escher et al., 2018; Neale et al., 2020; Wambaugh et al., 2019). However, contextualizing
NAM-based chemical hazard characterization with environmentally relevant concentrations
and placing that information into a human-relevant biological context remains a challenge.

Another data gap is the accurate determination of human exposure to multiple chemicals
from environmental sources such as ambient air. Advancements in methods used

to determine human exposure to environmental chemicals include biomonitoring and
environmental modeling techniques such as land-use regression and geostatistical models
(Dennis et al., 2017; Katzfuss, 2017; Katzfuss et al., 2020; Messier et al., 2014), mechanistic
chemical transport and dispersion models (Appel et al., 2021), and hybrid mechanistic

and geostatistical models (Cleland et al., 2020; Messier and Katzfuss, 2021; Wang et

al., 2016). Additionally, exposure models have been used to estimate simple exposure
heuristics of near-field (i.e., personal and consumable product) and far-field (i.e., ambient
environment) chemical sources (Wambaugh et al., 2014) and can estimate exposure and
internal concentration by chemical class and real-world demographic characteristics (e.g.,
age, sex). While NAMs and simulation-based fate and transport models have been useful for
prioritizing chemicals with high exposure and high potency, they have not yet considered
the geospatial and temporal distributions of chemicals that contribute to the population
variability among human exposures. For example, work by Ring et al. (2017) and Ring et
al. (2019) uses HTS hazards and estimated exposure to prioritize the risk of environmental
chemicals, however, this has only been completed at the USA level.

Traditional risk assessments are typically completed on a chemical-by-chemical basis (Fay
et al., 2018; Hsieh et al., 2021). Therefore, the true impact of chemicals may be greater than
predicted by even the most conservative of individual chemical risk assessments due to the
potential for additive or synergistic effects (Kortenkamp and Faust, 2018). Chemicals that
are individually below toxicity thresholds, such as the No-Observed-Adverse-Effect-Level
(NOAEL), and exert a common effect, have been shown to additively combine to harmful
levels (Kortenkamp et al., 2007; Kortenkamp and Faust, 2018).

Several frameworks have been proposed to address these data and knowledge gaps in
environmental health research, including the exposome and eco-exposome. The exposomics
field broadly seeks to estimate the totality of chemical and non-chemical exposures
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over a lifetime (Miller and Jones, 2014; Vermeulen et al., 2020; Wild, 2005). However,
individual variability in chemical exposure and responses due to chemical toxicokinetics,
analytical methods for detecting complex mixtures of exogenous chemicals and endogenous
metabolites, and attributing complex spatial and temporal distributions of chemicals to
individual biological measurements still limit the field of exposomics (Escher et al., 2020c;
Scholz et al., 2022; Zhu et al., 2021). The eco-exposome framework uses a holistic
approach to link environmental chemical sources to an adverse outcome utilizing the
existing Aggregate Exposure Pathway (AEP; Tan et al., 2018; Teeguarden et al., 2016)

and Adverse Outcome Pathway (AOP; Ankley et al., 2010) frameworks to provide a
modular pathway-based method for tracking chemicals from source through exposure
through a biological mechanism to an adverse outcome (Hines et al., 2018; Scholz et

al., 2022; Tan et al., 2018). The AEP framework quantifies the events that make up the

fate and transport process of environmental chemicals through different media and, when
appropriate, chemical transformations that occur in the environment. The framework also
addresses the events in the exposure of the individual and the processes of adsorption,
distribution, metabolism, and excretion that determine the relationship between the external
dose and internal concentration of a chemical (or its active metabolites). These internal
concentrations are referred to as the Target Site Exposures (TSEs) and are defined as the
relevant exposures for a specific Molecular Initiating Event (MIE) (Teeguarden et al., 2016).
The AOP framework defines an AOP as the set of events that relate TSEs to MIEs and
ultimately to an adverse outcome through a cascade of pathway-specific biological key
events that occur at multiple levels of biological organization (Ankley et al., 2010). Multiple
AOPs with common events, MIEs, or adverse outcomes can be combined to form AOP
networks (Villeneuve et al., 2018). The combination of an AOP network linking one or more
MIEs to an adverse outcome with the AEP generated TSEs provide a tractable approach

to comprehensively track and quantify the combined effects of multiple chemicals over the
source-exposure-outcome continuum (Hines et al., 2019; Price et al., 2020; Scholz et al.,
2022).

