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Abstract

Several groups in the United States, including communities of color and
low-income communities, are frequently disproportionately exposed to am-
bient (i.e., outdoor) air pollution, reflecting unjust placement of emission
sources, systemic bias, and historic race-based land use planning. Elimi-
nating these inequities is critical for advancing environmental justice. This
review synthesizes methodological innovations for characterizing and miti-
gating ambient air pollution inequities, focusing on the past 10 years, mostly
in the United States. Advances in exposure assessment (e.g., empirical mod-
els, satellite remote sensing, mobile monitoring, sensor networks) provide
new tools for characterizing disparities. Advances in techniques for attribut-
ing pollution to specific sources (e.g., reduced-complexity models) reveal
how emission-reduction approaches may or may not eliminate disparities.
Spatially targeted emission reductions are critical for eliminating relative
disparities; conventional approaches (e.g., sectoral emission reductions, na-
tional concentration standards) are unlikely to eliminate those disparities.
This article provides insights for effective interventions to promote equity
in ambient air pollution exposure.
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1. INTRODUCTION

In the past decade, a growing body of research has advanced methods to understand air pollu-
tion inequities and how to reduce or eliminate them. These advancements have uncovered new
insights and opportunities for interventions that reduce pollution overall while also mitigating
exposure inequity. Here, we review methodological innovations for investigating inequities in air
pollution burdens, including new approaches to characterizing exposures (e.g., empirical models,
mobile monitoring, sensor networks, satellite remote sensing), to attributing ambient pollution
to sources [e.g., reduced-complexity models (RCMs)], and to characterizing population vulnera-
bilities. We review research to illustrate progress in the field and discuss areas requiring further
methodological improvements. Given the scope and concentration of relevant studies, we focus
predominantly on the United States, with limited reference to other contexts.

Equity assessments of air pollution burdens are not new. A small number of articles, mostly
in the United States, from the 1960s (164, 165), 1970s (5, 40, 56), and 1980s (22) investigated
how air pollution exposures varied by income or race. Literature reviews on environmental justice
identified 17 articles as of 1992 (122), 53 articles as of 1995 (21), and, as of 2013, 307 articles
specifically on air pollution (117). Here, we focus on research within the past 10 years (i.e., 2015–
2025).

Environmental justice as a social movement has a long history (131). Important milestones
include farmworker protests in the 1960s and 1970s to improve working conditions, including
eliminating unsafe pesticide exposures; opposition in West Harlem, New York City, starting in
1968, to the siting of a sewage treatment plant and, after it opened in 1985, to its odors and
emissions; protests and a lawsuit (10) in 1979 in Houston, Texas, regarding placement of a city
garbage dump in an African American community; and protests in 1982 inWarren County,North
Carolina, against the creation of a hazardous waste landfill.

Many of these social and political struggles have catalyzed research across diverse fields to in-
vestigate patterns and drivers of exposures to environmental hazards, including air pollution, and
their disproportionate impacts on marginalized communities, including communities of color and
low-income communities. More recently, air pollution research has evolved from simply docu-
menting demographic disparities in hazard burdens to undertaking retrospective and anticipatory
assessments of existing and proposed regulatory interventions; such studies evaluate the extent
to which actions might simultaneously reduce exposures overall and also reduce or eliminate
persistent racialized and class-based disparities.

Because of space limitations, several recent areas of environmental justice research are not
covered in depth in this review. Examples include (a) recent advances in toxicology and epidemiol-
ogy; (b) the social exposome, which integrates environmental, behavioral, and social determinants
of health; (c) real-time biomonitoring, such as global positioning system (GPS)-enabled inhaler
sensors used in asthma care and telemedicine-linked exposure tracking; (d) wearable expo-
sure technologies such as silicone wristbands to detect time-averaged exposures to air toxics;
(e) data integration of low-cost sensors and research-grade instruments; ( f ) double jeopardy, i.e.,
that groups often face both higher pollution levels and greater susceptibility to harm (86) ow-
ing to, e.g., compounding stressors such as chronic disease, limited access to health-promoting
resources, occupational exposures, and cumulative environmental burdens; and (g) health and
nonhealth outcomes research. Evidence suggests that persistent disparities in health outcomes
by race and class reflect in part the disproportionate and synergistic environmental exposures
(27, 69).
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2. METHODOLOGICAL INNOVATIONS IN STUDYING AIR
POLLUTION INEQUITY

2.1. Characterizing Exposures: Methods

Exposure disparities for ambient air pollution arise when pollution concentrations have a system-
atic and uneven distribution across a population. Disparities reflect (typically, spatial) correlations
between pollution and specific subpopulations, i.e., reflecting the segregation of people and pol-
lution. Relevant spatial scales vary: national or international, regional, urban/rural, within-urban,
local, and hyperlocal (i.e., <100 m). The relative importance of each spatial scale can differ by
pollutant and societal context (31, 110, 111). We use the term “environmental inequities” in this
review to refer to unjust disparities that are due to discriminatory policies or practices, historical in-
justices including redlining and other racist planning, or other systemic unequal treatment or bias.

Several model- and measurement-based methods, and hybrid methods, can shed light on dis-
parities and approaches to addressing them (60, 65, 105). The results of an analysis will depend
in part on the method employed, including the spatiotemporal scales over which populations and
pollutants covary (Figure 1).

Attributes of an ideal air pollution exposure assessment method include high precision and
accuracy for a wide range of pollutants; fine spatial and temporal resolution; wide geographic
domain; high validity relative to observational constraints; attribution of pollution to distinct
emission sources; accessibility and resource efficiency (e.g., with respect to cost, time, expertise,
computational burden); and an ability to assess not just past or present conditions, but also a wide
range of hypothetical interventions (what was, what is, and what if ). Actual methods will have
strengths and weaknesses relative to this ideal (Figure 1).

Air pollution models can be broadly classified as either mechanistic or empirical. Mechanistic
models represent the underlying chemistry and physics that govern the emissions, transport,
transformation, and removal of air pollutants. For example, state-of-the-science chemical-
transport models [CTMs; e.g., Community Multi-Scale Air Quality (CMAQ),Weather Research
Forecast-Chemistry (WRF-Chem)] excel at representing physicochemical processes with high
fidelity. However, CTMs are expensive: They are complex to run and have a high computational
burden. They are rarely employed for large domains at spatial scales much finer than 4 km (for
large domains, 12 km or 36 km is common) and are often limited to a small number of model runs.
In the past decade, RCMs have emerged that emulate some of the key strengths of CTMs (e.g.,
source attribution) at much lower computational cost and higher spatial resolution. Examples
include Intervention Model for Air Pollution (InMAP), Estimating Air pollution Social Impact
Using Regression (EASIUR), Air Pollution Emission Experiments and Policy (APEEP) analysis
tools (e.g., AP2, AP3; or “APX”), and the HYSPLIT average dispersion model (HyADS), all of
which have found widespread application to environmental equity studies (48, 74, 79, 159).While
these models differ in their underlying approach, a common strength is their ability to efficiently
represent complex source-receptor relationships at spatial resolutions down to 1 km or better
(130), enabling the assessment of large numbers of emissions scenarios.

Empirical models aim to predict spatial variation in observed air pollution based on statis-
tical associations with more readily observed geographic characteristics. For example, land-use
regression (LUR) models relate existing air pollution measurements (e.g., data from regulatory
monitors or a targeted measurement campaign) and geographic predictor variables that describe
urban form (e.g., road networks, green space) (87, 116). This approach built on research from
the 1950s and later in geology and geostatistics on universal kriging and interpolation using
auxiliary variables (119). LUR models for air pollution were first developed in 1997 to investigate
intraurban variation (20). Later, starting in 2011, LUR was extended to national-scale modeling
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Figure 1

Methods to estimate ambient air pollution concentrations, compared to attributes for understanding disparities. Rows show seven
techniques commonly used in the air pollution environmental justice literature for estimating concentrations; columns show four
attributes commonly of interest for understanding disparities. For example, the first column (Attribution to Policy) refers to
investigating the impacts on air pollution exposures and exposure disparities of hypothetical policies. Entries indicate typical use of each
method among the environmental justice literature against ideals as follows. Attribution to a specific policy: high, the method easily
facilitates policy attribution; medium, attribution is feasible but laborious; low, impossible, impractical, or uncommon. Spatial
resolution: High, sub-kilometer; medium, 1–5 km; low, >5 km. Temporal resolution (i.e., time step of the estimate): high, hourly or
higher frequency; medium, daily; low, less resolved than daily (e.g., monthly/annual). Accuracy: high, considered the most accurate
method; low, individual point estimates may be wholly unreliable, but insights aggregated across the full modeling domain are robust;
medium, between those two extremes. In some entries, two icons (e.g., medium/low) are given for reasons mentioned in the figure (e.g.,
accuracy of low-cost sensors depends on calibration) or because typical use cases vary (e.g., accuracy for reduced-complexity models
depends on the model and the emissions inventory employed).

(129). A recent intercomparison of six national-scale models for the United States reported
relatively good levels of agreement in annual-average predictions (11). Global-scale LURs also
exist (107), and there are LURs for multiple countries. For additional details about LUR, a recent
article by Ma et al. (113) reviews LUR research from 2011 to 2023.
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LUR models excel at representing fine-scale spatial variation in air pollution, often at better
than 100 m resolution. LUR is generally unable to provide causal/mechanistic attribution of the
emission sources that drive air pollution patterns. As such, empirical models such as LUR can
characterize disparities (37, 38, 110, 143, 144, 176) but generally not the impact of mitigating
specific emissions sources. By definition, LURs will perform poorly when concentrations are not
well correlated with land-use characteristics (i.e., if the independent variables are poorly correlated
with the dependent variable); for example, LUR will generally perform better for primary pollu-
tants emitted on-roadway than for secondary pollutants with spatial patterns uncorrelated with
land use. Land-use predictors (e.g., population density, road proximity) may be correlated with
both air pollution and socioeconomic characteristics; those correlations may reflect real spatial
conditions, but they can complicate the interpretation of model-estimated disparities.

