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Abstract

Demographic disparities in exposure to various sources of environmental stress

are well documented. While specific stressors are linked to adverse health outcomes,

there is uncertainty about how they interact. A first step towards evaluating these

joint impacts is to understand the degree to which the same individuals are exposed

to extreme simultaneous exposure to each stressor. Here, we adapt the Alkire-Foster

multi-dimensional poverty measure to rank exposures to multi-dimensional envi-

ronmental harm in a way that accounts for the frequency, breadth, and severity of

exposure among the extremely exposed. This measure can be used to normatively

compare distributions of extreme simultaneous exposure for a given group both across

time and in comparison with other groups. We use publicly-available data on air

toxics, PM2.5, and land surface temperature to identify trends in the multi-exposure

index for socio-demographic groups based on race/ethnicity and poverty status for

168 U.S. cities. Controlling for city-characteristics, we find persistent, yet narrowing,

multi-exposure gaps on the basis of race/ethnicity between people of color (POC) and

non-Hispanic White. Within each group, individuals in households above the poverty

line fare better than those below, but above-poverty POC have similar multi-exposure

to below-poverty non-Hispanic White.
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1 Introduction

People of color (POC) bear a disproportionate exposure to a range of environmental stressors

such as fine particulate matter (PM2.5) (Pope III et al., 2002; Kaufman et al., 2012; Lefler

et al., 2019; Liu et al., 2021; Tessum et al., 2021; Colmer et al., 2020; Sager, 2025), heat

(Hsu et al., 2021), and air toxics (Bolin et al., 2000; Morello-Frosch et al., 2001; Wheeler

and Ben-Shlomo, 2005; Zwickl et al., 2014). National air quality improvements in recent

decades have decreased overall levels of air pollution and narrowed the exposure gap between

POC and white communities for air toxics and PM2.5 (Ard, 2015; Liu et al., 2021; Currie

et al., 2023).1 At the same time, urban heat poses an increasing health risk for the overall

population, and POC in particular, in the U.S. (Hsu et al., 2021; Chakraborty et al., 2023).

However, it is unclear what disparities exist in extreme simultaneous exposure to these

sources of environmental harm and how such exposure may be changing over time. This

paper develops a method for estimating disparities in simultaneous exposure to multiple

environmental stressors. We apply this method to examine urban areas across the continental

U.S., identifying multi-exposure gaps by socio-demographic groups from 2000–2020.

In contrast to the case with single stressors, health impacts arising from simultaneous

exposure to multiple environmental stressors are not well understood (Lefler et al., 2019; Es-

cher et al., 2020). An emerging literature suggests that there may be significant interaction

effects in the contributions of air pollution and extreme heat to premature mortality (Anali-

tis et al., 2014; Madrigano et al., 2015; Scortichini et al., 2018; Chen et al., 2018; Khomsi

et al., 2022; Rahman et al., 2022; Rai et al., 2023). Quantifying simultaneous exposure to

different environmental stressors is therefore necessary for understanding the overall bene-

fits of policies that improve environmental quality as well as tracking their distributional

implications across demographic groups over time.

Understanding multiple exposure to environmental stressors is relevant for comparing

environmental policy options. Implicit in this type of analysis is the ranking of alternative

spatial distributions of multiple stressors in a way that allows normative comparisons. These

distributions may reflect, for example, modeled pollution attributable to different regulatory

policies, exposure levels for various demographic groups, or changes in exposure levels over

time for a given group. We show how tools developed in the context of international poverty

comparisons may be adapted to facilitate such comparisons in the context of environmental

multi-exposure analysis. Such an analytical tool is essential both for understanding the

impacts of policy on those most exposed in the population as a whole, as well as better

understanding the equity of impacts across demographic groups (Wang et al., 2023).

1At a global level, however, income-based air pollution disparities may be increasing (Sager, 2025).
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By considering simultaneous exposure, our work extends two main strands of the single-

stressor distributional literature. We expand the theoretical literature developing normative

methods to rank distributions of environmental outcomes over demographic groups (e.g.,

Boyce et al., 2016; Sheriff and Maguire, 2020; Venmans and Groom, 2021). We also add

to the large empirical literature documenting disparities in environmental outcomes (e.g.,

Banzhaf et al., 2019; Tessum et al., 2021; Cain et al., 2024), and their evolution over time

(Colmer et al., 2020; Hernandez-Cortes and Meng, 2023; Nunez et al., 2024; Colmer et al.,

2024; Sager, 2025).

The importance of measuring simultaneous (often referred to as “cumulative”) exposure

to different environmental stressors has long been recognized (Lee, 2020).2 Nonetheless,

developing methods for quantifying simultaneous exposure to environmental stressors is still

an emerging literature. There are two predominant approaches to evaluating disparities in

simultaneous impacts: mapping and correlational analysis.

The most common approach taken by both academic researchers and government agencies

is to use spatially explicit data to aggregate levels of environmental stress from different

sources, perhaps combined with socioeconomic vulnerability indicators, into a single index

that can be applied to a given geographical unit (Khanna, 2000; Sadd et al., 2011; Cushing

et al., 2015; Faust et al., 2021; Bakkensen et al., 2024). Examples of government mapping

tools include the EPA’s (now discontinued) EJScreen, and California Office of Environmental

Health Hazard Assessment’s CalEnviroScreen.3 This screening approach is useful for policy

applications such as issuing permits for polluting facilities, or prioritizing areas for outreach,

consultation, and investment in environmental improvements. When issuing permits to

polluting facilities, for example, regulators may want to know if the affected areas are already

exposed to other pollutants or inhabited by particularly vulnerable populations. There

are limitations to this mapping approach, however. Policies that focus on equity goals

across geographic units characterized by race or income can actually reduce equity across

individuals in these demographic groups due to heterogeneity within geographic units. For

example, Pollack et al. (2025) find that federal flood-risk reduction policies targeted at

sensitive communities defined at the census-tract level performed poorly at improving equity

for sensitive households.

