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Abstract: Background: Environmental justice research in the United States (US) documents greater
air pollution exposures for Hispanic/Latino vs. non-Hispanic White groups. This research has not
focused on the intersection of race/ethnicity and older age nor short-term fine particular matter
(PM2s5) exposures. We address those limitations in a study of US metropolitan area census tracts
within 100 km of the US-Mexico border, a region with serious air quality issues. Methods: We use US
Census American Community Survey data to construct sociodemographic variables and
Environmental Protection Agency Downscaler data to construct long-term and short-term measures
of PM2s exposure. Using multivariable generalized estimating equations, we test for differences in
PM2;5 exposures between census tracts with higher vs. lower proportions of Hispanic/Latino older
residents and non-Hispanic White older residents. Results: As the proportion of the Hispanic/Latino
population 265 years of age increases, long-term and short-term PM:s exposures significantly
increase. In contrast, as the proportion of the non-Hispanic White population 265 years of age
increases, changes in long-term and short-term PM2s exposures are statistically non-significant.
Conclusion: Findings illuminate how race/ethnicity and older age intersect in shaping PM2s exposure
disparities and may inform efforts to mitigate air pollution exposures for older Hispanic/Latino
people along the US-Mexico border.

Keywords: air pollution; PM2s; hazards; environmental justice; older age; race; ethnicity

1. Introduction

Air pollution poses significant health risks to populations worldwide, with fine particulate
matter 2.5 microns or less in diameter (PM:zs) being a key contributor to these risks. Globally, an
estimated 8 million premature deaths annually (12% of total premature deaths) are attributable to air
pollution, with PMas accounting for 97% of those premature deaths (IHME, 2021). Not only is air
pollution exceptionally harmful, but the environmental justice (EJ]) literature has shown that it is
distributed inequitably across social groups, with marked exposure inequities in the United States
(US) occurring based on racial/ethnic minority and low socioeconomic statuses (Brulle et al., 2006;
Collins et al., 2022; Collins and Grineski, 2022; Colmer et al., 2020; Jbaily et al., 2022; Tessum et al.,
2021; Mohai et al., 2009; Nadybal et al., 2020).

Recent research has shown that racial/ethnic minorities and older adults in the United States and
elsewhere exhibit heightened vulnerability to health risks of air pollution and PM2s exposures in
particular (Bowe et al., 2019; Di et al., 2017; Geldzetzer et al., 2024; Josey et al., 2023; Ma et al., 2023;
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Power et al., 2011; Pun et al., 2017; Spiller et al., 2021; Weuve et al., 2012; Yin et al., 2021). Despite
these unequal risks, environmental justice (E]J) research has largely focused on racial/ethnic
disparities in air pollution exposure and overlooked the intersection of race/ethnicity and age in
shaping differential exposures to PM2s. An emphasis on this intersection aligns with calls to conduct
intersectional EJ studies due to the importance of examining how different dimensions of social
inequalities combine to shape risk (Malin and Ryder 2018). Quantitative intersectional E]J research
has focused primarily on documenting how air pollution exposures increase based on the intersection
of disadvantaged racial/ethnic status with foreign nativity (vs. US birth), specific ancestries (e.g.,
Dominican Hispanic/Latino, Ethiopian Black, Middle Eastern White), English-language deficiency
(vs. proficiency), and lower (vs. higher) socioeconomic status (e.g., Liévanos, 2015; Rubio et al., 2020),
neglecting the intersection of race/ethnicity with older age.

To our knowledge, only two EJ studies on air pollution have explored that intersection. The first
study was conducted in the US-Mexico border locale of El Paso County, TX (Collins et al., 2011). It
found that the chances of being in a neighborhood at high risk to carcinogenic air pollution was nearly
four times higher if a neighborhood was in the highest (vs. the lowest) quartile for the percentage of
Hispanic/Latino residents 264 years of age; conversely, neighborhoods in the highest (vs. lowest)
quartile for the percentage of non-Hispanic White residents >64 were less likely to be at high risk
(Collins et al., 2011). A study in Harris County similarly looked at ‘within racial/ethnic group’
differences in cancer risk from air pollution based on age, and found greater risks for tracts with
higher concentrations of older adults (265) among both the Hispanic/Latino and non-Hispanic White
populations (Loustaunau and Chakraborty, 2019).