Direct measurement of air pollution provides an observational basis for understanding air pol-
lution disparities. Measurements from regulatory monitors play an important role in assessing
long-term trends and compliance with air quality standards.However, taken alone, these networks
almost uniformly lack the spatial resolution to properly assess intraurban pollutant disparities,
unless coupled with other statistical techniques such as LUR (36, 172). In addition, the place-
ment of monitors may be biased with respect to specific demographic groups, such that disparities
estimated using those data may also be biased (172).

Two emerging technologies—mobile monitoring and dense sensor networks—offer comple-
mentary strengths for assessing patterns of air pollution at intraurban spatial scales (7, 32).Mobile
monitoring can provide hyperlocal (30–100 m) estimates of time-averaged spatial patterns for
many pollutants using robust, high-quality monitoring devices (8), providing valuable informa-
tion about how fine-scale patterns drive disparities (32, 35, 152). In contrast, crowdsourced sensor
networks excel at representing the temporal patterns of pollution within and between communi-
ties for a smaller number of pollutants and can better capture the influence of episodic or cyclical
pollutant dynamics on exposure disparities (112, 123). Increasing efforts are underway to inte-
grate the relative strengths of these two observational paradigms into hybrid models (71, 109,
115).While these in-situ methods can provide unusually rich information at fine scales within in-
dividual neighborhoods, the high cost of running such dense networks limits their spatial extent,
which limits the ability to understand disparities over broader length scales.

Satellite remote sensing can provide comprehensive spatial coverage across large geographic
domains. Multiple pollutants—notably fine particulate matter (PM2.5) and nitrogen dioxide
(NO2)—have satellite data products with fine-scale (1–10 km) estimation of pollutant levels;
new instruments and data processing techniques increasingly provide broad, rich information on
multiscale disparities (46, 51, 86, 98). Satellite data are commonly included in large-scale LUR
models.

2.2. Characterizing Exposure and Exposure Inequities: Findings

Research from the past 10 years on air pollution in the United States consistently shows that
people of color and low-income groups experience higher exposures to PM2.5, NO2, and other
pollutants (12, 19, 26, 36, 39, 41, 64, 83, 103, 111, 133, 135, 138, 140, 150, 155, 158, 161, 171).
Although income is a relevant determinant, race often emerges as a stronger predictor of pollution
disparities (12, 36, 39, 55, 64, 91, 111, 120, 158, 160, 171). That conclusion—that race is more
important than income as a statistical predictor of exposures—is consistent with findings from the
likely first investigation on this topic, published in 1972 (56).

Mechanisms and events leading to this outcome include historical segregation and discrim-
inatory land-use policies that cause the siting of highways, industrial zones, power plants, and
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other sources of pollution disproportionately in vulnerable areas (19, 39, 41, 83, 100, 103, 135,
150, 161, 178). Over time, overall pollution levels have generally declined in most parts of the
United States [although forest fire smoke and other recent changes have reversed that trend in
some regions (24)]; as described next, disparities have sometimes improved and sometimes not
(see below).

Differentiation between absolute disparities and relative disparities is relevant here and, as dis-
cussed below, when considering reducing or eliminating disparities. Absolute disparity refers to
differences, in units of concentration or dilution volume [e.g., µg/m3 or parts per billion (ppb)].
Relative disparity [i.e., the difference normalized to (i.e., divided by) a reference concentration,
such as the population average concentration] typically has units of percent difference or is re-
ported unitless (e.g., 15% or 0.15). The distinction between absolute and relative disparities can
be relevant when comparing contexts where average exposures vary.

For example, consider a hypothetical comparison between subpopulation A and the population
average for two locations, X and Y. In location X, the average exposure is 1 ppb for the overall
population and 1.5 ppb (i.e., 50% higher than the overall population) for subpopulation A. In
location Y, the average exposures are 0.1 ppb (overall population) and 0.2 ppb (subpopulation A;
i.e., a 100% increase above the population average). The location with the greater disparity is X
if considering absolute disparity [0.5 ppb (X), 0.1 ppb (Y)] but is Y for relative disparity [50% (X),
100% (Y)].

The recent literature on disparities and their changes over time highlights the importance of
the relative versus absolute difference. For example, Liu et al. (110) showed that for many cases in
the United States, absolute disparities have decreased over time yet relative disparities have not.
This result underscores the critical importance—when quantifying or communicating disparities
or seeing how they differ over time or space—of distinguishing absolute versus relative.

Air pollution exposure disparities observed in the United States have, to some extent, also
been observed internationally. For example, in Mexico, satellite data indicate that poorer locali-
ties face higher PM2.5 levels (29). Sub-Saharan Africa shows extreme pollution burdens, affecting
largely low-income groups in fast-growing cities with limited environmental oversight (96). In
India, caste, religion, education, and income interact to create disproportionate impacts on, for
example, Scheduled Caste, Other Backward Class, low income, and Muslim communities (15,
30, 49). Across Europe, immigrant and lower-income populations frequently experience higher
pollution exposures (54, 55). In London and Jakarta, commuting patterns further exacerbate expo-
sure disparities, as lower-income commuters who predominantly rely on buses experience higher
pollutant concentrations than do wealthier individuals who travel by private cars (16, 138).

In contrast, for China, the patterns reported are the opposite: Higher socioeconomic status
correlates with greater exposure (173). The potential causes for these patterns are many, including
the level of economic development and the role of economic development in shaping pollution.

Satellite-based remote sensing can shed light on environmental disparities in air pollution, in
part by providing high-resolution data on pollutants such as NO2 and PM2.5 (26, 28, 46, 47, 51, 52,
57, 65, 67, 76, 84, 98, 99, 100, 102, 145, 166). Multiple studies using satellite-derived estimates of
air quality reveal that marginalized communities, including low-income and racial minority pop-
ulations, face disproportionately high exposures to air pollutants (26, 28, 33, 45, 47, 51, 52, 97, 98,
100, 102, 145). For example, TROPOMI-derived NO2 measurements reveal inequities in urban
and rural settings, with Black, Hispanic, and Asian populations consistently reporting higher av-
erage exposure levels relative to White communities (46, 47, 51, 52, 98, 99). Satellite-based PM2.5

estimates have also linked heightened pollution burdens to increased mortality and morbidity,
particularly in economically disadvantaged neighborhoods (26, 28, 76, 84, 100). Satellite-based
estimates have documented inequalities in pollution levels at schools (12, 33).
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Satellite-based research also reveals uneven distribution of factors somewhat related to air pol-
lution, such as disparities by socioeconomic status in access to urban nature (166). Satellite data
can offer historical perspectives, enabling the detection of persistent pollution disparities despite
overall improvements in ambient air quality (76, 99, 100).

Additional examples of recent findings regarding disparities and emission-reduction ap-
proaches to reduce disparities in theUnited States include the following.Yoo et al. (177) found that
non-White groups consistently face disproportionate exposure to air pollution. They reported
that, on average, Hispanic people encounter workplace PM2.5 levels of 8.50 µg/m3 (compared to
8.05 µg/m3 for White people), and Black people experience residential NO2 levels of 23.34 ppb
(compared to 21.70 ppb for White people) (177). Mikati et al. (121) found that Black popula-
tions nationally had 1.54 times greater PM2.5 exposure from nearby facilities than did the overall
population, surpassing socioeconomic-based disparities.

In understanding exposure disparities, there are important interrelationships between
race/ethnicity, income, urbanicity, and pollution levels. On average, wealthier households tend
to concentrate in larger cities (versus in smaller cities or in rural areas). Pollution levels tend to be
higher, on average, in larger cities. Investigating this interrelationship, Clark et al. (36) examine
how geography, race/ethnicity, and income intersect for NO2 exposure patterns: After subdividing
urban areas by size (small, medium, large), the pattern observed is, for each urban area size, (mod-
estly) higher exposures for lower-income households and, to a greater extent, for racial/ethnic
minorities. If they instead had considered all urban areas in one analysis, instead of subdividing by
urban area size, those trends would appear differently or would disappear.

Exposure patterns may vary across national, state, and local scales. At the same time, however,
some patterns are common and are repeated across many geographies. Liu & Marshall (111)
demonstrated how different geographic scales of variability in NO2 and PM2.5 pollution levels
contribute differently to pollution exposure inequities as well how those patterns can shed light
on the underlying causes for disparities. Dressel et al. (51) report that for satellite-based NO2

disparity analysis, the optimal spatial scales for measuring inequalities are larger than atmospheric
dispersion gradients, suggesting that suburban scale observations may not always be necessary
for understanding citywide pollution disparities. That finding is consistent with results from
Chambliss et al. (31), who used extensive mobile monitoring across the San Francisco Bay Area
to map hyperlocal air pollution patterns (pollutants mapped included NO, NO2, black carbon,
ultrafine particles); they found that while significant pollution hotspots exist at the block level,
racial and ethnic disparities were driven primarily by regional-scale concentration differences
rather than local gradients. This finding reinforces that addressing environmental inequity
requires interventions at multiple spatial scales. Regional approaches are particularly important
for reducing systematic exposure disparities.

2.3. New Approaches for Characterizing Marginalization and Other Vulnerable
Populations: New Metrics, Methods, and Findings

New methods are also integrating exposure science and social epidemiology approaches to char-
acterize disparities in air pollution exposures and their health effects among marginalized groups
based on demographic characteristics that transcend traditional demographic measures such as
race/ethnicity, poverty, and income. Alternative demographic characteristics include indicators of
historical racism, voter disenfranchisement, linguistic isolation, tenancy, and housing quality.

