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ABSTRACT: People of color in the United States are dispropor-
tionately and unfairly exposed to air pollution. Equity-oriented
scientific evaluations quantifying these disparities often use
population-average exposure metrics to capture the overall inequality
within a system. Utilizing these metrics involves choices about the
exposure input for assessing disparity, the study geography, and the
reference population, which are critical to understanding disparities
and effectively designing interventions. Here, we use a case study of
exposure to fine particulate matter (PM2.5) from California’s
agricultural sector to dissect the implications of these decisions.
Using a reduced-complexity model and emissions of PM2.5 and
precursors, we compare estimates of racial and ethnic disparities in
exposure resulting from different combinations of these methodo-
logical choices. The full population distributions highlight differences between disparities at the extremes (e.g., 90th percentile) and
at the mean. Additionally, the selection of study geography and reference population can influence the magnitude and relative
ordering of exposure disparities. Thus, methodological choices can lead to different conclusions for the same concentration and
population surfaces; this can impact not only the findings of an individual study but also have implications for mitigation strategies.
We conclude with recommendations for best practices for making, justifying, and communicating these methodological decisions.
KEYWORDS: environmental justice, PM2.5, distributional justice, agriculture, equity

1. INTRODUCTION
Across the United States and within California, people of color
are disproportionately exposed to fine particulate matter
(PM2.5).1,2 These disparities stem from decades of racially
discriminatory policies.3,4 Fully addressing the ongoing
disparities requires consideration of key tenets of environ-
mental justice, including (but not limited to) distributive,
procedural, and recognitional justice.5−8 Quantitative research
is often best positioned to evaluate distributive equity
concerns, though procedural and recognitional issues often
arise in the framing and development phases of such research
questions, and should not be neglected.6

However, research is only useful to the extent that a given
study’s design is consistent with the question it aims to answer.
As the research community continues to advance our
understanding of air pollution exposure disparities, it is
worthwhile to step back and explore the interplay between
the questions we ask and the methods we use to answer them.
Past reviews of the environmental justice literature have
highlighted the variance in conclusions resulting from
diverging methodological choices, particularly in studies
employing unit-hazard coincidence or proximity-based techni-
ques.9 It is valuable to extend a consideration of these issues to

new modeling techniques used in exposure disparity assess-
ments, especially as the scientific community has recently
called for improved quantification and tracking of exposure
disparities.10−13 Here, we explore how key methodological
choices can shape our understanding of distributive exposure
disparities and for whom interventions are most needed. We
aim to provide quantitative evidence to build upon equity-
oriented research frameworks and recommendations across
exposure science.5−7,9,14,15 Ultimately, the choices of where
and how to intervene may�intentionally or unintentionally�
be prompted by a particular framing of an equity question and
associated study design considerations. Using a case study of
exposure to agricultural emissions in California, we demon-
strate the range of potential exposure disparity conclusions
arising from design choices.
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Disparities in exposure and health are well-documented at
the national scale and within states like California.1,2,4,16−20

Much of the quantitative literature characterizing disparities
and their solutions focuses on a single summary statistic (e.g.,
mean, median) relative to a large reference population (e.g.,
state-level, national). Less common is a holistic examination of
the distribution of outcomes across the full geographic
boundary or across spatial scales. Within the literature, there
are two main categories of disparity indicators (Figure 1).7 The
first summarizes the overall inequality within a population
(e.g., Atkinson Index, Gini Index, and Dissimilarity
Index).20−25 These metrics provide a system-wide statistic to
capture overall inequality (e.g., deviations from exposures
being equal for all people) but do not identify which groups
are more or less exposed. A second category of indicators are
“per demographic group”; one can compare these statistics
across groups to assess between-group disparities.2,21,26−28 For
these metrics, exposures across a specific group are commonly
summarized using the population-weighted mean (PWM, the
average exposure for members of a specific group) or point
estimates of other population-weighted statistics (e.g., 75th
percentile exposure). From the PWM or distribution point
estimates, disparity can be estimated as an “exposure gap” (e.g.,
difference between most and least exposed groups; sometimes
referred to as an “inequality”) or as an absolute (difference
between group and total population; units: μg/m3) or relative
(percent difference between a group and total population;
units: % difference) disparity.2,4,11,21,22,26,28−31 Disparity at the
PWM is often used to identify which interventions will yield
the highest reduction in exposure or disparity overall, thereby
neglecting heterogeneity within groups in exchange for a focus
on achieving equality across the means.10,11,26 As shown in
Koolik et al.,10 the absolute disparity can be decomposed into
changes in emissions, average exposure, and relative disparity,
which can illuminate potential policy avenues for mitigating
disparities. These discrete estimates can facilitate intergroup
comparisons but may fail to capture important intragroup
variation. Thus, another approach for evaluating equity is the
determination of demographic differences along the exposure
distribution.32−34 While these metrics provide different options
for evaluating disparity and inequality, they do not themselves
address the question of what a fair distribution of exposures
would be. Establishing a framework for justice and developing
solutions aligned with this framework that dismantle the

underlying systemic biases and unfair treatment requires
socially grounded and intersectional analyses beyond what
we consider here.35