Like Collins et al. (2011), other quantitative EJ studies conducted on the US-Mexico border have
tended to focus on one metro area (Grineski et al., 2012; Grineski and Collins, 2010; Lara-Valencia et
al., 2008; 2009). To our knowledge, just one study has examined the entirety of the border and found
that increased concentrations of renter-occupants, Hispanic/Latino residents, mid-to-high
socioeconomic status households, and foreign-born citizens were associated with elevated risks from
long-term carcinogenic air pollution, and that older age was not associated with risk (Rubio et al.,
2022). Despite the most prominent risks it poses, no prior studies have investigated PM2s pollution
disparities along the entirety of US-Mexico border, a critical area of research given the unique
challenges and vulnerabilities faced by communities there. The US-Mexico border faces air pollution
problems because of the heavily trafficked cross-border points-of entry and the failure or reluctance
of governments and industries to meet air quality standards (Colmer et al., 2020; Kelly et al., 2010;
Lauer et al., 2009; Ordieres et al., 2005; Rubio et al., 2022; Quintana et al., 2014).

Nearly all EJ studies of air pollution have examined disparities in long-term exposures,
overlooking potential disparities in exposures to short-term air pollution (see Collins et al., 2022 for
a review). This is problematic, since short-term increases in PM2s are also associated with serious
negative health impacts (Chen et al., 2018; Fajersztajn et al., 2017; Orellano et al., 2020; Yu et al., 2024).
Two US nationwide studies found consistent racial/ethnic disparities across measures of long-term
and short-term PMas exposure, with disparities larger for measures of short-term (and more acute)
vs. long-term (and less acute) PM2s exposures (Collins et al., 2022; Collins and Grineski, 2022). The
racial/ethnic groups with the greatest long- and short-term PMo2s5 exposures nationally across
included Hispanic/Latino, non-Hispanic Asian, and non-Hispanic Black people, as well as people of
color (i.e., those of Hispanic/Latino and/or any non-White race) overall. The non-Hispanic White
group exhibited the lowest long- and short-term PM:s exposures (Collins et al., 2022; Collins and
Grineski, 2022).

This study addresses limitations of prior work and advances knowledge by examining separate
and intersectional associations of neighborhood-level racial/ethnic and older age statuses with long-
term and short-term exposures to PM:2s air pollution in US metropolitan areas along the US-Mexico
border, contexts with well-documented PM:s pollution problems (Colmer et al., 2020; Kelly et al.,
2010; Lauer et al., 2009; Ordieres et al., 2005; Quintana et al., 2014). We ask two research questions:
What are the associations of race/ethnicity and age with long-term and short-term exposures to PMa5s?
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How do race/ethnicity and older age intersect to influence long-term and short-term exposures to
PM25?

2. Materials & Methods

2.1. Study Area

The study area encompasses metropolitan US census tracts within 100 km of the US-Mexico
border (Figure 1a). Census tracts were included in our analysis if they had a total population of 500
or greater and at least 100 residents 264 years of age, and were located in a metropolitan area core
(i.e., rural-urban commuting area (RUCA) primary code 1 (USDA, 2019)). We focused on tracts in US
metropolitan areas along the US-Mexico border, because those contexts have well-documented PM2s
pollution problems (Colmer et al., 2020; Kelly et al. 2010; Lauer et al. 2009; Ordieres et al. 2005;
Quintana et al. 2014). We excluded tracts with missing data for analysis variables. With those criteria,
294 census tracts were excluded, leaving 1208 in our analyses. We used census tracts as our analysis
unit because they represent the finest resolution for which reliable sociodemographic data
(independent variables) are available from the US Census and because they are the unit for which
daily PM2s estimates are available from the US Environmental Protection Agency (EPA) Downscaler
(dependent variables).