For example, there has been a surge of studies examining the association between historical
redlining and current exposures to air pollutants and proximity to air pollution sources. Many
environmental problems disproportionately faced by communities of color and the poor in the
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United States are rooted in discriminatory policies and actions implemented generations ago by
local, state, and federal governments. In one such policy, known as redlining, the federal Home
Owners’ Loan Corporation (HOLC), in trying to revive the housing market in the 1930s in the
wake of the Great Depression, graded and mapped how risky neighborhoods were for real estate
investment (141). Neighborhoods composed of largely low-income, immigrant, or Black resi-
dents were deemed “hazardous” or “definitely declining” and mapped in red (i.e., redlined), while
Whiter and wealthier communities were considered “best” or “still desirable.” These legacies re-
main imprinted on the environments of neighborhoods today. In 2022, Lane et al. (106) examined
the association between historical redlining and 2010 estimates of PM2.5 and NO2 and found a
consistent and nearly monotonic association between HOLC grade and pollution levels, with es-
pecially pronounced (>50%) increments in NO2 levels between the highest (grade A) and lowest
(grade D) graded neighborhoods. Intraurban disparities for NO2 and PM2.5 were substantially
larger by historical HOLC grade than they are by race/ethnicity, although within each HOLC
grade, disparities in air pollution exposure by race/ethnicity persisted, indicating that redlining
was only one of the many racially discriminatory policies that impacted communities.

Gonzalez et al. (2023) investigated disparities in exposure to urban oil and gas wells among
HOLC-graded neighborhoods in 33 cities from 13 states (69). For the 17 cities with 1940 cen-
sus data, the authors used propensity score restriction and matching to compare exposures in
neighborhoods with similar 1940 sociodemographic characteristics but differing HOLC grades
(69). Their results demonstrated a strong association, with redlined neighborhoods having nearly
twice the density of oil and gas wells than otherwise comparable, nonredlined, neighborhoods.

Similar findings for redlining and air pollution nationwide (94, 106) have also been reported for
Pittsburgh, Pennsylvania (148), Seattle, Washington (18), and Denver, Colorado (17); for schools
in New York City (95); for multiple air pollution–related health outcomes such as asthma and
adverse birth outcomes (14, 82, 93, 126, 127); for siting of power plants (43); and for many other
environmental factors (53). Analysis of the history of specific infrastructure associated with emit-
ting sources (e.g., highways, rail lines) in Denver and nationally reveals the impact of redlining,
yet it also reveals that disparities in locations for that infrastructure happened before, during, and
after redlining (17, 18). Redlining is an important example of racist urban planning, but it is not
the only one; it is a focus of study in part because redlining maps have survived to the present day
and have been digitized.

Other studies have analyzed exposure equity related to large greenhouse gas sources, includ-
ing methane superemitters. These point sources release large amounts of methane across many
industries and also emit harmful co-pollutants, including air toxics and criteria air pollutants. For
example, oil and natural gas production and distribution emit hazardous air pollutants in addition
to methane, including PM and nonmethane volatile organic compounds, which are ozone pre-
cursors (2, 59, 142) and several of which are associated with negative health impacts, including
neurological damage, adverse perinatal outcomes, birth defects, and cancer (90, 163). Air quality
sampling during the largest point-source methane release ever recorded in the United States—the
Aliso Canyon Natural Gas Storage Field active blowout in 2015—revealed elevated levels of sev-
eral hazardous air pollutants, including benzene, a carcinogen and reproductive toxicant (58). An
exposure study used the location (census block groups), category (e.g., landfill, refinery), and emis-
sion rate of California methane superemitters from Next Generation Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS-NG) flights conducted between 2016 and 2018 to undertake an
equity analysis of more than 430 methane superemitters in California (27). Results from fully ad-
justed logistic mixed models showed environmental inequity in methane superemitter locations.
For example, for every 10% increase in non-Hispanic Black residents, the odds of exposure in-
creased by 10% [95% confidence interval (CI): 1.04, 1.17]. Similar disparities for Hispanic and
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Native American populations were observed, but not with area-level measures of socioeconomic
status. Increasing proportions of non-White populations and lower voter turnout were also associ-
ated with higher superemitter emission intensity. At present, research is mixed regarding whether
carbon markets worsen environmental inequity aspects of air pollution exposure (3, 42, 81, 108,
153).

Finally, wildfires are increasing in their frequency, intensity, and duration, resulting in more
ubiquitous exposures to wildfire smoke; these rising exposures are reversing the progress made
over the past decades in air pollution reduction (23). Several health endpoints are associated with
wildfire smoke exposures, including asthma exacerbations, chronic obstructive pulmonary disease,
and elevated risk of preterm birth (34, 73, 125, 134, 137, 139). Compared to nonwildfire PM2.5,
wildfire-related PM2.5 may be more toxic (1) and may contain higher concentrations of oxida-
tive and proinflammatory compounds and of ultrafine particles (114, 118, 167, 174). Evidence
suggests that more-vulnerable communities—including native populations, low-socioeconomic-
status populations, and outdoor agricultural workers—may have higher-than-average exposure to
wildfire smoke (92, 146, 147). A recent study examined the extent to which housing characteris-
tics, including home size, year of construction, cooling type, and renovation status, influenced the
association between wildfire smoke exposure and risk of preterm birth in California (154). Re-
sults showed elevated effects for people living in unrenovated homes, those using evaporative
cooling systems, and those using central air conditioning units (149), suggesting the impor-
tance of housing quality as a measure of social vulnerability to the adverse effects of wildfire
smoke.

Another aspect of defining vulnerable communities involves recognizing that populations can
change and that environmental improvements can, at times, catalyze demographic changes. The
term “pollution gentrification” refers to cases where environmental improvements in low-income
or overburdened communities end up attracting wealthier populations, thereby displacing original
residents (39, 41, 54, 77, 103, 120, 133, 140, 158, 171).

2.4. From Documenting Disparities to Understanding Approaches
to Reduce/Eliminate Them

Environmental justice scholarship can and must move beyond documenting problems to propose
and assess potential solutions.Here,we discussmethodological innovations for satellite-based data
and RCMs, which have been used to shed light on reducing/eliminating disparities in exposure to
ambient air pollution.

2.4.1. Satellite-basedmethods. Refinements in satellite data integration and in LUR and fused
modeling have enhanced exposure assessments to illuminate localized disparities that may be over-
looked by ground-based monitoring (57, 65, 67, 88, 97, 102). As a result of these innovations,
satellite observations can also guide policy interventions by identifying emission hotspots linked
to industrial activities or heavy traffic, thereby helping to prioritize environmental inequity mea-
sures (52, 88, 97, 145). Satellite observations reveal weekday/weekend variations in urban NOx

emissions (e.g., because of temporal patterns in diesel commercial vehicle traffic); this attribute
can be used to enhance our understanding of emission dynamics and exposure patterns (66, 156,
157, 169, 171). Demetillo et al. used weekend/weekday differences in satellite-derived pollution
levels to estimate contributions from diesel truck traffic for Houston, Texas (47), and for 52 US
cities (46). For the 52 US cities, these analyses indicate that “a 62% reduction in diesel emissions
would decrease race-ethnicity and income inequalities by 37%” (46, p. 1). Emerging evidence
suggests that integrating satellite observations with community-level data can inform adaptive
strategies and promote equitable policy outcomes (145).
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2.4.2. Reduced-complexity models. Modeling can link equity outcomes, and changes in those
outcomes, to specific emission reductions. Comprehensive CTMs have been used to estimate dis-
parity associated with limited emissions scenarios over a small geographic domain (26, 117, 128,
168). Adjoint and direct decoupled methods could be developed for equity-oriented applications,
but examples are limited (136). As described above,CTMs and related methods (e.g., adjoint mod-
eling) are computationally expensive, especially if the modeler wishes to have small grid cells. The
high computational cost hinders their widespread use for characterizing disparities,makingCTMs
prohibitively expensive for many environmental inequity applications.

RCMs aim to overcome these limitations by sacrificing some degree of fidelity in order to dra-
matically reduce computational cost and, often, to increase spatial precision. As mentioned above,
four examples of RCMs commonly used for equity-oriented studies are InMAP, EASIUR, APX,
and HyADS (48, 74, 79, 159). Each approach is briefly discussed here; detailed intercomparisons
exist (9, 25, 62, 85, 150).

InMAP is an Eulerian grid model that estimates PM2.5 concentrations by parameterizing a
steady-state solution to the advection-diffusion reaction (159). InMAP and the InMAP source-
receptor matrix (ISRM; a library of InMAP runs) have been used in several analyses (6, 50, 64,
70, 72, 77, 103, 120, 130, 132, 133, 135, 151, 158, 160, 161). EASIUR uses linear regression to
estimate social cost per-unit emission from population and atmospheric variables (61, 78, 79).
EASIUR and its source-receptor matrix (80) have been used in several studies on air pollution
and environmental equity (4, 63, 178). APX and HyADS estimate marginal changes in PM2.5

concentration using dispersionmodeling–derived source-receptor frameworks (48, 74, 124). APX,
which employs Gaussian plume modeling, has been used in several equity-oriented analyses (83,
91, 150, 155). HyADS uses an air parcel trajectory model to estimate concentrations from point
sources. HyADS has been used mainly to study, for example, exposure to coal plant emissions (44,
75).

These models have several important limitations. RCMs often rely on training data from
higher-fidelity models, which may limit applicability for far-future or far-past analysis. In addition,
all four RCMs typically estimate annual average PM2.5 concentrations; with only a few exceptions,
they are generally not used for other pollutants or timescales.

