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Abstract

Air pollution remains a significant global health risk and exposure to air pollutants can
lead to multiple health issues across the life course. Furthermore, air pollution plays a
crucial role in health disparities across racial and ethnic (RE) groups, through both
differential exposure and differential susceptibility. The concept of environmental justice
encompasses fair treatment in environmental policies across all race/ethnic groups,
cultures, and incomes. Historical patterns of discriminatory siting of emission sources
have led to differential exposure to air pollution among racial and ethnic groups.
Additionally, differential susceptibility, influenced by social factors and community
composition, further exacerbates health inequities. Various conceptual frameworks
explain the root causes of these disparities, including economic factors, sociopolitical
dynamics, and historical discrimination. Structural racism manifests in multiple ways,
affecting psychosocial stress, built environment quality, and healthcare access.

In this report, we aimed to summarize the use of RE in air pollution epidemiology
literature in California and make methodological recommendations. We first conducted
a scoping review to understand the landscape on the use of RE in air pollution-related
health studies in California. From 2000 to 2023, we identified a total of 134
publications. Studies exploring air pollution disparity across RE or RE as effect modifiers
for air pollution-outcome relationship increased over time, but the number of
publications exploring the mediating role of air pollution in outcome disparity across RE
remained low. We summarized methodological challenges in such studies and provided
corresponding recommendations.



Introduction

Background of environmental justice and air pollution

According to the Global Burden of Disease study, air pollution was ranked the fourth
largest risk factor contributing to premature death globally in 2019, accounting for 6.7
million premature deaths (Murray et al. 2020). Inhalation of air pollutants can lead to
inflammatory responses that promote systemic oxidative stress, activation of lung
autonomic nervous system, and thrombosis coagulation (Chin 2015; Stanek et al.
2011). Exposure to air pollution has been linked with increases in risk for all-cause,
cardiovascular and respiratory mortality and morbidity by many epidemiological studies
(Chen and Hoek 2020; Huangfu and Atkinson 2020; Kulick et al. 2023; Lee et al. 2020;
Orellano et al. 2020, 2021; Zheng et al. 2021). Aside from abundant epidemiological
evidence on detrimental health impacts of air pollution, evidence also supports the
important role of environmental determinants like air pollution on health disparities
across racial and ethnic groups, potentially through differential exposure and differential
susceptibility (Heo et al. 2019; Hicken et al. 2023; Mohai et al. 2009). As a result, the
public and government agencies in the United States increasingly emphasized the
consideration of environmental justice in policymaking to mitigate health inequities
(House 2021; U.S. EPA and WHO partner to protect public health; US EPA 2015).
However, the majority of air pollution-related health studies, as well as the broader
environmental health sciences field, have been criticized for having a pervasive racism,
lacking appropriate consideration of racial and ethnic inequities (Payne et al. 2021;
Perry et al. 2021).

The State of California defined “environmental justice” as “the fair treatment of people
of all races, cultures, and incomes with respect to the development, adoption,
implementation, and enforcement of environmental laws, regulations, and policies”
(Environmental Justice 2011). However, health inequities across racial and ethnic
groups have been recognized and recorded in the US since the founding of colonial
America (Bailey et al. 2017). The role of environmental determinants, like air pollution,
in such health inequities received more attention since the Warren County landfill
protest in 1982, when civil rights activists organized against the dumping of
polychlorinated biphenyls in the predominantly Black community in North Carolina
(Mohai et al. 2009). Since then, many studies have documented the differential
distribution of environmental pollutants like air pollution across racial and ethnic groups
(i.e., differential exposure), as a result of discriminative sitings of emission sources
(Jbaily et al. 2022; Liu et al. 2021; Mohai et al. 2009). Furthermore, environmental
determinants like air pollution could also impact health inequities through differential
susceptibility, meaning the effect of toxicants on biological systems is modified by social
factors like individual race and ethnicity (RE), as well as racial and ethnic composition of
the community (details on mechanisms below) (Gee and Payne-Sturges 2004; Jackson
and VanderWeele 2019). Being a member of racial and ethnic minority groups or
residing in communities mostly composed of minorities not only leads to higher
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environmental pollutants but also increases the health responses towards such
pollutants. Previous studies have demonstrated that disregarding either aspect will lead
to an underestimation of the health disparity (Spiller et al. 2021).

Different conceptual frameworks exist in explaining the root causes of the differential
exposure and differential susceptibility. Theories for siting patterns leading to
differential exposure include lower cost to industrial facilities near minority communities
(i.e., economic explanation), less effective opposition from minority communities due to
lack of pre-existing social capital (i.e., sociopolitical explanation), and discriminatory
zoning in the early 1900s (i.e., side-effect of discrimination from historical policies)
(Mohai et al. 2009). On the other hand, historical and structural racism should be
considered as a plausible explanation of observed differential susceptibility across both
individual and community-level RE (Payne et al. 2021). The structural racism can be
manifested in psychosocial stress, quality of built environment, internal dose, and
health care quality and access (Bailey et al. 2017; Gee and Payne-Sturges 2004;
Morello-Frosch and Lopez 2006). Importantly, individual RE, commonly misconstrued as
a fixed biological trait that solely determines the disparity in health responses to
environmental pollutants (i.e., biological determinism), should be considered as a social
and political construct that leads to differential access to the goods, services, and
opportunities of society by RE (Jones 2000; Payne et al. 2021).

Framework to summarize the use of RE in air pollution epidemiology

In this report, we used the operationalization of RE in environmental epidemiology
summarized by Benmarhnia et al. to discuss the related assumptions and challenges in
these analytical decisions, and to connect these analytical decisions to the above
conceptual frameworks. Briefly, in an air pollution-related health study, RE has been
used as confounder, effect modifier or main exposure of interest (Benmarhnia et al.
2021) (Figure 1). Considering RE as a confounder (e.g., including RE as a covariate in
the model) acknowledges that differential exposure and health disparities exists across
racial and ethnic groups, but regards such disparities as non-manipulable through a
“ritualistic adjustment” (Kaufman 2014; VanderWeele and Robinson 2014), while
masking systematic racism manifested through air pollution (Swilley-Martinez et al.
2023). Only adjusting RE as a confounder also precludes consideration of differential
susceptibility. However, considering RE as a confounder is still the most common usage
of RE in air pollution-related health studies. For example, 46 (73%) out of 63 identified
studies only considered RE as a confounder in a review on the association between
particulate matter and adverse birth outcomes with some considerations of RE
(Thayamballi et al. 2021).



Figure 1 Schematics depicting the study types considered in this review

A. Air pollution exposure disparity across RE (Exposure disparity)

RE ——» AP

B. Air pollution-outcome association modified by RE (EM analysis)

RE

AP y > Y

C. Outcome disparity across RE with air pollution as a mediator (Mediation analysis)

[ v
Y

RE — » AP .

Abbr: AP = Air Pollution; RE = Race and Ethnicity; Y can be any outcome

Note: Schematic depiction C could also be interpreted as treating RE as the
confounder of AP and Y relationship, which is not a study type of interest in this report
due to its preclusion of systematic racism manifested through AP.

When RE is considered an effect modifier in the association between an environmental
exposure and a health outcome (including stratified analysis by RE or interaction terms
between air pollution and RE) (Figure 1B, effect modification [EM] analysis), both
differential exposure and differential susceptibility are incorporated into the analysis,
but the challenge remains in the interpretation of the observed disparity in the health
effect of air pollution. A recent review of ten US-based empirical air pollution-related
health studies that considered RE from 2016 to 2022 found a lack of in-depth discussion
of such disparity (Hicken et al. 2023). Perry et al. connected this lack of conceptual
discussion to the origin of mainstream environmental health studies, in which RE was
usually considered as a biological determinant and the observed health disparity was
considered evidence of inferiority of the racial and ethnic minorities. Besides,
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considering RE as an effect modifier of air pollution related health impact is still a
relatively rare practice, occurring in 16 (13%) out of 124 studies of air pollution-related
pregnancy outcomes from 1990 to 2024 (Dzekem et al. 2024). On a related note, a few
methodological ambiguities exist on the distinction between interaction and effect
modification (VanderWeele 2009), and the application of formal heterogeneity tests
(Kaufman and MacLehose 2013).

When RE is used as the main exposure of interest, the study could either focus on
quantifying the differential exposure (i.e., including air pollution as the outcome without
considering health) (Figure 1A, exposure disparity analysis) or on decomposing the total
effect of RE on a health outcome to an indirect part mediated through differential
exposure to air pollution and a direct part representing the effect of RE through other
pathways (Figure 1C, mediation analysis). Similar to studies with RE considered as an
effect modifier, proper interpretation of the observed disparity in air pollution is a major
challenge for the first type of study and incorporation of a conceptual framework is
crucial. A recent review on environmental justice studies of any environmental
pollutants published between 2018 and 2021 found a lack of framework in 98 (47%)
out of 208 exposure-only disparity studies. The second type of study, decomposition
analysis, a special type of mediation analysis, asks a simple question: how disparities in
the health outcome would change if disparities in the mediator (e.g., air pollution) were
removed (Jackson 2021). Although causal decomposition analysis is gaining popularity
in mainstream epidemiological studies as it combines intervention and health disparity
through the counterfactual framework, its usage remains rare in air pollution-related
health studies. For example, the review of environmental justice studies of any
environmental pollutants from 2018 to 2021 found that only 5 (2.6%) out of 194
identified epidemiological studies used mediation analysis (Casey et al. 2023). Besides,
there are many assumptions and challenges in the application of decomposition analysis
that impedes its application, including incorporation of clear causal framework and the
interpretation around manipulability of RE (Benmarhnia et al. 2021).

Aside from challenges specific to each type of RE usage, there are other inferential and
methodological challenges in the use of RE in air pollution-related health studies. First,
the operationalization of RE requires careful consideration (Martinez et al. 2023). For
example, the usage of an ambiguous “other” category without justification masks the
heterogeneity in experiences of minority groups (Martinez et al. 2023). Nevertheless,
RE is tightly intertwined with socioeconomic factors and how to understand the disparity
across RE with considerations of socioeconomic factor remains a controversial topic
(Hajat et al. 2021). Understanding how multiple social identities like RE and
socioeconomic factors may interact and affect air pollution-related health is another
important consideration. One proposed approach to unpack such complexity is using
intersectional decomposition analysis discussed above to disentangle the contribution
from different factors on the individual experience (Jackson 2021).



Aims of this report

Here, we focused on California, the most populated state of the U.S. facing a
complicated air pollution challenge. Although California has progressive air pollution
control policies (Karmel and FitzGibbon; Lurmann et al. 2015), it also has the highest
number of counties that exceed the U.S. Environmental Protection Agency’s air quality
standards (EPA) for ambient fine particulate matter and ozone. These non-attainment
areas are mostly located in the Central Valley area and Los Angeles metropolitan area,
where high agricultural and transportation activities exist. California also experiences a
changing landscape for air pollution due to increases in wildfire smoke-related air
pollution, which already constituted more than 50% of primary fine particulate matter in
California and is projected to increase as climate change progresses (Burke et al. 2023;
Ford et al. 2018). With its complex air pollution challenge and a highly diverse
population (40% Latino, 35% white, 15% Asian or Pacific Islander, 5% Black, 4%
multiracial, and fewer than 1% Native American or Alaska Natives) (California’s
Population), California has been at the forefront of understanding the role of race and
ethnicity in health disparity studies. Understanding the operationalization of RE in
California air pollution-related health studies could provide relevant insights for all U.S.
regions, especially as climate change progresses and wildfire become more prevalent.

As suggested by Payne et al. and Casey et al., centering environmental justice
questions in environmental health sciences is essential and could be facilitated by
providing a guideline on the use of RE. In this report, we aimed to summarize the use
of RE in air pollution epidemiology literature in California and make methodological
recommendations. With this aim in mind, we first conducted a scoping review to
understand the landscape on the use of RE in air pollution-related health studies in
California. Next, we summarized important methodological considerations and
assumptions in air pollution-related health study with different operationalization of RE.
We not only provided recommendations for researchers on the use of RE, but also
equipped policymakers and the public with a better understanding of current practices
in the use of RE in air pollution-related studies, including the assumptions and
conceptual frameworks.

Methods

Based on the PRISMA Extension for Scoping Review (Tricco et al. 2018), we conducted
the scoping review in five steps: eligibility criteria establishment, initial search for
eligible articles, abstract and title screening, full-text review, and data extraction. At
least two researchers (CC, AKD, SZ, or RG) participated in each step and consensus was
achieved in every step.

Eligibility criteria

We aimed to identify and summarize peer-reviewed articles on empirical population
studies of air pollution that considered RE other than a confounder. This led to a focus
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on three major types of study shown in Figure 1: air pollution exposure disparity study
across RE (exposure disparity analysis), air pollution-outcome association modified by
RE (effect modification analysis), and outcome disparity across RE with air pollution as a
mediator (mediation analysis). We did not include articles that only considered RE as a
confounder for the air pollution-health outcome relationship due to the high prevalence
of such practice and the preclusion of systematic racism manifested through air
pollution (Swilley-Martinez et al. 2023).

We created a list of eligibility criteria to guide the process (Table 1). To restrict the
review to a manageable size, we decided a priorito focus on ambient air pollutants
including the six criteria air pollutants (US EPA 2014), wildfire-related air pollution, and
air quality index. These air pollutants could be treated as an exposure (effect
modification analysis), outcome (exposure disparity analysis), or mediator (mediation
analysis) in the study. Additionally, we required that RE be included as an exposure
(exposure disparity analysis or mediation analysis) or effect modifier (effect modification
analysis). We did not impose any restriction on the health outcomes and considered
studies evaluating the differential exposure to air pollutants across RE. We also limited
our review to articles published between January 1, 2000, to December 31, 2023, and
conducted within California or with a general focus on the United States.

To further clarify the eligibility criteria, we created a list of exclusion criteria (Table 1).
For example, we excluded occupational cohorts (including studies focusing exclusively
on farmworkers or firefighters), animal studies, health impact assessments that relied
solely on concentration-response functions estimated by other studies, exposure
disparity studies relying solely on exposure simulation, and non-population-based
studies involving experimental or randomized exposure schemes. We also excluded
studies that focused on indoor air pollution, smoking, or ambient air pollutants other
than those listed in the eligibility criteria.

Table 1: Eligibility criteria and corresponding exclusion criteria for the scoping review.

Eligibility Criteria Exclusion Criteria

1. English language 1. Not in English

2. Peer-reviewed empirical population 2. Reviews, commentaries, letters,
studies published as journal editorials, news and case reports,
articles conference papers, pre-prints

3. Publication year between 2000/1/1 3. Published before 2000/1/1 or after
and 2023/12/31 2023/12/31

4. Must be conducted within 4. Exclusively focusing on an area
California or a general focus on the outside of California (e.g., Europe,
us east coast of US or Florida)
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5. Must use ambient air pollution (six 5. Occupational cohorts, animal

criteria air pollutant, wildfire, air studies, health impact assessment,
quality index) as exposure, simulation studies, or non-
outcome or mediator population-based studies (i.e.

those that involved experimental

6. Must include Table 1 and ethnicity or randomized exposure schemes)

as exposure (when air pollution is
the outcome) or effect modifier or 6. Race and ethnicity is used as a
mediator confounder

7. Air pollution is used as a
confounder

8. Focused on indoor air pollution,
smoking, or ambient air pollutants
other than ones specified.

Initial search

Based on the eligibility criteria, we selected search terms for four databases (PubMed,
Embase, Web of Science, and CINHAL). Briefly, we created separate sets of search
terms for air pollution, RE, geographical areas, and article type. We applied these
search terms to a search of the title and abstract, and identified articles satisfying all
sets of terms simultaneously. We included the detailed search terms used for each
database in the appendix (Supplementary Table 1) and applied the publication date
restriction manually. The initial search strategy yielded 3,898 articles from the four
databases (1,242 from PubMed, 1,111 from Embase, 1,365 from Web of Science, and
180 from CINHAL).