In the past decade, the literature has increasingly recognized
and quantified the equity-oriented outcomes of environmental
policies.28,30,33,34,36−38 The advent of high-resolution modeling
tools has further facilitated the estimation of the exposure
disparities. In the air pollution modeling literature, the PWM,
absolute disparity, and relative disparity have emerged as some
of the most common metrics for quantifying progress toward
advancing environmental equity. Some studies have reviewed
different inequality metrics and modeling tools.7,22,24,39−42

Relatively less attention has been paid to the role of the choices
of geographic extent and reference population that underlie
these metrics, particularly in the context of air pollution
exposure disparity.9,43,44

There are several reasons why the PWM and disparity
derived from it might not be ideal for a given question. For
example, the PWM neglects exposure variability across space
that covaries with underlying health vulnerabilities and
population dynamics.45−49 Accordingly, disparities at the
mean often differ from disparities at the extremes. Thus,
failure to characterize how exposures at the high extremes
compare across groups could incompletely assess inequity.

Additionally, per-group disparity estimates rely on a
reference population against which to compare against.
When seeking to compare disparities among groups in
overexposed areas, a comparison among only groups in those
overexposed areas may miss important regional or statewide
contexts. The choices of the reference population and
geographic domain over which to evaluate these disparities
are thus fundamental considerations. In our exploration of
these variables, we build upon the insights from Mohai et al.9

regarding the diverging conclusions that can arise when using
different geographic units of analysis. Figure 1 highlights these
three key study design choices (exposure input, reference
population, and study geography), their role in calculating
disparity indicators, and the conclusions that can be drawn
from these analyses. Two additional related considerations that
have already been explored elsewhere in the literature are the
choice of modeling tool and its spatial resolution.14,29

To illustrate the impact of these methodological consid-
erations on addressing different equity-oriented questions, we
use a case study of inequity in exposure to PM2.5

Figure 1. Definitions and relationships between terms for the key study considerations explored here, disparity indicators, potential findings, and
impacts. The three methodological design considerations that are the main focus of this paper are bolded and circled in dashed lines. We define
three different exposure input options: the exposure distribution, population-weighted mean, and distribution point estimates. We illustrate how
these design choices relate to various disparity indicators and the potential findings. All relevant terms used in this work are underlined and defined.
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concentrations resulting from California’s agricultural sources.
We focus on agricultural sources in California as an example
case in which the variability in conclusions for a single sector’s
impacts on equity should be striking. Although nationally,
agriculture is not considered a major driver of exposure
inequality for people of color, prior studies in California
suggest that the agricultural sector could have disparate
impacts as large as other major emitters, such as industrial
sources and on-road vehicles.2,27 Furthermore, agricultural
emissions are estimated to cause over 2000 excess deaths per
year in California.50 One difference between agriculture and
other emitting sectors is the spatial distribution of these
sources, as agricultural land and emitting facilities are
concentrated in a relatively small portion of the state, while
also representing a more diffuse and rural source than many
others (Figure S1). Moreover, because many agricultural
production areas overlap substantially with regions of air
pollution nonattainment (e.g., California’s San Joaquin Valley),
mitigation of this sector may play a major role in state
implementation planning.51 Beyond emissions, there are other
dimensions that drive overall health inequities in this case
study. Agricultural facilities and farm lands have been a
historical driver of both immigration to California from
Hispanic America and many socioeconomic and environ-
mental challenges, causing a number of intersectional equity
issues and stressors.52−57 High underlying health risk factors in
farmside communities could further amplify the impact of
exposure disparities on overall health inequities. Thus,
agriculture provides a policy-relevant case study for a careful
and thorough investigation of how study design considerations
can influence the quantification of exposure disparities.

2. METHODS
We model PM2.5 exposure and disparity associated with emissions
from California’s agricultural sector. Spatially allocated primary PM2.5,
oxides of nitrogen (NOx), ammonia (NH3), oxides of sulfur (SOx),
and volatile organic compounds (VOC) emissions from California’s
agricultural sector are estimated from the 2014 National Emissions
Inventory.58 We use the Intervention Model for Air Pollution
(InMAP), a reduced-complexity model, to estimate annual average
concentrations of total PM2.5 from agricultural sources across
California along a population-weighted irregular grid.34,59 American
Community Survey 5-year population estimates for 2012−2016 are
used to estimate Census block group (BG) demographic exposures.60