The objective of this research is to demonstrate a workflow for characterizing the
geospatial risk of perturbing molecular targets that are implicated in adverse human health
outcomes based on exposure to spatially explicit chemical mixtures. The combined AEP-
AORP is linked to geospatially referenced estimates of exposures to multiple chemicals
from environmental sources with chemical-specific hazard information, e.g., from HTS
assays, providing a mechanism-based approach for assessing geospatial variation in risk
from real-world exposures to chemical mixtures. Using a geospatially resolved AEP-AOP
framework can further enrich what is known about localized chemical exposure, support
the development of AEPs, and provide a method for including environmentally relevant
chemical exposures that can be connected to AOPs. Further, as HTS assays can inform on
MIE and other key biological events within an AOP, a bottom-up approach using exposure
concentrations of environmentally relevant chemical mixtures known to act on shared
molecular targets can provide the opportunity to better understand mechanisms of disease
progression (Fay et al., 2018; Kleinstreuer et al., 2016). By focusing on the combined
chemical exposures' effects on early events in AEP-AOP networks (as measured by HTS
assays), the approach used in this paper will provide information on the mechanisms of
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chemical interactions that can inform on combined risk. The toxicological response assessed
is a perturbation of a molecular target that is an early event in AEP-AOP networks.

2. Methods

2.1. Overview of workflow

2.2. Data

Here we provide a general overview of the workflow that integrates a set of modeled
environmental chemical exposure data with cHTS assay data to identify chemicals that
co-occur in the environment and perturb the same molecular target. Fig. 1 supplements this
general overview by linking equations and specific details of the proof-of-concept example
found in the methods. First, we selected the cHTS assay that informs on the molecular
target of interest and determined the overlap between the chemicals that activate the assay
and the external concentration data (e.g., geospatial models and personal monitoring data).
We then estimate the internal concentration for each of the identified chemicals based on
the external concentration using the corresponding equation appropriate for the route of
exposure from the EPA Exposure Factors Handbook (U.S. EPA, 2011). Then, we convert
these internal concentrations to an equivalent steady-state plasma concentrations in adults
using the physiologically based toxicokinetic (PBTK) modeling in /Aftk (Breen et al., 2021;
Pearce et al., 2017a). This modeling u ses county-specific demographic information (i.e., age
and obesity status) to estimate the variation in physiological characteristics that influence
the toxicokinetic model parameters to generate a scaling factor for each chemical, which is
applied to the internal concentration. These equivalent steady-state plasma concentrations
for each chemical are then combined into one predicted exposure-response for the mixture
using mixtures modeling methods (i.e., concentration addition, response addition, and a
summed risk quotient). These methods utilize parameters from the concentration-response
curves in the cHTS data. The result is a set of estimates of the risk of the combined

effect of the chemicals on the HTS endpoint for the average individual in each US county,
which is then mapped. Finally, we perform a Monte Carlo uncertainty analysis to quantify
the variability in the input parameters into the workflow, including external chemical
concentration, the population parameters of age and obesity status used in the PBTK model,
the concentration-response parameter using an ECgo/EC1, and top of the curve.

2.2.1. Population demographics—The spatial county-level, (s), population
demographic distributions, As), of age were obtained from the US Census. These data

were aggregated from 18 groups into 9 equal intervals between groups ages between 0 and >
85 years old, however, we only use the groups that are > 18 to match the obesity data. The
county-level percentages and standard deviations of obesity were obtained from the Centers
for Disease Control PLACES data (Centers for Disease Control and Prevention, 2021).
Obesity percentage is calculated as the percentage of people >18 years who have a body
mass index (BMI) = 30.0 kg/m? calculated from self-reported weight and height divided by
the total number of respondents. This percentage excludes respondents measuring <3 f. or

> 8 ft, weighing <50 Ibs. or = 650 Ibs., BMI of <12 kg/m? or 2100 kg/m?, and pregnant
individuals. Both age and obesity status are important factors in determining the inhalation
rate, which affects the inhaled chemical dose and governs the chemical's metabolic clearance
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and the chemical's resulting internal dose (Fig. 1). Rates of inhalation are higher in younger
individuals than older individuals, and obese individuals have a higher inhalation rate than
normal-weight individuals (U.S. EPA, 1992). Higher rates of inhalation results in a higher
inhaled chemical dose. Toxicokinetic parameters such as metabolic clearance are higher

in younger individuals than in older individuals, and individuals with normal weight have
higher metabolic clearance of chemicals than obese individuals (Ring et al., 2017). High
metabolic clearance results in lower internal chemical concentrations.

2.2.2. Ambient chemical concentrations—The Environmental Protection Agency's
2014 National Air Toxics Assessment (NATA) modeled environmental concentrations for
177 individual chemicals and 11 chemical groups (e.g., polycyclic aromatic hydrocarbons)
using the combined American Meteorological Society/Environmental Protection Agency
Regulatory Model (AERMOD) and EPA's Community Multiscale Air Quality (CMAQ)
Modeling System version 5.2, which use atmospheric dispersion and chemical transport
models, respectively. Inputs into these models include information from the National
Emissions Inventory (NEI), including point source data (e.g., industrial emissions, gas
stations, agricultural and livestock emissions), nonpoint source emissions (e.g., residential
heating, fugitive dust), and vehicle emission (U.S. EPA, 2018). The NATA dataset estimates
ambient air concentrations of chemicals at a census block level. Achieving this level of
resolution in contaminant estimates has been a limitation of platforms such as USEtox,
which estimates exposures at the continental and global scales (Huang et al., 2021). We
aggregated the concentration to a county-level to match the resolution of the population
demographic data (e.g., obesity data is only available at the census tract level). To do

this, we calculate the mean of the census blocks within the county. We obtain the county
distributions for the external air concentration, C,y/S) using the standard deviation of the
mean.