To increase the comprehensiveness of our initial search, we also added potentially
eligible original articles cited in relevant reviews and California Air Resources Board
(CARB) reports to our initial search results. Briefly, we searched the four databases with
similar search terms as described above but primed to identify reviews as compared to
focusing on original articles (Supplementary Table 2). This search yielded 163 review
articles, and we further identified 37 relevant ones through abstract and title review
based on the eligibility/exclusion criteria (Table 1). We also identified four relevant
CARB reports through abstract and title review (
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Supplementary Table 3). Next, we read the full text of the review articles and CARB
reports to identify the final list of 33 articles to extract relevant cited articles from. Two
researchers (CC and AKD) independently conducted the abstract and title screening and
full-text review. Conflicts were resolved through discussion. Prior to beginning the
formal screening process, the two researchers underwent a calibration exercise using
five review papers not included in the study sample to ensure consistency in their
selection approach. Any discrepancies in paper selection during this exercise were
discussed to resolve conflicts and establish a standardized screening criterion. Finally,
each researcher read half of the relevant reviews and identified potentially eligible
original articles cited. We identified 248 articles and combined them with articles
identified through database search for the screening stage (Figure 2). Among 4,146
articles identified, we excluded 2,242 duplicates and included 1,904 articles for abstract
and title screening.
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3,898 papers imported from database search

1,242 from PubMed 248 papers identified through
1,111 from Embase reviews
1,365 from Web of Science
180 from CINHAL

»| 2,242 duplicates removed

Y

1904 studies identified for
screening

_‘ 1,687 studies did not meet
‘ criteria

v
217 full-text studies ’

assessed for eligibility

83 studies did not meet criteria
Focused exclusively outside of California (n=31)
Focused on air pollution other than six criteria air pollutants,
wildfire, or air quality index (n=16)
Race/ethnicity used as a confounder (n=15)
Not peer-reviewed or human-population based (n=9)
Single sub-population for race and ethnicity (n=5)
Air pollution not an exposure, mediator, or outcome (n=4)
Health impact assessment using existing conentration
response function (n=3)

AJ

134 studies identified for
extraction

Figure 2 Flowchart of number of articles identified and screened at different stages of
the review

Abstract and title screening

We conducted the abstract and title screening using the eligibility criteria and the
derived exclusion criteria (Table 1). The screening process involved two screeners (SZ
and RG) and one conflict resolver (CC or AKD). Prior to beginning the formal screening
process, the two screeners (SZ and RG) completed a thorough training exercise using
10 research articles on similar topics that were not included in the study sample. This
training ensured consistent application of screening criteria and familiarized the
screeners with the decision-making process. Each screener could vote “yes”, “*no”, or
“maybe” to indicate their decision for each article. The article was excluded from the
review process only when both screeners voted “no”. The article was sent for full-text

review when both screeners voted “yes”. When either screener voted “maybe” or their
14



votes were different, the article was marked as a conflict, and a conflict resolver
reviewed the abstract and title to decide whether the article should be excluded or

included for full-text review (Figure 3). We excluded 1,687 articles in this stage and
included 217 articles for full-text review (Figure 2).

QOriginal articles identified for
screening

Y

',,/'\‘\
~

Ve N S
( Rejected ) No & No & S;;i;?é:g S Yes & Yes|Maybe & Yes .
N J N e

Y \ e
o

Yes & No /| Maybe & No

Conflict ‘

" conflict S [ !

No < resolution > Yes. Full-text review
~._decision " ( J
~

N

Y
P

ya B A Full-text ™. \

/ ) \ . : /Select for ™\
[ Rejected | No & No < review > Yes & Yes— ] extraction )
- // . decision S %

S . y
Y - i

N

Yes & No

|

Conflict |

N
" Conflict ™
No <~ resolution > Yes
“~._decision "
A

~

Figure 3: Flowchart detailing the process at the abstract-screening and full-
text review stage

Full text review

We applied the same eligibility criteria and exclusion criteria at this stage. Two
researchers (CC and AKD) independently voted yes/no for inclusion after reading the
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full article. Conflicts were resolved through discussion between the two researchers
(Figure 3). This process led to the exclusion of 83 articles and the remaining 134
articles were included in the study (Figure 2). Reasons for exclusion included studies
conducted exclusively outside of California (n=31), studies focused on air pollutants
other than the six criteria air pollutants, wildfire, or air quality index (n=16), and studies
that used RE as a confounder (n=15). Additional exclusions were made for non-peer-
reviewed or non-human population studies (n=9), studies examining only a single racial
and ethnic subpopulation (n=5), studies where air pollution was not considered as an
exposure, mediator, or outcome (n=4), and health impact assessments that solely used
existing concentration-response functions (n=3) (Figure 2).

Data extraction

We created a data extraction form to collect information on basic study characteristics
and important methodological considerations for these types of studies (Benmarhnia et
al. 2021; Casey et al. 2023; Martinez et al. 2023). Two researchers (CC and AKD)
independently extracted information from each article and reached consensus on
discordant items via discussion. An empty extraction form is shown in Supplementary
material.

First, we extracted general information (e.g. study title, author, year of publication) and
basic study characteristics such as study period, geographic location, and the number of
participants. We also classified articles as air pollution exposure disparity across RE
study (exposure disparity), air pollution-outcome association modified by RE (effect
modification analysis), and outcome disparity across RE with air pollution as a mediator
(mediation analysis). We also extracted detailed information on variables used for air
pollution, RE, and income. We documented how each of these variables were used in
the study (e.g. as an exposure, outcome, potential effect modifier, or mediator), as well
as the source, and spatial and temporal resolutions of these variables.

For air pollution variables, we also identified the pollutant(s) explored in the study and
specified the estimation of exposure data (e.g., monitors alone [i.e., with simple spatial
assignment methods that does not include information other than location of the
monitor, such as average within a geographic area or nearest location assignment],
satellite data alone, emission inventory data alone, statistical models, dynamic models
[e.g., chemical transport model], and a combination of several methods).

For RE variables, we extracted the measurement methods based on categories outlined
by Roth (e.g. self-reported vs. observed) and unit of analysis (e.g. individual level,
proportion within an area, or area-level index). We extracted the specific racial and
ethnic categories utilized in the study and whether one or more RE categories were
collapsed or omitted from the original data. We also assessed whether the study
incorporated additional forms of RE variables beyond the primary measure of RE and
summarized their intended functions in analysis (e.g., as confounders or region-level
covariates). We also evaluated whether authors provided justification for including the
additional RE variables and documented their stated rationale when available.
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Although many different indicators were used to represent the social and economic
factors that influence individuals’ or groups’ exposure and susceptibility towards air
pollution (e.g., income, poverty, education, and composite SES indicators) (Hajat et al.
2021), we focused on variables directly describing income or poverty to focus explicitly
on the material resources aspect of their socioeconomic position.

Next, we extracted information specific to each study type. For studies examining
exposure disparities, we identified the analytical approaches employed, categorized as
univariable regression, multivariable regression, or descriptive metrics of outcome (e.g.,
population-weighted averages).

For studies of health disparities, either considering RE as potential effect modifier for air
pollution-health relationship or examining the disparity through mediation analysis, we
documented the study design (i.e., ecological, time-series/ecological, cross-sectional,
case-control, or cohort study). For effect modification studies, we additionally recorded
the primary analytical approaches (i.e., multivariable regression models, multilevel
models, G-methods, or machine learning/predictive models). We also noted whether
authors explicitly used epidemiological terminology (e.g., effect modification and effect
heterogeneity) or statistical terminology (e.g., interaction terms and stratified analysis),
whether formal heterogeneity testing was performed, and how results were reported
with and without significant heterogeneity test. Additionally, we captured
methodological nuances such as the incorporation of multiple community characteristics
in secondary stage models (e.g., time series or Bayesian hierarchical models) and
whether authors mentioned potential confounding of the effect modifier by other
variables.

We also assessed a few potential methodological concerns in exposure disparity study
and effect modification study. Specifically, we evaluated whether authors interpreted
coefficients of variables other than the exposure of interest from the same model,
which could introduce Table 2 fallacy in health disparity studies due to potential bias in
the coefficients of control variables. We also examined whether studies intentionally
considered the intersectionality of RE and income in their analyses, distinguishing this
from cases where income was merely included as a confounder in RE-stratified models.
For studies that explicitly addressed intersectionality, we documented their
methodological approach.

For studies using mediation analysis, we assessed three major methodological concerns
based on the guideline for reporting mediation analyses (AGReMA statement) (Lee et al.
2021). First, we assessed if the authors included rationales for conducting the
mediation analysis and discussed the inferences for their results. Second, we evaluated
whether the study clearly specified the causal framework. Third, we identified the
analytical method and evaluated the discussion of causal identification assumptions in
such methods (e.g., does this method allow interaction between exposure and mediator
and intermediate confounders). We also extracted whether a specific package was used
to carry out the analysis. We did not incorporate this information extraction for
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mediation analysis into the extraction form given the expected small number of studies
and high variability in methodology under this type.

Finally, we summarized the key findings from each article. We also evaluated how
studies contextualized and interpreted their findings. We extracted key discussion points
related to RE disparities and assessed whether authors provided substantive discussion
of their findings and whether they employed a conceptual framework (such as
structural racism or historical discriminatory practices) to explain the observed
disparities. Similarly, for studies that considered income variables, we documented
whether authors explicitly discussed their income-related results and extracted their
interpretative framework for understanding the observed socioeconomic disparities.
Understanding the conceptual frameworks allowed us to assess how studies situated
their empirical findings within broader theoretical and social contexts.

Results

Basic study characteristics

Among 134 studies extracted, 82
(61.2%) focused on the entire US or a
representative sample of the US, while
42 (31.3%) focused specifically on
California or regions within California o

(Supplementary Table 4). The

remaining 10 studies (7.5%) included

some California regions in addition to

other states but were not 17
representative of the entire country. In
terms of study type, 79 studies
(59.0%) studies examined effect
modification (EM) analysis, and 49
studies (36.6%) examined exposure
disparity. Of the remaining six studies,

31

»
S

Number of Studies

41

three explored mediation analysis -
(Benmarhnia et al. 2017; Jones et al.

2015; Song et al. 2020a), one study 2

evaluated examined exposure disparity 7

and also examined mediation
(Woodruff et al. 2003a), and two ‘ |

studies examined both EM and B Publication Years B
mediation analysis (Yannatos et al.

2023a; Younan et al. 2022a). We thus ) , _
had a total of 50 exposure disparity Figure 4 Number of studies published by type of

studies, 81 EM analysis, and 6 studies  Study and across publication years
that assessed mediation analysis.

[ 8 e
0 —

Study Type Exposure Disparity EM Analysis . Mediation Analysis
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There is an increase in the number of publications across study types other than health
disparity study with mediation over the years, with 74 (55.2%) published between
2021-2024, followed by 53 (39.6%) published between 2011-2020, and only 10 (7.5%)
published between 2000-2010. This temporal pattern was consistent across study
types, with the highest proportion of publications occurring in 2021-2024 for studies
exploring exposure disparity (62.0%), studies assessing EM analysis (50.6%), and
studies assessing mediation analysis (33.3%). Notable growth was observed between
the first two decades (2000-2020) and the most recent period (2021-2024), particularly
for exposure disparity studies, which increased from just 2 studies (4.0%) in 2000-2010
to 31 studies (62.0%) in 2021-2024. Studies assessing EM analysis showed a similar
trend, increasing from 7 studies (8.6%) in 2000-2010 to 41 studies (50.6%) in 2021-
2024, while mediation analyses emerged primarily after 2011 (Figure 4).

Use of air-pollution across study types

The majority of studies examined a single pollutant (71 studies, 53.0%), while fewer
studies investigated multiple pollutants: 30 studies (22.4%) examined two pollutants,
18 studies (13.4%) looked at three pollutants, and 15 studies (11.2%) analyzed four or
more pollutants. This pattern was generally consistent across different study types,
though with some variations. Among studies exploring exposure disparity, the
preference for single-pollutant analyses was even more pronounced, with 60.0%
examining one pollutant, 28.0% studying two pollutants, and relatively few
investigating three (8.0%) or four or more pollutants (4.0%). Studies assessing EM
analysis (N=81) showed a more balanced distribution, with 50.6% examining single
pollutants and a notable proportion analyzing multiple pollutants: 17.3% for two
pollutants, and 16.0% each for three pollutants and four or more pollutants. The six
studies that assessed mediation analysis were evenly split between examining one, two,
and three pollutants (33.3% each), with none analyzing four or more pollutants (

Table 2).

Table 2 Number of air pollutants considered across study type
All studies Exposure disparity studies EM analysis studies Mediation analysis studies

Study Characteristics (N =134) (N = 50) (N =81) (N=6)

Number of pollutants used

Single pollutant 71 (53.0%) 30 (60.0%) 41 (50.6%) 2(33.3%)
Two pollutants 30 (22.4%) 14 (28.0%) 14 (17.3%) 2 (33.3%)
Three pollutants 18 (13.4%) 4(8.0%) 13 (16.0%) 2 (33.3%)
4 or more pollutants 15 (11.2%) 2 (4.0%) 13 (16.0%) 0(0.0%)

1 Note: some studies are classified into multiple categories. The sum of studies across study type might not add up to the total number of studies.
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Across all studies, fine particulate matter (PM,.5) was the most commonly studied
pollutant, examined in 100 (74.6%) studies, followed by nitrogen dioxide (NO) in 47
(35.1%) studies and ozone in 28 (20.9%) studies. Coarse particulate matter (PM1o) was
investigated in 16 (11.9%) studies, while other criteria pollutants such as NOx, carbon
monoxide (CO), and sulfur dioxide (SO.) were examined in 14 (10.4%), 9 (6.7%), and
5 (3.7%) studies, respectively. PM, s constituents/components were studied in 8 (6%)
studies, and several studies focused on specific source categories of PM; 5, including
source-apportioned PMz s, traffic-related PM2.s, non-traffic PMz s, particulate matter from
coal, and diesel PM emission (each in 1-2 studies). Ultrafine particles, wildfire smoke,
and lead were each investigated in 5 (3.7%), 5 (3.7%), and 4 (3%) studies,
respectively. Black carbon and benzene were examined in 3 (2.2%) studies, while
elemental carbon was studied in 2 (1.5%) studies. Other less common pollutants
included air quality index (AQI), anthropogenic NO,, CO;, traffic exposure approximated
by proximity to roads, traffic-related NOy, and traffic-related PM (each in 1 study, 0.7%)

(
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Supplementary Table 5).

The studies utilized various approaches to assess air pollution exposure. The most
common approach was statistical modeling (54 studies, 40.3%), followed equally by
dynamic model-based approaches and monitoring data alone (31 studies each, 23.1%),
a combination of statistical and dynamic models (7 studies, 5.2%), satellite data alone
(2 studies, 1.5%), and emission inventory data alone (2 studies, 1.5%) (Table 3).
Multiple methods were used in 5 studies (3.7%), and the approach was not discussed in
2 studies (1.5%). Among seven studies that combined statistical model and dynamic
model, three specifically employ machine learning algorithms (i.e., neural network
models). Satellite products utilized are TROPOMI-based NO, measurements, NOAA's
Hazard Mapping System based smoke plume detection, and the United States Forest
Service Wildfire Hazard Potential based wildfire hazard detection. One particularly
comprehensive study compared eight different exposure estimation techniques,
including chemical transport model, interpolation method, satellite-derived method,
Bayesian statistical regression, and machine learning approach (Kelly et al. 2021) (Table
3).

The temporal resolution of exposure assessment varied, with yearly averages being the
most common (58 studies, 43.3%), followed by study-specific periods (20 studies,
14.9%) and daily measurements (18 studies, 13.4%). Averages of multiple years were
used in 14 studies (10.4%). A notable number of studies (10 studies, 7.5%) used
exposure periods related to pregnancy, gestation, or birth. Monthly measurements were
less common, used in only 4 studies (3.0%). Some studies employed specific temporal
windows related to study events, such as periods prior to enrollment (3 studies, 2.2%)
or censoring events (4 studies, 3.0%). Moving averages were used in 3 studies (2.2%).
These patterns varied by study type - for instance, among studies exploring exposure
disparity, yearly averages were particularly dominant (29 studies, 58.0%), while studies
assessing EM analysis showed more diverse temporal resolutions, with a notably higher
proportion using daily measurements (16 studies, 19.8%). Studies involving mediation
analysis predominantly used yearly averages (4 studies, 66.7%) (Table 3).
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Table 3 Source and temporality of air pollution data across study types

All studies Exposure disparity studies EM analysis studies Mediation analysis studies

Study Characteristics (N = 134) (N = 50) (N =81) (N=6)
Source of Air Pollution Data

Statistical modeling 54 (40.3%) 22 (44.0%) 30 (37.0%) 2 (33.3%)
Dynamic model-based approach 31(23.1%) 11 (22.0%) 20 (24.7%) 1(16.7%)
Monitoring data alone 31(23.1%) 8 (16.0%) 22 (27.2%) 2 (33.3%)
Combination of statistical and dynamic model 7 (5.2%) 4 (8.0%) 3 (3.7%) 0(0.0%)
Satellite data only 2(1.5%) 2 (4.0%) 0(0.0%) 0(0.0%)
Emissions inventory data only 2(1.5%) 2 (4.0%) 0(0.0%) 0(0.0%)
Other: Multiple methods 5(3.7%) 1(2.0%) 4 (4.9%) 0(0.0%)
Not discussed 2(1.5%) 0 (0.0%) 2(2.5%) 1(16.7%)
Temporal Unit of Air Pollution Data

Daily 18 (13.4%) 2 (4.0%) 16 (19.8%) 0(0.0%)
Monthly 4 (3.0%) 0 (0.0%) 4 (4.9%) 0(0.0%)
Yearly 58 (43.3%) 29 (58.0%) 27 (33.3%) 4 (66.7%)
Average of multiple years 14 (10.4%) 9(18.0%) 5(6.2%) 1(16.7%)
Related to pregnancy/gestation/birth 10 (7.5%) 0 (0.0%) 10 (12.3%) 0(0.0%)
Study specific period prior to enroliment event 3(2.2%) 0 (0.0%) 3(3.7%) 0 (0.0%)
Study specific period prior to censoring event 4 (3.0%) 0 (0.0%) 4 (4.9%) 0(0.0%)
Moving averages 3(2.2%) 0 (0.0%) 3(3.7%) 0(0.0%)
Specific to study period 20 (14.9%) 10 (20.0%) 9 (11.1%) 1(16.7%)

1 Note: some studies are classified into multiple categories. The sum of studies across study type might not add up to the total number of studies.