2.2. Dependent Variables

We developed three measures of PM2s to represent three dependent variables in our analysis.
These measures are all derived from the USEPA Downscaler, which provides mean daily average
concentration of PM2s in pg/m? for each census tract in the United States (USEPA, 2025). The
Downscaler PM2s concentration estimates are from a Bayesian space-time fusion mode developed by
Berrocal et al. (2010). The Downscaler model combines data from the gridded atmospheric model
also known as the Community Multi-Scale Air Quality Model or CMAQ and the air pollution point
measurements from the National Air Monitoring Stations (NAMS/SLAMS). By explicitly accounting
for the spatiotemporal dependence in PM2s concentrations, the Downscaler model performs well
compared to direct PMzs observations (Berrocal et al., 2020; Kelly et al., 2021; Jin et al.,, 2019).
Downscaler data have been widely employed in air pollution epidemiology and EJ studies (e.g.,
Bravo et al., 2017; Collins et al., 2022; Collins and Grineski, 2022; Son et al., 2020; Grineski et al., 2024).
Archived Downscaler data with descriptive files are available from the USEPA (2025). We obtained
Downscaler daily PMz.concentration estimates at 2010 census tract centroid locations.
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Figure 1. Census tract-level maps of the study area and dependent variables, 2012-2016: (a) Study area, (b) Mean
PM:2s5 exposure (long-term), (¢) Number of days with PM2s concentration >25 pg/m?® (short-term), and (d)
Number of days with PM2s concentration >35 pg/m? (short-term). Note: To facilitate visualization, the map
includes pollution values for non-metropolitan core area tracts, which are excluded from the statistical analyses
(n=1502).

We accessed Downscaler data for the years 2012-2016 to match the time frame of the ACS 5-year
estimates used for our independent variables. PM:25 concentrations exhibit substantial interannual
variability, justifying our use of a 5-year period (O'Dell et al. 2019). For all three measures, we
downloaded daily PM:s concentration estimates for all US census tracts from 2012-2016 and bound
the data to the tracts of our study area described above. Next, we used those data to calculate long-
term and short-term PM:zs exposure measures for the 2012-2016 study period based on policy-
relevant thresholds established by the World Health Organization (WHO) and the US Environmental
Protection Agency’s (USEPA) National Ambient Air Quality Standards (NAAQS) that applied to the
time period of study (USEPA 2012; WHO 2006). We calculated three census tract-level PMzs
measures, one of long-term exposure and two gauging the frequency of short-term exposures. We
used the (i) 2012-2016 mean daily average concentration of PMzs in pg/m? as a measure of long-term
exposure. Our short-term exposure measures include counts of days from 2012-2016 for which the
tract-level 24-h estimated PMzs concentration equaled or exceeded (ii) 25 pg/m®* (WHO 24-h mean
standard, 2006-2021) and (iii) 35 pug/m® (USEPA 24-h mean NAAQS, 2012-present). Figure 1 maps of
each of the PM25 measures.
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2.3. Independent Variables

We downloaded Hispanic/Latino ethnicity by racial composition data from the American
Community Survey for the years 2012-2016, which we used to calculate mutually exclusive
race/ethnicity variables, for the proportions of the tract population that was Hispanic/Latino as well
as non-Hispanic White, Black, American Indian, Asian, Pacific Islander or Other/Multi-race. While
each of the non-Hispanic groups excludes the Hispanic/Latino population, we do not refer to those
groups as “non-Hispanic” in what follows.

To examine tract-level exposure disparities based on older Hispanic/Latino and older White
composition, we used data on age by sex by race to create two cross-classified variables that gauge
the proportions of each tract’s Hispanic/Latino population and White population that were 65 years
of age or older. We focus on the intersection of Hispanic/Latino vs. White race/ethnicity with older
age in our analysis for two reasons. First, the tract-level Hispanic/Latino and White populations are
the only racial/ethnic groups that are sufficiently large to do so across the US-Mexico border study
area. Second, these are the only two populations for which age composition is distinguished by the
ACS based on Hispanic/Latinx ethnicity and race (i.e., ACS data for age by sex do not distinguish
(non)Hispanic/Latino ethnicity for non-White races).

Median household income and the proportion of renter-occupied housing units were included
to represent socioeconomic status (SES). We also included median household income squared
because of the potential for a non-linear relationship with air pollution exposure (Collins et al. 2017).
Proportion renter-occupancy was included because it is representative of accumulated wealth and
stability. A population density variable (total tract population divided by the area of the tract (sq.
miles)) was also included in the models. Finally, to further control for the urban contextual effects,
our models adjust for tract clustering based on the county of location and eight categories of age of
housing stock.