2.2.3. Curated concentration-response curves from high-throughput
screening assays—Curated concentration-response curves from high-throughput
screening (CHTS) assays originating from the Tox21 and ToxCast HTS programs were
obtained from the National Toxicology Program's Integrated Chemical Environment
(Abedini et al., 2021). In brief, the assay data are first modeled as concentration-response
curves using the tcpl package in R by the US EPA (Filer et al., 2017) and then are subject
to quality assurance/quality control curation (Abedini et al., 2021). We use the curated hit
calls (i.e., indicating biochemical activity in an assay) and raw concentration-response data.
The raw concentration-response data are refit to a two-parameter hill model (Eq. (1)), which
assumes a slope of 1 to be more amenable to mixtures modeling (see below):

tp

4T 0 @

where, ujis the response, #p is the maximal response at the top of the curve, gais the
curve ECsgg, and x;is the chemical concentration. The two-parameter model was fit using
the same constraints on the model parameters and algorithm as applied by tcpl (Filer et al.,
2017), including defining the log-likelihood as a Student's #distribution with four degrees
of freedom (Table S1). The cHTS data for each chemical was linked to the corresponding

Sci Total Environ. Author manuscript; available in PMC 2024 January 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Eccles et al. Page 7

ambient chemical concentrations from NATA data using unique CAS Registry Numbers
(CASRNE).

2.2.4. CYP1Al up-regulation assay—To demonstrate our approach, we use an assay
measuring CYP1A1 mRNA transcription up-regulation (LTEA_HepaRG_CYP1A1l up)
(Franzosa et al., 2021). CYP1AL is one enzyme in the cytochrome P450 family that

has many functions, including the metabolism of carcinogens and hormones (Mescher

and Haarmann-Stemmann, 2018; Nebert and Dalton, 2006). The induction of CYP1A1l
expression can be a biomarker of aryl hydrocarbon receptor (AHR) activation and
environmental exposure to polycyclic aromatic compounds (PAHS) and organochlorines
(e.g., dioxins) (Mescher and Haarmann-Stemmann, 2018). In humans, the CYP1A1l
enzyme is among the most active cytochrome P450 enzymes responsible for metabolizing
procarcinogens (e.g., PAHs) (Androutsopoulos et al., 2009). Other chemical exposures
metabolized by the CYP1AL enzyme could further upregulate the mRNA expression (Nebert
and Dalton, 2006). This assay informs on the change in the number of CYP1A1 transcripts
in HepaRG immortalized human liver cell cultures. The “up” direction indicates increased
expression (induction) relative to the control. We chose this assay due to the biological
relevance to humans and the high number of active hit calls out of the chemicals tested

that were also quantified in NATA (n7=42/177); however, toxicokinetic information was
unavailable for one chemical thus the final 7= 41. The high number of environmentally
relevant chemicals in the mixture highlights the capabilities of our proposed method in this
case study, however, the approach is amenable to a wide variety of assays.

2.3. Human internal concentration calculation

mgatr

The mass of ambient chemical in air, C,,;(s)( ), is converted to a mass dose in a human

3

m

(’Z—ﬁ) to obtain an internal chemical dose, D, via an inhalation route (U.S. EPA, 1992):
Coxt(8) X IR(s) X t

Dint(s) = BW(S) (2)

where, the external air concentration, Cgy/S) is multiplied by the spatially dependent county

3
inhalation rate, /R(s), (;Ty) and tis the total time, in our example, of 365 days; and BI/AS)

is the county-level human body weight (in kg). We conservatively assume that 100 % of

the chemical is absorbed, and therefore the attributable fraction has a value of 1 and is not
included in Eq. (2). We also assume that the steady-state concentration of each chemical is
achieved in 1 day, and the repeated daily exposure to these chemicals accumulates additively
to produce a summed internal concentration (Pearce et al., 2017b). We use this cumulative
exposure as the starting point for determining the effect.

The /Rand BW distributions are based on population parameters from the PLACES dataset
and vary by county. The /R was obtained from the exposure factors handbook (U.S. EPA,
2011) and depended on age and sex, among other intrinsic factors. The inhalation rates for
men and women of obese and normal weights were similar, so they were averaged to a
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marginal /R per age group. We also match these exposure factors with the country-specific
distributions of age and obesity rates. Based on the county, the population demographics
(e.g., age and obesity status) and external chemical exposures (Cgxp), Djns Varies spatially by
county. Fig. 1 shows how the population demographics data, As), inform the county-level
dependence of the human internal concentration. Since this example uses annual averages
for ambient chemical concentrations, the inhalation dose is assumed to be constant over
time. This equation could be replaced with other equations to estimate internal concentration
from the EPA Exposures Factors Handbook (U.S. EPA, 2011), thus making the method
generalizable for other routes of exposure (i.e., ingestion) if reasonable estimates are
available in the spatial domain.