For our disparity assessment, we consider Hispanic people of any race
as “Hispanic”; all other racial-ethnic groups include only those who
are non-Hispanic (e.g., “Black” refers to Non-Hispanic Black
Californians), consistent with other literature in this field.3,21,34

We compare disparity estimates that result from three axes of
methodological choices. First, we estimate the full distribution of BG
level PM2.5 concentrations (n = 23,192 BGs) using the population of
each major racial-ethnic category statewide. Second, we compare our
findings across four study geographies in California: (1) statewide, (2)
Agricultural Areas, (3) the San Joaquin Valley, and (4) Overall High
PM2.5 Exposure Areas in California (Figure S2). The three
substatewide study geographies are defined by finding BGs that
meet a specific criterion. For Agricultural Areas, we select all BGs that
have at least 25% of their land area overlapping with at least two of
the three independently derived agriculturally relevant data sets from
the California government.61−63 The San Joaquin Valley contains all
block groups that overlap with the San Joaquin Valley Air District.
Unlike all other modeling in this study, the Overall High PM2.5
Exposure Areas domain considers PM2.5 from all potential sources, as
it is derived by finding all BGs in the top 25th percentile using two
observationally constrained data sets of total PM2.5 concentration for
2014.64,65 Additional details and intermediate spatial extents are

included in Figure S2. Finally, we use the four study geographies to
test the choice of reference population by comparing disparity metrics
relative to a comparison group either within a region or statewide.

Each of these four geographies has distinct policy relevance. The
statewide domain represents a typical and governable spatial extent
for this type of equity-oriented study.28,34 The Agricultural Areas,
which are selected by combining three data sets about land use in
California, represent an analytical focus on high emission areas from
this sector.61−63 The San Joaquin Valley air district is surrounded by
an air basin that has been designated in nonattainment for decades
due, in part, to substantial agricultural activity. Finally, the Overall
High PM2.5 exposure area case provides a counterexample of a region
that is not selected for any direct tie to agriculture. All geospatial
analysis is conducted in Python using open-source geospatial and data
science packages (e.g., geopandas, pandas, numpy; see the SI for
specific versions and details).

3. RESULTS AND DISCUSSION

3.1. Disparity along the Distribution Can Differ from
Disparity at the Mean
In Figure 2, we compare the distribution of modeled total
PM2.5 exposure resulting from agricultural sector emissions for
the Hispanic, Black, and total population (all racial-ethnic
groups in Figure S3). Many areas of high population density
and concentration are along California’s San Joaquin Valley
(Figure S4), consistent with the spatial pattern of agricultural
emissions (Figure S1). Based on the National Emissions
Inventory for all sources across California, agricultural activities
are responsible for ∼80% of all statewide NH3 emissions and
<5% of statewide primary PM2.5, NOx, SOx, and VOC
emissions (Figure S1).57 In Figure 2a, the PWMs (circles)
from agriculture alone are superimposed on top of box plots,
which demonstrate the ranges in exposure levels. For example,
while the total PWM exposure to PM2.5 from agricultural
emissions for the full population is 1.5 μg/m3, the top 25th
percentile of Californians are exposed to concentrations of 2.1
μg/m3 or higher. As shown in Figure 2a, based on the PWM,
Hispanic and Black Californians are disproportionately
exposed, with disparities relative to the statewide PWM
(stars) of 14% and 5%, respectively. All other groups
considered here are not overburdened relative to the statewide
average population (Figure S3). Hispanic people in California
experience the highest concentrations of agricultural PM2.5 at
the PWM (1.7 μg/m3), likely arising from the historical legacy
of farmworker demographics in the state (i.e., the large share of
California farmworkers that are of Hispanic origin).57

Both Figures 2a and 2b compare disparities in exposure to
PM2.5 from agricultural emissions across the distribution with
those at the PWM by race-ethnicity. If the research question
seeks to find the most disparately exposed group overall from
agricultural emissions, the identification of Hispanic Califor-
nians as this group is accurate at both the PWM and each point
noted by the box plots and across the entire distribution. In
fact, the full distribution of exposures to PM2.5 from
agricultural sources for Hispanic Californians is translated
toward higher concentrations relative to the statewide
distribution and the distributions of every other group (Figure
2b). In Figure 2c, we visualize this translation by plotting the
offset in the group percentile from the curve in Figure 2b at
each PM2.5 concentration. A simple interpretation of this figure
is that points above zero represent that a given exposure level
occurs earlier in the distribution; points below zero represent
the opposite. For example, the largest offset (∼12 percentile
points) for Hispanic Californians occurs at approximately 1.3
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μg/m3. When comparing what percent of each population
group is exposed to at least 1.3 μg/m3 of agriculture-related
PM2.5 concentrations, the offset demonstrates that 12% more of
the Hispanic population exceeds this threshold.