The correlation approach evaluates the equity of cumulative exposures by calculating a

spatially varying cumulative exposure index (typically a weighted sum of normalized expo-

sures). It then estimates how this index is correlated with variables such as race and income

2We use the term simultaneous, rather than cumulative, to draw attention to the fact that our analysis
focuses on joint exposures to multiple stressors at a single point in time, rather than cumulative exposure to
stressors over time.

3For recent reviews of multi-stressor mapping tools, see Besse and Rojas-Rueda (2025) and Joseph (2025).
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(see Krieg and Faber, 2004; Pearce et al., 2010; Sicotte, 2010; Boucher et al., 2021; Bakkensen

et al., 2024). Studies have also estimated the probability that members of a demographic

group are jointly exposed relative to other groups (Jowers et al., 2025). This latter work

seeks to understand relative frequency of multiple exposure for different groups. However, it

does not describe exposure breadth (the methods are unlikely to be tractable for more than

two stressors) or severity (exposure is a binary indicator).

While the map-based and correlation approaches have generated important insights, nei-

ther is well suited for making normative comparisons of distributions of multiple stressors.

Screening maps are not useful for the ranking of complex alternative multi-exposure distribu-

tions in the context of policy analysis. Nor do differences in statistical relationships necessar-

ily reflect differences in desirability—correlations between income and multi-exposure might

decrease, for example, even while absolute exposures for low-income individuals increase.

Our work proposes a new method to rank distributions of extreme simultaneous exposure

to multiple environmental stressors. In contrast with earlier work that seeks to either map

or identify socio-demographic correlations with multiple stressors, our approach is explic-

itly designed for comparing policy alternatives, estimating differences in exposure inequities

across groups, and tracking improvements in exposure across time.

Our approach facilitates explicit normative comparisons, allowing one to evaluate whether

a distribution of exposures to a set of environmental stressors is “better” than another.

Building on the multidimensional poverty measure developed by Alkire and Foster (2011), the

multi-exposure metric accounts for the frequency (number of extremely exposed individuals),

breadth (number of dimensions to which these individuals are exposed), and severity (amount

above a threshold value) of exposures to extremely-exposed individuals. It allows one to rank

distributions of simultaneous exposure across groups and over time in a manner consistent

with a set of transparent normative values. Versions of the Alkire and Foster (2011) poverty

index are commonly used by organizations such as the UN Development Programme (UNDP,

2025), the World Bank (Lara Ibarra et al., 2025), and the Oxford Poverty and Human

Development Initiative (OPHI and UNDP, 2025).

Inevitably, decisions made in the specification of a ranking tool reflect subjective value

judgments. In our proposed metric, a key judgment is that society should focus on those

most adversely affected (the “environmentally poor”) when considering equity of (multidi-

mensional) exposure to environmental harm. Specifically, our focus is on extremely-exposed

individuals, defined as those who are highly exposed to several stressors. For an individual

stressor, “highly” exposed means having an exposure exceeding a given cutoff, and “several”

refers to being highly exposed to a minimum threshold of stressors.

We use this approach to calculate extreme multi-exposure for socio-economic groups
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varying by race/ethnicity and poverty status across 168 U.S. cities from 2000–2020. Us-

ing publicly available data from the Environmental Protection Agency (EPA), the National

Aeronautics and Space Administration (NASA), and the Census Bureau, we calculate this

measure for distributions of three environmental stressors in urbanized areas of the conti-

nental U.S.: PM2.5, air toxics, and summer land surface temperature (LST). We use these

values to estimate the evolution of national and within-city multi-exposure gaps between

demographic groups across the two decades.

Nationally, we find decreases in extreme multi-exposure for each demographic group.

Decreases are driven by a shrinking proportion of the population that is extremely ex-

posed. Conditional on being extremely exposed, there were smaller improvements in terms

of breadth and severity. Controlling for city-specific effects, we observe narrowing multi-

exposure gaps on the basis of race and ethnicity between POC (especially Black populations)

and non-Hispanic White populations. Within each group, individuals above poverty fare bet-

ter than those below, but above-poverty POC have similar multi-exposure to below-poverty

non-Hispanic White. Regionally, the intra-city multi-exposure gap appears to be narrowing

almost everywhere except Central California and the Gulf Coast of Texas and Louisiana.

The rest of the paper is organized as follows. Section 2 presents the multi-exposure index

in detail. Section 3 describes the data used in the analysis. Section 4 calculates the multi-

exposure index and uses it to estimate the evolution of demographic disparities over time.

Section 5 concludes.

2 The multi-exposure index

To normatively rank spatial distributions of multiple environmental stressors in a manner

that satisfies a set of desirable properties, we adapt the multidimensional poverty measure

proposed by Alkire and Foster (2011). This measure has several characteristics that make it

appealing for ranking simultaneous exposure distributions.

Focus on most exposed: In the context of economic development there is a normative

tradition of focusing attention on the welfare of the poor. Poverty reduction is seen as a goal

in itself, and the success of anti-poverty policy is measured by its impact on improving the

plight of the poor, rather than its impact on the general population. In our context, we begin

from the normative position that it is desirable from an environmental policy perspective to

alleviate harm to those most exposed to environmental stressors. As such, we use a extreme

multi-exposure measure that focuses exclusively on benefits to this group.

Sensitive to exposure “frequency”: Given the focus on extremely-exposed individ-

uals, it is desirable that a metric be increasing in the proportion of such individuals in the
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population of interest. A key task then is to identify who exactly are the extremely exposed.

Similar to Alkire and Foster (2011), we use a two-step identification criterion. The first is to

determine a minimum threshold that determines deprivation (i.e., high exposure) in a given

dimension (environmental stressor). The second is to determine a cutoff point regarding the

minimum number of dimensions in which an individual must be deprived to be considered

extremely exposed. A metric satisfies the frequency property if it increases in the proportion

of such extremely exposed individuals in a given population. Note that commonly used map-

based screening indices do not satisfy this property, nor do statistical correlations between

an aggregate index and population characteristics such as race or income.