Internal dosimetry

We use county-specific distributions of age and obesity to develop C,(s) scaling factors
that are unique for each county and chemical, which are used to convert the inhaled dose

to the spatially explicit internal dose Dj,{s) then to an in vitro equivalent blood plasma
concentration Cpasma(S) (Fig. 1). To do this, we used physiologically based toxicokinetic
(PBTK) modeling to estimate a steady-state blood plasma concentration based on an
inhaled dose of 1 mg/kg/day for each chemical exposure (Sipes et al., 2017). We then

use this as a linear scaling factor to convert our inhaled mass concentration to an in vitro
equivalent steady-state blood plasma concentration, which allows us to use the bioactivity
concentration-response data from the high throughput screening assays, given using Eq. (3)
(Breen et al., 2021):

Cplasma(s) = Ci5(8) X Dipy(s) (3)

where, Cpasma(S) is the county-specific in vitro equivalent plasma concentration in 4M and

M
mg/ kg
for high-throughput toxicokinetic modeling, developed using a three-compartment model
(Pearce et al., 2017a) and simulating a dose of 1 mg/kg. Population parameters such as
obesity status and age are used to parameterize the Cgg scaling factor as these parameters
affect important toxicokinetics, including the hepatic clearance rate and the fraction of
the chemical unbound to plasma protein. Interindividual variability of these factors are
considered in Attk using a Monte Carlo simulation where one average Csg scaling factor
is created per chemical using the population parameters from the National Health and
Nutrition Examination Survey (NHANES) (Ring et al., 2017).

Cs4(9) is the steady-state plasma concentration in estimated from Attk, an R package

Mixture modeling and geospatial risk assessment

In the geospatial risk assessment, we present three different but commonly used methods for
calculating the combined effects of exposure to chemical mixtures. Two of these methods,
concentration addition (CA) and risk quotient (RQ), fall under the concentration addition
paradigm, where exposure concentrations are normalized using a reference concentration

to predict a combined response or risk. The third mixture method used in this paper is
independent action (1A). Each of these methods is described in detail below. For simplicity,
we will refer to these methods as CA, IA, and the sum of RQs, in this order, throughout
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the paper since the units of CA and IA are both predicted responses (Log2 fold change of
CYP1A1 mRNA expression), and the sum of RQs is a unitless measure.

2.5.1. Concentration addition—CA is typically used for chemicals that share a
common mode of action or molecular target. In this proof-of-concept, all chemicals act

on the same molecular target, the upregulation of CYP1A1 mRNA expression, making it an
appropriate choice. CA is given by Eq. (4) (Altenburger et al., 2000; Berenbaum, 1985):

4

Pils) )‘1

n
ECxpix(s) = ( z | ECx,;

1=

where, ECxy;(9) is the county-level effective concentration of the mixture, p{(s) is the
proportion of chemical 7present in the in vitro steady-state plasma concentration chemical
mixture, and £Cx;is the individual chemical concentration and elicits the same response
as the mixture. Here we use an ECy, the concentration that produces the half-maximal
response. However, CA is limited in its ability to predict the joint effect of chemical
mixtures when the chemicals have a different maximum response. When this occurs,
Generalized Concentration Addition (GCA) methods can be used to relax the assumption
of equal concentration-response maxima (Howard et al., 2010; Watt et al., 2016):

Ci(s)
1=
=UTRG) ©

where, C{(s) is the concentration of an individual chemical from Eq. (3), f,-‘1 is the

inverse function of the individual concentration-response curves as given in Eqg. (1), and
R(s) is the predicted county-level response. The equation adds to one for mixtures with
additive relationships (opposed to synergistic >1, or antagonistic <1), which we assume

in this example. While there is an analytical solution for the 2-parameter hill model, we
estimate the mixture response (i.e., effect level), R(s) using numerical optimization where
the objective function is the squared difference between the left and right sides of Eq. (5).
This approach is generalizable to other equations that do not have a neat analytical solution
making this estimation approach amenable to other concentration-response models (e.g.,
Weibull) and their respective inverse functions within the standard assumption of GCA.