3. APPROACHES TO REDUCE AND ELIMINATE DISPARITIES

As scientific consensus converged around the nature of exposure disparities, the next step is to
identify strategies to eliminate them. To identify and discuss disparities, population exposures are
often summarized using a population-weighted mean concentration, from which disparity can be
calculated, as mentioned above, in absolute (concentration units) or relative (percent difference)
terms (102, 133, 135, 171).While absolute disparity is important for estimating disparity in health
outcomes, the relative disparity is also important because it quantifies the systemic inequality
between two groups (104).

Sector-specific research highlights trucking corridors, heavy industry, and power generation as
examples of contributors to localized hotspots, including in overburdened communities (26, 31,
55, 64, 72, 77, 91, 103, 120, 151, 161, 162, 178). Policies aimed at aggregate emission reductions,
including aggregate emissions from specific economic sectors, might leave inequities unchanged
and in some cases might exacerbate inequities, unless they explicitly spatially target emissions
impacting historically overburdened communities (64, 91, 133, 135, 150, 171). Overall, these
findings underscore that social and demographic factors, including race and class, shape who
benefits from air quality improvements and who remains exposed. They point to the need for
spatially targeted equity-focused interventions in environmental regulation.
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Polonik et al. (135) indicated that certain climate policies, despite reducing absolute PM2.5 ex-
posures, might worsen relative disparities among communities of color by up to 12%. Jordan
et al. (92) showed that while racial disparities in PM2.5 from transportation and power gen-
eration will likely persist through at least 2040, aggressive interventions could eliminate these
differences by 2050. McNeil et al. (120) found that electrifying heavy-duty trucks combined with
grid decarbonization could reduce absolute air pollution–related premature mortality by up to
84% in disadvantaged communities by 2050, but relative disparities persisted or even increased,
from 0.7% currently to 6.9% by 2050, indicating disproportionate benefits for nondisadvantaged
communities.

As the above examples illustrate, there are two common approaches for identifying the features
of a given policy that lead to changes in disparities. One approach is retrospective: evaluating the
effects of historical policies. For example, observationally constrained PM2.5 surfaces have shown
that aggregate air pollution benefits from the Clean Air Act have maintained relative inequality
across decades (39, 87). Evaluations of source-specific policies (e.g., mobile source strategies, cap-
and-trade, and shifts from coal electricity) have suggested that substantial emissions reductions do
not necessarily yield reductions in relative disparity in exposure or health outcomes (3, 42, 44, 75,
103).

A second common approach is prospective: estimating how exposure disparities could change
in the future. For example, because many climate change mitigation policies have air pollution
cobenefits, many analyses have aimed to identify climate change mitigation pathways that also
benefit equity (64, 77, 91, 133, 135). Across these analyses, the climate change mitigation path-
ways that tend to reduce the absolute air pollution exposure disparity themost are those that have a
dedicated focus on reducing sources that disproportionately impact the overburdened population
of interest. For example, future vehicle electrification policies have been extensively modeled to
demonstrate that vehicle electrification efforts in overburdened communities need to substantially
outpace domain-wide adoption in order to achieve equity benefits (26, 83, 89, 120, 132, 168, 175).
Identifying emission-reduction approaches that achieve a triple win (i.e., climate change mitiga-
tion, overall air quality, and equity aspects of air quality) is an important topic on which to expand
in future research.

In addition to modeling individual policies, recent publications have made efforts to establish
and quantify paradigms for equity-oriented environmental policymaking. One approach—which
in part builds on, and aims to add an equity focus into, the intake fraction literature (13)—
proposes that policymakers target the emission source categories that most disproportionately
affect overburdened people (160). A second approach is location-specific policy, which empha-
sizes the importance of where an intervention occurs. Location-specific policy reduces disparities
substantially more efficiently than do sector-wide controls, so long as the locations are chosen
appropriately (170, 171).

Building on these paradigms, investigators introduced a framework for screening whether a
policy will reduce disparities. Here, the absolute disparity in exposure to a source of air pollution
for a specific group is decomposed into three components: total emissions; an average exposure
factor linking emissions to population-wide exposure; and relative inequality, reflecting spatial
proximity and levels of segregation of people and pollution (104).Unless the lattermost term (rela-
tive inequality) is reduced, a policy cannot eliminate inequality in exposure without fullymitigating
emissions.

Future work that aims to identify equity-oriented pathways for emissions controls or sustain-
able infrastructure development should begin by acknowledging that exposure inequality reflects
the unequal distribution of emission sources relative to populations. Without attention to where
and next to whom sources are located, today and in the future, environmental policies are likely to
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fail to achieve reductions in disparity. This insight has been a central tenet of the environmental
justice movement since its inception and is consistent with many of the demands of advocates.

4. CONCLUSIONS AND GOING FORWARD

This review highlights the considerable progress over the past 10 years in scientific and engineer-
ing methods for understanding inequities in exposure to ambient air pollution and potential steps
to reduce or eliminate those inequities.New techniques in exposure assessment (e.g., using satellite
remote sensing, mobile monitoring, empirical models, sensor networks) have provided new quan-
tification of disparities, including enhancing our ability to characterize exposure disparities with
greater precision and spatial resolution. The evidence consistently demonstrates that marginal-
ized communities, particularly those of color and low-income groups, bear disproportionate air
pollution burdens, a pattern that reflects present-day and historical discriminatory practices. New
techniques in attribution of pollution (mainly, RCMs; also, use of CTMs and satellite remote
sensing) have provided new insights into approaches to air quality management that may or may
not reduce or eliminate disparities, especially relative disparities. Based on evidence from ret-
rospective evaluations and future scenario modeling, reducing or eliminating unjust disparities
will require prioritizing the location and distribution of emission sources that are near vulnerable
and structurally marginalized communities.Notably, conventional approaches (e.g., sectoral emis-
sion reduction; National Ambient Air Quality Standards) are ineffective at eliminating relative
disparities. Finally, research has advanced methods for defining overburdened communities.

Several aspects and topics described above would benefit from further methodological im-
provements. For example, open questions remain about how best to characterize disparities,
including the interconnections between demographic attributes (e.g., race/ethnicity, income), ge-
ography (e.g., urban versus rural; small versus large cities), pollutants, and changes over time.
Methodological weaknesses always exist; examples here include the computational cost limita-
tions of high-fidelity models for broad applications and the limited applicability of some RCMs
to pollutants other than PM2.5 or to nonannual timescales.

We assert that these research questions should not be held as an excuse for inaction or delay
of action in policy contexts. As mentioned above, observed health disparities reflect exposure dis-
parities (27, 69). Enough is known to continue and expand policy efforts to reduce or eliminate
already-documented unjust disparities in exposure and risk.

Another area for improvement reflects the methods available to investigate policy-oriented
questions (e.g., what would be the environmental equity impacts of a potential future policy; how
can future policy efficiently reduce or eliminate unjust disparities; what are the environmental
equity impacts of historical policies or actions): This work should become more embedded and
routine in policy analysis. More work is also needed to integrate air quality equity concerns with
concerns about other intersectional exposures, such as access to greenspace, urban heat islands,
climate change adaptation and mitigation, and cumulative impacts across pollutants (and across
nonpollutant exposures).

Evidence identifies ways in which uncertainties in measurements and models may mean that
disparities are underestimated. For example, satellite data indicate that emission inventories may
be overestimated in wealthy areas and underestimated near warehouses (68). The nonrandom
placement of regulatory monitors may mean that disparities estimated directly via monitoring
data (rather than via empirical models) are underestimated (172). Clean Air Act violations prefer-
entially happen in communities of color (101); this record suggests that emission inventories may
be underestimated for those communities. Additional research could usefully understand how
uncertainties in current methods lead to disparity estimates being under-/overestimates.
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Important insights and findings that we anticipate researchers tackling in the next 10 years
include the following: cumulative and intersectional impacts; long-term efficacy of policy in-
terventions, including those that embed equity goals in their design; and other environmental
stressors (e.g., climate stressors). RCMs aim to emulate results from higher-fidelity models; with
the current revolution happening in artificial intelligence andmachine learning, we anticipate that
new approaches to RCMs and empirical models will open new doors to equity-related questions
in air pollution. Similarly, a small number of publications have demonstrated using satellite data
for estimating emissions and emissions attribution (46, 47, 100), and the recently launched geo-
stationary satellite TEMPO provides a new category of spatiotemporal concentration data; future
developments should extend research capabilities inmethods to promote equity in air quality.Last,
and perhaps most important since this topic cuts to the center of why environmental equity policy
and action are needed, continued and additional effort is critical for including community voices
in decision-making. Future insights will move well beyond documenting the problem by embed-
ding data- and community-driven tools into regulatory decision-making (e.g., siting, permitting,
and land-use decision-making).

DISCLOSURE STATEMENT

The authors are not aware of any affiliations, memberships, funding, or financial holdings that
might be perceived as affecting the objectivity of this review.