2.4. Analysis Approach

We undertook our analysis in four steps. First, we mapped the dependent variable and key
independent variables and calculated descriptive statistics for all analysis variables. Second,
following methods described in Liu et al. (2021) and Collins and Grineski (2022), we calculated
population-weighted mean PMzs long-term (2012-2016 average) and short-term (counts of days with
average concentrations 225 and >35 ug/m?®) exposures for the total population and our focal
populations separately within each of the four US border states (CA, AZ, NM, TX). Our focal
populations include people who are Hispanic/Latino (all ages), Hispanic/Latino 265 years of age, and
White 265 years of age. For comparative purposes, we also calculated population-weighted mean
PM2s. exposures for White (all ages) people. Population-weighted means enable us to describe
unadjusted exposures for the total and focal populations. We calculated these by: (a) multiplying the
group-specific population (for the total population and for each focal group separately) in each
census tract by the corresponding tract PMzs value (for the long-term and short-term measures
separately); (b) summing the group-specific * PM2s measure-specific values separately for all census
tracts; (c) summing the group-specific population values separately for all census tracts; and (d)
dividing the values calculated in step (b) by the values calculated in step (c) separately for each group
and PM25s measure combination. We did this separately for metropolitan census tracts in each border
state (CA, AZ, NM, and TX).

Third, we performed a multivariable analysis using generalized estimating equations (GEEs).
GEEs are useful for EJ research because they accommodate non-normally distributed variables and
adjust for clustering (Collins et al. 2017; Grineski et al. 2017). We fit nine separate GEE models with
the same model specifications. We tried all possible combinations of probability distributions and
link functions to find the combination yielding the best model fit. The gamma distribution and
logarithmic link function fit best for all models. The nine models consist of three subsets of three
models. Each subset includes a separate model for each of the three PM25 measures (dependent
variables). The first subset of three models includes race/ethnicity, SES, and population density
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variables as predictors of each dependent variable. The second subset of three models substitutes the
“proportion Hispanic 265” variable for the “proportion Hispanic” and includes a new variable
“proportion White.” The “proportion Hispanic 265" variable is interpretable in reference to the
proportion of the Hispanic/Latino population <65 years of age, adjusting for the other variables in the
model and clustering. The third subset of three models substitutes the “proportion White 265"
variable for the “proportion Hispanic >65” variable and the “proportion Hispanic” variable for the
“proportion White” variable. The “proportion White >65” variable in those 3 models is interpretable
in reference to the proportion of the White population that is <65 years of age.

Fourth, to clarify the effects of key independent variables on long-term and short-term PM2s
exposures in the GEEs, we calculated estimated marginal (EM) means. EM means provide value
estimates of the dependent variables based on specified values for independent variables of interest,
adjusting for covariates, clustering, and all other GEE specifications. Specifically, we calculated EM
means for each PMzs measure at every 10th percentile (from Oth to 100th) for each race/ethnicity,
older age, and each race/ethnicity by older age independent variable that was statistically
significantly associated with each PM:s exposure measures. This included proportion Hispanic,
proportion Black, proportion Asian, proportion total population 265, and proportion Hispanic/Latino
265. We used IBM SPSS Statistics v25 to conduct the analyses.

3. Results

3.1. Univariate Results

The three dependent variables mapped in Figure 1 show similar general patterns, although the
long-term exposure variable (i.e., 2012-2016 mean PM:s) displays more gradual spatial variation
while the two short-term pollution exposure variables (i.e., number of days from 2012-2016 with PM2s
225 pg/m? or 235 pg/m?3) have more concentrated high values. The highest values are in the census
tracts of the largest metropolitan areas along the border (San Diego, Imperial Valley, El Paso, and
Brownsville); this is except for the count of days with a PM2s concentration >35 ug/m?, for which
tracts in Brownsville have zero values. Within the large metropolitan areas, values are highest in
urban centers and tend to decrease moving outward within metropolitan areas. While San Diego
census tracts have the highest long-term PM-2s concentrations, El Paso tracts exhibit the greatest
number of days with PM2s concentrations exceeding the two short-term thresholds (i.e., 24-hour
mean >25 ug/m? or 235 ug/m?3). Although California’s Imperial Valley is not a large population center,
metropolitan tracts there exhibit high PM:s across all three variables, which is partly attributable to
the nearby Mexican metropolis of Mexicali.