2.5.2. Independent action—IA is typically used to model chemical mixtures when

the chemicals have different mechanisms of action. While the chemicals chosen in this
example all act on the same molecular target, there is a lot of variability in the concentration-
response curves for the individual chemicals, thus the non-uniform curves may act more like
independent action. 1A is given by Eq. (6) (Backhaus et al., 2000; Watt et al., 2016):

n(s) X1
R(s) = amax(l - H (1 - fl[X]l)) (6)

= Umax
where, R(S) is the county-level response, 7(s) is the number of observed chemicals in a

given county, a ;4 Scales the overall response to the maximum mixture response, and f;is
the individual concentration-response curve as given in Eq. (1) that produces a response at
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concentration [.X], and the unit is the same as the response unit of the assay, which in this
example is Log2 fold change in mRNA expression.

2.5.3. Risk quotient—To calculate the spatially explicit RQ, we divide each chemical's
internal exposure concentration, in vitro equivalent steady-state plasma concentration, by
the hazard, EC, which is the concentration that produces that chemical's 10 % maximal
response. This scales the exposure concentration by a standardized potency that is more
conservative than the ECsg used in the other examples and is typically the lowest
concentrations that causes statistically significant cytotoxic effects in reporter gene assays
(Escher et al., 2020b). The individual risk quotients are then summed to give an overall sum
of risk quotients, given by Eq. (7):

n(s) Ci(s)
i=VECy,;

RQO(s) =% U]

A sum of RQ < 1 indicates no risk of adverse effects, while a sum of RQ >1 indicates a risk
of adverse effects. For simplicity, we will refer to this as RQ throughout the paper.

Monte Carlo uncertainty assessment

A Monte Carlo uncertainty assessment is used to quantify the parameter variability at
different steps in the workflow. We explore three different sources of uncertainty; (1) in

the air pollution estimates, we explore the variability in the county average, (2) in the
toxicokinetics, we explore the interindividual variability of TK parameters, following the
approach utilized in Ring et al. (2017), and (3) in the concentration-response model we
explore the variability in model fit parameters. A detailed walk-through of the simulation

of an individual and corresponding unit conversions is available in the Supplemental
Information. In brief, we use the parameter distributions for the county-level contaminant
concentration, age, obesity status, and concentration-response model parameters (top of the
curve and ECsq) with a Monte Carlo framework to sample 1000 possible values using a
truncated normal distribution. A binomial distribution was used for binary outcomes such as
weight status (e.g., normal weight vs. obese). Once the model was created, the influences of
various sources of uncertainty on the overall predictions of combined risk were determined
by holding all parameters constant while the source being investigated was allowed to

vary. The sources of uncertainty investigated include the uncertainty in the estimates of

the fraction of obesity in the county populations and the age distributions, the concentration-
response, the toxicokinetic parameters, and the estimate of the concentrations of chemicals
in the air. The distribution of the risk metrics for all Monte Carlo simulations where only
the specific parameter is allowed to vary while all other parameters are held constant using
the median value is compared to the baseline where all parameters are allowed to vary
simultaneously.

3. Results

Fig. 2 shows the spatial distribution, chemical co-occurrence, and relative potency as
indicated by the individual chemical ECgg. The 41 chemicals are heterogeneously distributed
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across space and range from ubiquitous occurrences, such as acetophenone and trifluralin,
to hyper-local occurrences, such as 1,3-propane and heptachlor (Fig. 2A). The chemical
co-occurrence (Fig. 2B) is also very heterogeneous, with regions of Colorado and Nebraska
having the lowest number of co-occurring chemicals and the Texas and Louisiana Gulf
region and the Ohio-Pennsylvania border having the highest number of co-occurring
chemicals. These chemicals also range in potency for upregulating mRNA expression of
CYP1AL from an EC50 of 6.3 pM (ethylene glycol), which is the most potent, to 164.4 pM
(2-chloroacetophenone), which is the least potent chemical. The median potency is 65.8 UM.

Fig. 3 shows the geospatial distribution of the predicted risk of increased mMRNA expression
of CYP1A1 over 1 year based on cumulative chemical exposures using CA (Fig. 3A), IA
(Fig. 3B), and RQ (Fig. 3C). The minimum, median, and maximum values for each risk
metric are summarized in Table 1. The results are broken down by percentiles generated
from the Monte Carlo uncertainty assessment for quantifying interindividual variation in
risk. The CA and IA risk metrics are approximately the same due to the low individual
chemical concentrations. This is also observed in the histogram showing the distribution

of all the risk metrics for 1000 Monte Carlo iterations (Fig. S1). At the 5th percentile, all
risk metrics are small, and no counties have a RQ > 1. The median (50th percentile),)
representing the average response for a county given the population variability shows
patterns of elevated responses, and RQ >1 starts to emerge. While the median risk metrics
are still in ranges that are not of concern, the maximum values are in a range of potential
concern. At the 50th percentile, 2.6 % of counties have RQ > 1 (Fig. S2). Notably, patterns
including central Colorado, northeastern Illinois, eastern Massachusetts, and the District

of Columbia are emerging as higher than the surrounding areas. These patterns become
more pronounced in the 95th percentile of risk showing additional areas of elevated risk,
including southern California and Florida. The county median of the 95th percentile is
approaching levels of concern, and the maximum value for predicted Log2-fold change in
MRNA expression is 1.96. The maximum RQ, which used the EC, is 124.7 where 45.7 %
of counties have an RQ > 1 (Fig. S2).