LITERATURE CITED

1. Aguilera R, Corringham T, Gershunov A, Benmarhnia T. 2021. Wildfire smoke impacts respiratory
health more than fine particles from other sources: observational evidence from Southern California.
Nat. Commun. 12(1):1493

2. Ahmadov R, McKeen S, Trainer M, Banta R, Brewer A, et al. 2015. Understanding high wintertime
ozone pollution events in an oil- and natural gas-producing region of the western US. Atmos. Chem.
Phys. 15(1):411–29

3. Anderson CM, Kissel KA, Field CB, Mach KJ. 2018. Climate change mitigation, air pollution, and
environmental justice in California. Environ. Sci. Technol. 52(18):10829–38

4. Anderson K,Farthing A,Elgqvist E,Warren A. 2022.Looking beyond bill savings to equity in renewable
energy microgrid deployment. Renew. Energy Focus 41:15–32

5. Anderson SJ, Gardner BW, Moll BJ, Tribble GL III, Webster TF, et al. 1978. Correlation between air
pollution and socio-economic factors in Los Angeles County. Atmos. Environ. 12(6–7):1531–35

6. Apte JS, Chambliss SE, Tessum CW, Marshall JD. 2019. A method to prioritize sources for reducing high
PM2.5exposures in environmental justice communities in California. Rep., California Air Resources Board.
https://ww2.arb.ca.gov/sites/default/files/classic/research/apr/past/17rd006.pdf

7. Apte JS, Manchanda C. 2024. High-resolution urban air pollution mapping. Science 385(6707):380–85
8. Apte JS, Messier KP, Gani S, Brauer M, Kirchstetter TW, et al. 2017. High-resolution air pollution

mapping with Google Street View cars: exploiting big data. Environ. Sci. Technol. 51(12):6999–7008
9. Baker KR, Amend M, Penn S, Bankert J, Simon H, et al. 2020. A database for evaluating the InMAP,

APEEP, and EASIUR reduced complexity air-quality modeling tools.Data Brief 28:104886
10. Bean v. Southwestern Waste Management Corp., 482 F. Supp. 673 (S.D. Tex. 1979)
11. Bechle MJ, Bell ML, Goldberg DL, Hankey S, Lu T, et al. 2023. Intercomparison of six national em-

pirical models for PM2.5 air pollution in the contiguous US. Findings. https://doi.org/10.32866/001c.
89423

12. Bechle MJ, Millet DB,Marshall JD. 2023. Ambient NO2 air pollution and public schools in the United
States: relationships with urbanicity, race-ethnicity, and income.Environ. Sci. Technol. Lett. 10(10):844–50

13. Bennett DH,McKone TE, Evans JS, Nazaroff WW,Margni MD, et al. 2002. Defining intake fraction.
Environ. Sci. Technol. 36(9):207A–11A

www.annualreviews.org • Methods to Promote Equity in Air Quality 21.13

https://ww2.arb.ca.gov/sites/default/files/classic/research/apr/past/17rd006.pdf
https://doi.org/10.32866/001c.89423
https://doi.org/10.32866/001c.89423


PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

14. Bose S, Madrigano J, Hansel NN. 2022. When health disparities hit home: redlining practices, air
pollution, and asthma. Am. J. Respir. Crit. Care Med. 206(7):803–4

15. Both AF, Balakrishnan A, Joseph B,Marshall JD. 2011. Spatiotemporal aspects of real-time PM2.5: low-
and middle-income neighborhoods in Bangalore, India. Environ. Sci. Technol. 45(13):5629–36

16. Both AF, Westerdahl D, Fruin S, Haryanto B, Marshall JD. 2013. Exposure to carbon monoxide, fine
particle mass, and ultrafine particle number in Jakarta, Indonesia: effect of commute mode. Sci. Total
Environ. 443:965–72

17. Bradley AC, Croes BE, Harkins C, McDonald BC, de Gouw JA. 2024. Air pollution inequality in the
Denver metroplex and its relationship to historical redlining. Environ. Sci. Technol. 58(9):4226–36

18. Bramble K, Blanco MN, Doubleday A, Gassett AJ, Hajat A, et al. 2023. Exposure disparities by income,
race and ethnicity, and historic redlining grade in the Greater Seattle Area for ultrafine particles and
other air pollutants. Environ. Health Perspect. 131(7):077004

19. Bravo MA, Anthopolos R, Bell ML, Miranda ML. 2016. Racial isolation and exposure to airborne
particulate matter and ozone in understudied US populations: environmental justice applications of
downscaled numerical model output. Environ. Int. 92–93:247–55

20. Briggs DJ, Collins S, Elliott P, Fischer P, Kingham S, et al. 1997. Mapping urban air pollution using
GIS: a regression-based approach. Int. J. Geogr. Inf. Sci. 11(7):699–718

21. Brown P. 1995. Race, class, and environmental health: a review and systematization of the literature.
Environ. Res. 69(1):15–30

22. Bullard RD,Wright BH. 1986. The politics of pollution: implications for the Black community. Phylon
47(1):71–78

23. Burke M, Childs ML, de la Cuesta B, Qiu M, Li J, et al. 2023. The contribution of wildfire to PM2.5

trends in the USA.Nature 622(7984):761–66
24. Burke M, Driscoll A, Heft-Neal S, Xue J, Burney J, Wara M. 2021. The changing risk and burden of

wildfire in the United States. PNAS 118(2):e2011048118
25. Cain L, Hernandez-Cortes D, Timmins C, Weber P. 2024. Recent findings and methodologies in

economics research in environmental justice. Rev. Environ. Econ. Policy 18(1):116–42
26. Camilleri SF, Montgomery A, Visa MA, Schnell JL, Adelman ZE, et al. 2023. Air quality, health and

equity implications of electrifying heavy-duty vehicles.Nat. Sustain. 6(12):1643–53
27. Casey JA, Cushing L, Depsky N,Morello-Frosch R. 2021. Climate justice and California’s methane su-

peremitters: environmental equity assessment of community proximity and exposure intensity. Environ.
Sci. Technol. 55(21):14746–57

28. Castillo MD, Kinney PL, Southerland V, Arno CA, Crawford K, et al. 2021. Estimating intra-
urban inequities in PM2.5 -attributable health impacts: a case study for Washington, DC. GeoHealth
5(11):e2021GH000431

29. Chakraborti L, Voorheis J. 2025. Is air pollution increasing in poorer localities of Mexico? Evidence
from PM2.5 satellite data. Environ. Dev. Econ. 30(1):52–69

30. Chakraborty J, Basu P. 2021. Air quality and environmental injustice in India: connecting particulate
pollution to social disadvantages. Int. J. Environ. Res. Public Health 18(1):304

31. Chambliss SE, Pinon CPR, Messier KP, LaFranchi B, Upperman CR, et al. 2021. Local- and regional-
scale racial and ethnic disparities in air pollution determined by long-term mobile monitoring. PNAS
118(37):e2109249118

32. Chambliss SE, Preble CV, Caubel JJ, Cados T, Messier KP, et al. 2020. Comparison of mobile and
fixed-site black carbon measurements for high-resolution urban pollution mapping.Environ. Sci. Technol.
54(13):7848–57

33. Cheeseman MJ, Ford B, Anenberg SC, Cooper MJ, Fischer EV, et al. 2022. Disparities in air pollutants
across racial, ethnic, and poverty groups at US public schools.GeoHealth 6(12):e2022GH000672

34. Chen G, Guo Y, Yue X, Tong S, Gasparrini A, et al. 2021. Mortality risk attributable to wildfire-related
PM2.5 pollution: a global time series study in 749 locations. Lancet Planet. Health 5(9):E579–87

35. Chen Y, Gu P, Schulte N, Zhou X, Mara S, et al. 2022. A new mobile monitoring approach to char-
acterize community-scale air pollution patterns and identify local high pollution zones. Atmos. Environ.
272:118936

21.14 Marshall et al.



PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

36. Clark LP, Harris MH, Apte JS, Marshall JD. 2022. National and intraurban air pollution exposure dis-
parity estimates in the United States: impact of data-aggregation spatial scale. Environ. Sci. Technol. Lett.
9(9):786–91

37. Clark LP, Millet DB, Marshall JD. 2014. National patterns in environmental injustice and inequality:
outdoor NO2 air pollution in the United States. PLOS ONE 9(4):e94431

38. Clark LP, Millet DB, Marshall JD. 2017. Changes in transportation-related air pollution exposures by
race-ethnicity and socioeconomic status: outdoor nitrogen dioxide in the United States in 2000 and
2010. Environ. Health Perspect. 125(9):097012

39. Colmer J, Hardman I, Shimshack J, Voorheis J. 2020. Disparities in PM2.5 air pollution in the United
States. Science 369(6503):575–78

40. Council on Environmental Quality. 1971. Environmental quality: the second annual report of the council on
environmental quality. Rep., US Government Printing Office

41. Currie J, Voorheis J,Walker R. 2023.What caused racial disparities in particulate exposure to fall? New
evidence from the Clean Air Act and satellite-based measures of air quality.Am. Econ. Rev. 113(1):71–97

42. Cushing L, Blaustein-Rejto D,Wander M, Pastor M, Sadd J, et al. 2018. Carbon trading, co-pollutants,
and environmental equity: evidence from California’s cap-and-trade program (2011–2015). PLOS Med.
15(7):e1002604

43. Cushing LJ, Li S, Steiger BB, Casey JA. 2023. Historical red-lining is associated with fossil fuel power
plant siting and present-day inequalities in air pollutant emissions.Nat. Energy 8(1):52–61

44. Daouda M, Henneman L, Kioumourtzoglou M-A, Gemmill A, Zigler C, Casey JA. 2021. Association
between county-level coal-fired power plant pollution and racial disparities in preterm births from 2000
to 2018. Environ. Res. Lett. 16(3):034055

45. De Souza P, Anenberg S, Makarewicz C, Shirgaokar M, Duarte F, et al. 2024. Quantifying disparities
in air pollution exposures across the United States using home and work addresses. Environ. Sci. Technol.
58(1):280–90

46. Demetillo MAG, Harkins C, McDonald BC, Chodrow PS, Sun K, Pusede SE. 2021. Space-based ob-
servational constraints on NO2 air pollution inequality from diesel traffic in major US cities. Geophys.
Res. Lett. 48(17):e2021GL094333

47. DemetilloMAG,Navarro A,Knowles KK,Fields KP,Geddes JA, et al. 2020.Observing nitrogen dioxide
air pollution inequality using high-spatial-resolution remote sensing measurements in Houston, Texas.
Environ. Sci. Technol. 54(16):9882–95

48. Dennin LR,Muller NZ. 2025. Funding a just transition away from coal in the U.S. considering avoided
damage from air pollution. J. Benefit-Cost Anal. 16(1):79–106

49. deSouza PN, Chaudhary E, Dey S, Ko S, Németh J, et al. 2023. An environmental justice analysis of air
pollution in India. Sci. Rep. 13(1):16690