The geographical resolution of air pollution data includes administrative unit level (94
studies, 70.2% - sum of all admin units), individual or residential address level (24
studies, 18.0%), grid cell levels (10 studies, 7.5%), site-specific level (4 studies, 3.0%),
and air basins (1 study, 0.8%) (Table 4). Administrative units utilized are ZIP
code/ZCTAs (34 studies, 25.6%), census tracts (21 studies, 15.8%), census block
groups (10 studies, 7.5%), census blocks (6 studies, 4.5%), counties (16 studies,
12.0%), Metropolitan/Core Based Statistical Areas (2 studies, 1.5%), county groups (1
study, 0.8%), parcel level (1 study, 0.8%), and state level (2 studies, 1.5%). Grid-
based approaches varied in resolution, from fine-scale 30m block segments to larger
48km rural grids, with several studies using variable resolution grids that were finer in
urban areas (e.g., 1km) and coarser in rural areas (e.g., 48km). Site specific studies
utilized study site locations (e.g., schools, parks). Notable differences emerged between
study types: exposure disparity studies had higher use of census tracts (30.0%) and
grid-based approaches (20.0%), while studies assessing EM analysis more commonly
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utilized ZIP Code/ZIP Code Tabulation Area (ZCTA) (38.8%) and individual level data
(26.3%) (Table 4).

Table 4 Geographical units of air pollution variables used across studies

er All studies Exposure disparity studies EM analysis studies Mediation analysis studies
Study Characteristics (N=134) (N = 50) (N=81) (N=6)

Geographical Unit of Air Pollution Data

Admin: Zip Code/ZCTA 34 (25.6%) 2 (4.0%) 31 (38.8%) 1(16.7%)
Admin: Census Tract 21(15.8%) 15 (30.0%) 6 (7.5%) 1(16.7%)
Admin: Census Block 6 (4.5%) 5(10.0%) 1(1.3%) 0 (0.0%)
Admin: Census Block Group 10 (7.5%) 8 (16.0%) 2 (2.5%) 0 (0.0%)
Admin: County 16 (12.0%) 3 (6.0%) 13 (16.3%) 1(16.7%)
Admin: County Groups 1(0.8%) 0(0.0%) 1(1.3%) 0 (0.0%)
Admin: Metropolitan/Core Based Statistical Area 2 (1.5%) 1(2.0%) 1(1.3%) 0 (0.0%)
Admin: State 2(1.5%) 0 (0.0%) 2 (2.5%) 0 (0.0%)
Admin: Multiple Admin Units 1(0.8%) 1(2.0%) 0 (0.0%) 0 (0.0%)
Admin: Parcel 1(0.8%) 1(2.0%) 0 (0.0%) 0 (0.0%)
Individual (Or Residential Address) 24 (18.0%) 1(2.0%) 21 (26.3%) 3 (50.0%)
Grid Based 10 (7.5%) 10 (20.0%) 0 (0.0%) 0 (0.0%)
Other: Site Specific 4(3.0%) 3(6.0%) 1(1.3%) 0 (0.0%)
Other: Air-Basin 1(0.8%) 0 (0.0%) 1(1.3%) 0 (0.0%)

1 Note: some studies are classified into multiple categories. The sum of studies across study type might not add up to the total number of studies.

Use of RE variables across study types

The source, method of collection, and characterization of RE data varied substantially
across studies. Medical records were the most common source of RE data (48 studies,
35.8%), followed closely by general population surveys such as the American
Community Survey (45 studies, 33.6%), while 27 studies (20.1%) collected data
directly within their cohorts (Table 5). Self-reported RE was the predominant collection
method (82 studies, 61.2%), though notably, 50 studies (37.3%) did not discuss their
collection method. The level of RE data also differed by study type: exposure disparity
studies primarily used area-level proportions (80.0%), while EM analysis studies
predominantly used individual-level data (90.1%). Regarding data handling, 60 studies
(44.8%) explicitly reported combining multiple RE categories, while for 66 studies
(49.3%), the handling of RE categories was unclear (existed in the all three periods.
The prevalence of studies not reporting their handling of RE category was 78%, 60%,
and 51% for 2000-2010, 2011-2019, and 2020-2024, respectively (Table 5).
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Table 5 Sources and characteristics of RE data across study types

Study Characteristics :\(I':itl.;«;i‘a,s Exposura(t:‘iipggity studies EM ana:ly:i;f)tudias Mediation &n:lgis studies
Source of RE data

Data collected within the cohort (e.g., enroliment questionnaire) 27 (20.1%) 5(10.0%) 20 (24.7%) 4 (66.7%)
Data product (e.g., CalEnviroScreen, Healthy Place Index) 9 (6.7%) 5(10.0%) 4 (4.9%) 0(0.0%)
General population survey (e.g., American community survey, Decennial Census survey) 45 (33.6%) 38 (76.0%) 7 (8.6%) 0(0.0%)
Medical record (e.g., cancer registry, hospitalization) 48 (35.8%) 1(2.0%) 46 (56.8%) 2(33.3%)
Not discussed 5 (3.7%) 1(2.0%) 4 (4.9%) 0(0.0%)
Method of collecting RE data

Self-report 82 (61.2%) 46 (92.0%) 33 (40.7%) 5(83.3%)
Not discussed 50 (37.3%) 4(8.0%) 46 (56.8%) 1(16.7%)
Other 2 (1.5%) 0(0.0%) 2 (2.5%) 0(0.0%)
Type of RE data

Individual level 83 (61.9%) 7 (14.0%) 73 (90.1%) 6 (100.0%)
Proportion of R/E within an area 46 (34.3%) 40 (80.0%) 6 (7.4%) 0 (0.0%)
Other 5(3.7%) 3(6.0%) 2 (2.5%) 0(0.0%)

1 Note: some studies are classified into multiple categories. The sum of studies across study type might not add up to the total number of studies.

Few studies (28, 20.9%) included RE data in other forms as stratification or interaction
terms (Supplementary Table 6). Among them, 20 explicitly stated their justification for
including additional RE data, with the most common reasons being residential patterns
and segregation (4 studies citing it as "an important driver of exposure inequality" and
a capture of "multiple adverse social and psychosocial exposures"), methodological
considerations (3 studies mentioning confounding control), and policy relevance (3
studies referencing environmental justice decisions and regulatory enforcement). Other
justifications included the need to investigate spatial patterns based on administrative
boundaries, explain heterogeneity in associations, address macro-social forces affecting
neighborhood pollution over time, and enable analyses disaggregated by both RE and
income. Some studies cited multiple reasons, reflecting the complex interplay between
RE factors and air pollution exposure patterns.

In examining the RE categorizations used across 134 studies, "Asian, Black, Hispanic,
White" was most prevalent (20.15%, n=27), followed by "Black, White" (8.96%, n=12)
and "Black, Hispanic, White" (8.21%, n=11). Other common combinations were "Asian,
Black, Hispanic, Other, White" (6.72%, n=9) and "Black, Other, White" (5.22%, n=7). A
few papers used "Asian/PI, Black, Hispanic, White" and "Black, non-Black" combinations
(2.99%, n=4 each). Some studies employed highly specific categorizations like "Black,
Cuban, Dominican, Hispanic, Mexican, Puerto Rican, White-Hispanic" (0.75%, n=1),
while others used binary classifications such as "POC, White" or "non-minority, RE
minority” (Supplementary Table 7). One study utilized "Social Vulnerability Index", an
area-level composite score incorporated socioeconomic status, race and ethnicity and
language, household composition and disability, and housing and transportation.
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Use of Income across study types

Income was frequently included in air pollution studies considering RE (92 studies,
68.7%). This pattern was relatively consistent across study types, with income being
included in 36 exposure disparity studies (72.0%), 54 EM analysis studies (66.7%), and
4 mediation analysis studies (66.7%). The high proportion of studies considering
income reflects a common awareness that socioeconomic factors and RE are
intertwined in air pollution studies (Table 6).

Table 6 Use of income across study types

Study Characteristics .f-\(II:l s:l;:i:)s Exposure(dNiip;:J'i)ty studies EM an?’:Iy:i§1s)tudies Mediation ?anlgfis studies
Income included

Yes 92 (68.7%) 36 (72.0%) 54 (66.7%) 4 (66.7%)

No 42 (31.3%) 14 (28.0%) 27 (33.3%) 2(33.3%)

1 Note: some studies are classified into multiple categories. The sum of studies across study type might not add up to the total number of studies.

Most studies that included income relied on general population surveys (66.3%) to
obtain the income information and used area-level income measures (82.6%) rather
than individual/household measures. Notably, while most studies discussed their
income-related findings (87%), only a small proportion (19.6%) considered
intersectionality between income and RE. This pattern varied by study type, with
exposure disparity studies more likely to consider intersectionality (38.9%) compared to
EM analysis studies (7.4%) (Table 7).
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Table 7 Details of the income variable used across study types

Study characteristics All studies Exposure EM analysis Mediation
that used disparity studies studies that studies that
income that used used income used income
(N =92) income (N =54) (N=4)
(N = 36)

Source of Income data”
General population survey (e.g., American 61 (66.3%) 30 (83.3%) 31 (57.4%) 0 (0.0%)
community survey, Decennial Census survey)
Data collected within the cohort (e.g., 17 (18.5%) 4 (11.1%) 11 (20.4%) 4 (100.0%)
enrollment questionnaire)
Data product (e.g., CalEnviroScreen, Healthy o o o o
Place Index) 14 (15.2%) 3 (8.3%) 11 (20.4%) 1 (25.0%)
Not discussed 3(3.3%) 0 (0.0%) 3 (5.6%) 0 (0.0%)
Other 1(1.1%) 0 (0.0%) 1(1.9%) 0 (0.0%)
Level of aggregation of income data”
Individual/household level 20 (21.7%) 5 (13.9%) 13 (24.1%) 4 (100.0%)
Area level 76 (82.6%) 32 (88.9%) 44 (81.5%) 1 (25.0%)
Considered intersectionality between
income and RE
Yes 18 (19.6%) 14 (38.9%) 4 (7.4%) 0 (0.0%)
No 74 (80.4%) 22 (61.1%) 50 (92.6%) 4 (100.0%)
Discussed findings on Income
Yes 80 (87.0%) 33 (91.7%) 45 (83.3%) 4 (100.0%)
No 12 (13.0%) 3 (8.3%) 9 (16.7%) 0 (0.0%)

A Percentages do not sum to 100 due to multiple selections being allowed.

Methodological details by study type
Exposure disparity studies

Among the 50 studies that explored air pollution exposure disparities across RE,
descriptive metrics of air pollution (56.0%) and multivariable regression analyses
(40.0%) are most common analytical methods. Other analytical approaches employed
including univariable regression, three-level hierarchical linear mixed models,
univariable quantile regression, examining demographic patterns in areas with extreme
air quality conditions, clustering analysis, and visualization methods. Examples of
visualization methods included complementary cumulative distribution functions for two
air pollutants and spatial distribution of air pollutant exposure among different
racial/ethnic groups. Some studies utilized multiple analytical approaches, often
combining descriptive statistics with more complex regression analyses to examine
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racial/ethnic disparities in air pollution exposure.

EM analysis studies

Among the 81 studies that assessed EM analysis, cohort (33.3%) and cross-sectional
(32.1%) designs were most common, followed by time-series/ecological (18.5%) and
ecological studies (13.6%). Most studies (79.0%) explicitly mentioned effect
modification or effect heterogeneity in their methods or results, while some studies only
referred to statistical terms like interaction (4.9%) or stratification (16.0%). More than
two-thirds of the studies (69.1%) conducted formal heterogeneity tests to assess
differences in effect estimates across RE groups (Table 8).
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Table 8 Design and analytical characteristics of air pollution studies that assessed health
disparities using effect modification

EM analysis studies

Study Characteristics (N = 81)
Study Design

Cross-sectional 26 (32.1%)
Cohort 27 (33.3%)
Ecological 11 (13.6%)
Time-series/Ecological 15 (18.5%)
Other 2 (2.5%)
Explicit Mention of Effect Modification/Effect Heterogeneity

No, only mentioned interaction 4 (4.9%)
No, only mentioned stratfication 13 (16.0%)
Yes 64 (79.0%)
Conducted Heterogeneity Test

No 25 (30.9%)
Yes 56 (69.1%)

Among studies that conducted a heterogeneity test (N = 56), a majority of studies
detected significant heterogeneity between sub-groups (73.2%). Of studies detecting
significant heterogeneity, most (37 out of 41, or 66.1%) reported stratum-specific
results, while only 4 studies (7.1%) did not. Similarly, among studies that did not detect
heterogeneity, 12 studies (21.4%) still reported stratum-specific results, while 3 studies
(5.4%) did not report these results (Table 9).

We found a few EM analysis studies that discussed confounding on the effect modifier
by another variable (6.2%) (Eum et al. 2022; Gharibi et al. 2019; Hicken et al. 2016;
Jin et al. 2022; Tong et al. 2022). A few studies also included multiple community
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characteristics as effect modifiers in the second stage model of the Bayesian
hierarchical model (2.5%) (Bell and Dominici 2008; Tong et al. 2022).

Table 9 Reporting of heterogeneity results

EM analysis studies that conducted heterogeneity test (N = 56)
Detected significant heterogeneity Did not detect heterogeneity
(N=41) (N=15)
Reporting heterogeneity results

Reported stratum-specific results 37 (66.1%) 12 (21.4%)

Did not report stratum-specific results 4 (71%) 3 (5.4%)

In terms of analytical approaches in EM analysis, multivariable regression models were
overwhelmingly the most common analytical approach, used in 80.2% of studies. More
sophisticated statistical methods were less frequently employed, with two-stage models
used in 13.6% of studies and G-methods in 9.9% of studies. Other analytical
approaches were rarely used, appearing in only 1.2% of studies. The strong preference
for multivariable regression models suggests a relatively standardized approach to
analyzing effect modification in air pollution epidemiology studies (Figure 5).
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Analytical Approaches for EM analysis studies
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Figure 5 Analytical approaches for effect modification studies

Mediation analysis studies

All six studies that explored the role of air pollution as a potential mediator in the
outcome disparity across RE provided subject matter rationales for such exploration and
discussed the inferences of their results. However, none of them clearly stated the
causal framework under which their analytical method was developed. Two studies
utilized regression-based difference method without using any software package
(VanderWeele 2016; Woodruff et al. 2003b; Younan et al. 2022b), two utilized
regression-based product method with the “mediation” package in R or with STATA
directly (i.e., the Baron-Kenny method) (Baron and Kenny 1986; Jones et al. 2015;
Song et al. 2020b), and the other two used the Blinder-Oaxaca decomposition analysis
with “Oaxaca” package in R or “Oaxaca” command in STATA (Benmarhnia et al. 2017;
Oaxaca 1973; Yannatos et al. 2023b). Only three studies explicitly discussed the
assumptions behind their mediation analysis, where Jones et al. and Song et al.
mentioned that they assumed no reverse causation between exposure, outcome and
mediator, nor unmeasured confounding. Benmarhnia et al. mentioned that they
assumed no exposure induced confounder of mediator-outcome relationship. However,
none of these studies considered potential interactions between RE and air pollution on
the health outcome. Yet, it is possible to consider exposure-mediator(s) interactions in
such analyses.
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Interpretation of results

Our findings suggest that across different types of studies, 23.1% researchers
interpreted or reported coefficients other than the primary exposure of interest (Table
10). However, this pattern varied by study type - exposure disparity studies were more
likely to interpret/report additional covariates (32%) compared to EM analysis studies
(18.5%) (Table 10). It is important to note here that we did not consider studies that
interpreted coefficients of another air pollutant in this analysis.

Table 10 Interpretation of coefficients other than predictors in studies

Interpreted/reported coefficient All studies (N = Exposure disparity EM analysis studies Mediation analysis
other than predictor 134) N (%) studies (N =50) N (%) (N =81) N (%) studies (N =6) N (%)

Yes 22 (16.4%) 16 (32%) 6 (7.4%) 0(0.0%)

No 112 (83.6%) 34 (68%) 75 (92.6%) 6 (100%)

" Note: Percentages do not sum to 100 due to multiple selections being allowed.