Sensitive to exposure “breadth”: While the frequency property accounts for differ-

ences in the number of extremely exposed individuals across exposure scenarios, it does not

reflect differences in the number of dimensions in which the exposure threshold is exceeded

among the extremely exposed. In contrast, a metric exhibiting the breadth property is in-

creasing in the number of exposure dimensions for which the threshold is exceeded among

the extremely exposed as a proportion of the total number of dimensions measured. In other

words, a metric sensitive to breadth will improve if, all else equal, the number of dimensions

in which an extremely exposed person is deprived decreases.

Sensitive to exposure “severity”: While the breadth property accounts for differences

in the number of deprived dimensions among the the extremely exposed, it does not account

for the degree to which deprivation thresholds are exceeded. A metric satisfying the severity

property increases (here, at an increasing rate) in the gap between an extremely exposed

individual’s exposure level and the threshold in a given dimension.

We use an extreme multi-exposure index adapted from the Alkire and Foster (2011)

multi-dimensional poverty index that satisfies the above properties. Formally, let there be

D dimensions of environmental stress, indexed d ∈ [1, 2, ..., D]. In our empirical application,

environmental stressors are measured for spatial units (census tracts), which we index u ∈
[1, ..., U ], with unit population Nu and total population N =

∑U
u=1 Nu. All individuals

residing in a given tract have exposure xud to stressor d.

Alkire and Foster (2011) focus on “attainments” (e.g., income) for which more is good.

In our context, we focus on exposure to environmental harms. While zero is a natural lower

bound for good things like income or education, there is no natural upper bound for exposure.

We establish a practical upper bound as the 99th percentile of observed exposure (to avoid

outliers making the upper bound excessively large). Let xd be the 99th percentile tract

exposure in dimension d. We define environmental attainment yud as the distance between

observed exposure and the upper bound: yud = max{xd−xud, 0}. The D-dimensional vector

of attainments for individuals residing in tract u is yu.

6



To identify extremely-exposed tracts it is necessary to specify an exposure threshold

(analogous to a poverty line) for each environmental stressor. An advantage of the Alkire

and Foster (2011) approach is that such determinations are transparently incorporated into

the metric in a way that can be easily modified—thus facilitating sensitivity analysis for

alternate assumptions. For our empirical application, we define the threshold as the 75th

percentile of tract exposure observed in the data.

Let z = (z1, z2, ..., zD) be the vector of differences between the 99th and 75th percentile

exposures. Tracts below an attainment threshold are “deprived” in that environmental

characteristic. Function θ0(yud; zd) indicates those deprived in dimension d:

θ0(yud; zd) =

{
1 yud ≤ zd,

0 otherwise.
(1)

The next step is to specify the minimum number of dimensions, k, in which a tract

must be deprived to be classified as suffering from extreme simultaneous exposure. As with

the threshold vector z, the choice of k is subjective, but transparent—and easily changed.

Function ρ(yu; k, z) indicates extremely exposed tracts:

ρ(yu; k, z) =

{
1

∑D
d=1 θ

0(yud; zd) ≥ k,

0 otherwise.
(2)

Frequency metric F is the proportion of the population suffering from extreme exposure:

F =

∑U
u=1 Nuρ(yu; k, z)

N
. (3)

Breadth of exposure among the extremely exposed is the total number of deprived dimen-

sions among the extremely exposed divided by the maximum possible number of deprived

dimensions among the extremely exposed. This metric, B, is the average share of total

dimensions of which the extremely exposed are deprived:

B =

∑U
u=1

1
D

∑D
d=1 Nuρ(yu; k, z)θ

0(yud; zd)∑U
u=1Nuρ(yu; k, z)

. (4)

We next construct a measure of the severity of deprivations experienced by the extremely

exposed. Let θ1d(yu; k, z) = zd−yud
zd

θ0(yud; zd)ρ(yu; k, z) denote the normalized attainment

shortfall in dimension d of an extremely exposed tract (with value zero for tracts that are

not deprived in at least k dimensions). To allow for increasing marginal disutility of depri-
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vation let θ2d(yu; k, z) = [θ1d(yu; k, z)]
2
denote the square of this normalized shortfall.4 The

normalized severity metric is:5

S =

∑U
u=1

∑D
d=1Nuθ

2
d(yu; k, z)∑U

u=1

∑D
d=1Nuρ(yu; k, z)θ0(yud; zd)

. (5)

Its numerator is the sum across extremely exposed individuals of the sum of the squared

normalized shortfall in each deprived dimension. The denominator is the sum of all dimen-

sions in which the extremely exposed are deprived. S is thus the average squared normalized

shortfall experienced by extremely exposed individuals across all dimensions in which an

extremely exposed individual is deprived. Its value is increasing at an increasing rate in the

normalized shortfall experienced by an extremely exposed individual.

Combining F,B, and S yields the extreme multi-exposure index, M :

M = FBS =

∑U
u=1

1
D

∑D
d=1Nuθ

2
d(yu; k, z)

N
. (6)

Intuitively, M is the sum of squared normalized shortfalls in all deprived dimensions among

the extremely exposed as a proportion of the maximum possible sum of squared normalized

shortfalls across all dimensions among the whole population. This metric increases in fre-

quency, breadth, and severity of deprivations among the extremely exposed, justifying its use

as a means of ranking the desirability of different joint distributions of environmental harm.

It facilitates comparison of distributions of simultaneous exposure at a given level of geo-

graphic aggregation (e.g., city), within a given demographic group across time, for example,

as well as comparison of distributions across demographic groups in a single period.

For statistical inference, as well as to enable use of multi-exposure in map-based screening

tools, we assign the squared normalized attainment shortfall

mu ≡ 1

D

D∑
d=1

θ2d(yu; k, z) (7)

from the numerator of Eq. (6) to each tract u.

Empirically, using subscripts g and t to denote demographic group and time period, we

4Squaring deprivation also introduces an element of inequality aversion to the severity metric. All else
equal, severity cannot be decreased by shifting a unit of exposure from a less-exposed to a more highly-
exposed tract.