A different story unfolds for the Black population. While
Black Californians have the second highest PWM exposure to
PM2.5 from agricultural sources (Table S1), the 75th percentile
exposure is nearly identical to that of the total population
distribution (2.1 μg/m3), and the 95th percentile exposure is
slightly lower than that of the total population (Black
population 3% lower than total population exposure of 2.8
μg/m3). Just after the 75th percentile, Black Californians are
no longer disproportionately exposed, relative to the same
percentile of the total statewide population (represented by
crossing zero in Figure 2c, and the crossing of lines in Figure
2b). This nuance at the tails of the distributions is lost when
describing exposures with only a mean-based summary statistic
but is incredibly important given the spatial variability in other
health-relevant risk factors (e.g., other underlying health
conditions, vulnerability, and age structure). Thus, if the
research question aims to characterize whether or not Black
Californians are disproportionately exposed to PM2.5 from
agricultural sources, the PWM does not provide a complete
answer.

The differences in trends for Hispanic and Black
Californians result from the confluence of population and
exposure distributions in space (Figure S5). BGs with larger
populations of Hispanic residents tend to have a higher
concentration of total PM2.5 from agricultural sources (Figure
S5b). Yet, little-to-no trend exists for Black Californians. In an
alternative framing, we can also understand this by noting that
the highest exposure BGs are disproportionately high in their
Hispanic population (Figure S5c); within the top 25th
percentile of exposures, 53% of people are Hispanic, as
compared to 39% of the statewide population. In contrast, the
Black population share among these highest exposed BGs is
approximately the same as its share statewide (6%).
3.2. Choices of Reference Population and Study
Geography Can Substantially Affect Conclusions

The variation across space in both the exposures to PM2.5 from
agricultural sources and populations suggests that the choice of
spatial domain has the potential to substantially affect what the
equity-oriented question is being answered. We compare
disparities for Hispanic and Black Californians across all four
study geographies in Figure 3 (version with all groups in Figure
S6). The shares of the population and cumulative PM2.5
population exposure (defined as the product of BG population
and exposure) in each of these domains are shown in Figure
3a.66

Figure 3b highlights how methodological choices can drive a
range of conclusions from the same data set. Within each
region, Hispanic Californians are often�but not always�the
group most exposed to PM2.5 from agricultural emissions at the
PWM. For example, in the Overall High Exposure Areas, the
PWM exposure for the Hispanic population is 4% higher than
the PWM for the total population in that region. The exception
is in Agricultural Areas, where the PWM is highest for Black
Californians. In fact, a key finding of this analysis is that this
choice of geographic domain can result in starkly divergent
conclusions for the Black population. Depending on the
domain, Black Californians face either lower exposure (San
Joaquin Valley), nearly equal exposure (Overall High Exposure

Figure 2. Distributions of PM2.5 concentrations across California by
race-ethnicity provide a more nuanced understanding of disparities
than a simple mean. Here, we highlight results for the Black, Hispanic,
and total populations; see Figure S3 for results for all racial-ethnic
groups. (a) Box plots demonstrate the range of block group exposures
by race-ethnicity compared to the total population. The symbols on
the box plot per group are as follows: the PWM is a circle, the median
is a bar, the interquartile range is the box, and the fifth/95th percentile
are the whiskers. Superimposed on each box is a purple star
representing the relative disparity in exposure estimated at the PWM
(corresponding to the top x-axis). (b) Here, we show distribution
curves for binned PM2.5 exposures (bin size = 0.05 μg/m3). The
thicker lines represent exposures in the interquartile range. We
truncate the figure at 3 μg/m3, just above the 96th percentile exposure
for the total population. Circle markers indicate the PWMs. (c) Each
group’s exposure distribution curve is transformed into an offset to
demonstrate how absolute exposure disparities evolve across the
distribution. The offset represents how much earlier in the percentile
distribution a given PM2.5 exposure occurs for that group relative to
the total population (i.e., for a given PM2.5 concentration, the offset is
the difference between the total population percentile at that
concentration and the group’s percentile at that concentration).
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Areas), or the highest exposure (Agricultural Areas), when
evaluating disparities at the PWM internal to each of these
regions, as shown in Figure 3c.

From an analysis considering only the Agricultural Areas,
one might simply conclude that agriculture is an important
contributor to the disproportionate exposure for Black
Californians statewide. Rather, the Black population located
in these areas are disproportionately exposed to agricultural
PM2.5 as compared to other groups in this area. This nuance is
tremendously important, as a statewide policymaker aiming to
reduce the disparate exposures faced by California’s overall
Black population may see relatively little impact from
mitigating agricultural sources.