Nearly all studies included a discussion of RE findings, except for 1.2% of EM analysis
studies, when no significant differences were observed across RE. However, the use of
conceptual frameworks to justify the inclusion of RE in the study varied by study type.
Exposure disparity studies were more likely to employ conceptual frameworks (38.0%)
compared to EM analysis studies (19.8%) and mediation studies (33.3%, though this
percentage should be interpreted with caution given the small sample size of mediation
studies). This pattern suggests that while RE findings are consistently discussed across
all study types, exposure disparity researchers more frequently ground their discussions
in theoretical frameworks compared to those conducting EM analysis (Table 11).

Table 11 Inclusion of racial/ethnic discussion and conceptual frameworks in studies

. All studies Exposure disparity studies EM analysis studies Mediation analysis studies
Study Characteristics (N =134) (N = 50) (N=81) (N=6)

Discussed findings on RE

No 1(0.7%) 1(1.2%)

Yes 133 (99.3%) 50 (100.0%) 80 (98.8%) 6 (100.0%)
Used a conceptual framework to discuss RE

Yes 35 (26.1%) 19 (38.0%) 16 (19.8%) 2 (33.3%)

No 99 (73.9%) 31 (62.0%) 65 (80.2%) 4 (66.7%)

31



Discussion

In this scoping review, we provided an overview of the landscape on air pollution-
related studies that utilized RE in California and evaluated the prevalences of some
methodological challenges. From 2000 to 2023, we identified a total of 134 publications.
Studies exploring air pollution disparity across RE or RE as effect modifiers for air
pollution-outcome relationship increased over time, but the number of publications
exploring the mediating role of air pollution in outcome disparity across RE remained
low. We summarized methodological challenges in such studies and provided
corresponding recommendations.

Air pollution estimation-related methodological considerations

In our review, air pollutants were estimated through various approaches, with statistical
model, dynamic model and monitoring data alone as the most popular ones. Most of
the epidemiological literature documenting the effects of air pollutants on human health
(whether considering race/ethnicity or not) is based on a static measurement of air
pollutants, assigning exposure at the place of residence. Yet, the concept of activity
space has emerged in the past two decades in social epidemiology and has recently
been used in air pollution epidemiology (Hoek et al. 2024) indicating that such
dynamical exposures can be interesting to further explore especially when assessing
health inequities. In a recent study by Letellier et al. (2022), it has been shown that the
effect of NO; on insulin resistance was higher among Hispanic participants only after
considering a dynamical exposure that considers individuals activity space (as opposed
to a static exposure considering residential exposure only). It would be important to
further explore the importance of considering dynamical exposures when assessing
race/ethnic inequalities in regards to air pollution and health effects.

Different geographical resolutions were preferred for different types of study, with more
census tract and grid-based estimates in exposure disparity studies and more ZIP
Code/ZCTA estimates in effect modification studies. As most health outcomes and
population data were collected for varying administrative units (e.g., census tract or ZIP
Code), the observed pattern is not surprising. However, administrative boundaries were
not the optimal polygons to use in spatial analysis given their irregular shapes and
sizes. As exact coordinates of study participants are becoming available in some
cohorts, it would be interesting to explore the amplitude of bias introduced by using
administrative units such as ZIP Code/ZCTA. In addition, all of the included studies
focused on estimating effect estimates considering all spatial units together. Yet,
important spatial heterogeneity can occur and implementing spatially varying coefficient
models can be interesting to explore to identify areas in which race/ethnic inequalities
regarding air pollution and health effects are more (or less) pronounced.

Operationalization and conceptual framework of RE

Our study reveals similar patterns and challenges in the operationalization of RE as
those identified by Martinez et al. (2023). Similar to their findings showing most studies
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did not provide clear RE measurement details (76-81% unclear/not stated), we found
that RE categorization schemes often combined race and ethnicity into single constructs
without clear theoretical justification. The most common RE categorizations in our
sample ("Asian, Black, Hispanic, White" at 20.15% and "Black, White" at 8.96%) mirror
the problematic patterns they identified, where authors frequently defaulted to basic
demographic categories without addressing the theoretical distinctions between race
and ethnicity. This might be related to the effort to achieve large enough sample sizes
in each subgroup for statistical inference, but no real inferences can be made for any
subgroup without clear theoretical justification. This "ritualistic inclusion" of RE
variables, as Martinez et al. term it, manifests in our findings through the prevalent use
of broad ethno-racial constructs that may mask important heterogeneity within groups.
Moreover, the tendency to treat Hispanic ethnicity as a de facto racial category in many
studies (as shown in combinations like "Asian, Black, Hispanic, White") reflects the
field's ongoing challenge with properly distinguishing between racial and ethnic
classifications. These practices limit our ability to understand how distinct social
processes captured by race versus ethnicity may differently influence health outcomes.

There is also a lack of proper conceptualization of RE in air pollution related studies.
Only 26.1% of studies included a discussion of conceptual framework for the inclusion
of RE, which is even lower in effect modification studies. Casey et al. 2023 found that
only 50% of environmental justice research from 2018 to 2021 explicitly used an
environmental justice conceptual framework. When restricting to studies published
between 2018 and 2021, we still only observed 28.8% of studies using a conceptual
framework, indicating that the air pollution field, worse than the overall environmental
health research field, needs to further improve our awareness on environmental justice
conceptual framework.

Drawing from Payne et al. (2021) and Hicken et al. (2023), a more robust
conceptualization of RE in air pollution research must consider several key points. First,
we need to move beyond treating race as a simple demographic variable and instead
examine it as a marker of exposure to structural racism, which shapes both
environmental exposures and vulnerability to their health effects. Hicken et al.
emphasize that race categories have different social meanings across locations and time
periods, suggesting that researchers should carefully consider local sociopolitical
contexts when interpreting racial patterns in air pollution exposures and health
outcomes. The inconsistent findings regarding effect modification by race in PMa.s-
mortality associations likely reflect this complex reality. Additionally, both papers
underscore the importance of developing new measures of structural racism specific to
environmental health—for example, examining how historical redlining (that only
includes 14 cities in California) and current patterns of industrial zoning interact to
create racialized patterns of exposure. Rather than simply documenting racial
disparities, research should focus on identifying specific discriminatory practices and
policies that create and maintain these disparities, ultimately informing more targeted
interventions. This requires moving beyond conventional individual-level and
demographic covariates to incorporate measures of institutional and systemic racism
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that may better explain observed racial differences in environmental health outcomes.
Emerging literature in social epidemiology has proposed to rely on metrics (Adkins-
Jackson et al. 2021) to measure structural racism directly arguing that race/ethnicity
may not be ideal as a proxy for racism. Instead, they advocate for using more proximal
metrics to capture structural racism including several domains: Political representation,
criminal legal system, economic opportunity, and housing. It would be particularly
important to explore such metrics when analyzing how structural racisms operates in
the context of differential exposure or susceptibility towards air pollution.

Intersectionality of income and RE

As multiple social identities like RE and socioeconomic factors may interact and affect
air pollution-related health synergistically, potentially leading to higher vulnerability
among people experiencing multiple disadvantaged social identities, it is important to
consider intersectionality of income and RE. Explicit consideration of intersectionality
between RE and income only existed in 19.6% of studies in our review, with 38.9% for
exposure disparity study, 7.4% for effect modification study, and 0% for mediation
analysis study. Methods used to consider intersectionality includes adding an interaction
term between RE and income and stratified analysis across combinations of RE and
income. However, more options exist that could handle such intersectionality, including
decomposition analysis (Jackson and VanderWeele 2019) and methods for high
dimensional effect modification. Recent approaches based on machine learning
algorithms have been proposed to identify and quantify heterogeneity across multiple
effect modifiers and their combination. In a recent paper, Cheung et al. (2025)
summarize and provide the intuition behind modern ML approaches, including
Generalized Random Forests (GRF), Bayesian Additive Regression Trees (BART) or
Bayesian Causal Forests (BCF) for effect modification analyses in high-dimensional
settings (Cheung et al. 2025). They also provide a case study and statistical code to
facilitate the implementation of such techniques in the context of air pollution and
health studies considering R/E and the intersection with other socio-economic variables
such as income.

Methodological considerations specific to exposure disparity studies

32% of exposure disparity studies interpretated coefficients of variables (e.g., SES)
other than RE (see Collins et al. 2022 or Knobel et al. 2023 for example). Such an
approach can be seen as misleading. The rationale for adjusting for other variables
when conducting descriptive studies is not clear, and some scholars (Lesko et al. 2022)
have argued that descriptive studies should not condition or standardize on other
variables as one goal of descriptive studies is to describe the world as it is.
Standardizing on covariates such as age or gender for example creates a pseudo-
population in which R/E subgroups have the same distribution of age and gender which
can be seen as misleading. Such practice, that can be referred to as “ritualistic
adjustment” has been described (Kaufman 2014) in the social epidemiology literature
and is still prevalent in the studies we identified in this review.
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Methodological considerations specific to effect modification studies

The distinguishment between interaction and effect modification also needs to be
emphasized, especially their epidemiological interpretations. As defined by
VanderWeele, an interaction “requires the effect of two exposures together to be
different from the combination of the two effects considered separately”, while effect
modification “is defined in terms of the effect of one intervention [exposure] varying
across strata of a second variable [effect modifier]” (VanderWeele 2009). An important
distinguishment between interaction and effect modification is, confounding between
exposure and outcome needs to be accounted for when evaluating interaction, while
confounding between effect modifier and outcome is considered part of the effect
modification and does not need to be accounted for (VanderWeele 2009).
Unfortunately, interaction is also a widely used statistical term and people tend to use it
without considering their epidemiological interpretation. 20.9% of the effect
modification studies in our review only described their effect modification analysis using
terms like interaction or stratification, likely referring to the analytical methods, while
explicitly describing their analysis as evaluating effect modification or effect
heterogeneity will help clarify the actual purpose of their analyses. On the other hand,
6.2% of the studies discussed residual confounding on their effect modifiers, while such
confounding should be considered as part of the effect modification. Besides, 2.5% of
studies (Bell and Dominici 2008; Tong et al. 2022) included multiple effect modifiers in
the second stage of the Bayesian hierarchical model, attempting to “adjusting for other
effect modifiers when evaluating the effect modification”, which is not aligned with the
definition of effect modification. As opposed to causal interaction, no manipulation is
targeted for effect modifiers and the concept of bias does not apply here.

Another important aspect for reporting effect modification is conducting formal
heterogeneity test like Cochran’s Q test, Wald test, or conducting regression analysis
using interaction terms, to evaluate whether the effects are truly different across RE
strata (Kaufman and MaclLehose 2013; Ward et al. 2019). However, only 69.1% of
effect modification studies in our review conducted a formal heterogeneity test and
about half of the studies without a formal heterogeneity test still reported stratum-
specific effect estimates. This proportion is consistent over the three periods (2000-
2010, 2011-2019, and 2020-2024). The prevalence of conducting formal heterogeneity
tests is higher than the 34% identified in epidemiological studies of disparities in toxic
chemical exposure and neurodevelopmental outcomes by Payne-Sturges et al. We
would like to encourage the use of formal heterogeneity test and the report of stratum
specific results when heterogeneity is detected.

In population-based research, presenting and interpreting coefficients of covariates
other than the exposure of interest from a multivariable model, such as confounders,
leads to a scenario called “table-2 fallacy” (Westreich and Greenland 2013). Interpreting
coefficients of covariates other than the exposure of interest is problematic because the
set of confounders that need to be adjusted for to obtain a causal relationship with the
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outcome is likely different for the exposure of interest and the covariate whose
coefficient is being interpreted. This might not apply when multiple air pollutants were
considered as confounders of each other and included in the same multivariate model
(e.g., multiple-pollutant models) as many air pollutants share the same confounders for
health outcomes, thus we excluded such studies in the discussion of table-2 fallacy and
discussed multiple pollutants in the next paragraph. The prevalence of table-2 fallacy is
relatively low in studies included in our review, with only 7.4% of studies interpreted
coefficients of non-air pollutant variable (An and Xiang 2015; De Grubb et al. 2017;
Jorgenson et al. 2020; Payne-Sturges et al. 2022). Recommendations regarding how to
avoid the table-2 fallacy have been described elsewhere (Benmarhnia et al. 2021).

Studies evaluated the health effects of multiple pollutants with different methods in our
review: conducting separate analysis for each pollutant using single-pollutant models
(see Neophytou et al. 2016 for example), conducting separate analysis for each
pollutant while including other air pollutants as confounders (e.g., including PMa s total
mass as a confounder when evaluating the effect of PM..s constituents), conducting one
analysis by including all pollutants in the same multiple-pollutant models and
interpreting the coefficients of all air pollutants from the same model (see Enders et al.
2019 or Di et al. 2017 as examples), and employing mixture methods to explore the
effect of changing all pollutant levels simultaneous (e.g., quantile g-computation) (see
Xu et al. 2020 or Sun et al. 2022).

Methodological considerations specific to mediation analysis studies

While we identified fewer studies that considered a mediation framework, we argue
that such approaches can be particularly helpful at quantifying how much inequalities
across R/E subgroups in relation to a given health outcome are due to air pollution. The
use of mediation techniques to analyze the drivers of SES inequalities in health is
receiving increasing attention (Jackson 2021). Indeed, as the use of R/E as the main
exposure of interest has been criticized due to the violation of the consistency
assumption and the lack of manipulability (VanderWeele 2018), some scholars have
proposed to shift the manipulability criteria towards the mediator, such as a given air
pollutant. In this context, it has been highlighted that it would be more accurate to
focus on a decomposition framework rather than a causal mediation one. Indeed, when
estimating a natural indirect effect for example, it requires a hypothetical manipulation
of the exposure, while a decomposition only requires a change in the distribution of the
mediator(s). Recent decomposition techniques for such setting have been proposed
(Smith et al. 2024) and we argue that it would be particularly interesting to implement
such techniques to multiple air pollutants, health outcomes in California and elsewhere.
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Table 12 List of selected methodological recommendations.

Methodological considerations

Recommendations

Air pollution estimation

1.

2.

3.

Explore dynamic exposure considering activity
space

Consider grid cells instead of administrative
units as the spatial unit of analysis

Explore spatial heterogeneity of air pollution-
health association

Operationalization and
conceptual framework of race
and ethnicity (RE)

. Provide theoretical justifications for the RE

categorization and avoid categorizations that
are too coarse

. Provide conceptual frameworks on the role of

RE in air pollution-related studies

. Consider RE as a marker of exposure to

structural racism
Utilize metrics that captures structural racism
in different domains

Intersectionality of income and
RE

. Evaluate intersectionality using emerging

methods like decomposition analysis and
machine-learning based algorithms for high-
dimensional heterogeneity.

Exposure disparity studies

. Avoid adjusting/standardizing for other

variables when conducting descriptive studies

Effect modification studies

. Distinguish between interaction and effect

modification, especially its implications for
confounding adjustment

. Conduct formal heterogeneity test when using

stratified analyses.

. Avoid interpreting coefficients of covariates

other than the exposure of interest (table-2
fallacy)

Mediation analysis studies

. More utilization is encouraged
. Clarify the hypothetical interventions of

interest (or lack of thereof) and adopt
relevant mediation or decomposition
frameworks accordingly.

. Consider analytical approaches that consider

multiple mediators that are dependent with
each other
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Limitations

There are some limitations in this review. First, we focused on the methodological
choices and assumptions behind air pollution-related studies that utilized RE and did not
provide summaries of observed disparity across racial and ethnic groups. However,
previous reviews already provided detailed summaries of disparity on the associations
of air pollution and pregnancy outcome (Dzekem et al. 2024), PM and birth outcomes
(Heo et al. 2019; Thayamballi et al. 2021), and ozone and mortality or hospital
admission (Bell et al. 2014). Second, we did not exhaust all methodological
considerations in air pollution-related health studies that used RE, but this review
should provide a good start for discussion. Third, we restricted our review to six criteria
air pollutants, air quality index, and wildfire smoke to restrict the review to a
manageable size and disregarded other air pollutants. However, the methodological
challenges and recommendations discussed in this review should apply to other air
pollutants. Fourth, we only considered income as a representation of material resources
aspect of socioeconomic status.