5For simplicity, we have specified equal weight to normalized deprivations in each dimension. Alkire
and Foster (2011) show how one can use a general d-dimensional weighting vector w consisting of positive
numbers summing to D to ascribe different importance to each stressor. In Eqs. (2) and (4), θ0(yud; zd) is
replaced with wdθ

0(yud; zd), and θ2d(yu; k, z) is replaced with wdθ
2
d(yu; k, z) in Eqs. (5) and (6).
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use these values to estimate regressions of the type

mugt =
T∑

τ=1

βm
τ × 1(g = g1)× 1(τ = t) + ϕct + ϵugt (8)

Here, 1(g = g1), is an indicator variable taking a value of 1 for the demographic group of

interest, g1 (e.g., below-poverty Hispanic), to be compared to a reference group g0 (e.g.,

above-poverty Hispanic). It is interacted with another indicator variable taking a value of

one if τ equals period t. Each tract appears twice in the regression data set, once for each of

the two groups. Tract observations are weighted by the population count of the respective

demographic group in the tract. This weighting, combined with city-by-time fixed effects

ϕct, gives the parameter βt the interpretation of the time-specific within-city multi-exposure

gap between groups. Variable ϵugt denotes an idiosyncratic error term.

A similar exercise replaces mugt with analogous values for: frequency,

fu ≡ ρ(yu; k, z) (9)

fugt =
T∑

τ=1

βf
τ × 1(g = g1)× 1(τ = t) + ϕct + ϵugt, (10)

(11)

breadth,

bu ≡
D∑

d=1

ρ(yu; k, z)θ
0(yud; zd)/D (12)

bugt =
T∑

τ=1

βb
τ × 1(g = g1)× 1(τ = t) + ϕct + ϵugt, (13)

for ρ(yu; k, z) = 1;

and severity

sud ≡ θ2d(yu; k, z) (14)

sugdt =
T∑

τ=1

βs
τ × 1(g = g1)× 1(τ = t) + ϕct + ϵugdt, (15)

for θ0(yud; zd) > 0 and ρ(yu; k, z) = 1.

These regressions (with census tract observations weighted by relevant population counts)
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allow one to track the evolution of per capita gaps in these characteristics as well. The

frequency regression tracks differences in the proportion of individuals in each group that are

extremely exposed. The breadth regression tracks differences in the number of deprivations

among the extremely exposed in each group. The severity metric tracks the average severity

per stressor among the extremely exposed. The severity regression is structured slightly

differently from the others. Rather than having two observations for each extremely exposed

tract (one for each demographic group), there are observations for each demographic group

by deprived stressor combination. That is, for k = 2 there are either 4 or 6 observations

per extremely exposed tract (since there must be at least two deprivations for a tract to

be considered extremely exposed). Both the breadth and severity regressions include only

tracts that are extremely exposed, i.e., ρ(yu; k, z) = 1.

3 Data

We evaluate extreme exposure distributions across 168 U.S. cities from 2000–2020 using

publicly available data from the Environmental Protection Agency (EPA), the National

Aeronautics and Space Administration (NASA), and the Census Bureau.6 Specifically, we

calculate the extreme multi-exposure index for PM2.5, air toxics, and summer LST, using

2010 demographic information from the American Community Survey (ACS). We divide

the two decades into three 5-year periods centered on 2000, 2010, and 2020, subject to the

exceptions described below.

Air toxics

Air toxics exposure comes from the EPA’s Risk-Screening Environmental Indicators Geo-

graphic Microdata (RSEI-GM) version 2.3.8 (US EPA, 2019). RSEI-GM has three main

components: reported facility releases, modeled chemical dispersion, and chemical toxicity

weights. Facility data on stack releases of air toxics are reported in the Toxics Release In-

ventory (TRI). To avoid spurious changes in measured exposure due to changes of the TRI

chemical reporting list over time, we focus attention on the original set of “core” chemicals

listed in 1988.7 Given the facility releases reported in the TRI, RSEI-GM uses the American

Meteorological Society/EPA Regulatory Model (AERMOD) to approximate average chemi-

cal concentrations in a census tract as a function of facility-specific parameters (such as stack

height), meteorology, and chemical-specific decay rates.

6We initially focused on the 175 census-defined urbanized areas containing over 250,000 residents. Of
these, we dropped the 7 areas with data missing for more than 20 percent of their tracts.

7See www.epa.gov/toxics-release-inventory-tri-program/tri-listed-chemicals.
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RSEI-GM calculates an aggregate exposure risk by converting the mass of reported re-

leases into “toxicity-weighted” concentrations. Toxicity weights are based on expert elici-

tation regarding the risk posed by inhalation and reflect the minimum dosage required to

affect human health, among other factors. Similar to other studies, we use toxicity-weighted

concentrations in a census tract as the measure of local exposure to air toxics (see, for ex-

ample, Gamper-Rabindran, 2006; Banzhaf and Walsh, 2008; Ard, 2015). Data are available

for 2010 tract boundaries until 2020, therefore we use 2017–2020 data to calculate averages

for the last period.

There are several limitations of RSEI-GM. Since the underlying TRI data are self reported

by facilities, there are potential reporting errors. These may occur due to clerical mistakes,

rounding, or deliberate misrepresentation. The EPA engages in several quality assurance

practices to reduce chances of misreporting (e.g., following up with facilities that do not

submit a current report, but have reported in the past). Statutory provisions on facilities

that are required to report (e.g., minimum number of employees) imply that significant

sources of releases may not appear in the data. The fact that data are reported annually

and dispersal modeling uses annual average wind direction may be problematic if releases

occur only during specific times of the year and there are seasonal shifts in weather patterns.

PM2.5

Annual average PM2.5 concentrations, measured in µg/m3, come from the Privacy-Protected

Gridded Environmental Impacts Frame (Voorheis et al., 2024b), which in turn relies on

satellite-derived PM2.5 concentrations from van Donkelaar et al. (2021) and Shen et al. (2024).