Maps of focal independent variables are displayed in Figure 2. Census tracts with the highest
proportion of Hispanic/Latino residents were concentrated most heavily in Texas. Tracts in New
Mexico, Arizona, and California had lower proportion Hispanic/Latino except for small clusters in
San Diego, Imperial Valley, and Tucson. This pattern changes for the proportion Hispanic 265, with
higher proportion tracts observed in all border states. For the proportion White >65, the pattern
appears more random, with higher proportion tracts spread across the border region.
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Figure 2. Census tract-level maps of focal independent variables, 2012-2016: (a) Proportion Hispanic/Latino, (b)
Proportion of the Hispanic/Latino population 265 years of age, (c) Proportion of the non-Hispanic White
population >65 years of age. Note: To facilitate visualization, the map includes values for non-metropolitan core

area tracts, which are excluded from the statistical analyses (n=1502).

Descriptive statistics for each analysis variable are in Table 1. Our long-term air pollution
dependent variable, mean PM:s (concentration in pg/m?), ranged from 5.735 to 9.916 with a mean of
8.675. Our first acute pollution variable, number of days with a 24-hour mean PM25 concentration >25
pg/m3, ranged from 0-20, with a mean of 7.010. Our second acute pollution variable, number of days
with PM2s5 >35 ug/m?3, had values ranging from 0-6 and a mean of 0.950. For our focal independent
variables, proportion Hispanic ranged from 0.014-1 with a mean of 0.546, proportion Hispanic/Latino
265 had a range of 0-0.694 and a mean of 0.092, and proportion White >65 ranged from 0-1 with a
mean of 0.234.

Table 1. Descriptive statistics for variables analyzed, 2012-2016 (n=1208 census tracts).

Analysis Variable Min.-Max. Mean (Std. Dev.)
Dependent Variables

Mean PMa2s (ug/m?) 5.735-9.916 8.675 (1.023)
Number of days PMzs >25 ug/m? 0-20 7.010 (3.983)
Number of days PM25 235 ug/m? 0-6 0.950 (1.189)
Independent Variables

Prop. Hispanic 265 years of age 0.000-0.694 0.092 (0.057)
Prop. White >65 years of age 0.000-1.000 0.234 (0.167)
Prop. Hispanic 0.014-1.000 0.546 (0.323)
Prop. White (non-Hispanic) 0.000-0.918 0.336 (0.275)
Prop. Black (non-Hispanic) 0.000-0.373 0.031 (0.044)
Prop. American Indian (non-Hispanic) 0.000-0.646 0.005 (0.029)
Prop. Asian (non-Hispanic) 0.000-0.717 0.058 (0.095)
Prop. Pacific Islander (non-Hispanic) ® 0.000-0.074 0.002 (0.007)
Prop. Other/Multi-Race (non-Hispanic) 0.000-0.112 0.021 (0.021)
Prop. Total Population 265 years of age 0.011-0.753 0.143 (0.077)
Median Household Income (2016 US $) 11,497-185,724 56,144.073 (29464.540)
Prop. Renter Occupancy 0.034-0.945 0.428 (0.216)
Population Density (people per sq. mile) 7.740-50,077.918 5,544.455 (4820.609)

a2 Includes Alaska Native. b Includes Native Hawaiian.

3.2. Population-Weighted Mean PM:zs Results

Table 2 reports population-weighted mean exposure values for each of the three dependent
variables for the total population and focal groups by US border state. Differences in population
exposures between states for all three dependent variables were notable. California had the highest
average total population exposure to mean PMzs (>9 ug/m?), followed by Texas (>8 pg/m?), New
Mexico (>7 pg/m?®), and Arizona (>6 pg/m?). The same pattern between states held for the two acute
dependent variables. Differences in exposures between subgroups of focus within states were
relatively small, but consistent across each states and measure of PMzs. Specifically, Hispanic
populations had higher, while White populations had lower, exposures to PM:zs than the total
population. Similarly, we found that Hispanic population 265 had higher, while the White population
265 had lower, exposure to PMzsthan the total population.
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Table 2. Metropolitan population-weighted mean PM2s exposures by focal group and US-Mexico border state,

2012-2016.