50. Dimanchev EG, Paltsev S, Yuan M, Rothenberg DA, Tessum CW, et al. 2019. Health co-benefits of
sub-national renewable energy policy in the US. Environ. Res. Lett. 14(8):085012

51. Dressel IM, Demetillo MAG, Judd LM, Janz SJ, Fields KP, et al. 2022. Daily satellite observations
of nitrogen dioxide air pollution inequality in New York City, New York and Newark, New Jersey:
evaluation and application. Environ. Sci. Technol. 56(22):15298–311

52. Epps A, Dressel IM, Guo X, Odanibe M, Fields KP, et al. 2025. Satellite observations of atmospheric
ammonia inequalities associated with industrialized swine facilities in Eastern North Carolina. Environ.
Sci. Technol. 59(5):2651–64

53. Estien CO, Wilkinson CE, Morello-Frosch R, Schell CJ. 2024. Historical redlining is associated with
disparities in environmental quality across California. Environ. Sci. Technol. Lett. 11(2):54–59

54. Fairburn J, Schüle SA, Dreger S, Karla Hilz L, Bolte G. 2019. Social inequalities in exposure to ambi-
ent air pollution: a systematic review in the WHO European Region. Int. J. Environ. Res. Public Health
16(17):3127

55. Fecht D, Fischer P, Fortunato L, Hoek G, de Hoogh K, et al. 2015. Associations between air pollu-
tion and socioeconomic characteristics, ethnicity and age profile of neighbourhoods in England and the
Netherlands. Environ. Pollut. 198:201–10

56. Freeman AM III. 1972. The distribution of environmental quality. In Environmental Quality Analysis:
Theory & Method in the Social Sciences, ed. AV Kneese, BT Bower. RFF Press. 1st ed.

www.annualreviews.org • Methods to Promote Equity in Air Quality 21.15



PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

57. Gallagher CL, Holloway T, Tessum CW, Jackson CM, Heck C. 2023. Combining satellite-derived
PM2.5 data and a reduced-form air quality model to support air quality analysis in US cities. GeoHealth
7(5):e2023GH000788

58. Garcia-Gonzales DA, Popoola O, Bright VB, Paulson SE, Wang Y, et al. 2019. Associations among
particulate matter, hazardous air pollutants and methane emissions from the Aliso Canyon natural gas
storage facility during the 2015 blowout. Environ. Int. 132:104855

59. Garcia-Gonzales DA, Shonkoff SBC, Hays J, Jerrett M. 2019. Hazardous air pollutants associated with
upstream oil and natural gas development: a critical synthesis of current peer-reviewed literature.Annu.
Rev. Public Health 40:283–304

60. Gardner-Frolick R, BoydD,Giang A. 2022. Selecting data analytic andmodeling methods to support air
pollution and environmental justice investigations: a critical review and guidance framework. Environ.
Sci. Technol. 56(5):2843–60

61. Gentry BM, Robinson AL, Adams PJ. 2023. EASIUR-HR: a model to evaluate exposure inequality
caused by ground-level sources of primary fine particulate matter. Environ. Sci. Technol. 57(9):3817–24

62. Gilmore EA, Heo J, Muller NZ, Tessum CW, Hill JD, et al. 2019. An inter-comparison of the social
costs of air quality from reduced-complexity models. Environ. Res. Lett. 14(7):074016

63. GingerichDB,MauterMS.2017.Air emissions damages frommunicipal drinkingwater treatment under
current and proposed regulatory standards. Environ. Sci. Technol. 51(18):10299–306

64. Goforth T, Nock D. 2022. Air pollution disparities and equality assessments of US national
decarbonization strategies.Nat. Commun. 13(1):7488

65. Gohlke JM, Harris MH, Roy A, Thompson TM, DePaola M, et al. 2023. State-of-the-science data
and methods need to guide place-based efforts to reduce air pollution inequity. Environ. Health Perspect.
131(12):125003

66. Goldberg DL, Anenberg SC, Kerr GH, Mohegh A, Lu Z, Streets DG. 2021. TROPOMI NO2 in
the United States: a detailed look at the annual averages, weekly cycles, effects of temperature, and
correlation with surface NO2 concentrations. Earth’s Future 9(4):e2020EF001665

67. Goldberg DL, de Foy B, Nawaz MO, Johnson J, Yarwood G, Judd L. 2024. Quantifying NOx emis-
sion sources in Houston, Texas using remote sensing aircraft measurements and source apportionment
regression models. ACS ES&T Air 1(11):1391–401

68. Goldberg DL, Tao M, Kerr GH, Ma S, Tong DQ, et al. 2024. Evaluating the spatial patterns of U.S.
urban NOx emissions using TROPOMI NO2. Remote Sens. Environ. 300:113917

69. Gonzalez DJX, Nardone A, Nguyen AV, Morello-Frosch R, Casey JA. 2023. Historic redlining and the
siting of oil and gas wells in the United States. J. Expo. Sci. Environ. Epidemiol. 33(1):76–83

70. Goodkind AL, Tessum CW, Coggins JS, Hill JD, Marshall JD. 2019. Fine-scale damage estimates of
particulate matter air pollution reveal opportunities for location-specific mitigation of emissions. PNAS
116(18):8775–80

71. Hankey S, Sforza P, Pierson M. 2019. Using mobile monitoring to develop hourly empirical models of
particulate air pollution in a rural Appalachian community. Environ. Sci. Technol. 53(8):4305–15

72. Harrison BP, McNeil WH, Dai T, Campbell JE, Scown CD. 2024. Site suitability and air pollution
impacts of composting infrastructure for California’s organic waste diversion law. Environ. Sci. Technol.
58(45):19913–24

73. Heft-Neal S,Driscoll A,YangW,ShawG,BurkeM.2022.Associations betweenwildfire smoke exposure
during pregnancy and risk of preterm birth in California. Environ. Res. 203:111872

74. Henneman LRF, Choirat C, Ivey C, Cummiskey K, Zigler CM. 2019. Characterizing population
exposure to coal emissions sources in the United States using the HyADS model. Atmos. Environ.
203:271–80

75. Henneman LRF, Rasel MM, Choirat C, Anenberg SC, Zigler C. 2023. Inequitable exposures to U.S.
coal power plant-related PM2.5: 22 years and counting. Environ. Health Perspect. 131(3):037005

76. Henneman LRF, Shen H, Hogrefe C, Russell AG, Zigler CM. 2021. Four decades of United States
mobile source pollutants: spatial-temporal trends assessed by ground-basedmonitors, air quality models,
and satellites. Environ. Sci. Technol. 55(2):882–92

77. Hennessy EM, Scown CD, Azevedo IML. 2024. The health, climate, and equity benefits of freight truck
electrification in the United States. Environ. Res. Lett. 19(10):104069

21.16 Marshall et al.



PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

78. Heo J, Adams PJ, Gao HO. 2016. Public health costs of primary PM2.5 and inorganic PM2.5 precursor
emissions in the United States. Environ. Sci. Technol. 50(11):6061–70

79. Heo J, Adams PJ, Gao HO. 2016. Reduced-form modeling of public health impacts of inorganic PM2.5

and precursor emissions. Atmos. Environ. 137:80–89
80. Heo J, Adams PJ, Gao HO. 2017. Public health costs accounting of inorganic PM2.5 pollution

in metropolitan areas of the United States using a risk-based source-receptor model. Environ. Int.
106:119–26

81. Hernandez-Cortes D, Meng KC. 2023. Do environmental markets cause environmental injustice?
Evidence from California’s carbon market. J. Public Econ. 217:104786

82. Herrera T, Seok E, Cowell W, Brown E,Magzamen S, et al. 2025. Redlining in New York City: impacts
on particulate matter exposure during pregnancy and birth outcomes. J. Epidemiol. Community Health
79(1):12–18

83. Holland SP,Mansur ET,Muller NZ, Yates AJ. 2019. Distributional effects of air pollution from electric
vehicle adoption. J. Assoc. Environ. Resour. Econ. 6(S1):S65–94

84. Huang K, Bi J, Meng X, Geng G, Lyapustin A, et al. 2019. Estimating daily PM2.5 concentrations in
New York City at the neighborhood-scale: implications for integrating non-regulatory measurements.
Sci. Total Environ. 697:134094

85. Industrial Economics, Incorporated. 2019. Evaluating reduced-form tools for estimating air quality benefits.
Rep., US Environmental Protection Agency, Office of Air Quality Planning and Standards. https://
www.epa.gov/sites/default/files/2020-09/documents/iec_rft_report_9.15.19.pdf

86. Institute of Medicine, Committee on Environmental Justice. 1999. Toward Environmental Justice:
Research, Education, and Health Policy Needs. National Academies Press

87. Jbaily A, Zhou X, Liu J, Lee T-H, Kamareddine L, et al. 2022. Air pollution exposure disparities across
US population and income groups.Nature 601(7892):228–33

88. Jerrett M, Arain A, Kanaroglou P, Beckerman B, Potoglou D, et al. 2005. A review and evaluation of
intraurban air pollution exposure models. J. Expo. Sci. Environ. Epidemiol. 15(2):185–204

89. Ji S, Cherry CR, Zhou W, Sawhney R, Wu Y, et al. 2015. Environmental justice aspects of exposure to
PM2.5 emissions from electric vehicle use in China. Environ. Sci. Technol. 49(24):13912–20

90. Johnston JE, Chau K, Franklin M, Cushing L. 2020. Environmental justice dimensions of oil and gas
flaring in South Texas: disproportionate exposure among Hispanic communities. Environ. Sci. Technol.
54(10):6289–98

91. Johnston JE, Lim E, Roh H. 2019. Impact of upstream oil extraction and environmental public health:
a review of the evidence. Sci. Total Environ. 657:187–99