Conclusions

In this comprehensive scoping review, we synthetized the evolving landscape of air
pollution-related health studies in California that incorporate racial/ethnic
considerations. Our analysis, including studies from 2000 to 2023, revealed a growing
trend in research exploring air pollution disparities across RE groups and examining RE
as effect modifiers in air pollution-outcome relationships. However, studies investigating
the mediating role of air pollution in outcome disparities across RE remain
underrepresented. Through our systematic approach, we have not only mapped the
current state of research but also identified key methodological challenges and provided
targeted recommendations for researchers. This work serves a double purpose: guiding
future research endeavors and equipping policymakers and the public with a nuanced
understanding of the conceptual frameworks and assumptions underlying these studies.
By addressing these critical aspects, we aim to enhance the quality and impact of air
pollution-related health research, ultimately contributing to more equitable and effective
public health strategies in California and beyond.
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Supplementary materials
Supplementary Table 1 Search terms used for different databases for original articles

Database

Search Terms

PubMed

("atmospheric pollutant"[tiab] OR "atmospheric pollutants"[tiab] OR
"atmospheric pollution"[tiab] OR "air pollution"[tiab] OR "air
pollutant"[tiab] OR "air pollutants"[tiab] OR "air quality"[tiab] OR
"wildfire"[tiab] OR "particulate matter"[tiab] OR "PM"[tiab] OR
"PM2.5"[tiab] OR "PM10"[tiab] OR "ozone"[tiab] OR "0O3"[tiab] OR
"carbon monoxide"[tiab] OR ("Lead"[tiab] AND "air"[tiab]) OR "sulfur
dioxide"[tiab] OR "SO2"[tiab] OR "nitrogen dioxide"[tiab] OR
"NO2"[tiab]) AND ("race"[tiab] OR "ethnicity"[tiab] OR "racial"[tiab] OR
"ethnic"[tiab] OR "races"[tiab] OR "ethnicities"[tiab] OR "minority
group"[tiab] OR "minority groups"[tiab]) AND ("US" OR "United States"
OR "California" OR "USA" OR "America" OR "American") AND
(English[Language]) NOT (Letter[Publication Type]) NOT
(Comment[Publication Type]) NOT (Editorial[Publication Type]) NOT
(Review[Publication Type]) NOT (News[Publication Type]) NOT (Case
Reports[Publication Type])

EMBASE

(‘atmospheric pollut*':ab,ti OR 'air pollut*':ab,ti OR 'air quality':ab,ti OR
'wildfire':ab,ti OR 'particulate matter':ab,ti OR 'pm':ab,ti OR 'pm2.5":ab,ti
OR 'pm10":ab,ti OR 'ozone':ab,ti OR '03":ab,ti OR 'carbon monoxide':ab,ti
OR ('lead":ab,ti AND 'air':ab,ti) OR 'sulfur dioxide':ab,ti OR 'so2":ab,ti OR
'nitrogen dioxide':ab,ti OR 'no2'":ab,ti) AND ("race$":ab,ti OR
‘ethnicit*':ab,ti OR 'racial':ab,ti OR 'ethinic':ab,ti OR "minority
group$":ab,ti) AND ('us' OR 'united states'/exp OR 'united states' OR
'california’/exp OR 'california’ OR 'usa'/exp OR 'usa' OR 'america'/exp OR
‘america’ OR 'american'/exp OR 'american') AND ([article]/lim OR [article
in press]/lim) AND [english]/lim AND [01-01-2000]/sd NOT [01-01-
2024]/sd

Web of
Science

((TI = ("atmospheric pollutant" OR "atmospheric pollutants" OR
"atmospheric pollution" OR "air pollution" OR "air pollutant" OR "air
pollutants" OR "air quality" OR "wildfire" OR "particulate matter" OR
"PM" OR "PM2.5" OR "PM10" OR "ozone" OR "0O3" OR "carbon
monoxide" OR ("Lead" AND "air") OR "sulfur dioxide" OR "S0O2" OR
"nitrogen dioxide" OR "NO2")) OR (AB = ("atmospheric pollutant” OR
"atmospheric pollutants" OR "atmospheric pollution" OR "air pollution"
OR "air pollutant”" OR "air pollutants" OR "air quality" OR "wildfire" OR
"particulate matter" OR "PM" OR "PM2.5" OR "PM10" OR "ozone" OR
"03" OR "carbon monoxide" OR ("Lead" AND "air") OR "sulfur dioxide"
OR "S0O2" OR "nitrogen dioxide" OR "NO2"))) AND ((TI = ("race" OR
"racial" OR "ethnicity" OR "ethnic" OR "races" OR "ethnicities" OR
"minority group" OR "minority groups")) OR (AB = ("race" OR "racial" OR
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"ethnicity" OR "ethnic" OR "races" OR "ethnicities" OR "minority group"
OR "minority groups"))) AND (CU = ("US" OR "United States" OR
"California" OR "USA" OR "America" OR "American")) AND (LA = English)
NOT DT=(Letter OR Comment OR Editorial Material OR Review OR News
Item OR Case Reports)

CINHAL

( TI ( ("atmospheric pollutant" OR "atmospheric pollutants" OR
"atmospheric pollution" OR "air pollution” OR "air pollutant" OR "air
pollutants" OR "air quality" OR "wildfire" OR "particulate matter" OR
"PM" OR "PM2.5" OR "PM10" OR "ozone" OR "0O3" OR "carbon
monoxide" OR "lead" AND "air" OR "sulfur dioxide" OR "SO2" OR
"nitrogen dioxide" OR "NO2") AND ("race" OR "racial" OR "ethnicity" OR
"ethnic" OR "races" OR "ethnicities" OR "minority group” OR "minority
groups") AND ("united states" OR "california" OR "usa" OR "america" OR
"american") ) OR AB ( ("atmospheric pollutant" OR "atmospheric
pollutants" OR "atmospheric pollution" OR "air pollution" OR "air
pollutant" OR "air pollutants" OR "air quality" OR "wildfire" OR
"particulate matter" OR "PM" OR "PM2.5" OR "PM10" OR "ozone" OR
"O3" OR "carbon monoxide" OR "lead" AND "air" OR "sulfur dioxide" OR
"SO2" OR "nitrogen dioxide" OR "NO2") AND ("race" OR "racial" OR
"ethnicity" OR "ethnic" OR "races" OR "ethnicities" OR "minority group"
OR "minority groups") AND ("united states" OR "california" OR "usa" OR
"america" OR "american") ) ) NOT PT ( Letter OR Comment OR Editorial
OR Review OR news OR case reports )

Supplementary Table 2 Search terms used for different databases for review articles

Database

Search Terms

PubMed

("atmospheric pollutant”[tiab] OR "atmospheric pollutants"[tiab] OR
"atmospheric pollution"[tiab] OR "air pollution"[tiab] OR "air
pollutant"[tiab] OR "air pollutants"[tiab] OR "air quality"[tiab] OR
"wildfire"[tiab] OR "particulate matter"[tiab] OR "PM"[tiab] OR
"PM2.5"[tiab] OR "PM10"[tiab] OR "ozone"[tiab] OR "O3"[tiab] OR
"carbon monoxide"[tiab] OR ("Lead"[tiab] AND "air"[tiab]) OR "sulfur
dioxide"[tiab] OR "SO2"[tiab] OR "nitrogen dioxide"[tiab] OR
"NO2"[tiab]) AND ("race"[tiab] OR "ethnicity"[tiab] OR "racial"[tiab] OR
"ethnic"[tiab] OR "races"[tiab] OR "ethnicities"[tiab] OR "minority
group"[tiab] OR "minority groups"[tiab]) AND ("US" OR "United States"
OR "California" OR "USA" OR "America" OR "American") AND
(English[Language]) AND (Review[Publication Type]) NOT
(Letter[Publication Type]) NOT (Comment[Publication Type]) NOT
(Editorial[Publication Type]) NOT (News[Publication Type]) NOT (Case
Reports[Publication Type])

EMBASE

(‘atmospheric pollut*':ab,ti OR 'air pollut*':ab,ti OR 'air quality':ab,ti OR
'wildfire':ab,ti OR 'particulate matter':ab,ti OR 'pm':ab,ti OR 'pm2.5":abti
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OR 'pm10":ab,ti OR 'ozone':ab,ti OR '03":ab,ti OR 'carbon monoxide':ab,ti
OR ('lead':ab,ti AND 'air':ab,ti) OR 'sulfur dioxide":ab,ti OR 'so2':ab,ti OR
'nitrogen dioxide':ab,ti OR 'no2'":ab,ti) AND ("race$":ab,ti OR
‘ethnicit*':ab,ti OR 'racial':ab,ti OR 'ethinic':ab,ti OR "minority
group$":ab,ti) AND ('us' OR 'united states'/exp OR 'united states' OR
'california’/exp OR 'california' OR 'usa'/exp OR 'usa' OR 'america'/exp OR
'‘america’' OR 'american'/exp OR 'american') AND [english]/lim AND [01-
01-2000]/sd NOT [01-01-2024]/sd AND ([letter]/lim OR [review]/lim)

Web of
Science

((TI = ("atmospheric pollutant" OR "atmospheric pollutants" OR
"atmospheric pollution" OR "air pollution” OR "air pollutant" OR "air
pollutants" OR "air quality" OR "wildfire" OR "particulate matter" OR
"PM" OR "PM2.5" OR "PM10" OR "ozone" OR "0O3" OR "carbon
monoxide" OR ("Lead" AND "air") OR "sulfur dioxide" OR "SO2" OR
"nitrogen dioxide" OR "NO2")) OR (AB = ("atmospheric pollutant” OR
"atmospheric pollutants" OR "atmospheric pollution" OR "air pollution"
OR "air pollutant" OR "air pollutants" OR "air quality" OR "wildfire" OR
"particulate matter" OR "PM" OR "PM2.5" OR "PM10" OR "ozone" OR
"03" OR "carbon monoxide" OR ("Lead" AND "air") OR "sulfur dioxide"
OR "S02" OR "nitrogen dioxide" OR "NO2"))) AND ((TI = ("race" OR
"racial" OR "ethnicity" OR "ethnic" OR "races" OR "ethnicities" OR
"minority group" OR "minority groups")) OR (AB = ("race" OR "racial" OR
"ethnicity" OR "ethnic" OR "races" OR "ethnicities" OR "minority group"
OR "minority groups"))) AND (CU = ("US" OR "United States" OR
"California" OR "USA" OR "America" OR "American")) AND (LA = English)
AND DT = (Review) NOT DT=(Letter OR Comment OR Editorial Material
OR News Item OR Case Reports)

CINHAL

( TI ( ("atmospheric pollutant" OR "atmospheric pollutants" OR
"atmospheric pollution" OR "air pollution" OR "air pollutant" OR "air
pollutants" OR "air quality" OR "wildfire" OR "particulate matter" OR
"PM" OR "PM2.5" OR "PM10" OR "ozone" OR "0O3" OR "carbon
monoxide" OR "lead" AND "air" OR "sulfur dioxide" OR "SO2" OR
"nitrogen dioxide" OR "NO2") AND ("race" OR "racial" OR "ethnicity" OR
"ethnic" OR "races" OR "ethnicities" OR "minority group" OR "minority
groups") AND ("united states" OR "california" OR "usa" OR "america" OR
"american") ) OR AB ( ("atmospheric pollutant" OR "atmospheric
pollutants" OR "atmospheric pollution" OR "air pollution" OR "air
pollutant" OR "air pollutants" OR "air quality" OR "wildfire" OR
"particulate matter" OR "PM" OR "PM2.5" OR "PM10" OR "ozone" OR
"03" OR "carbon monoxide" OR "lead" AND "air" OR "sulfur dioxide" OR
"SO2" OR "nitrogen dioxide" OR "NO2") AND ("race" OR "racial" OR
"ethnicity" OR "ethnic" OR "races" OR "ethnicities" OR "minority group"
OR "minority groups") AND ("united states" OR "california" OR "usa" OR
"america" OR "american") ) )
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Supplementary Table 3 CARB Reports included to identify original articles

Sl. | Project Title Contract Number Principal Investigator

1. | Updating and Completing the | 11-336 Sadd, James; Manuel
Environmental Justice Pastor; and Rachel
Screening Method Morello-Frosch

2. | Risk of pediatric asthma 10-319 Delfino, Ralph; Kleeman,
morbidity from multipollutant Michael; Gillen, Dan;
exposures Wu, Jun; Nickerson,

Bruce

3. | Is disparity in asthma among | 07-309 Meng, Ying-Ying
Californians due to higher
pollutant exposures, greater
susceptibility, or both?

4. | Air Pollution and 04-308 Pastor, Manuel; Morello-

Environmental Justice:
Integrating Indicators of
Cumulative Impact and
Socio-Economic Vulnerability
into Regulatory Decision-
Making

Frosch, Rachel; Sadd,
James

Supplementary Table 4 List of 134 studies extracted and the corresponding study type

(see Excel file)
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Supplementary Table 5 Frequency of air-pollutants used across study type

Air Pollutants used in studies
PM2.5
NO2
Ozone
PM10
NOx
co
S0z
PM10-2.5
PM2.5 constituents/components
Source-apportioned PM2.5
Traffic-related PM2.5
Non-traffic PM2.5
Particulate matter from coal
Diesel PM emission
Ultrafine Particles
Benzene
Wildfire
AQl
Anthropogenic NO2
Black Carbon
Elemental Carbon
co2
Lead

Traffic exposure approximated by
proximity to roads

Traffic-related NOx
Traffic-related PM

Other

All studies (N =

134) N (%)’
100 (74.6%)
47 (35.1%)
28 (20.9%)
16 (11.9%)
14 (10.4%)
9 (6.7%)

5 (3.7%)

2 (1.5%)

8 (6%)
1(0.7%)
1(0.7%)
1(0.7%)

2 (1.5%)
1(0.7%)

5 (3.7%)

3 (2.2%)

5 (3.7%)
1(0.7%)
1(0.7%)
3(2.2%)
2 (1.5%)
1(0.7%)
4 (3%)

1(0.7%)

1(0.7%)
1(0.7%)

2(1.5%)

Exposure disparity
studies (N = 50) N (%)

1 . N :
Note: Percentages do not sum to 100 due to multiple selections being allowed.
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32 (64%)
19 (38%)
B (12%)
5 (10%)
2 (4%)

1 (2%)

2 (4%)

0 (0.0%)
2 (4%)

0 (0.0%)
0 (0.0%)
0 (0.0%)
2 (4%)

0 (0.0%)
2 (4%)

0 (0.0%)
2 (4%)
1(2%)
1(2%)
1(2%)
0 (0.0%)
1(2%)
1(2%)

0 (0.0%)

0 (0.0%)
0 (0.0%)
0(0.0%)

EM analysis studies
(N=81) N (%)

65 (80.2%)
27 (33.3%)
21 (25.9%)
11 (13.6%)
10 (12.3%)
8 (9.9%)

3 (3.7%)

2 (2.5%)

6 (7.4%)
1(1.2%)
1(1.2%)
1(1.2%)
0(0.0%)
1(1.2%)

3 (3.7%)

3 (3.7%)

3 (3.7%)

0 (0.0%)
0 (0.0%)
2(2.5%)
2 (2.5%)
0 (0.0%)
3(3.7%)

1(1.2%)

1 (1.2%)
1(1.2%)
2(2.5%)

Mediation analysis
studies (N =6) N (%)

5 (83.3%)
2(33.3%)
2(33.3%)
0 (0.0%)
2 (33.3%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
1 (16.7%)
0 (0.0%)
0 (0.0%)
0 (0.0%)
0(0.0%)
0 (0.0%)

0 (0.0%)

0 (0.0%)
0(0.0%)
0(0.0%)



Supplementary Table 6 Consideration of additional RE variables across study types

Studies that explored Studies that assess health Studies that assess health

All studies

Study Characteristics (N = 134) Exposurs disparity disparity with etfect modification disparity wit_h mediation
(N = 50) (N=281) (N=6)

Used RE data in other form

Yes 28 (20.9%) 10 (20.0%) 18 (22.2%) 0 (0.0%)

No 106 (79.1%) 40 (80.0%) 63 (77.8%) 6 (100.0%)

1 Note: some studies are classified into multiple categories. The sum of studies across study type might not add up to the total number of studies.

Supplementary Table 7 Combinations of RE categories considered in studies

RE Categories®Z?