Focal Group by State Mean PM2;5 (ug/m3)  Number of days PM2s5 225 pg/m? Number of days PM25 235 ug/m3
California

Total Population 9.470 8.239 0.822
White 9.438 7.846 0.756
Hispanic 9.479 8.602 0.925
White 265 years 9.432 7.745 0.751
Hispanic 265 years 9.465 9.102 1.071
Arizona

Total Population 6.489 1.838 0.451
White 6.342 1.771 0.373
Hispanic 6.631 1.914 0.541
White >65 years 6.284 1.689 0.533
Hispanic 265 years 6.600 1.912 0.602
New Mexico

Total Population 7.199 4273 1.490
White 7.018 3.298 1.260
Hispanic 7.277 4.736 1.587
White 265 years 6.911 3.078 1.160
Hispanic 265 years 7.254 4.677 1.542
Texas

Total Population 8.166 5.556 0.961
White 8.086 6.299 1.353
Hispanic 8.173 5.412 0.890
White 265 years 8.143 5.701 0.994
Hispanic 265 years 8.175 5.708 1.033

3.3. Multivariable GEE Model Results

Table 3 includes results from the nine GEE models. For the base model variables, we found that
increases in the proportions of the population that were Hispanic, Black, Asian, and 265, as well as
housing units that were Renter Occupied, were associated with significant increases in PM2s values
across the three dependent variables. This was with the exceptions of the proportion 265 for mean
PM25 and the proportion Black for number of days with PMzs5 235 pg/m?, both of which exhibited
positive but statistically non-significant associations.

Exponentiated beta values (see Exp(B) column, Table 3) provide percentage increases or
decreases in the dependent variable range based on the independent variable to assist with relative
and comparative interpretation of GEE results. As the proportion of Hispanic/Latino residents
increased by one standard deviation, Mean PM2s increased by 1.5% (B=0.015; 95% CI=0.008 to 0.022),
the number of days with PMzs 225 pg/m? increased by 23.4% (0.210; 0.123 to 0.297), and the number
of days with PMas >35 ug/m? increased by 38.9% (0.329; 0.200 to 0.457). As the proportion Black
increased, Mean PMzs increased by 0.6% (0.006; 0.003 to 0.008), and the number of days with PMzs
>25 ug/m3 increased by 5.5% (0.053; 0.020 to 0.087). As the proportion Asian increased, Mean PMzs
increased by 0.7% (0.007; 0.006 to 0.009), the number of days with PM25 >25 pg/m? increased by 7.3%
(0.070; 0.052 to 0.088), and the number of days with PMzs 235 ug/m? increased by 12.7% (0.120; 0.080
to 0.159). As the proportion of the total population 265 years of age increased, the number of days
with PM25 >25 pg/m? increased by 0.2% (0.057; 0.019 to 0.094), and the number of days with PM25 >35
pg/m? increased by 5.8% (0.076; 0.031 to 0.120). As the proportion of renter-occupied housing units
increased, Mean PM2s increased by 0.8% (0.008; 0.004 to 0.012), the number of days with PMas >25
pg/m? increased by 21.8% (0.197; 0.141 to 0.253), and the number of days with PMzs >35 pg/m?
increased by 24.7% (0.221; 0.162 to 0.280). An isolated finding was that as the proportion Pacific
Islander increased, the number of days with PM2s >25 pg/m? increased by 1.3% (0.013; 0.002 to 0.024).

Additionally, we found a significant and positive association between median household
income and each of the PM25 measures, such that higher income was associated with increased
exposure. The effect was nonlinear in the case of the number days with PM2s 235 ug/m3, such that
there was a slight decline in that acute exposure measure at the highest levels of median household
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income. Adjusting for other variables in the GEEs, the population density control had relatively weak
positive associations with the PM2s measures.