Furthermore, investigating why the Black population has the
highest exposure in Agricultural Areas uncovers important
underlying patterns and reinforces how the choice of
geographic domain can matter. First, only 4% of the total
statewide Black population resides in Agricultural Areas
(Figure 3a). Second, of the Black population in those areas,

an outsized portion is present in a single BG in Chino, CA.
(There are 1,504 BGs in Agricultural Areas, so on average each
BG contains 0.07% (i.e., 1/1,504) of the Black population.
This BG contains 3.5% of the Black population in Agricultural
areas.) Exposure to agricultural sources in that BG is relatively
high (6.9 [this BG] vs 1.6 [spatial average in all Agricultural
Areas] μg/m3, Figure S7). This BG includes the California
Institution for Men, whose incarcerated people account for
30% of the BG’s total population. While specific demographic
information for the California Institution for Men is not
available, Black men constitute approximately 30% of
incarcerated men statewide.67 The intersection of high air
pollution exposures and racial disparities in incarceration rates,
while not the major focus of this work, is an important area of
research and activism (e.g., the Prison Ecology Project and the
Toxic Prisons Mapping Project).68−73

Evaluating the dynamics occurring in one BG is useful for
understanding population distributions, but use of reduced-
complexity modeling tools to do so may introduce additional

Figure 3. Exposure and disparity for Hispanic and Black Californians using four different geographic domains. We showcase the different results
that can arise from the same data, analyzed across four study geographies, each with two different reference populations. Results for the total,
Hispanic, and Black populations are shown from left to right, respectively. (a) The percent of the overall state population is shown as a bar, with the
percent of cumulative population exposure from agricultural emissions (sum of concentrations multiplied by population at each block group) as a
diamond. For the Full State domain, the percent of population and exposure is 100%, so this is not shown. (b) Box plots of exposure distributions
are drawn for each group in each region, consistent with Figure 2a. (c) The relative disparity is calculated for each group relative to the total
population statewide (lighter stars) and within that region (darker stars). In all cases, the relative disparity compared to statewide disparity is higher
than the relative disparity when calculated within the geographic region. Hispanic Californians are disparately exposed in all of their study
geographies. Whether Black Californians are disparately exposed within the region of interest changes depending on the geographic domain.
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uncertainties. As the sample size of BGs decreases with smaller
geographic domains, the imprecision of reduced-complexity air
pollution modeling tools can increasingly impact the
conclusions. For investigating concentrations in a specific
BG, alternatives to RCMs include empirical models and
satellite-based estimates.21,29,74−77 Regardless of the modeling
tool or data source, investigating the full distribution of
populations and exposures can shed light on potential outliers
that impact overall conclusions. In our case study, for example,
comparing median exposures (bars in Figure 3b) for the Black
and Hispanic populations in Agricultural Areas tells a different
story than comparing the PWMs. Median exposures are not
affected by extreme values. In Agricultural Areas, for example,
the median exposure is higher for Hispanic individuals than for
Black individuals.

The disparities experienced by the Hispanic and Black
populations within these geographies relative to the total
statewide population are dramatic (Figure 3c). The difference
in magnitude of disparities arises because PWM exposures
from agricultural sources are higher than those statewide in
each of the spatial domains. The increase is particularly stark in
the San Joaquin Valley and the Overall High PM2.5 Exposure
Areas (total population PWMs exceeding 2 μg/m3 from
agricultural sources alone). Put simply as an example, the
exposure for Hispanic residents of Overall High PM2.5 Areas, as
shown in Figure 3c and Table S1, is slightly higher than that of
all people residing in these areas (4%), but significantly higher
than all Californians on average (40%). By limiting the analysis
is limited to differences across groups within highly polluted
regions, the magnitude of the disparities is much smaller.
When we instead consider the full statewide context, we see
that the disparities relative to the statewide average are much
larger. Choosing a reference population of the least exposed
group statewide further exacerbates these reported disparities
(Table S1). In the San Joaquin Valley and the Overall High
Exposure Areas, the PWM exposure for the Hispanic
population is only 4% higher than that of the total population
within each respective region, and the Black population’s
PWM is lower than that of the region’s total population (5%
and 1% lower in the San Joaquin Valley and the Overall High
Exposure Areas, respectively). The interquartile ranges in these
regions are also narrower than those in the full state. In
contrast, the tails of the distributions on the upper end are
slightly elongated, reflecting the elevated relative presence of
high agricultural exposures in these regions. In the Agricultural
Areas, within-region disparities are slightly higher, at 10% and
12% for the Hispanic and Black populations, respectively. For
the Hispanic population, this is a lower relative disparity at the
PWM than that of the statewide analysis (14%); for the Black
population, it is higher (up from 5%).

Focusing in further on the Agricultural Areas, we find the
highest extreme (95th percentile) exposures in this region,
exceeding 3.5 μg/m3 for all three groups shown in Figure 3.
However, this region also displays the widest range between
the extreme low (fifth percentile) and extreme high (95th
percentile) exposures for all groups (e.g., for the total
population: 3.1 μg/m3 in the Agricultural Areas, 2.4 μg/m3

in the full state, 2.1 μg/m3 in the San Joaquin Valley, and 2.3
μg/m3 in the Overall High Exposure Areas).