Asian, Black, Hispanic, White
Black, White

Black, Hispanic, White

n (%)
27 (20.15%)
12 (8.96%)
11 (8.21%)

Asian, Black, Hispanic, Other, White 9 (6.72%)
Black, Other, White 7 (5.22%)
Asian/PI, Black, Hispanic, White 4 (2.99%)
Black, Hispanic, Other, White 4 (2.99%)
Black, non-Black 4 (2.99%)
Asian, Black, Hispanic, Native American, White 3 (2.24%)
Asian/PI, Black, Hispanic, Native American, White 3 (2.24%)
Black, Hispanic 3 (2.24%)
non-White, White 3 (2.24%)
Asian, Asian/PI, Black, Hispanic, Multiple, Native American, White 2 (1.49%)
Asian, Asian/PI, Black, Hispanic, Native American, White 2 (1.49%)
Asian, Asian/PI, Black, Hispanic, White 2 (1.49%)
Asian, Black, Hispanic, Native American, Other, White 2 (1.49%)
Asian, Black, Native American, White 2 (1.49%)
Asian/PI, Black, Hispanic, Multiple/Other, White 2 (1.49%)
Asian/PI, Black, Hispanic, Native American, Other, White 2 (1.49%)
Hispanic, White 2 (1.49%)
Hispanic, non-Hispanic 2 (1.49%)
African, Native American 1 (0.75%)
Asian, Asian, Asian/PI, Black, Hispanic, Other, White 1 (0.75%)
Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American 1 (0.75%)
Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American, 1 (0.75%)
Other, White

Asian, Asian/PI, Black, Hispanic, Native American, Other, White 1 (0.75%)
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Asian, Asian/PI, Black, Hispanic, non-Hispanic, Multiple, Native
American, Other

Asian, Asian/PI, Black, Native American, Other, White
Asian, Black, Hispanic

Asian, Black, Hispanic, POC, White

Asian, Black, Multiple/Other, White

Asian, Black, Other, unknown, White

Asian/PI, Black, Hispanic, Other, White

Black, Cuban, Dominican, Hispanic, Mexican, Puerto Rican, White-
Hispanic

Black, Hispanic, Mexican-American, Other, White
Black, Hispanic, RE minority

Black, Hispanic, non-White, White

Black, Other

High vs. low prop: Black

High vs. low prop: RE minority

Hispanic, POC, Other

Other, White

POC, White

RE minority, White

Social Vulnerability Index

Three RE categorization levels: 14 Census group categories; Binary:

White vs. RE minorities; Comprehensive: 6 mutually exclusive RE
Groups
non-minority, RE minority

1 (0.75%)

1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)

1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)
1 (0.75%)

1 (0.75%)

I Note 1: Black and White categories were interchangeably used with non-Hispanic

white and non-Hispanic black, respectively.

2 Note 2: Asian categories includes Asian, or specific Asian subgroups (e.g., Chinese,

Japanese, etc.).

7 Note 3: Asian/PI categories includes Asian and Pacific Islander, or specific Asian and

Pacific Islander subgroups.
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	Abstract 
	 
	Air pollution remains a significant global health risk and exposure to air pollutants can lead to multiple health issues across the life course. Furthermore, air pollution plays a crucial role in health disparities across racial and ethnic (RE) groups, through both differential exposure and differential susceptibility. The concept of environmental justice encompasses fair treatment in environmental policies across all race/ethnic groups, cultures, and incomes. Historical patterns of discriminatory siting of
	In this report, we aimed to summarize the use of RE in air pollution epidemiology literature in California and make methodological recommendations. We first conducted a scoping review to understand the landscape on the use of RE in air pollution-related health studies in California. From 2000 to 2023, we identified a total of 134 publications. Studies exploring air pollution disparity across RE or RE as effect modifiers for air pollution-outcome relationship increased over time, but the number of publicatio
	Introduction 
	Background of environmental justice and air pollution 
	According to the Global Burden of Disease study, air pollution was ranked the fourth largest risk factor contributing to premature death globally in 2019, accounting for 6.7 million premature deaths (Murray et al. 2020). Inhalation of air pollutants can lead to inflammatory responses that promote systemic oxidative stress, activation of lung autonomic nervous system, and thrombosis coagulation (Chin 2015; Stanek et al. 2011). Exposure to air pollution has been linked with increases in risk for all-cause, ca
	The State of California defined “environmental justice” as “the fair treatment of people of all races, cultures, and incomes with respect to the development, adoption, implementation, and enforcement of environmental laws, regulations, and policies” (Environmental Justice 2011). However, health inequities across racial and ethnic groups have been recognized and recorded in the US since the founding of colonial America (Bailey et al. 2017). The role of environmental determinants, like air pollution, in such 
	environmental pollutants but also increases the health responses towards such pollutants. Previous studies have demonstrated that disregarding either aspect will lead to an underestimation of the health disparity (Spiller et al. 2021). 

	Different conceptual frameworks exist in explaining the root causes of the differential exposure and differential susceptibility. Theories for siting patterns leading to differential exposure include lower cost to industrial facilities near minority communities (i.e., economic explanation), less effective opposition from minority communities due to lack of pre-existing social capital (i.e., sociopolitical explanation), and discriminatory zoning in the early 1900s (i.e., side-effect of discrimination from hi
	Framework to summarize the use of RE in air pollution epidemiology 
	In this report, we used the operationalization of RE in environmental epidemiology summarized by Benmarhnia et al. to discuss the related assumptions and challenges in these analytical decisions, and to connect these analytical decisions to the above conceptual frameworks. Briefly, in an air pollution-related health study, RE has been used as confounder, effect modifier or main exposure of interest (Benmarhnia et al. 2021) (Figure 1). Considering RE as a confounder (e.g., including RE as a covariate in the 
	 
	 
	 
	 
	 
	Figure 1 Schematics depicting the study types considered in this review 
	Figure 1 Schematics depicting the study types considered in this review 

	Figure
	 
	When RE is considered an effect modifier in the association between an environmental exposure and a health outcome (including stratified analysis by RE or interaction terms between air pollution and RE) (B, effect modification [EM] analysis), both differential exposure and differential susceptibility are incorporated into the analysis, but the challenge remains in the interpretation of the observed disparity in the health effect of air pollution. A recent review of ten US-based empirical air pollution-relat
	Figure 1
	Figure 1

	considering RE as an effect modifier of air pollution related health impact is still a relatively rare practice, occurring in 16 (13%) out of 124 studies of air pollution-related pregnancy outcomes from 1990 to 2024 (Dzekem et al. 2024). On a related note, a few methodological ambiguities exist on the distinction between interaction and effect modification (VanderWeele 2009), and the application of formal heterogeneity tests (Kaufman and MacLehose 2013).  

	When RE is used as the main exposure of interest, the study could either focus on quantifying the differential exposure (i.e., including air pollution as the outcome without considering health) (A, exposure disparity analysis) or on decomposing the total effect of RE on a health outcome to an indirect part mediated through differential exposure to air pollution and a direct part representing the effect of RE through other pathways (C, mediation analysis). Similar to studies with RE considered as an effect m
	Figure 1
	Figure 1

	Figure 1
	Figure 1


	Aside from challenges specific to each type of RE usage, there are other inferential and methodological challenges in the use of RE in air pollution-related health studies. First, the operationalization of RE requires careful consideration (Martinez et al. 2023). For example, the usage of an ambiguous “other” category without justification masks the heterogeneity in experiences of minority groups (Martinez et al. 2023). Nevertheless, RE is tightly intertwined with socioeconomic factors and how to understand
	Aims of this report 
	Here, we focused on California, the most populated state of the U.S. facing a complicated air pollution challenge. Although California has progressive air pollution control policies (Karmel and FitzGibbon; Lurmann et al. 2015), it also has the highest number of counties that exceed the U.S. Environmental Protection Agency’s air quality standards (EPA) for ambient fine particulate matter and ozone. These non-attainment areas are mostly located in the Central Valley area and Los Angeles metropolitan area, whe
	As suggested by Payne et al. and Casey et al., centering environmental justice questions in environmental health sciences is essential and could be facilitated by providing a guideline on the use of RE. In this report, we aimed to summarize the use of RE in air pollution epidemiology literature in California and make methodological recommendations. With this aim in mind, we first conducted a scoping review to understand the landscape on the use of RE in air pollution-related health studies in California. Ne
	Methods 
	Based on the PRISMA Extension for Scoping Review (Tricco et al. 2018), we conducted the scoping review in five steps: eligibility criteria establishment, initial search for eligible articles, abstract and title screening, full-text review, and data extraction. At least two researchers (CC, AKD, SZ, or RG) participated in each step and consensus was achieved in every step. 
	Eligibility criteria 
	We aimed to identify and summarize peer-reviewed articles on empirical population studies of air pollution that considered RE other than a confounder. This led to a focus 
	on three major types of study shown in 
	Figure 1
	Figure 1

	: air pollution exposure disparity study across RE (exposure disparity analysis), air pollution-outcome association modified by RE (effect modification analysis), and outcome disparity across RE with air pollution as a mediator (mediation analysis). We did not include articles that only considered RE as a confounder for the air pollution-health outcome relationship due to the high prevalence of such practice and the preclusion of systematic racism manifested through air pollution (Swilley-Martinez et al. 20

	We created a list of eligibility criteria to guide the process (). To restrict the review to a manageable size, we decided a priori to focus on ambient air pollutants including the six criteria air pollutants (US EPA 2014), wildfire-related air pollution, and air quality index. These air pollutants could be treated as an exposure (effect modification analysis), outcome (exposure disparity analysis), or mediator (mediation analysis) in the study. Additionally, we required that RE be included as an exposure (
	Table 1
	Table 1


	To further clarify the eligibility criteria, we created a list of exclusion criteria (). For example, we excluded occupational cohorts (including studies focusing exclusively on farmworkers or firefighters), animal studies, health impact assessments that relied solely on concentration-response functions estimated by other studies, exposure disparity studies relying solely on exposure simulation, and non-population-based studies involving experimental or randomized exposure schemes. We also excluded studies 
	Table 1
	Table 1


	Table 1: Eligibility criteria and corresponding exclusion criteria for the scoping review. 
	Eligibility Criteria 
	Eligibility Criteria 
	Eligibility Criteria 
	Eligibility Criteria 
	Eligibility Criteria 

	Exclusion Criteria 
	Exclusion Criteria 



	1.
	1.
	1.
	1.
	1.
	1.
	 English language 

	2.
	2.
	 Peer-reviewed empirical population studies published as journal articles 

	3.
	3.
	 Publication year between 2000/1/1 and 2023/12/31 

	4.
	4.
	 Must be conducted within California or a general focus on the US 



	1.
	1.
	1.
	1.
	 Not in English 

	2.
	2.
	 Reviews, commentaries, letters, editorials, news and case reports, conference papers, pre-prints 

	3.
	3.
	 Published before 2000/1/1 or after 2023/12/31 

	4.
	4.
	 Exclusively focusing on an area outside of California (e.g., Europe, east coast of US or Florida) 




	5.
	5.
	5.
	5.
	5.
	 Must use ambient air pollution (six criteria air pollutant, wildfire, air quality index) as exposure, outcome or mediator 

	6.
	6.
	 Must include  and ethnicity as exposure (when air pollution is the outcome) or effect modifier or mediator 
	Table 1
	Table 1




	 

	5.
	5.
	5.
	5.
	 Occupational cohorts, animal studies, health impact assessment, simulation studies, or non-population-based studies (i.e. those that involved experimental or randomized exposure schemes) 

	6.
	6.
	 Race and ethnicity is used as a confounder 

	7.
	7.
	 Air pollution is used as a confounder  

	8.
	8.
	 Focused on indoor air pollution, smoking, or ambient air pollutants other than ones specified. 






	Initial search 
	Based on the eligibility criteria, we selected search terms for four databases (PubMed, Embase, Web of Science, and CINHAL). Briefly, we created separate sets of search terms for air pollution, RE, geographical areas, and article type. We applied these search terms to a search of the title and abstract, and identified articles satisfying all sets of terms simultaneously. We included the detailed search terms used for each database in the appendix () and applied the publication date restriction manually. The
	Supplementary Table 1
	Supplementary Table 1


	To increase the comprehensiveness of our initial search, we also added potentially eligible original articles cited in relevant reviews and California Air Resources Board (CARB) reports to our initial search results. Briefly, we searched the four databases with similar search terms as described above but primed to identify reviews as compared to focusing on original articles (). This search yielded 163 review articles, and we further identified 37 relevant ones through abstract and title review based on the
	Supplementary Table 2
	Supplementary Table 2

	  
	  


	). Next, we read the full text of the review articles and CARB reports to identify the final list of 33 articles to extract relevant cited articles from. Two researchers (CC and AKD) independently conducted the abstract and title screening and full-text review. Conflicts were resolved through discussion. Prior to beginning the formal screening process, the two researchers underwent a calibration exercise using five review papers not included in the study sample to ensure consistency in their selection appro
	Supplementary Table 3
	Supplementary Table 3

	Figure 2
	Figure 2


	 
	Figure
	Abstract and title screening 
	We conducted the abstract and title screening using the eligibility criteria and the derived exclusion criteria (). The screening process involved two screeners (SZ and RG) and one conflict resolver (CC or AKD). Prior to beginning the formal screening process, the two screeners (SZ and RG) completed a thorough training exercise using 10 research articles on similar topics that were not included in the study sample. This training ensured consistent application of screening criteria and familiarized the scree
	Table 1
	Table 1

	votes were different, the article was marked as a conflict, and a conflict resolver reviewed the abstract and title to decide whether the article should be excluded or included for full-text review (
	Figure 3
	Figure 3

	). We excluded 1,687 articles in this stage and included 217 articles for full-text review (
	Figure 2
	Figure 2

	).  

	Figure
	 
	 Full text review 
	We applied the same eligibility criteria and exclusion criteria at this stage. Two researchers (CC and AKD) independently voted yes/no for inclusion after reading the 
	full article. Conflicts were resolved through discussion between the two researchers (
	Figure 3
	Figure 3

	). This process led to the exclusion of 83 articles and the remaining 134 articles were included in the study (
	Figure 2
	Figure 2

	). Reasons for exclusion included studies conducted exclusively outside of California (n=31), studies focused on air pollutants other than the six criteria air pollutants, wildfire, or air quality index (n=16), and studies that used RE as a confounder (n=15). Additional exclusions were made for non-peer-reviewed or non-human population studies (n=9), studies examining only a single racial and ethnic subpopulation (n=5), studies where air pollution was not considered as an exposure, mediator, or outcome (n=4
	Figure 2
	Figure 2

	). 

	Data extraction 
	We created a data extraction form to collect information on basic study characteristics and important methodological considerations for these types of studies (Benmarhnia et al. 2021; Casey et al. 2023; Martinez et al. 2023). Two researchers (CC and AKD) independently extracted information from each article and reached consensus on discordant items via discussion. An empty extraction form is shown in Supplementary material. 
	First, we extracted general information (e.g. study title, author, year of publication) and basic study characteristics such as study period, geographic location, and the number of participants. We also classified articles as air pollution exposure disparity across RE study (exposure disparity), air pollution-outcome association modified by RE (effect modification analysis), and outcome disparity across RE with air pollution as a mediator (mediation analysis). We also extracted detailed information on varia
	For air pollution variables, we also identified the pollutant(s) explored in the study and specified the estimation of exposure data (e.g., monitors alone [i.e., with simple spatial assignment methods that does not include information other than location of the monitor, such as average within a geographic area  or nearest location assignment], satellite data alone, emission inventory data alone, statistical models, dynamic models [e.g., chemical transport model], and a combination of several methods).  
	For RE variables, we extracted the measurement methods based on categories outlined by Roth (e.g. self-reported vs. observed) and unit of analysis (e.g. individual level, proportion within an area, or area-level index). We extracted the specific racial and ethnic categories utilized in the study and whether one or more RE categories were collapsed or omitted from the original data. We also assessed whether the study incorporated additional forms of RE variables beyond the primary measure of RE and summarize
	Although many different indicators were used to represent the social and economic factors that influence individuals’ or groups’ exposure and susceptibility towards air pollution (e.g., income, poverty, education, and composite SES indicators) (Hajat et al. 2021), we focused on variables directly describing income or poverty to focus explicitly on the material resources aspect of their socioeconomic position. 
	Next, we extracted information specific to each study type. For studies examining exposure disparities, we identified the analytical approaches employed, categorized as univariable regression, multivariable regression, or descriptive metrics of outcome (e.g., population-weighted averages). 
	For studies of health disparities, either considering RE as potential effect modifier for air pollution-health relationship or examining the disparity through mediation analysis, we documented the study design (i.e., ecological, time-series/ecological, cross-sectional, case-control, or cohort study). For effect modification studies, we additionally recorded the primary analytical approaches (i.e., multivariable regression models, multilevel models, G-methods, or machine learning/predictive models). We also 
	We also assessed a few potential methodological concerns in exposure disparity study and effect modification study. Specifically, we evaluated whether authors interpreted coefficients of variables other than the exposure of interest from the same model, which could introduce Table 2 fallacy in health disparity studies due to potential bias in the coefficients of control variables. We also examined whether studies intentionally considered the intersectionality of RE and income in their analyses, distinguishi
	For studies using mediation analysis, we assessed three major methodological concerns based on the guideline for reporting mediation analyses (AGReMA statement) (Lee et al. 2021). First, we assessed if the authors included rationales for conducting the mediation analysis and discussed the inferences for their results. Second, we evaluated whether the study clearly specified the causal framework. Third, we identified the analytical method and evaluated the discussion of causal identification assumptions in s
	mediation analysis into the extraction form given the expected small number of studies and high variability in methodology under this type. 