Results from the sensitivity analysis (Fig. 4) highlight how the different parameters used

to generate the geospatial risk assessment affect the risk metrics. The predicted /og2 fold
change in mMRNA expression of CYP1AL for CA (Fig. 4A) and 1A (Fig. 4B) are influenced
by all the tested parameters in the process, but the concentration-response parameters
(response at the top of the curve and ECsgg) and the external concentration exert the most
variability. The population parameters of age, obesity status, and toxicokinetic parameters
(also based on population parameters) have a smaller relative influence. The RQ (Fig. 4C) is
most influenced by the concentration-response parameter and external concentration.

4. Discussion

In this paper, we presented a novel, geospatially informed risk assessment for complex
mixtures that can be used to identify geographic regions that are potentially at an

increased risk for molecular level perturbations in exposure-effect pathways. This method is
complimentary but markedly different from the traditional apical endpoint-based approach
(i.e., cancer and non-cancer) typically used in component-based cumulative risk assessments
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and epidemiological studies, as our study uses response data for molecular targets of
environmental chemicals that cause early events in AEP-AOP networks. This approach
could be expanded to include additional assays that measure other early events in an
AEP-AOP network to help understand the potential progression of an adverse outcome

that results from combined exposure to multiple environmental chemicals. Here we present a
proof-of-concept example using a perturbation of CYP1A1 activity. This perturbation could
affect the activation of concurrent exposures to other chemicals and the risks such chemicals
pose to individuals in certain counties. The approach could be applied to other early events,
such as binding to receptors.

The mapped results highlight the heterogeneous nature of the predicted risk of molecular
perturbation. While it is easier to contextualize the risk quotient, where any value over

1 is of concern, contextualizing the result of the Log2 fold change in CYP1A1 mRNA
expression is more difficult. The transcription of the CYP1A1 is easily induced by smoking
tobacco, where it can be induced up to 100-fold in the human lung (McLemore et al., 1990).
Even at the highest risk scenario (95th percentile), the predicted maximum would be a 4-fold
change. However, it is important to consider the time frame of exposure used in this study,
which is 1 year (365 days). Since individuals are exposed to chemicals over a lifetime, the
induction of this enzyme could be much higher. Our sensitivity analysis shows that these
risk metrics are most affected by the external concentration and the uncertainty around the
parameters that define the concentration-response curves. This provides further evidence
that the geospatially explicit nature of exposure to environmental mixtures is important and
should be considered in future mixtures research. However, it is important to recognize that
this analysis does not consider the temporal variation in concentration patterns of different
chemicals which may not vary similarly over time (i.e., diurnal differences with morning
and evening peaks for traffic-related VOCs and daytime peaks for photoreactant secondary
organics like formaldehyde, etc.).

The NATA only reports speciated data on a small fraction of an individual's possible
exposome. In the cHTS data, 721 additional chemicals induce CYP1AL transcripts in this
assay, which includes pharmaceuticals (e.g., erythromycin and acetaminophen), pesticides
(e.g., parathion and heptachlor), and other environmental contaminants (e.g., anthracene
and phenanthrene). Further, Cytochrome P450 enzymes have been shown to have high
interindividual variation caused by genetic polymorphisms, which vary by geographic
ancestry (Vichi et al., 2021). Future work could integrate more representative information
on population-level enzyme variability, including sex and geographic ancestry, to produce
a more accurate estimation of internal contaminant concentrations and integrate additional
assays for AhR, CYP1Al enzyme activity, and other phase | metabolic enzymes.

The risk patterns observed in this study result from a unique combination of external
concentration, chemical co-occurrence, and chemical characteristics such as potency that
drive the metabolic clearance (Css Fig. S3) highlighting that co-occurrence alone may not
be a good predictor of risk. Metabolic clearance and the spatial factors (age and obesity;

Fig. S4 and Fig. S5, respectively) that drive these patterns influence the spatial distribution
of the risk metrics. For example, our results show that the Texas gulf region has a high
number of co-occurring chemicals but did not have an elevated risk of CYP1A1 perturbation
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compared to other regions of the USA. Comparatively, the Chicago area had a moderate
number of co-occurring chemicals, yet this same region was among the highest predicted
risk of increasing CYP1A1 mRNA expression. The geographic variability observed in the
Texas gulf region may be due to lower concentrations of chemicals and younger average
population age compared to Chicago and thus a higher population-level metabolic clearance
of the potent chemicals.