Data cover 1998–2022 with a geographic resolution of 0.01° × 0.01°. We overlay gridded

PM2.5 data with 2010 census tract boundaries to calculate area-weighted tract concentrations.

One limitation of these data is that annual averages do not capture within-day variation of

air pollution or seasonal air quality patterns.

Heat

Human heat stress is affected by several factors including local ambient air temperature,

exposure to sunlight, humidity, and wind speed. Unfortunately, it is not tractable to obtain

data on all these variables to calculate exposure to heat stress in a consistent manner across

space and time since it would require a dense network of ground-based sensors. Instead,

we use summer daytime land surface temperature (LST) as a proxy for heat stress. LST

has the advantage that it can be readily compiled in a uniform way by combining thermal

remote sensing imagery with census tract boundaries in U.S. urbanized areas going back to
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the mid-1980s using the Landsat satellite series (Wulder et al., 2022). To estimate LST, we

use the Landsat collection 2 LST product, available at roughly 100m resolution every 16 days

(Crawford et al., 2023). We average the data covering June, July, and August, representing

northern hemisphere summer, after pixel-level cloud and cloud shadow screening using the

dataset’s uncertainty flags. We use 5-year averages for 2000 and 2020. Since Landsat 5

ended in 2011 and Landsat 7 includes scan line errors that lead to additional uncertainties

(Scaramuzza and Barsi, 2005), we only use 2008–2011 data to calculate 2010 averages.

These data have several limitations. First, LST can be a poor quantitative proxy for

heat stress (Chakraborty et al., 2022). However, recent modeling exercise for U.S. cities

suggest that the direction of heat disparities is similar using LST and measures of heat

stress calculated on the basis of air temperature and humidity, but that the magnitudes of the

LST differences are higher (Chakraborty et al., 2023). In addition, LST is only observable

by satellite under cloudless weather conditions. Using LST as a proxy for heat exposure

implicitly assumes these clear sky temperatures are representative of exposures under cloudy

conditions. Moreover, because the Landsat overpass is fixed at around 10:30 am local time,

these estimates of LST represent a snapshot instead of the full diurnal temperature range.

Finally, the 16-day frequency of Landsat leads to a relative under-sampling of the climatology,

though this effect is reduced by using data covering up to 15 months (4 to 5 years with 3

months each) for each period of our study.

Demographics

Tract-level demographic information comes from the 5-year U.S. Census American Commu-

nity Survey (ACS) centered on 2010. It was downloaded from the Census API site using the

getcensus Stata user-defined program (Zippel et al., 2023). We use tract population counts

for non-Hispanic White, and calculate POC as the difference between this value and total

tract population. We also use ACS population counts by race and ethnicity by household

poverty status for the following groups: Black, Hispanic, American Indian and Alaska Native

or Native American8, non-Hispanic White. Publicly available census data report White by

both Hispanic ethnicity and poverty status. Black and Native American by poverty sta-

tus, however, include both Hispanic and non-Hispanic individuals. Therefore, there is some

potential overlap between individuals included in these two groups with those reported in

Hispanic. Since we use 2010 demographic values, our analysis abstracts from possible chang-

ing population composition due to changes in relative exposure to environmental stressors.9

8We use the term Native American to refer to American Indian and Alaska Native throughout the rest
of the paper.

9There is mixed evidence in the literature regarding the importance of such residential sorting on exposure
over time. Borsky et al. (2024) found that policies in New York City intended to reduce the urban heat

12



4 Results

Figure 1 depicts national exposure to the three stressors by demographic group. The pop-

ulation is broken down by race/ethnicity into Black, Native American, Hispanic, and non-

Hispanic White. Each demographic group is further broken down by poverty status. Overall,

median exposure to air toxics and PM2.5 has fallen for all demographic groups. However, for

LST exposure has generally increased over time for all groups, likely due to climate change.

For all racial/ethnic groups, mean exposure to all stressors for individuals below poverty

is higher than their above-poverty counterparts. In general, exposure gaps across groups

tend to be more pronounced than income-based gaps within groups. This figure depicts

average exposure for the different groups without considering whether the same individuals

are simultaneously exposed to multiple stressors.

Figure 1: National exposure levels by stressor, race, and poverty status, 2000–2020

0

20

40

60

80

A
ir

 T
ox

ic
 C

on
ce

nt
ra

tio
n

2000 2010 2020

Blac
k

Hisp
an

ic

Nati
ve

W
hit

e
Blac

k

Hisp
an

ic

Nati
ve

W
hit

e
Blac

k

Hisp
an

ic

Nati
ve

W
hit

e
0

5

10

15

20

PM
2.

5 C
on

ce
nt

ra
tio

n

2000 2010 2020

Blac
k

Hisp
an

ic

Nati
ve

W
hit

e
Blac

k

Hisp
an

ic

Nati
ve

W
hit

e
Blac

k

Hisp
an

ic

Nati
ve

W
hit

e

20

30

40

50

60

L
an

d 
Su

rf
ac

e 
T

em
p.

2000 2010 2020

Blac
k

Hisp
an

ic

Nati
ve

W
hit

e
Blac

k

Hisp
an

ic

Nati
ve

W
hit

e
Blac

k

Hisp
an

ic

Nati
ve

W
hit

e

Above Below

Poverty Status
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Summer daytime LST exposure measured in ◦C.

Table 1 presents 2000 and 2020 national values for the extreme multi-exposure index

defined in Eq. (6) as well as the frequency, breadth, and severity metrics from Eqs. (3)–

(5). Deprivation in a tract-year for a single stressor is being exposed to the top quartile

of all tract-year exposure levels across the 168 cities.10 Severity of tract-year deprivation

for a given stressor is the squared normalized difference between the exposure level and the

island effect in poor communities may ultimately have had adverse welfare effects for these groups after
sorting took place. In contrast, Currie et al. (2023) and Basu et al. (2025) find little evidence of sorting in
response to changes in PM2.5.