There are two reasons why limiting the geographic extent to
Agricultural Areas does not result in the highest exposures to
agriculture across the distribution. First, we define BGs as
agricultural based on whether 25% or more of their land area is

considered agricultural when compared against three agricul-
tural data sets. However, this does not necessarily mean that
the agricultural activities on that land are high emitting. For
example, different crops and farming techniques require
different levels of fertilizer application and onsite tilling
activity. Second, the Agricultural Areas are chosen based on
where the activity is occurring, not where the exposures f rom
those activities are the highest. Given the importance of NH3
emissions from agriculture (and therefore the importance of
secondary ammonium aerosol production for total PM2.5),
some of the hotspots in the concentration field occur
downwind of the agricultural lands and outside of the
Agricultural Areas domain.

The choice to evaluate disparity relative to a comparison
group internal to a region or a comparison group on a broader
(i.e., statewide) scale depends on the question we want to
address. Here, we find that agricultural emissions are
responsible for elevating the burden of overall exposure faced
by all people living in disproportionately exposed areas (i.e.,
the San Joaquin Valley and the Overall High PM2.5 Exposure
Areas), but not for creating substantial intergroup disparities
within those regions. In contrast, in Agricultural Areas,
agricultural emissions both increase overall population
exposures and contribute meaningfully to within-region
disparities across groups. This nuance matters, as the former
suggests spatially targeted but demographically agnostic
interventions (e.g., emissions reduction plans), while the latter
suggests spatially and demographically targeted interventions
(e.g., translated educational materials, targeted filter distribu-
tion).
3.3. Limitations and Uncertainty

There are several important limitations to our approach.
Because we are focusing on a case study of a single sector of
exposure in a single state, our specific quantitative insights and
the range of possible conclusions could vary across other
source categories and/or domains. Still, our qualitative insight
that different methodological choices answer different
questions is important and should warrant more thorough
investigations of population exposures in future studies.
Additionally, we repeat our analysis from Figure 3 using
observationally constrained, empirically modeled data in
Figure S8, and the conclusions from Figure S8 broadly mirror
those in Figure 3.

Furthermore, as with many such analyses, we estimate
disparities in exposure to outdoor, annual-average ambient
concentrations as a surrogate for the true pollution intake.31,35

Further work should be done to study the fully time-resolved
exposure of these important farmside communities. Addition-
ally, we have limited our equity analysis to exposure disparities,
as health outcomes arise from the product of interwoven
disparities in exposure and vulnerability due to coexposure to
other environmental and social stressors which also vary across
space and by race and ethnicity.78−80

This work also treats each major racial-ethnic group
evaluated as a monolith; in reality, there can be stark
differences between individual subpopulations within each of
these groups. Incorporating additional demographic character-
istics (e.g., immigration status, degree of linguistic isolation,
educational attainment) might identify subpopulation groups
that are even more systematically overburdened.81,82

We employ spatially allocated emissions estimated from the
National Emissions Inventory and a reduced-complexity model
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for our analysis, which enables the high spatial-resolution
modeling necessary to understand disparities across a state as
large as California at the expense of some fidelity. The specific
version of InMAP used for this analysis has been validated and
applied in many similar sector-specific analyses.2,27,30,34,37,50,55

While there is always the potential for error or bias to
propagate through the emissions and model, our qualitative
insights are built upon a large sample of gridded concentration
data (n = 9399) averaged to the Census BG-level (n = 23,192
BG) and reported along a 100-point distribution, increasing
their robustness to potential outliers and individual grid-cell
model bias.

Similarly, this work uses BG boundaries and population
estimates from the United States Census Bureau’s Annual
Community Survey to evaluate fine-scale inequality by race-
ethnicity.60 While BGs provide some of the highest spatial
resolution population estimates of race-ethnicity available
through the Census, they do not reflect true community
boundaries and can potentially yield different equity-oriented
conclusions than studies that use true community bounda-
ries.83 Additionally, in low population places, the Census
Bureau adds model noise to avoid privacy issues, which could
influence results in a small population or a specific block group.
Furthermore, collecting demographic information on race and
ethnicity is inherently flawed, as it relies on self-identification
and reflection within a limited set of options, which can vary
on an individual basis or with the exact phrasing of the
question.84,85 These issues can be exacerbated when combined
with nonresponse bias due to concerns about immigration
status or other barriers (e.g., language, disability status).86,87