It is known that mixture modeling with real-world exposures is complicated and
understudied, especially for the low concentration typically observed in the environment
(Escher et al., 2020a). We explore three different methods for quantifying the risk of
molecular perturbation. Interestingly, the CA and 1A methods results are nearly identical,
which has also been observed in samples of ambient environmental mixtures (Escher et

al., 2018; Neale et al., 2020). Escher et al. (2020a) demonstrate that CA/IA can be used
jointly with high certainty for predicting the EC1 and that it is pragmatic to use a joint
CA/IA model up to an EC3q. Even in the highest exposure scenario (95th percentile), the
ambient environmental air concentrations were low and never left the low-dose linear region
of the concentration-response curve where CA and 1A were approximately equal. CA and 1A
may deviate in other applications where concentrations are high, such as near known point
sources.

A primary objective of NATA is also risk characterization, in which the estimated external
concentrations are integrated with concentration-response models to quantify potential risk
for developing cancer and non-cancer endpoints. Several key differences between our results
and the NATA health effects make it difficult to make a direct comparison. First, is the point
along the biological pathways that our method informs on; the cHTS assays inform on key
molecular events early in disease progression. In contrast, the NATA health risk assessment
relies on animal model in vivo data from the Integrated Risk Information System (IRIS) to
inform on an apical health endpoint. Many biological steps must occur to progress from a
molecular perturbation to an adverse health outcome. Our bottom-up approach does not yet
consider the biological complexity that results in an adverse outcome; however, our method
is useful for early warning by identifying regions for which perturbation of a particular
molecular target may contribute to an adverse outcome. Second, the timeframes are different
between the two risk assessments, we use a 1-year risk based on the 2014 chemical averages
in air, and NATA uses a lifetime (70 years) risk. For these reasons and the assay chosen for
this proof-of-concept, the two risk assessments are complimentary, but they are not directly
comparable.

The CYP1A1 enzyme is involved in a variety of biological disease pathways, which our
proof-of-concept assay informs on by measuring the mRNA expression of the enzyme. Most
notable is the role that the metabolism of chemicals by the CYP1A1 enzyme plays in the
metabolic activation of procarcinogens that form DNA adducts and reactive oxygen species,
which can lead to cancer. Due to this, CYP1A1 has been implicated in cancer pathways,
including lung, colon, liver, breast, and prostate, and polymorphisms in the CYP1A1 gene
can increase cancer risk (Androutsopoulos et al., 2009; Nebert and Dalton, 2006; Uhlen
etal., 2017). CYP1ALl induction is also a non-specific biomarker for AhR activation (Hu

et al., 2007). When activated, AhR can interact with nuclear factors and receptors such
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as oestrogen receptor-a (ESRa) and retinoblastoma protein 1 (RB1), which can result in
abnormal growth leading to the development of cancer (Nebert and Dalton, 2006). This
assay measures a target that could be incorporated into an AOP, and as AOP development
expands, more geospatially explicit chemical mixtures can be causally associated with apical
health outcomes. An important next step is to use this proposed workflow to link molecular
perturbations to adverse outcomes. Future work should focus on diseases with well-defined
etiologies and established AOPs.

This workflow relies on various input parameters and assumptions, which can impact

the results. For example, in our proof-of-concept example, we assumed that 100 % of
the inhaled chemical was converted into an internal concentration for simplicity. If the
information about bioavailability or the absorbed fraction of the chemicals is known,

this could be easily incorporated into the equation that estimates internal concentration
from external concentrations. We also assume that the cumulative internal dose over one-
year results from repeated exposures that maintain the steady-state plasma concentration.
Together these assumptions are likely an overestimation of exposure and risk. Still, this
approach is protective of human health as per the “worse-case-scenario” risk assessment
method (OECD, 2018). These limitations provide opportunities for future research that
can more accurately estimate the internal concentrations of chemicals through advancing
NAMs related to cumulative chemical exposures and properties of absorption, distribution,
metabolism, and excretion (ADME).

We also chose to use a 2-parameter hill model, with a fixed slope of one, rather than a
3-parameter hill model with a variable slope. Since our probabilistic approach considers the
full uncertainty of each concentration-response parameter (given by the standard deviation),
the maximal efficacy of individual concentration-response relationships is not always below
the estimated mixture effect (Figs. S6 and S7). This prevents the use of concentration-
response curves with three or more parameters since the inverse function will not be defined
which requires a more complex GCA model (Scholze et al., 2014). However, using different
concentration-response curves may impact the results. If the slope was originally close to
one in the 3-parameter model, then there is little difference in the ECsq and top-of-the-curve
values. In our example, in the 3-parameter hill models, the minimum ECsgg is 9.0 uM
(pentachlorophenol), the median ECg is 46.6 uM, and the maximum ECsg is 87.2 uM
(1,6-diisocyanatohexane), whereas in the 2-parameter model, the minimum ECsg values are
similar (minimum = 6.2 pM), the median value is about 20 uM higher (median = 65.8

UM), and the maximum value is almost double (maximum = 164.4 uM). Thus, using the
2-parameter hill model may underestimating risk. The modular nature of this workflow
allows individuals to select input parameters that are best suited for their research question.
This workflow can be fit-for-purpose as outlined in Table 2.