10These thresholds are 8.4 toxicity-weighted concentration for air toxics, 11.8 µg/m3 for PM2.5, and 40.7
◦C for LST. By comparison, the 2024 National Ambient Air Quality Standard for PM2.5 is 9 (revised down
from 12) µg/m3. There are no comparable health-based standards for air toxics or LST.
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deprivation threshold.11 The extremely exposed are those who reside in a tract-year that is

deprived for two or more stressors. Multi-exposure index values for 2000 are consistent with

the prevailing environmental justice literature that finds higher exposure to environmental

stressors by race/ethnicity and poverty status. For each demographic group, those living in

households below the poverty line have higher multi-exposure scores than those living above

the poverty line. Within each poverty classification, values for non-Hispanic White are lower

than those for almost all other racial/ethnic groups, except Native American populations.

There is further evidence suggesting that race, rather than poverty status, is an important

factor in these differences: apart from Native American (and non-Hispanic White), the above

poverty category for each racial/ethnic group does not have better (i.e., lower) scores than

below-poverty non-Hispanic White.

Overall, there was a substantial drop in index values from 2000 to 2020 (from 0.049

to 0.006), which reflects national improvements in air quality depicted in Figure 1. This

improvement was experienced by all racial/ethnic and poverty groups. Relative rankings

across groups remained stable, but the absolute value of the gaps significantly narrowed.

In 2000 the largest gap was between below-poverty Black (0.096) and above-poverty non-

Hispanic White (0.037), while the largest gap in 2020 was between below-poverty Hispanic

(0.019) and above-poverty non-Hispanic White (0.003).

The remaining columns shed light on the factors driving these trends. The overall pattern

was driven by a large drop in the proportion of the extremely exposed in the general popu-

lation from 39.1 to 5.5 percent. This decline took place for all groups with the largest drop

(52.6 percent) for below-poverty Black and the smallest for above-poverty Native American

(23.7 percent). Regarding breadth, almost all the extremely exposed in each demographic

group in 2020 were deprived for only two of the three stressors. This drop is a slight change

from 2000 when the proportion of deprived stressors across all extremely-exposed individu-

als was 0.696. Improvements in exposure severity were also modest for all groups except for

Black populations, both above and below the poverty line.

National trends depicted in Figure 1 and Table 1 are partially explained by regional dif-

ferences in demographic composition. High median Hispanic and Native American exposure

to heat, for example, may be driven by a relatively high proportion of these demographic

groups living in the Southwest. Intra-city disparities may be more relevant from a policy

perspective since they may suggest actions such as permitting, zoning, or anti-discrimination

enforcement that are under local jurisdictional control (York et al., 2014; Wang et al., 2023).

Figure 2 illustrates within-city multi-exposure gaps across demographic groups. Each line

11The normalized difference is max
{
0, ysd−zd

zd

}
.
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Figure 2: Within-city gaps in extreme multi-exposure, 2000–2020

Panel (a) All relative to non-Hispanic White
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Notes: Panel (a) shows intra-city gaps in the multi-exposure index for Black, Native American, and Hispanic
demographic groups relative to non-Hispanic White. Panel (b) shows gaps for above-poverty Black, Native
American, Hispanic, and non-Hispanic White groups relative to below-poverty non-Hispanic White. Lines
correspond to parameters βm

t from Eq. (8). Regressions are weighted by tract population for the relevant
demographic groups. Standard errors clustered by city.

in the figure depicts the βm
t parameter values from Eq. (8) for the indicated racial/ethnic

group of interest relative to the reference group. The parameter measures the average within-

city difference in the extreme multi-exposure index, M . In Panel (a), the groups of interest

are non-Hispanic Black, non-Hispanic Native American, and Hispanic, with the reference

group being non-Hispanic White. For Panel (b) the groups of interest are above-poverty

Black, Native American, Hispanic, and White and the reference group is below-poverty

White.12 Overall, Panel (a) shows that in 2000 Black, Hispanic, and Native American

12Due to data limitations, the Black and Native American racial groups in Panel (b) include those with
Hispanic ethnicity.
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groups had higher extreme multi-exposure indexes relative to non-Hispanic White. These

gaps are statistically significant (p < 0.05) for all groups except Native American. The gaps

declined over time, and by 2020 were no longer statistically significant.

To the extent that environmental amenities are capitalized into real estate values, one

might hypothesize that disparities observed in 2 Panel (a) may be due to differences in

average income across demographic groups (e.g., the fact that non-Hispanic White tend to

have relatively high incomes allows them to effectively outbid other demographic groups

in more environmentally desirable neighborhoods). If this narrative were true, however,

one might expect above poverty individuals of every demographic group to have better

environmental exposure profiles than below-poverty non-Hispanic Whites.

Figure 2 Panel (b) explores the role of income in these disparities. Lines represent

gaps between above-poverty members of each racial/ethnic group relative to the below-

poverty non-Hispanic White reference group. In 2000, above poverty non-Hispanic White has

significantly less extreme multi-exposure than below-poverty non-Hispanic White. Despite

their higher income, none of the other above-poverty groups had significantly lower exposure

than below-poverty non-Hispanic Whites in 2000. These results are consistent with others

in the environmental justice literature (e.g., Tessum et al., 2021; Bakkensen et al., 2024)

suggesting that race is a more influential factor than income in driving exposure disparities.

By 2020, the gaps between above poverty members of each demographic group and below-

poverty non-Hispanic White effectively disappear.

Gaps illustrated in Figure 2 account for frequency, breadth, and severity of extreme expo-

sure. Figure 3 breaks down the extreme multi-exposure index into these three components,

showing parameters βf
t , β

b
t , β

s
t from Eqs. (10), (13), and (15). Leftmost graphs in each panel

display only frequency gaps between the proportion of the group of interest that is extremely

exposed, relative to the reference group. Middle graphs display only the breadth gap in the

average number dimensions in which an extremely exposed tract is deprived as a proportion

of the total number of dimensions (in this case, 3). Note that while the frequency regression

includes observations for all tracts, the breadth regression only includes extremely exposed

tracts. Thus, only the frequency gap (leftmost) will necessarily increase if a tract that dis-

proportionately has residents of the group of interest relative to the reference group becomes

extremely exposed. Rightmost graphs display only severity—the average severity of expo-

sure for those dimensions in which an extremely exposed tract is deprived. That is, while

the gap in the breadth graph (middle) will necessarily increase if an extremely exposed tract

that has a disproportionate number of residents of the group of interest becomes deprived

in an additional dimension, the extreme multi-exposure gap will not.