Finally, our analysis focuses only on the disparity in PM2.5
exposure from agricultural sources, but this is just one of many
intersectional issues facing farmside communities in California.
Beyond PM2.5, these communities are also disproportionately
exposed to other environmental hazards, such as pesticides,
extreme heat events, and increasingly wildfire-related
PM2.5.52,53,88−90 As populations grow and climate change
accelerates, there is potential for these disproportionate
cumulative burdens on farm-side communities in California
to increase. Although our analytical focus considers just one
part of a larger, intersectional injustice for these communities,
future interventions and analyses should examine the
implications of these climate-driven coexposures.
3.4. Best Practices for Future Equity-Oriented Exposure
Science

Using modeled estimates of total PM2.5 from agricultural
activities and BG-level population data, we found that the
conclusions of an equity-oriented analysis can differ based on
the choices of exposure input, study geography, and reference
population. The commonly utilized statewide approach at the
PWM identified Hispanic Californians as the most over-
burdened group for emissions from the agricultural sector. This
population also experiences disparate exposures along every
point of their distribution curve and across all four study
geographies. This modeled disparity is consistent with
historical context, as those who have historically worked and
settled in California’s agricultural areas have been predom-
inantly Hispanic.57 By demonstrating this disparity along the
distribution and across spatial extents, our analysis robustly
supports the need for targeted interventions in agricultural
emissions to reduce this disparate burden.

In comparison, the statewide PWM identifies Black
Californians as the second most disparately exposed group,
but there is substantially more nuance when considering the
full distribution and varied study geographies. While a very
small share of Black Californians resides in places that are
highly polluted by agricultural emissions, as a group, Black
Californians are not disparately exposed in the upper quartile
of the statewide distribution of agricultural exposures. This is
important, as evaluating disparities at the upper tails of the
exposure distribution is critical for mitigating inequality in
health outcomes.

Furthermore, we have shown that inappropriate selection of
study geography and reference population could yield
incomplete or incorrect conclusions, extending the consid-
erations highlighted by Mohai et al.9 to air pollution modeling
tools. Across our four example geographies, the conclusions
about relative disparities for Black Californians varied. The
choice of whether to calculate exposure disparities within a
region or relative to a broader region also had strong
implications for the magnitude of the disparities observed.
Though we find mixed results about the disparity experienced
by Black Californians in the aggregate, our analysis also
highlights that certain subsets of this population are among the
most disproportionately exposed to agricultural emissions.
This is just one indication of the historical and ongoing socio-
environmental injustices faced by Black people in California
necessitating continued and intentional interventions to
address.

The varied results we observe in terms of both magnitude
and direction of disparity indicate the potential for cascading
misinterpretations�both quantitative and qualitative�about
exposure inequity in the absence of deliberate and clearly
communicated methodological choices. This can potentially
affect our overall understanding of the problem and limit how
effectively policymakers can mitigate disparities. Thus, equity-
oriented exposure science must critically evaluate the research
question in order to determine the appropriate methodological
design choices required to address it.

We recommend the following best practices for the scientific
community. First, when initiating an air pollution equity
analysis, a crucial first step involves critically appraising the
research question and determining the exposure and disparity
indicators, study geography, and reference population that are
appropriate based on the decision-making and jurisdictional
context for potential interventions. At this point, procedural
justice considerations (e.g., engaging communities and key
decision-makers in the design and scope of the proposed
question and analyses) are important. Similarly, when selecting
a geographic domain, it is important to evaluate who is
included in that domain and how sample sizes and population
patterns may affect the resulting conclusions. Second, we
recommend that evaluations of equity and disparity include a
demonstration of the robustness of their findings to other
design choices. This could take the form of a table
demonstrating how the relative disparity in exposure changes
when evaluated at the mean statewide versus along a
distribution or across spatial scales. Finally, clear and direct
communication of the design choices that were made and the
rationale behind them is crucial. Interpretable explanation of
the metrics, methods, and assumptions underlying an analysis
ensures that others�be they scientists, policymakers, and/or
community members more broadly�understand the findings
and ultimately determine how to use them to shape decisions.
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These recommendations should be pursued alongside the
other frameworks and best practices for quantitative exposure
science described in the literature.5−7,14,15 For example, the
framework outlined by van Horne et al.5 calls for systems of
shared leadership, governance, participation, and ownership of
scientific work with communities and stakeholders. Our work
emphasizes the importance of incorporating best analytical
practices in academic data science as a key additional
consideration. Similarly, Gardner-Frolick et al.14 promote
thoughtful evaluation of data and modeling tools. Once these
tools are chosen, our recommendations should be applied to
data analysis. Chambliss et al.7 call for more inclusion of
intersectional approaches to exposure assessment; our findings
should be leveraged to improve the derivation of the exposure-
driven metrics that they discuss. Finally, we echo many of the
calls for increased procedural and recognitional justice in
sustainability, exposure, and implementation science raised by
Giang et al.6 and Ashcraft et al.15 Our quantitative
recommendations focus on the academic’s role in isolation;
in practice, ethical and meaningful involvement of the
impacted communities (i.e., procedural justice) may involve
additional considerations on the relevant areas, communities,
and pollutants studied.