92. Jordan KH, Dennin LR, Adams PJ, Jaramillo P, Muller NZ. 2024. Climate policy reduces racial dispar-
ities in air pollution from transportation and power generation. Environ. Sci. Technol. 58(49):21510–22

93. Jung J, Schollaert CL, Masuda YJ, Connolly RE, Bonilla E, et al. 2025. Wildland fire smoke exposure
disparities by wildland urban interface category and land ownership. Landsc. Urban Plan. 263:105423

94. Jung KH, Argenio KL, Jackson DJ, Miller RL, Perzanowski MS, et al. 2024. Home and school pol-
lutant exposure, respiratory outcomes, and influence of historical redlining. J. Allergy Clin. Immunol.
154(5):1159–68

95. Jung KH, Pitkowsky Z, Argenio K, Quinn JW, Bruzzese J-M, et al. 2022. The effects of the historical
practice of residential redlining in the United States on recent temporal trends of air pollution near
New York City schools. Environ. Int. 169:107551

96. Katoto PDMC, Byamungu L, Brand AS, Mokaya J, Strijdom H, et al. 2019. Ambient air pollution and
health in sub-Saharan Africa: current evidence, perspectives and a call to action.Environ. Res. 173:174–88

97. Kelp MM, Carroll MC, Liu T, Yantosca RM, Hockenberry HE, Mickley LJ. 2023. Prescribed burns
as a tool to mitigate future wildfire smoke exposure: lessons for states and rural environmental justice
communities. Earth’s Future 11(6):e2022EF003468

98. Kerr GH, Goldberg DL, Anenberg SC. 2021. COVID-19 pandemic reveals persistent disparities in
nitrogen dioxide pollution. PNAS 118(30):e2022409118

99. Kerr GH, Goldberg DL, Harris MH, Henderson BH, Hystad P, et al. 2023. Ethnoracial disparities
in nitrogen dioxide pollution in the United States: comparing data sets from satellites, models, and
monitors. Environ. Sci. Technol. 57(48):19532–44

www.annualreviews.org • Methods to Promote Equity in Air Quality 21.17

https://www.epa.gov/sites/default/files/2020-09/documents/iec_rft_report_9.15.19.pdf
https://www.epa.gov/sites/default/files/2020-09/documents/iec_rft_report_9.15.19.pdf


PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

100. Kerr GH, Meyer M, Goldberg DL, Miller J, Anenberg SC. 2024. Air pollution impacts from
warehousing in the United States uncovered with satellite data.Nat. Commun. 15(1):6006

101. Kerr GH, Stedman RA, Anenberg SC. 2024. Disproportionate Clean Air Act violations occur in
communities of color throughout the United States. Environ. Res. Lett. 19(5):054052

102. Kim NR, Lee HJ. 2025. Leveraging high-resolution satellite-derived NO2 estimates to evaluate NO2

exposure representativeness and socioeconomic disparities. Environ. Sci. Technol. 59(7):3434–42
103. Koolik LH, Alvarado Á, Budahn A, Plummer L, Marshall JD, Apte JS. 2024. PM2.5 exposure disparities

persist despite strict vehicle emissions controls in California. Sci. Adv. 10(37):eadn8544
104. Koolik LH, Bullard RD,Min E, Morello-Frosch R, Patterson RF, et al. 2025. Eliminating air pollution

disparities requires more than emission reduction. PNAS. https://doi.org/10.1073/pnas.2505888122
105. Koolik LH, Speizer S, Rong C, Chambliss S, Marshall JD, Morello-Frosch R, Tessum CW, Apte JS.

2025.Methodological design choices can affect air pollution exposure disparity estimates: a case study on
California’s agricultural sector. Preprint,ChemRxiv: https://doi.org/10.26434/chemrxiv-2025-jcdnz

106. LaneHM,Morello-FroschR,Marshall JD,Apte JS. 2022.Historical redlining is associated with present-
day air pollution disparities in U.S. cities. Environ. Sci. Technol. Lett. 9(4):345–50

107. Larkin A, Geddes JA, Martin RV, Xiao Q, Liu Y, et al. 2017. Global land use regression model for
nitrogen dioxide air pollution. Environ. Sci. Technol. 51(12):6957–64

108. Lejano RP, Kan WS, Chau CC. 2020. The hidden disequities of carbon trading: carbon emissions, air
toxics, and environmental justice. Front. Environ. Sci. 8:593014

109. Li T, Huang X, Zhang Q, Wang X, Wang X, et al. 2025. Machine learning-guided integration of fixed
and mobile sensors for high resolution urban PM2.5 mapping. npj Clim. Atmos. Sci. 8(1):95

110. Liu J, Clark LP, Bechle MJ, Hajat A, Kim S-Y, et al. 2021. Disparities in air pollution exposure in the
United States by race/ethnicity and income, 1990–2010. Environ. Health Perspect. 129(12):127005

111. Liu J, Marshall JD. 2023. Spatial decomposition of air pollution concentrations highlights historical
causes for current exposure disparities in the United States. Environ. Sci. Technol. Lett. 10(3):280–86

112. Lu T, Garcia DA, Garcia A, Liu Y. 2023. Leveraging crowd-sourced environmental data to assess air
pollution exposure disparity: a case of Los Angeles County. Int. J. Appl. Earth Obs. Geoinf. 125:103599

113. Ma X, Zou B, Deng J, Gao J, Longley I, et al. 2024. A comprehensive review of the development of land
use regression approaches for modeling spatiotemporal variations of ambient air pollution: a perspective
from 2011 to 2023. Environ. Int. 183:108430

114. Makkonen U, Hellén H, Anttila P, Ferm M. 2010. Size distribution and chemical composition of air-
borne particles in south-eastern Finland during different seasons and wildfire episodes in 2006. Sci. Total
Environ. 408(3):644–51

115. Manchanda C, Harley RA, Marshall JD, Turner AJ, Apte JS. 2024. Integrating mobile and fixed-site
black carbon measurements to bridge spatiotemporal gaps in urban air quality. Environ. Sci. Technol.
58(28):12563–74

116. Marshall JD,Nethery E, Brauer M. 2008.Within-urban variability in ambient air pollution: comparison
of estimation methods. Atmos. Environ. 42(6):1359–69

117. Marshall JD, Swor KR, Nguyen NP. 2014. Prioritizing environmental justice and equality: diesel
emissions in Southern California. Environ. Sci. Technol. 48(7):4063–68

118. Masselot P, Sera F, Schneider R, Kan H, Lavigne É, et al. 2022. Differential mortality risks associated
with PM2.5 components: a multi-country, multi-city study. Epidemiology 33(2):167–75

119. Matheron G. 1963. Principles of geostatistics. Econ. Geol. 58(8):1246–66
120. McNeil WH, Porzio J, Tong F, Harley RA, Auffhammer M, Scown CD. 2025. Impact of truck

electrification on air pollution disparities in the United States.Nat. Sustain. 8:276–86
121. Mikati I, Benson AF, Luben TJ, Sacks JD, Richmond-Bryant J. 2018. Disparities in distribution of

particulate matter emission sources by race and poverty status. Am. J. Public Health 108(4):480–85
122. Mohai P, Bryant B. 1991. Race, poverty & the distribution of environmental hazards: reviewing the

evidence. Race Poverty Environ. 2(3/4):3–27
123. Mousavi A, Yuan Y, Masri S, Barta G, Wu J. 2021. Impact of 4th of July fireworks on spatiotemporal

PM2.5 concentrations in California based on the PurpleAir sensor network: implications for policy and
environmental justice. Int. J. Environ. Res. Public Health 18(11):5735

21.18 Marshall et al.

https://doi.org/10.1073/pnas.2505888122
https://doi.org/10.26434/chemrxiv-2025-jcdnz


PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

124. Muller NZ, Mendelsohn R. 2007. Measuring the damages of air pollution in the United States.
J. Environ. Econ. Manag. 54(1):1–14

125. Naeher LP, Brauer M, Lipsett M, Zelikoff JT, Simpson CD, et al. 2007. Woodsmoke health effects: a
review. Inhal. Toxicol. 19(1):67–106

126. Nardone A,Casey JA,Morello-Frosch R,MujahidM,Balmes JR,Thakur N. 2020. Associations between
historical residential redlining and current age-adjusted rates of emergency department visits due to
asthma across eight cities in California: an ecological study. Lancet Planet. Health 4(1):e24–31

127. Nardone A, Chiang J, Corburn J. 2020.Historic redlining and urban health today in U.S. cities.Environ.
Justice 13(4):109–19

128. Nguyen NP, Marshall JD. 2018. Impact, efficiency, inequality, and injustice of urban air pollution:
variability by emission location. Environ. Res. Lett. 13(2):024002

129. Novotny EV, Bechle MJ, Millet DB, Marshall JD. 2011. National satellite-based land-use regression:
NO2 in the United States. Environ. Sci. Technol. 45(10):4407–14

130. Paolella DA,TessumCW,Adams PJ, Apte JS, Chambliss S, et al. 2018. Effect of model spatial resolution
on estimates of fine particulate matter exposure and exposure disparities in the United States. Environ.
Sci. Technol. Lett. 5(7):436–41

131. Perez AC, Grafton B, Mohai P, Hardin R, Hintzen K, Orvis S. 2015. Evolution of the environmental
justice movement: activism, formalization and differentiation. Environ. Res. Lett. 10(10):105002

132. Peshin T, Sengupta S, Thakrar SK, Singh K, Hill J, et al. 2024. Air quality, health, and equity impacts
of vehicle electrification in India. Environ. Res. Lett. 19(2):024015

133. Picciano P,QiuM,Eastham SD,YuanM,Reilly J, SelinNE. 2023.Air quality related equity implications
of U.S. decarbonization policy.Nat. Commun. 14(1):5543

134. Picciotto S, Huang S, Lurmann F, Pavlovic N, Chang SY, et al. 2024. Pregnancy exposure to PM2.5

from wildland fire smoke and preterm birth in California. Environ. Int. 186:108583
135. Polonik P, Ricke K, Reese S, Burney J. 2023. Air quality equity in US climate policy. PNAS

120(26):e2217124120
136. Qiu M, Zigler CM, Selin NE. 2022. Impacts of wind power on air quality, premature mortality, and

exposure disparities in the United States. Sci. Adv. 8(48):eabn8762
137. Reid CE, Brauer M, Johnston FH, Jerrett M, Balmes JR, Elliott CT. 2016. Critical review of health

impacts of wildfire smoke exposure. Environ. Health Perspect. 124(9):1334–43
138. Rivas I, Kumar P,Hagen-Zanker A. 2017. Exposure to air pollutants during commuting in London: Are

there inequalities among different socio-economic groups? Environ. Int. 101:143–57
139. Rizzo LV,RizzoMCFV. 2025.Wildfire smoke and health impacts: a narrative review. J. Pediat. 101:S56–

64
140. Rosofsky A, Levy JI, Zanobetti A, Janulewicz P, Fabian MP. 2018. Temporal trends in air pollution

exposure inequality in Massachusetts. Environ. Res. 161:76–86
141. Rothstein R. 2017. The Color of Law: A Forgotten History of How Our Government Segregated America.