Figure 3 shows a general convergence by race and income over time in the frequency
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Figure 3: Within-city gaps in Frequency, Breadth, and Severity, 2000–2020
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Notes: Columns of figures depict parameters βf
t , β

b
t , and βs

t from Eqs. (10), (13), and (15), respectively.
Panel (a) shows intra-city gaps for Black, Native American, and Hispanic demographic groups relative to
non-Hispanic White. Panel (b) shows gaps for above-poverty Black, Native American, Hispanic, and non-
Hispanic White groups relative to below-poverty non-Hispanic White. Regressions are weighted by tract
population for the relevant demographic groups. Standard errors clustered by city.
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Figure 4: Trends in within-city severity gaps for each stressor among the extremely exposed

Panel (a) All relative to non-Hispanic White
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Notes: Panel a) shows single stressor time-varying within-city severity disparities for Black, Native Ameri-
can, and Hispanic relative to non-Hispanic White for 2000–2020. Severity is defined as the squared normalized
difference between the exposure and the deprivation threshold defined in Section 2. Panel b) shows time-
varying within-city disparities for Black, Native American, Hispanic, and non-Hispanic White groups relative
to below poverty non-Hispanic White for 2000–2020. Regressions are weighted by tract population for the
relevant demographic groups. Standard errors clustered by city.

and breadth of extreme exposure. Although the intra-city severity gap between Black and

non-Hispanic White has fallen over the two decades, this gap between non-Hispanic White

and Hispanic and Native American has remained stable. With respect to poverty status,

extremely exposed above-poverty non-Hispanic White has significantly lower severity than

extremely exposed below-poverty non-Hispanic Whites. It also remained lower than most

of the other above-poverty groups. The exception is Black populations, which went from

significantly higher exposure in 2000 to a statistically insignificant gap in 2020.

To explore why severity gaps are not converging, Figure 4 shows these gaps separately

for each stressor. Reductions in severity gaps in air toxics and PM2.5 have been countered

by widening gaps in LST. For Black individuals, the net effect has been a narrowing of the

overall severity gap, whereas for Hispanic and Native American, changes in LST exposure

have been sufficient to partially offset improvements in the other two stressors.

Whereas Figures 2–4 depict average within-city trends, Figure 5 shows how extreme
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Figure 5: Differences across time in city-level demographic gaps in multiexposure index

Panel (a) POC – non-Hispanic White, 2000

Panel (b) POC – non-Hispanic White, 2020

Positive Negative Not Significant

Notes: Significant (p < 0.05) within-city differences in extreme multi-exposure index between POC and
non-Hispanic White. Significant (p < 0.05) positive values are depicted with triangles, significant negative
values are depicted with squares, and statistically insignificant values are depicted with circles. Size of
marker proportional to absolute value of significant difference. Standard errors clustered by census tract.
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multi-exposure gaps have changed over time for each city. Markers on each map are pro-

portional to the absolute value of parameter βm
t estimated in Eq. (8) separately for each

city-year, with the group of interest being POC (i.e., everyone who does not identify as

non-Hispanic White). Significant (p <0.05) positive values are depicted with triangles, sig-

nificant negative values are depicted with squares, and statistically insignificant values are

depicted with circles. The size of the marker is proportional to the magnitude of the values.

In 2000 extreme multi-exposure gaps were widespread in cities throughout the continental

U.S. Among statistically significant gaps, the vast majority of cases (77) show POC hav-

ing higher extreme multi-exposure than non-Hispanic White (only 1 had the reverse). By

2020, almost all but 10 significant gaps had been eliminated. Exceptions are primarily in

California’s Central Valley and along Texas and Louisiana Gulf Coast.

Sensitivity Analysis

Calculation of the multi-exposure index depends on various parameters, including: the

threshold level to determine the severity of exposure and the minimum number of depri-

vations to qualify as extremely exposed. In this section, we explore sensitivity of the main

results to specification of these parameters. The base specification defines deprivation as

being exposed to the top quartile of all tract-year exposure levels across the 168 cities, and

sets the minimum number of deprivations at 2.

Graphs in the first two columns of Appendix Figure A1, recalculate Figure 2 changing

the exposure threshold to the top tercile and top quintile, holding the minimum number of

deprivations constant at 2. Gap magnitude declines slightly as the deprivation threshold

increases, but the ordering of groups and trends over time do not change substantially.

Figure A2 recalculates Figure 5, depicting the impact of changes in the threshold quantile

in multi-exposure gaps across cities. The size of the marker is proportional to the absolute

value of parameter βm
t . Consistent with Figure A1, increasing the threshold results in smaller

and fewer significant gaps. Nevertheless, the overall pattern of a decrease in racial multi-

exposure gaps across time persists, with the exception of a few cities primarily located in

California’s Central Valley.

Parameter k from Eq. (2) sets the minimum number of stressors for which an individual

must be deprived to be considered extremely exposed. Here, we consider two alternatives

(holding the threshold constant at the top quartile): k = 0, an individual is extremely

exposed if deprived in any stressor; and k = 3, an individual is extremely only if deprived

in all stressors. The graphs in the right two columns of Appendix Figure A1 show the

effect of this parameter on trends in within-city gaps across time. Increasing the minimum

number of stressors substantially reduces the magnitude of the gaps, but the patterns remain
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similar. Appendix Figure A3 depicts the spatial distribution of changes in gaps across cities.

Increasing the minimum number of stressors, reduces the number of cities with significant

gaps in each period. Nonetheless, the general pattern of a reduction in cities with significant

gaps over time persists across specifications, with all significant gaps being eliminated by

2020 if deprivations in all 3 stressors is required for being classified as extremely exposed.