Additionally, we hope that our findings and recommenda-
tions can both inform and be informed by other types of
nonquantitative inquiry and research on environmental justice
and exposure disparities. Quantitative answers to equity-
oriented questions can provide general information about
where, for whom, and to what degree an intervention is needed.
Research techniques from the social science (e.g., participatory
action research, reparative planning, community advocacy) are
necessary for grounding these high-level strategies in lived
experiences and community-specific contexts.91−93 The
specific choice of study geography and reference population
for understanding inequity facing a community, for example,
may be meaningfully informed by interviews with community
members (i.e., participatory action research). Furthermore,
thoughtfully conducted quantitative analyses that identify
sources of exposure disparities can guide community-led
efforts to mitigate these disparities (e.g., in a reparative
planning framework).94

While here we have focused on one case study, our findings
suggest that the growing body of distributional justice-oriented
literature on air pollution ought to more carefully design
methods that appropriately answer outstanding questions. To
be actionable, scientific work aimed to inform policy decisions
needs to�at a minimum�employ the appropriate exposure
and disparity metrics and study geographies to address the
problem that the policy is targeting. While ultimately the
important calls to monitor and track disparities rely on succinct
summary statistics, standard approaches (e.g., PWM) and
assumptions (e.g., nonattainment area boundary) may not
always be the appropriate choices for identifying which people
urgently need interventions and from what. Involving the most
affected communities in some of these choices about metrics,
methods, and geographic scales could both increase the rigor
of the analysis and work toward greater procedural and
recognitional justice.
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(25) Gosztonyi, Á.; Demmler, J. C.; Juhola, S.; Ala-Mantila, S.
Ambient Air Pollution-Related Environmental Inequality and
Environmental Dissimilarity in Helsinki Metropolitan Area. Finland.
Ecol. Econ. 2023, 213, No. 107930.

(26) Wang, Y.; Apte, J. S.; Hill, J. D.; Ivey, C. E.; Patterson, R. F.;
Robinson, A. L.; Tessum, C. W.; Marshall, J. D. Location-Specific
Strategies for Eliminating US National Racial-Ethnic PM2.5 Exposure
Inequality. P. Natl. Acad. Sci. USA 2022, 119 (44), No. e2205548119.

(27) Apte, J. S.; Chambliss, S. E.; Tessum, C. W.; Marshall, J. D. A
Method to Prioritize Sources for Reducing High PM2.5 Exposures in
Environmental Justice Communities in California. Report prepared for
the California Air Resources Board, 2019; pp 79. https://ww2.arb.ca.
gov/sites/default/files/classic/research/apr/past/17rd006.pdf (ac-
cessed 2025-08-03).

(28) Polonik, P.; Ricke, K.; Reese, S.; Burney, J. Air Quality Equity
in US Climate Policy. P. Natl. Acad. Sci. USA 2023, 120 (26),
No. e2217124120.

(29) Clark, L. P.; Harris, M. H.; Apte, J. S.; Marshall, J. D. National
and Intraurban Air Pollution Exposure Disparity Estimates in the
United States: Impact of Data-Aggregation Spatial Scale. Environ. Sci.
Technol. Lett. 2022, 9 (9), 786−791.

(30) Picciano, P.; Qiu, M.; Eastham, S. D.; Yuan, M.; Reilly, J.; Selin,
N. E. Air Quality Related Equity Implications of U.S. Decarbonization
Policy. Nat. Commun. 2023, 14 (1), 5543.

(31) de Souza, P.; Anenberg, S.; Makarewicz, C.; Shirgaokar, M.;
Duarte, F.; Ratti, C.; Durant, J. L.; Kinney, P. L.; Niemeier, D.
Quantifying Disparities in Air Pollution Exposures across the United
States Using Home and Work Addresses. Environ. Sci. Technol. 2024,
58 (1), 280−290.

(32) Chambliss, S. E.; Pinon, C. P. R.; Messier, K. P.; LaFranchi, B.;
Upperman, C. R.; Lunden, M. M.; Robinson, A. L.; Marshall, J. D.;
Apte, J. S. Local- and Regional-Scale Racial and Ethnic Disparities in
Air Pollution Determined by Long-Term Mobile Monitoring. P. Natl.
Acad. Sci. USA 2021, 118 (37), No. e2109249118.

(33) Camilleri, S. F.; Montgomery, A.; Visa, M. A.; Schnell, J. L.;
Adelman, Z. E.; Janssen, M.; Grubert, E. A.; Anenberg, S. C.; Horton,
D. E. Air Quality, Health and Equity Implications of Electrifying
Heavy-Duty Vehicles. Nat. Sustain. 2023, 6 (12), 1643−1653.
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