Liveright. 1st ed.
142. Roy AA, Adams PJ, Robinson AL. 2014. Air pollutant emissions from the development, production, and

processing of Marcellus Shale natural gas. J. Air Waste Manag. Assoc. 64(1):19–37
143. Saha PK, Hankey S, Marshall JD, Robinson AL, Presto AA. 2021. High-spatial-resolution estimates of

ultrafine particle concentrations across the continentalUnited States.Environ. Sci.Technol.55(15):10320–
31

144. Saha PK, Presto AA, Hankey S, Marshall JD, Robinson AL. 2022. Racial-ethnic exposure disparities to
airborne ultrafine particles in the United States. Environ. Res. Lett. 17(10):104047

145. Sayyed TK,Ovienmhada U,Kashani M,Vohra K,Kerr GH, et al. 2024. Satellite data for environmental
justice: a scoping review of the literature in the United States. Environ. Res. Lett. 19(3):033001

146. Schollaert CL, Alvarado E, Baumgartner J, Busch Isaksen T, Jung J, et al. 2024. Estimated impacts
of forest restoration scenarios on smoke exposures among outdoor agricultural workers in California.
Environ. Res. Lett. 19(1):014085

147. Schollaert CL, Marlier ME, Marshall JD, Spector JT, Busch Isaksen T. 2024. Exposure to smoke from
wildfire, prescribed, and agricultural burns among at-risk populations across Washington, Oregon, and
California.GeoHealth 8(4):e2023GH000961

www.annualreviews.org • Methods to Promote Equity in Air Quality 21.19



PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

148. Schuyler AJ, Wenzel SE. 2022. Historical redlining impacts contemporary environmental and asthma-
related outcomes in Black adults. Am. J. Respir. Crit. Care Med. 206(7):824–37

149. Scott M, Grineski SE, Collins TW, Adkins DE. 2025. Climate gaps: disparities in residential air
conditioning access across ten US metropolitan areas. Appl. Geogr. 176:103537

150. Sergi B, Azevedo I, Davis SJ, Muller NZ. 2020. Regional and county flows of particulate matter damage
in the US. Environ. Res. Lett. 15(10):104073

151. Sergi BJ, Adams PJ, Muller NZ, Robinson AL, Davis SJ, et al. 2020. Optimizing emissions reductions
from the U.S. power sector for climate and health benefits. Environ. Sci. Technol. 54(12):7513–23

152. Shah RU, Robinson ES, Gu P, Apte JS,Marshall JD, et al. 2020. Socio-economic disparities in exposure
to urban restaurant emissions are larger than for traffic. Environ. Res. Lett. 15(11):114039

153. Shapiro JS, Walker R. 2021. Where is pollution moving? Environmental markets and environmental
justice. AEA Pap. Proc. 111:410–14

154. Sklar R, Picciotto S,Meltzer D, Goin DE,Huang S, et al. 2024. Exploring relationships between smoke
exposure, housing characteristics, and preterm birth in California. Environ. Pollut. 363:125022

155. Spiller E, Proville J, Roy A, Muller NZ. 2021. Mortality risk from PM2.5: a comparison of modeling
approaches to identify disparities across racial/ethnic groups in policy outcomes.Environ.Health Perspect.
129(12):127004

156. Stavrakou T, Müller J-F, Bauwens M, Boersma KF, Van Geffen J. 2020. Satellite evidence for changes
in the NO2 weekly cycle over large cities. Sci. Rep. 10(1):10066

157. Tang T, Zhang L, Zhu H, Ye X, Fan D, et al. 2024. Quantifying urban daily nitrogen oxide emissions
from satellite observations. Atmosphere 15(4):508

158. Tessum CW, Apte JS, Goodkind AL, Muller NZ, Mullins KA, et al. 2019. Inequity in consumption of
goods and services adds to racial-ethnic disparities in air pollution exposure. PNAS 116(13):6001–6

159. Tessum CW, Hill JD, Marshall JD. 2017. InMAP: a model for air pollution interventions. PLOS ONE
12(4):e0176131

160. Tessum CW, Paolella DA, Chambliss SE, Apte JS, Hill JD, Marshall JD. 2021. PM2.5 polluters
disproportionately and systemically affect people of color in the United States. Sci. Adv. 7(18):eabf4491

161. ThindMPS, Tessum CW,Azevedo IL,Marshall JD. 2019. Fine particulate air pollution from electricity
generation in theUS: health impacts by race, income, and geography.Environ. Sci. Technol.53(23):14010–
19

162. Thind MPS, Tessum CW,Marshall JD. 2023. Environmental health, racial/ethnic health disparity, and
climate impacts of inter-regional freight transport in the United States. Environ. Sci. Technol. 57(2):884–
95. Correction. 2024. Environ. Sci. Technol. 58:5186

163. Tran KV, Casey JA, Cushing LJ, Morello-Frosch R. 2020. Residential proximity to oil and gas devel-
opment and birth outcomes in California: a retrospective cohort study of 2006–2015 births. Environ.
Health Perspect. 128(6):67001

164. Van Arsdol MD. 1966. Metropolitan growth and environmental hazards: an illustrative case (World
Population Conference). Ekistics 21:48–50

165. Van Arsdol MD, Sabagh G, Alexander F. 1964. Reality and the perception of environmental hazards.
J. Health Hum. Behav. 5(4):144–53

166. Venter ZS, Figari H, Krange O, Gundersen V. 2023. Environmental justice in a very green city: spa-
tial inequality in exposure to urban nature, air pollution and heat in Oslo, Norway. Sci. Total Environ.
858:160193

167. Verma V, Polidori A, Schauer JJ, Shafer MM, Cassee FR, Sioutas C. 2009. Physicochemical and tox-
icological profiles of particulate matter in Los Angeles during the October 2007 Southern California
wildfires. Environ. Sci. Technol. 43(3):954–60

168. VisaMA,Camilleri SF,Montgomery A, Schnell JL, JanssenM, et al. 2023.Neighborhood-scale air qual-
ity, public health, and equity implications of multi-modal vehicle electrification. Environ. Res. Infrastruct.
Sustain. 3(3):035007

169. Wang H, Gong F-Y, Newman S, Zeng Z-C. 2022. Consistent weekly cycles of atmospheric NO2, CO,
and CO2 in a North American megacity from ground-based, mountaintop, and satellite measurements.
Atmos. Environ. 268:118809

21.20 Marshall et al.



PU47_Art21_Marshall ARjats.cls December 11, 2025 12:59

170. Wang Y, Apte JS, Hill JD, Ivey CE, Johnson D, et al. 2023. Air quality policy should quantify effects on
disparities. Science 381(6655):272–74

171. Wang Y,Apte JS,Hill JD, Ivey CE,Patterson RF, et al. 2022. Location-specific strategies for eliminating
US national racial-ethnic PM2.5 exposure inequality. PNAS 119(44):e2205548119

172. Wang Y, Marshall JD, Apte JS. 2024. U.S. ambient air monitoring network has inadequate coverage
under new PM2.5 standard. Environ. Sci. Technol. Lett. 11(11):1220–26

173. Wang Y, Wang Y, Xu H, Zhao Y, Marshall JD. 2022. Ambient air pollution and socioeconomic status
in China. Environ. Health Perspect. 130(6):067001

174. Wegesser TC, Pinkerton KE, Last JA. 2009. California wildfires of 2008: coarse and fine particulate
matter toxicity. Environ. Health Perspect. 117(6):893–97

175. Wen Y, Yu Q, He BY, Ma J, Zhang S, et al. 2024. Persistent environmental injustice due to brake and
tire wear emissions and heavy-duty trucks in future California zero-emission fleets. Environ. Sci. Technol.
58(43):19372–84

176. Wen Y, Zhang S,Wang Y, Yang J,He L, et al. 2024.Dynamic traffic data in machine-learning air quality
mapping improves environmental justice assessment. Environ. Sci. Technol. 58(7):3118–28

177. Yoo E-H, Cooke A, Eum Y. 2023. Examining the geographical distribution of air pollution disparities
across different racial and ethnic groups: incorporating workplace addresses.Health Place 84:103112

178. Zirogiannis N, Byrne A, Hollingsworth AJ, Konisky DM. 2023. Polluting under the radar: emissions,
inequality, and concrete batch plants in Houston. Environ. Sci. Technol. 57(31):11410–19

www.annualreviews.org • Methods to Promote Equity in Air Quality 21.21