5 Conclusion

A large literature has documented that minority and low-income populations experience

disproportionate exposure to a variety of environmental stressors. The extent to which

disparities exist for simultaneous exposure of the same individuals to multiple environmental

stressors has been an unresolved question. Quantifying simultaneous exposure is important

not only from the perspective of examining environmental disparities. It is also important

for advancing our knowledge of potential health impacts of cross-stressor interaction effects.

This paper takes two first steps to deepen our understanding of simultaneous exposure.

First, we show how recent methodological advances the analysis of multi-dimensional poverty

literature can be adapted to rank distributions of extreme simultaneous exposure in a nor-

matively significant way that accounts for frequency, breadth, and severity. Second, we

apply these methods to examine trends in extreme simultaneous exposure to multi-exposure

to PM2.5, air toxics, and LST for race- and poverty-based demographic groups within and

across 161 U.S. cities over two decades, from 2000–2020.

We find that in the case of single stressors, national median exposure to air toxics and

PM2.5 has fallen for all groups, while exposure to summer heat has increased. Consistent

with the environmental justice literature, we find race- and poverty-based disparities in

the distribution of individual environmental stressors. In the case of simultaneous extreme

exposure, we find that such disparities exist, but have substantially fallen over time. Since

above-poverty POC tend to have the same or worse outcomes than below-poverty non-

Hispanic Whites, income does not appear to be a driving factor behind these results.

Disentangling the different components of the index, we find that there has been a large

drop in the proportion of the extremely exposed in the general population for all groups,

but particularly for below-poverty Black groups. Interestingly, we find that while severity

exposure gaps for PM2.5 and air toxics have decreased, exposure disparities in LST have

widened, which partially offsets improvements in the other two stressors. These results

highlight the importance of considering multiple, simultaneous sources of environmental

stress when analyzing potential policy impacts, particularly in the case of disparities among

the most exposed groups.
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The methodological approach presented here has a range of potential applications in pol-

icy analysis. It could, for example, be used in conjunction with pollution dispersion modeling

in the context of considering effects of regulatory options in EPA Regulatory Impact Anal-

ysis. Alternative regulatory approaches (e.g., emissions trading and technological pollution

control requirements) generally have different implications for the spatial distribution of en-

vironmental stressors. This type of analysis could be presented to better understand which

option is more desirable for the extremely exposed in general irrespective of demographic

groupings. Further breaking down results by income or racial groups could also be useful for

environmental justice analysis. Similarly, municipalities could use these methods to select

urban heat mitigation strategies on the basis of which alternatives ameliorate impacts on

those that suffer from extreme multi-exposure to other stressors. In addition to such prospec-

tive analyses these methods could be useful for retrospective analyses to better understand

the roles of policy, geography, and climate on localized trends in extreme multi-exposure.

Empirical results presented here represent an initial exploration into extreme multi-

exposure analysis, and as such have several limitations. We only consider three types of envi-

ronmental stressors. Data permitting, it would be straightforward to include other sources of

environmental stress (e.g., flood risk or water contamination) as well. Furthermore, research

has found correlated disparities between environmental stressors and other social stressors

(Bakkensen et al., 2024). Understanding how other socioeconomic stressors such as lack of

access to health services or housing compound cumulative disparities is an important ques-

tion for future research. Our empirical work uses data aggregated to the census tract level.

Recent efforts have leveraged restricted-access census microdata to estimate disparities to

different environmental stressors (Voorheis et al., 2024b) at the individual level. Although

Voorheis et al. (2024a) find that assigning individuals their census tract’s average concen-

trations, results in only a small attenuation of PM2.5 exposure, this result may not apply

to other environmental stressors or multi-exposure more generally. Finally, our analysis ab-

stracts from migration, holding population fixed as of 2010. Access to microdata would allow

exploration of the question of whether changes in multi-exposure lead to changes in census

tract demographic composition along the lines suggested by Depro et al. (2015).
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Appendix

Figure A1: Sensitivity of within-city gaps in extreme multi-exposure to parameter values

Panel (a) All relative to non-Hispanic White
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Notes: Panel (a) shows intra-city gaps in the multi-exposure index for Black, Native American, and Hispanic
demographic groups relative to non-Hispanic White. Panel (b) shows gaps for above-poverty Black, Native
American, Hispanic, and non-Hispanic White groups relative to below-poverty non-Hispanic White. Lines
correspond to parameters βm

t from Eq. (8). Regression specifications vary by quantile of exposure threshold
for being deprived in a stressor, and the minimum number of deprived stressors to be considered extremely
exposed. Regressions weighted by tract population for the relevant demographic groups. Standard errors
clustered by city.

24



Figure A2: Differences across time in city-level demographic gaps in multiexposure index

Panel (a) POC – non-Hispanic White, 2000
Top tercile Top quintile

Panel (b) POC – non-Hispanic White, 2020

Positive Negative Not Significant

Top tercile Top quintile

Notes: “Top tercile” and “Top quintile” indicate the quantile defining the extremely exposed for each
stressor. Significant (p < 0.05) within-city differences in extreme multi-exposure index between POC and
non-Hispanic White. Significant (p < 0.05) positive values are depicted with triangles, significant negative
values are depicted with squares, and statistically insignificant values are depicted with circles. Size of
marker proportional to absolute value of significant difference. Standard errors clustered by census tract.

Figure A3: Differences across time in city-level demographic gaps in multiexposure index

Panel (a) POC – non-Hispanic White, 2000
Any stressor All stressors

Panel (b) POC – non-Hispanic White, 2020

Positive Negative Not Significant

Any stressor All stressors

Notes: “Any stressor” and “All stressors” indicate the minimum number of stressors to which an individual
must be deprived to be classified as extremely exposed. Significant (p < 0.05) within-city differences in
extreme multi-exposure index between POC and non-Hispanic White. Significant (p < 0.05) positive values
are depicted with triangles, significant negative values are depicted with squares, and statistically insignificant
values are depicted with circles. Size of marker proportional to absolute value of significant difference.
Standard errors clustered by census tract.
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