In conclusion, we have presented a novel method that integrated geospatial environmental
exposure estimates with chemical hazard data from the Tox21 cHTS assays. This provides
an alternative method of conducting risk assessment, taking a bottom-up approach where
complex chemical exposures are integrated via common molecular targets instead of

apical endpoints traditionally used in risk assessment. This approach can provide an early
warning based on localized chemical exposure data that may contribute to adverse outcomes
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where the molecular target is implicated. This method will help support the development

of models to better predict how chemicals affect biological responses. As such, this
geospatial workflow can also support the development of AOPSs as our approach aids in
hypothesis generation related to the potential effects of exposure to environmentally relevant
chemicals and the molecular targets that they may impact. Elucidating and strengthening
causal relationships between non-apical and apical endpoints will be key in helping to
further develop this proof-of-concept as a method for the early identification of potential
adverse outcomes. This fit-for-purpose workflow could be expanded to other geocoded
environmental samples such as water, assays/molecular targets, chemicals, and risk metrics.
Future work that will aid in the utility of this workflow also includes improving and
expanding chemical exposure assessments in air and other media.

Supplementary data to this article can be found online at https://doi.org/10.1016/
j.scitotenv.2022.158905.
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HIGHLIGHTS
. We assess the geographic variation for the joint effect of many chemical
exposures.
. This example workflow integrates NAMs with chemical exposure data.
. The biological perturbations were heterogeneously distributed across space.
. Exposure concentrations, demographics, and toxicokinetics influence
variability.
. We provide methods for modeling the source-exposure-effect continuum.
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Fig. 1.

Schematic overview of the methods used to quantify the geospatial risk of molecular
perturbation. The spatially explicit external chemical concentrations (Cgy{S)) are converted
to an internal dose (D;,{9)) via inhalation parameters and using county-specific distributions
of age and obesity prevalence (A(S)). D;{9) is then converted into an in vitro equivalent
steady-state plasma concentration (Cp/asma(S)) Using a steady-state plasma conversion factor
(Cs(9)) estimated using physiological based toxicokinetic (PBTK) modeling. The dashed
box indicates that A's) influences both the inhalation rate and Cs(s) used to calculate
ColasmdS)- The geospatial risk assessment A(s) is developed by using the Cpjasms(S) and
concentration-response models generated using curated high-throughput (cHTS) data, which
are integrated using mixtures models (e.g., concentration addition) to predict the risk of
exposure. We use a probabilistic framework using a Monte Carlo uncertainty analysis. The
mapped risk of molecular perturbation can be integrated with the Adverse Outcome Pathway
(AOP) framework to link the molecular-level perturbation to an adverse outcome at the
individual and population levels.
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Fig. 2.
(A) Map of contaminant distributions for individual chemicals. Values are range scaled

between zero and one to make chemicals of different magnitudes comparable. Black
indicates higher environmental chemical concentrations in the air, and grey indicates
counties where the chemical does not occur. The chemicals are ordered by the ECsp. (B) The
number of chemicals that co-occur in each county results in geospatially unique chemical
mixtures. Here black indicates a higher number of chemicals present in the county that have
positive hit calls for the CYP1A1 mRNA transcription assay. (C) The ECsq (the effective
concentration at 50 % activity) for all chemicals is based on the refit 2-parameter Hill model.
The black colour indicates lower ECsq values, which indicates a more potent chemical.
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The predicted 5th, 50th (median), and 95th percentiles of predicted risk of increased mMRNA
expression of CYP1A1 using (A) Concentration Addition, (B) Independent Action, and

(C) Risk Quotient using the 10 % effective concentration (EC1g). In these figures, yellow

indicates lower risk, and black indicates higher risk.
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Fig. 4.

Probability density functions of the predicted risk of increased mRNA expression of
CYP1AL1 using (A) Concentration Addition (CA)/Independent Action (1A) and (B) The sum
of the Risk Quotients (RQ) using the 10 % effective concentration (EC;p) under different
Monte Carlo uncertainty assessment. The varying parameter is allowed to vary while all
other parameters are held constant using the median value. The yellow histogram is the
baseline where all parameters are allowed to vary.
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Table 1

Summary statistics for the minimum, median, and maximum values of risk metric results from the Monte
Carlo uncertainty assessment in the 5th percentile, median (50th percentile), and 95th percentile for
concentration addition (CA), independent action (1A), where the unit for both is the Predicted Response
(Log2 fold change in mRNA expression) and the risk quotient (RQ) which is unitless.

Risk metric  5th Percentile Median (50th 95th Percentile
Percentile)

CA IA RQ CA IA RQ CA IA RQ
Minimum 000 000 000 000 000 000 000 000 0.0
Median 000 000 002 002 002 009 011 011 087
Maximum 012 012 046 073 074 575 196 197 124.70
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