	Finally, we summarized the key findings from each article. We also evaluated how studies contextualized and interpreted their findings. We extracted key discussion points related to RE disparities and assessed whether authors provided substantive discussion of their findings and whether they employed a conceptual framework (such as structural racism or historical discriminatory practices) to explain the observed disparities. Similarly, for studies that considered income variables, we documented whether auth
	Results 
	Basic study characteristics 
	Among 134 studies extracted, 82 (61.2%) focused on the entire US or a representative sample of the US, while 42 (31.3%) focused specifically on California or regions within California (). The remaining 10 studies (7.5%) included some California regions in addition to other states but were not representative of the entire country. In terms of study type, 79 studies (59.0%) studies examined effect modification (EM) analysis, and 49 studies (36.6%) examined exposure disparity. Of the remaining six studies, thr
	Supplementary Table 4
	Supplementary Table 4


	Figure
	There is an increase in the number of publications across study types other than health disparity study with mediation over the years, with 74 (55.2%) published between 2021-2024, followed by 53 (39.6%) published between 2011-2020, and only 10 (7.5%) published between 2000-2010. This temporal pattern was consistent across study types, with the highest proportion of publications occurring in 2021-2024 for studies exploring exposure disparity (62.0%), studies assessing EM analysis (50.6%), and studies assessi
	Figure 4
	Figure 4


	Use of air-pollution across study types The majority of studies examined a single pollutant (71 studies, 53.0%), while fewer studies investigated multiple pollutants: 30 studies (22.4%) examined two pollutants, 18 studies (13.4%) looked at three pollutants, and 15 studies (11.2%) analyzed four or more pollutants. This pattern was generally consistent across different study types, though with some variations. Among studies exploring exposure disparity, the preference for single-pollutant analyses was even mo
	 Table 2
	 Table 2


	 
	Figure
	 
	Across all studies, fine particulate matter (PM2.5) was the most commonly studied pollutant, examined in 100 (74.6%) studies, followed by nitrogen dioxide (NO2) in 47 (35.1%) studies and ozone in 28 (20.9%) studies. Coarse particulate matter (PM10) was investigated in 16 (11.9%) studies, while other criteria pollutants such as NOx, carbon monoxide (CO), and sulfur dioxide (SO2) were examined in 14 (10.4%), 9 (6.7%), and 5 (3.7%) studies, respectively. PM2.5 constituents/components were studied in 8 (6%) stu
	  
	  


	). 
	Supplementary Table 5
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	The studies utilized various approaches to assess air pollution exposure. The most common approach was statistical modeling (54 studies, 40.3%), followed equally by dynamic model-based approaches and monitoring data alone (31 studies each, 23.1%), a combination of statistical and dynamic models (7 studies, 5.2%), satellite data alone (2 studies, 1.5%), and emission inventory data alone (2 studies, 1.5%) (). Multiple methods were used in 5 studies (3.7%), and the approach was not discussed in 2 studies (1.5%
	Table 3
	Table 3

	Table 3
	Table 3


	The temporal resolution of exposure assessment varied, with yearly averages being the most common (58 studies, 43.3%), followed by study-specific periods (20 studies, 14.9%) and daily measurements (18 studies, 13.4%). Averages of multiple years were used in 14 studies (10.4%). A notable number of studies (10 studies, 7.5%) used exposure periods related to pregnancy, gestation, or birth. Monthly measurements were less common, used in only 4 studies (3.0%). Some studies employed specific temporal windows rela
	 
	Figure
	Table 3 Source and temporality of air pollution data across study types 
	Table 3 Source and temporality of air pollution data across study types 

	The geographical resolution of air pollution data includes administrative unit level (94 studies, 70.2% - sum of all admin units), individual or residential address level (24 studies, 18.0%), grid cell levels (10 studies, 7.5%), site-specific level (4 studies, 3.0%), and air basins (1 study, 0.8%) (). Administrative units utilized are ZIP code/ZCTAs (34 studies, 25.6%), census tracts (21 studies, 15.8%), census block groups (10 studies, 7.5%), census blocks (6 studies, 4.5%), counties (16 studies, 12.0%), M
	Table 4
	Table 4

	utilized ZIP Code/ZIP Code Tabulation Area (ZCTA) (38.8%) and individual level data (26.3%) (Table 4). 

	Table 4 Geographical units of air pollution variables used across studies 
	 
	Figure
	 
	Use of RE variables across study types 
	The source, method of collection, and characterization of RE data varied substantially across studies. Medical records were the most common source of RE data (48 studies, 35.8%), followed closely by general population surveys such as the American Community Survey (45 studies, 33.6%), while 27 studies (20.1%) collected data directly within their cohorts (Table 5). Self-reported RE was the predominant collection method (82 studies, 61.2%), though notably, 50 studies (37.3%) did not discuss their collection me
	 
	 
	 
	Table 5 Sources and characteristics of RE data across study types 
	Table 5 Sources and characteristics of RE data across study types 

	Figure
	Few studies (28, 20.9%) included RE data in other forms as stratification or interaction terms (). Among them, 20 explicitly stated their justification for including additional RE data, with the most common reasons being residential patterns and segregation (4 studies citing it as "an important driver of exposure inequality" and a capture of "multiple adverse social and psychosocial exposures"), methodological considerations (3 studies mentioning confounding control), and policy relevance (3 studies referen
	Supplementary Table 6
	Supplementary Table 6


	In examining the RE categorizations used across 134 studies, "Asian, Black, Hispanic, White" was most prevalent (20.15%, n=27), followed by "Black, White" (8.96%, n=12) and "Black, Hispanic, White" (8.21%, n=11). Other common combinations were "Asian, Black, Hispanic, Other, White" (6.72%, n=9) and "Black, Other, White" (5.22%, n=7). A few papers used "Asian/PI, Black, Hispanic, White" and "Black, non-Black" combinations (2.99%, n=4 each). Some studies employed highly specific categorizations like "Black, C
	Supplementary Table 7
	Supplementary Table 7


	Use of Income across study types 
	Income was frequently included in air pollution studies considering RE (92 studies, 68.7%). This pattern was relatively consistent across study types, with income being included in 36 exposure disparity studies (72.0%), 54 EM analysis studies (66.7%), and 4 mediation analysis studies (66.7%). The high proportion of studies considering income reflects a common awareness that socioeconomic factors and RE are intertwined in air pollution studies (). 
	Table 6
	Table 6


	 
	Table 6 Use of income across study types 
	  
	Figure
	Most studies that included income relied on general population surveys (66.3%) to obtain the income information and used area-level income measures (82.6%) rather than individual/household measures. Notably, while most studies discussed their income-related findings (87%), only a small proportion (19.6%) considered intersectionality between income and RE. This pattern varied by study type, with exposure disparity studies more likely to consider intersectionality (38.9%) compared to EM analysis studies (7.4%
	Table 7
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	Table 7 Details of the income variable used across study types 
	Study characteristics 
	Study characteristics 
	Study characteristics 
	Study characteristics 
	Study characteristics 

	All studies that used income (N = 92)  
	All studies that used income (N = 92)  

	Exposure disparity studies that used income  (N = 36) 
	Exposure disparity studies that used income  (N = 36) 

	EM analysis studies that used income  (N = 54) 
	EM analysis studies that used income  (N = 54) 

	Mediation studies that used income  (N = 4) 
	Mediation studies that used income  (N = 4) 



	Source of Income data^ 
	Source of Income data^ 
	Source of Income data^ 
	Source of Income data^ 

	 
	 

	 
	 

	 
	 

	 
	 


	General population survey (e.g., American community survey, Decennial Census survey) 
	General population survey (e.g., American community survey, Decennial Census survey) 
	General population survey (e.g., American community survey, Decennial Census survey) 

	61 (66.3%) 
	61 (66.3%) 

	30 (83.3%) 
	30 (83.3%) 

	31 (57.4%) 
	31 (57.4%) 

	0 (0.0%) 
	0 (0.0%) 


	Data collected within the cohort (e.g., enrollment questionnaire) 
	Data collected within the cohort (e.g., enrollment questionnaire) 
	Data collected within the cohort (e.g., enrollment questionnaire) 

	17 (18.5%) 
	17 (18.5%) 

	4 (11.1%) 
	4 (11.1%) 

	11 (20.4%) 
	11 (20.4%) 

	4 (100.0%) 
	4 (100.0%) 


	Data product (e.g., CalEnviroScreen, Healthy Place Index) 
	Data product (e.g., CalEnviroScreen, Healthy Place Index) 
	Data product (e.g., CalEnviroScreen, Healthy Place Index) 

	14 (15.2%) 
	14 (15.2%) 

	3 (8.3%) 
	3 (8.3%) 

	11 (20.4%) 
	11 (20.4%) 

	1 (25.0%) 
	1 (25.0%) 


	Not discussed 
	Not discussed 
	Not discussed 

	3 (3.3%) 
	3 (3.3%) 

	0 (0.0%) 
	0 (0.0%) 

	3 (5.6%) 
	3 (5.6%) 

	0 (0.0%) 
	0 (0.0%) 


	Other 
	Other 
	Other 

	1 (1.1%) 
	1 (1.1%) 

	0 (0.0%) 
	0 (0.0%) 

	1 (1.9%) 
	1 (1.9%) 

	0 (0.0%) 
	0 (0.0%) 


	Level of aggregation of income data^ 
	Level of aggregation of income data^ 
	Level of aggregation of income data^ 

	 
	 

	 
	 

	 
	 

	 
	 


	Individual/household level 
	Individual/household level 
	Individual/household level 

	20 (21.7%) 
	20 (21.7%) 

	5 (13.9%) 
	5 (13.9%) 

	13 (24.1%) 
	13 (24.1%) 

	4 (100.0%) 
	4 (100.0%) 


	Area level 
	Area level 
	Area level 

	76 (82.6%) 
	76 (82.6%) 

	32 (88.9%) 
	32 (88.9%) 

	44 (81.5%) 
	44 (81.5%) 

	1 (25.0%) 
	1 (25.0%) 


	Considered intersectionality between income and RE 
	Considered intersectionality between income and RE 
	Considered intersectionality between income and RE 

	 
	 

	 
	 

	 
	 

	 
	 


	Yes 
	Yes 
	Yes 

	18 (19.6%) 
	18 (19.6%) 

	14 (38.9%) 
	14 (38.9%) 

	4 (7.4%) 
	4 (7.4%) 

	0 (0.0%) 
	0 (0.0%) 


	No 
	No 
	No 

	74 (80.4%) 
	74 (80.4%) 

	22 (61.1%) 
	22 (61.1%) 

	50 (92.6%) 
	50 (92.6%) 

	4 (100.0%) 
	4 (100.0%) 


	Discussed findings on Income 
	Discussed findings on Income 
	Discussed findings on Income 

	 
	 

	 
	 

	 
	 

	 
	 


	Yes 
	Yes 
	Yes 

	80 (87.0%) 
	80 (87.0%) 

	33 (91.7%) 
	33 (91.7%) 

	45 (83.3%) 
	45 (83.3%) 

	4 (100.0%) 
	4 (100.0%) 


	No 
	No 
	No 

	12 (13.0%) 
	12 (13.0%) 

	3 (8.3%) 
	3 (8.3%) 

	9 (16.7%) 
	9 (16.7%) 

	0 (0.0%) 
	0 (0.0%) 




	^ Percentages do not sum to 100 due to multiple selections being allowed. 
	 
	Methodological details by study type 
	Exposure disparity studies 
	Among the 50 studies that explored air pollution exposure disparities across RE, descriptive metrics of air pollution (56.0%) and multivariable regression analyses (40.0%) are most common analytical methods. Other analytical approaches employed including univariable regression, three-level hierarchical linear mixed models, univariable quantile regression, examining demographic patterns in areas with extreme air quality conditions, clustering analysis, and visualization methods. Examples of visualization met
	racial/ethnic disparities in air pollution exposure.   

	EM analysis studies 
	Among the 81 studies that assessed EM analysis, cohort (33.3%) and cross-sectional (32.1%) designs were most common, followed by time-series/ecological (18.5%) and ecological studies (13.6%). Most studies (79.0%) explicitly mentioned effect modification or effect heterogeneity in their methods or results, while some studies only referred to statistical terms like interaction (4.9%) or stratification (16.0%). More than two-thirds of the studies (69.1%) conducted formal heterogeneity tests to assess differenc
	Table 8
	Table 8


	Table 8 Design and analytical characteristics of air pollution studies that assessed health disparities using effect modification 
	 
	Figure
	Among studies that conducted a heterogeneity test (N = 56), a majority of studies detected significant heterogeneity between sub-groups (73.2%). Of studies detecting significant heterogeneity, most (37 out of 41, or 66.1%) reported stratum-specific results, while only 4 studies (7.1%) did not. Similarly, among studies that did not detect heterogeneity, 12 studies (21.4%) still reported stratum-specific results, while 3 studies (5.4%) did not report these results (). 
	Table 9
	Table 9


	We found a few EM analysis studies that discussed confounding on the effect modifier by another variable (6.2%) A few studies also included multiple community 
	(Eum et al. 2022; Gharibi et al. 2019; Hicken et al. 2016; 
	Jin et al. 2022; Tong et al. 2022)
	. 
	characteristics as effect modifiers in the second stage model of the Bayesian hierarchical model (2.5%) (Bell and Dominici 2008; Tong et al. 2022). 

	 
	Table 9 Reporting of heterogeneity results 
	Table 9 Reporting of heterogeneity results 

	 
	Figure
	 In terms of analytical approaches in EM analysis, multivariable regression models were overwhelmingly the most common analytical approach, used in 80.2% of studies. More sophisticated statistical methods were less frequently employed, with two-stage models used in 13.6% of studies and G-methods in 9.9% of studies. Other analytical approaches were rarely used, appearing in only 1.2% of studies. The strong preference for multivariable regression models suggests a relatively standardized approach to analyzing
	Figure 5
	Figure 5


	 
	 
	Figure
	Mediation analysis studies 
	All six studies that explored the role of air pollution as a potential mediator in the outcome disparity across RE provided subject matter rationales for such exploration and discussed the inferences of their results. However, none of them clearly stated the causal framework under which their analytical method was developed. Two studies utilized regression-based difference method without using any software package (VanderWeele 2016; Woodruff et al. 2003b; Younan et al. 2022b), two utilized regression-based 
	Interpretation of results 
	Our findings suggest that across different types of studies, 23.1% researchers interpreted or reported coefficients other than the primary exposure of interest (Table 10). However, this pattern varied by study type - exposure disparity studies were more likely to interpret/report additional covariates (32%) compared to EM analysis studies (18.5%) (). It is important to note here that we did not consider studies that interpreted coefficients of another air pollutant in this analysis.  
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	Nearly all studies included a discussion of RE findings, except for 1.2% of EM analysis studies, when no significant differences were observed across RE. However, the use of conceptual frameworks to justify the inclusion of RE in the study varied by study type. Exposure disparity studies were more likely to employ conceptual frameworks (38.0%) compared to EM analysis studies (19.8%) and mediation studies (33.3%, though this percentage should be interpreted with caution given the small sample size of mediati
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	Table 11
	Table 11

	). 

	 
	Table 11 Inclusion of racial/ethnic discussion and conceptual frameworks in studies 
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	Discussion 
	In this scoping review, we provided an overview of the landscape on air pollution-related studies that utilized RE in California and evaluated the prevalences of some methodological challenges. From 2000 to 2023, we identified a total of 134 publications. Studies exploring air pollution disparity across RE or RE as effect modifiers for air pollution-outcome relationship increased over time, but the number of publications exploring the mediating role of air pollution in outcome disparity across RE remained l
	Air pollution estimation-related methodological considerations 
	In our review, air pollutants were estimated through various approaches, with statistical model, dynamic model and monitoring data alone as the most popular ones. Most of the epidemiological literature documenting the effects of air pollutants on human health (whether considering race/ethnicity or not) is based on a static measurement of air pollutants, assigning exposure at the place of residence. Yet, the concept of activity space has emerged in the past two decades in social epidemiology and has recently
	Different geographical resolutions were preferred for different types of study, with more census tract and grid-based estimates in exposure disparity studies and more ZIP Code/ZCTA estimates in effect modification studies. As most health outcomes and population data were collected for varying administrative units (e.g., census tract or ZIP Code), the observed pattern is not surprising. However, administrative boundaries were not the optimal polygons to use in spatial analysis given their irregular shapes an
	Operationalization and conceptual framework of RE 
	Our study reveals similar patterns and challenges in the operationalization of RE as those identified by Martinez et al. (2023). Similar to their findings showing most studies 
	did not provide clear RE measurement details (76-81% unclear/not stated), we found that RE categorization schemes often combined race and ethnicity into single constructs without clear theoretical justification. The most common RE categorizations in our sample ("Asian, Black, Hispanic, White" at 20.15% and "Black, White" at 8.96%) mirror the problematic patterns they identified, where authors frequently defaulted to basic demographic categories without addressing the theoretical distinctions between race an

	There is also a lack of proper conceptualization of RE in air pollution related studies. Only 26.1% of studies included a discussion of conceptual framework for the inclusion of RE, which is even lower in effect modification studies. Casey et al. 2023 found that only 50% of environmental justice research from 2018 to 2021 explicitly used an environmental justice conceptual framework. When restricting to studies published between 2018 and 2021, we still only observed 28.8% of studies using a conceptual frame
	Drawing from Payne et al. (2021)  and Hicken et al. (2023), a more robust conceptualization of RE in air pollution research must consider several key points. First, we need to move beyond treating race as a simple demographic variable and instead examine it as a marker of exposure to structural racism, which shapes both environmental exposures and vulnerability to their health effects. Hicken et al. emphasize that race categories have different social meanings across locations and time periods, suggesting t
	that may better explain observed racial differences in environmental health outcomes. Emerging literature in social epidemiology has proposed to rely on metrics (Adkins-Jackson et al. 2021) to measure structural racism directly arguing that race/ethnicity may not be ideal as a proxy for racism. Instead, they advocate for using more proximal metrics to capture structural racism including several domains: Political representation, criminal legal system, economic opportunity, and housing. It would be particula

	Intersectionality of income and RE 
	As multiple social identities like RE and socioeconomic factors may interact and affect air pollution-related health synergistically, potentially leading to higher vulnerability among people experiencing multiple disadvantaged social identities, it is important to consider intersectionality of income and RE. Explicit consideration of intersectionality between RE and income only existed in 19.6% of studies in our review, with 38.9% for exposure disparity study, 7.4% for effect modification study, and 0% for 
	Methodological considerations specific to exposure disparity studies 
	32% of exposure disparity studies interpretated coefficients of variables (e.g., SES) other than RE (see Collins et al. 2022 or Knobel et al. 2023 for example). Such an approach can be seen as misleading. The rationale for adjusting for other variables when conducting descriptive studies is not clear, and some scholars (Lesko et al. 2022) have argued that descriptive studies should not condition or standardize on other variables as one goal of descriptive studies is to describe the world as it is. Standardi
	 
	Methodological considerations specific to effect modification studies 
	The distinguishment between interaction and effect modification also needs to be emphasized, especially their epidemiological interpretations. As defined by VanderWeele, an interaction “requires the effect of two exposures together to be different from the combination of the two effects considered separately”, while effect modification “is defined in terms of the effect of one intervention [exposure] varying across strata of a second variable [effect modifier]” (VanderWeele 2009). An important distinguishme
	Another important aspect for reporting effect modification is conducting formal heterogeneity test like Cochran’s Q test, Wald test, or conducting regression analysis using interaction terms, to evaluate whether the effects are truly different across RE strata (Kaufman and MacLehose 2013; Ward et al. 2019). However, only 69.1% of effect modification studies in our review conducted a formal heterogeneity test and about half of the studies without a formal heterogeneity test still reported stratum-specific ef
	In population-based research, presenting and interpreting coefficients of covariates other than the exposure of interest from a multivariable model, such as confounders, leads to a scenario called “table-2 fallacy” (Westreich and Greenland 2013). Interpreting coefficients of covariates other than the exposure of interest is problematic because the set of confounders that need to be adjusted for to obtain a causal relationship with the 
	outcome is likely different for the exposure of interest and the covariate whose coefficient is being interpreted. This might not apply when multiple air pollutants were considered as confounders of each other and included in the same multivariate model (e.g., multiple-pollutant models) as many air pollutants share the same confounders for health outcomes, thus we excluded such studies in the discussion of table-2 fallacy and discussed multiple pollutants in the next paragraph. The prevalence of table-2 fal
	(An and Xiang 2015; De Grubb et al. 2017; 
	Jorgenson et al. 2020; Payne
	-
	Sturges et al. 2022)
	.
	 
	Recommendations regarding how to avoid the table-2 fallacy have been described elsewhere (Benmarhnia et al. 2021).  

	Studies evaluated the health effects of multiple pollutants with different methods in our review: conducting separate analysis for each pollutant using single-pollutant models (see Neophytou et al. 2016 for example), conducting separate analysis for each pollutant while including other air pollutants as confounders (e.g., including PM2.5 total mass as a confounder when evaluating the effect of PM2.5 constituents), conducting one analysis by including all pollutants in the same multiple-pollutant models and 
	Xu et al. 2020
	 
	or
	 
	Sun et al. 2022
	)
	. 
	 

	Methodological considerations specific to mediation analysis studies
	Methodological considerations specific to mediation analysis studies
	 

	While we identified fewer studies that considered a mediation framework, we argue that such approaches can be particularly helpful at quantifying how much inequalities across R/E subgroups in relation to a given health outcome are due to air pollution. The use of mediation techniques to analyze the drivers of SES inequalities in health is receiving increasing attention (Jackson 2021). Indeed, as the use of R/E as the main exposure of interest has been criticized due to the violation of the consistency assum
	 
	 
	 
	 
	Table 12 List of selected methodological recommendations. 
	Methodological considerations 
	Methodological considerations 
	Methodological considerations 
	Methodological considerations 
	Methodological considerations 

	Recommendations 
	Recommendations 



	Air pollution estimation 
	Air pollution estimation 
	Air pollution estimation 
	Air pollution estimation 

	1.
	1.
	1.
	1.
	 Explore dynamic exposure considering activity space 

	2.
	2.
	 Consider grid cells instead of administrative units as the spatial unit of analysis 

	3.
	3.
	 Explore spatial heterogeneity of air pollution-health association  




	Operationalization and conceptual framework of race and ethnicity (RE) 
	Operationalization and conceptual framework of race and ethnicity (RE) 
	Operationalization and conceptual framework of race and ethnicity (RE) 

	1.
	1.
	1.
	1.
	 Provide theoretical justifications for the RE categorization and avoid categorizations that are too coarse 

	2.
	2.
	 Provide conceptual frameworks on the role of RE in air pollution-related studies 

	3.
	3.
	 Consider RE as a marker of exposure to structural racism 

	4.
	4.
	 Utilize metrics that captures structural racism in different domains 




	Intersectionality of income and RE 
	Intersectionality of income and RE 
	Intersectionality of income and RE 

	1.
	1.
	1.
	1.
	 Evaluate intersectionality using emerging methods like decomposition analysis and machine-learning based algorithms for high-dimensional heterogeneity.  




	Exposure disparity studies 
	Exposure disparity studies 
	Exposure disparity studies 

	1.
	1.
	1.
	1.
	 Avoid adjusting/standardizing for other variables when conducting descriptive studies 




	Effect modification studies 
	Effect modification studies 
	Effect modification studies 

	1.
	1.
	1.
	1.
	 Distinguish between interaction and effect modification, especially its implications for confounding adjustment 

	2.
	2.
	 Conduct formal heterogeneity test when using stratified analyses.  

	3.
	3.
	 Avoid interpreting coefficients of covariates other than the exposure of interest (table-2 fallacy) 




	Mediation analysis studies 
	Mediation analysis studies 
	Mediation analysis studies 

	1.
	1.
	1.
	1.
	 More utilization is encouraged 

	2.
	2.
	 Clarify the hypothetical interventions of interest (or lack of thereof) and adopt relevant mediation or decomposition frameworks accordingly.  

	3.
	3.
	 Consider analytical approaches that consider multiple mediators that are dependent with each other 






	 
	Limitations 
	There are some limitations in this review. First, we focused on the methodological choices and assumptions behind air pollution-related studies that utilized RE and did not provide summaries of observed disparity across racial and ethnic groups. However, previous reviews already provided detailed summaries of disparity on the associations of air pollution and pregnancy outcome (Dzekem et al. 2024), PM and birth outcomes (Heo et al. 2019; Thayamballi et al. 2021), and ozone and mortality or hospital admissio
	Conclusions 
	In this comprehensive scoping review, we synthetized the evolving landscape of air pollution-related health studies in California that incorporate racial/ethnic considerations. Our analysis, including studies from 2000 to 2023, revealed a growing trend in research exploring air pollution disparities across RE groups and examining RE as effect modifiers in air pollution-outcome relationships. However, studies investigating the mediating role of air pollution in outcome disparities across RE remain underrepre
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	07-309 

	Meng, Ying-Ying 
	Meng, Ying-Ying 
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	Supplementary Table 7 Combinations of RE categories considered in studies 
	RE Categories1,2,3 
	RE Categories1,2,3 
	RE Categories1,2,3 
	RE Categories1,2,3 
	RE Categories1,2,3 

	n (%) 
	n (%) 



	Asian, Black, Hispanic, White 
	Asian, Black, Hispanic, White 
	Asian, Black, Hispanic, White 
	Asian, Black, Hispanic, White 

	27 (20.15%) 
	27 (20.15%) 


	Black, White 
	Black, White 
	Black, White 

	12 (8.96%) 
	12 (8.96%) 


	Black, Hispanic, White 
	Black, Hispanic, White 
	Black, Hispanic, White 

	11 (8.21%) 
	11 (8.21%) 


	Asian, Black, Hispanic, Other, White 
	Asian, Black, Hispanic, Other, White 
	Asian, Black, Hispanic, Other, White 

	9 (6.72%) 
	9 (6.72%) 


	Black, Other, White 
	Black, Other, White 
	Black, Other, White 

	7 (5.22%) 
	7 (5.22%) 


	Asian/PI, Black, Hispanic, White 
	Asian/PI, Black, Hispanic, White 
	Asian/PI, Black, Hispanic, White 

	4 (2.99%) 
	4 (2.99%) 


	Black, Hispanic, Other, White 
	Black, Hispanic, Other, White 
	Black, Hispanic, Other, White 

	4 (2.99%) 
	4 (2.99%) 


	Black, non-Black 
	Black, non-Black 
	Black, non-Black 

	4 (2.99%) 
	4 (2.99%) 


	Asian, Black, Hispanic, Native American, White 
	Asian, Black, Hispanic, Native American, White 
	Asian, Black, Hispanic, Native American, White 

	3 (2.24%) 
	3 (2.24%) 


	Asian/PI, Black, Hispanic, Native American, White 
	Asian/PI, Black, Hispanic, Native American, White 
	Asian/PI, Black, Hispanic, Native American, White 

	3 (2.24%) 
	3 (2.24%) 


	Black, Hispanic 
	Black, Hispanic 
	Black, Hispanic 

	3 (2.24%) 
	3 (2.24%) 


	non-White, White 
	non-White, White 
	non-White, White 

	3 (2.24%) 
	3 (2.24%) 


	Asian, Asian/PI, Black, Hispanic, Multiple, Native American, White 
	Asian, Asian/PI, Black, Hispanic, Multiple, Native American, White 
	Asian, Asian/PI, Black, Hispanic, Multiple, Native American, White 

	2 (1.49%) 
	2 (1.49%) 


	Asian, Asian/PI, Black, Hispanic, Native American, White 
	Asian, Asian/PI, Black, Hispanic, Native American, White 
	Asian, Asian/PI, Black, Hispanic, Native American, White 

	2 (1.49%) 
	2 (1.49%) 


	Asian, Asian/PI, Black, Hispanic, White 
	Asian, Asian/PI, Black, Hispanic, White 
	Asian, Asian/PI, Black, Hispanic, White 

	2 (1.49%) 
	2 (1.49%) 


	Asian, Black, Hispanic, Native American, Other, White 
	Asian, Black, Hispanic, Native American, Other, White 
	Asian, Black, Hispanic, Native American, Other, White 

	2 (1.49%) 
	2 (1.49%) 


	Asian, Black, Native American, White 
	Asian, Black, Native American, White 
	Asian, Black, Native American, White 

	2 (1.49%) 
	2 (1.49%) 


	Asian/PI, Black, Hispanic, Multiple/Other, White 
	Asian/PI, Black, Hispanic, Multiple/Other, White 
	Asian/PI, Black, Hispanic, Multiple/Other, White 

	2 (1.49%) 
	2 (1.49%) 


	Asian/PI, Black, Hispanic, Native American, Other, White 
	Asian/PI, Black, Hispanic, Native American, Other, White 
	Asian/PI, Black, Hispanic, Native American, Other, White 

	2 (1.49%) 
	2 (1.49%) 


	Hispanic, White 
	Hispanic, White 
	Hispanic, White 

	2 (1.49%) 
	2 (1.49%) 


	Hispanic, non-Hispanic 
	Hispanic, non-Hispanic 
	Hispanic, non-Hispanic 

	2 (1.49%) 
	2 (1.49%) 


	African, Native American 
	African, Native American 
	African, Native American 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Asian, Asian/PI, Black, Hispanic, Other, White 
	Asian, Asian, Asian/PI, Black, Hispanic, Other, White 
	Asian, Asian, Asian/PI, Black, Hispanic, Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American 
	Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American 
	Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American, Other, White 
	Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American, Other, White 
	Asian, Asian/PI, Black, Hispanic, Multiple/Other, Native American, Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Asian/PI, Black, Hispanic, Native American, Other, White 
	Asian, Asian/PI, Black, Hispanic, Native American, Other, White 
	Asian, Asian/PI, Black, Hispanic, Native American, Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Asian/PI, Black, Hispanic, non-Hispanic, Multiple, Native American, Other 
	Asian, Asian/PI, Black, Hispanic, non-Hispanic, Multiple, Native American, Other 
	Asian, Asian/PI, Black, Hispanic, non-Hispanic, Multiple, Native American, Other 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Asian/PI, Black, Native American, Other, White 
	Asian, Asian/PI, Black, Native American, Other, White 
	Asian, Asian/PI, Black, Native American, Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Black, Hispanic 
	Asian, Black, Hispanic 
	Asian, Black, Hispanic 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Black, Hispanic, POC, White 
	Asian, Black, Hispanic, POC, White 
	Asian, Black, Hispanic, POC, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Black, Multiple/Other, White 
	Asian, Black, Multiple/Other, White 
	Asian, Black, Multiple/Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian, Black, Other, unknown, White 
	Asian, Black, Other, unknown, White 
	Asian, Black, Other, unknown, White 

	1 (0.75%) 
	1 (0.75%) 


	Asian/PI, Black, Hispanic, Other, White 
	Asian/PI, Black, Hispanic, Other, White 
	Asian/PI, Black, Hispanic, Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Black, Cuban, Dominican, Hispanic, Mexican, Puerto Rican, White-Hispanic 
	Black, Cuban, Dominican, Hispanic, Mexican, Puerto Rican, White-Hispanic 
	Black, Cuban, Dominican, Hispanic, Mexican, Puerto Rican, White-Hispanic 

	1 (0.75%) 
	1 (0.75%) 


	Black, Hispanic, Mexican-American, Other, White 
	Black, Hispanic, Mexican-American, Other, White 
	Black, Hispanic, Mexican-American, Other, White 

	1 (0.75%) 
	1 (0.75%) 


	Black, Hispanic, RE minority 
	Black, Hispanic, RE minority 
	Black, Hispanic, RE minority 

	1 (0.75%) 
	1 (0.75%) 


	Black, Hispanic, non-White, White 
	Black, Hispanic, non-White, White 
	Black, Hispanic, non-White, White 

	1 (0.75%) 
	1 (0.75%) 


	Black, Other 
	Black, Other 
	Black, Other 

	1 (0.75%) 
	1 (0.75%) 


	High vs. low prop: Black 
	High vs. low prop: Black 
	High vs. low prop: Black 

	1 (0.75%) 
	1 (0.75%) 


	High vs. low prop: RE minority 
	High vs. low prop: RE minority 
	High vs. low prop: RE minority 

	1 (0.75%) 
	1 (0.75%) 


	Hispanic, POC, Other 
	Hispanic, POC, Other 
	Hispanic, POC, Other 

	1 (0.75%) 
	1 (0.75%) 


	Other, White 
	Other, White 
	Other, White 

	1 (0.75%) 
	1 (0.75%) 


	POC, White 
	POC, White 
	POC, White 

	1 (0.75%) 
	1 (0.75%) 


	RE minority, White 
	RE minority, White 
	RE minority, White 

	1 (0.75%) 
	1 (0.75%) 


	Social Vulnerability Index 
	Social Vulnerability Index 
	Social Vulnerability Index 

	1 (0.75%) 
	1 (0.75%) 


	Three RE categorization levels: 14 Census group categories; Binary: White vs. RE minorities; Comprehensive: 6 mutually exclusive RE Groups 
	Three RE categorization levels: 14 Census group categories; Binary: White vs. RE minorities; Comprehensive: 6 mutually exclusive RE Groups 
	Three RE categorization levels: 14 Census group categories; Binary: White vs. RE minorities; Comprehensive: 6 mutually exclusive RE Groups 

	1 (0.75%) 
	1 (0.75%) 


	non-minority, RE minority 
	non-minority, RE minority 
	non-minority, RE minority 

	1 (0.75%) 
	1 (0.75%) 




	1 Note 1: Black and White categories were interchangeably used with non-Hispanic white and non-Hispanic black, respectively. 
	2 Note 2: Asian categories includes Asian, or specific Asian subgroups (e.g., Chinese, Japanese, etc.).  
	3 Note 3: Asian/PI categories includes Asian and Pacific Islander, or specific Asian and Pacific Islander subgroups. 