Continuing with Table 3 in three models using the older Hispanic/Latino variables, we found that
a standard deviation increase in the proportion of Hispanic/Latino residents 265 years of age was
associated with a 0.1% increase in Mean PM25(0.001; 0.000 to 0.002), a 5.9% increase in the number of
days with PM25 >25 ug/m? (0.058; 0.032 to 0.084), and a 5.1% increase in the number of days with PMas
235 pg/m? (0.050; 0.016 to 0.083). The results for proportion Hispanic 265 are in reference to the
proportion of the Hispanic population <65 years of age. We also found an inverse relationship between
the proportion of White residents and PMzs values. That is, as the proportion White increased, Mean
PM:s5 exposure decreased by 1.1% (-0.011; -0.017 to -0.006), the number of days with PMas >25 ug/m3
decreased by 86.1% (-0.150; -0.22 to -0.080), and the number of days with PMzs >35 ug/m?® decreased by
78.6% (-0.241; -0.341 to -0.142). We found that the associations between the proportion of White
residents 265 years age and PM:s exposures were not statistically significant. Results for the proportion
White 265 variable are in reference to the proportion of White population <65.
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Table 3. Results of generalized estimating equations predicting PMa2s exposure measures for metropolitan US-Mexico border census tracts, 2012-2016 (n=1208 census tracts). _i
(a) Mean PM:zs (ug/m?3) b (b) Number of days PMzs 225 pug/m?« (c) Number of days PMzs 235 pg/m3¢ 'r';_
Parameter 2 B (95% CI) Exp(B) p B (95% CI) Exp(B) P B (95% CI) Exp(B) 4 =
Base Model Variables g
Intercept 2.093 (2.060, 2.125) 8.108 <0.001 1.871 (1.716, 2.026) 6.493 <0.001 0.063 (-0.210, 0.337) 1.065 0.649 =
Prop. Hispanic/Latino 0.015 (0.008, 0.022) 1.015 <0.001 0.210 (0.123, 0.297) 1.234 <0.001 0.329 (0.200, 0.457) 1.389 <0.001 =
Prop Black 0.006 (0.003, 0.008) 1.006 <0.001 0.053 (0.020, 0.087) 1.055 0.002 0.027 (-0.017, 0.072) 1.028 0.230 9|
Prop. American Indian -0.003 (-0.009, 0.002) 0.997 0.242 -0.034 (-0.095, 0.027) 0.967 0.277 0.012 (-0.048, 0.071) 1.012 0.697 M
Prop. Asian 0.007 (0.006, 0.009) 1.007 <0.001 0.070 (0.052, 0.088) 1.073 <0.001 0.120 (0.080, 0.159) 1.127 <0.001 I-I:S
Prop. Pacific Islander 0.000 (-0.001, 0.001) 1.000 0.557 0.013 (0.002, 0.024) 1.013 0.016 -0.019 (-0.045, 0.007) 0.981 0.147 e
Prop. Other/Multi-Race 0.000 (-0.004, 0.005) 1.000 0.850 -0.006 (-0.054, 0.042) 0.994 0.794 -0.060 (-0.131, 0.011) 0.942 0.096 I'SI'I
Prop. Total Pop. 265 years 0.002 (-0.001, 0.005) 1.002 0.182 0.057 (0.019, 0.094) 1.058 0.003 0.076 (0.031, 0.120) 1.079 0.001 I'%I
Med. Household Income 0.015 (0.0062, 0.003) 1.016 0.013 0.471 (0.303, 0.639) 1.602 <0.001 0.458 (0.250, 0.665) 1.580 <0.001 o
Med. Household Income (sq.) -0.006 (-0.014, 0.002) 0.994 0.119 -0.186 (-0.305, -0.067) 0.830 0.002 -0.126 (-0.256, 0.004) 0.881 0.058 ;
Prop. Renter Occupancy 0.008 (0.004, 0.012) 1.008 <0.001 0.197 (0.141, 0.253) 1.218 <0.001 0.221 (0.162, 0.280) 1.247  <0.001 2
Population Density 0.000 (-0.001, 0.002) 1.000 0.841 0.041 (0.001, 0.081) 1.042 0.044 0.041 (0.002, 0.081) 1.042 0.039 3
Older Hispanic/Latino Variables e =
Prop. Hispanic/Latino 265 e 0.001 (0.000, 0.002) 1.001 0.031 0.058 (0.032, 0.084) 1.059 <0.001 0.050 (0.016, 0.083) 1.051 0.004 z
Prop White ¢ -0.011 (-0.017, -0.006) 0.989 <0.001 -0.150 (-0.22, -0.080) 0.861 <0.001 -0.241 (-0.341, -0.142) 0.786 <0.001 %
Older White Variable §
Prop. White >65 8 0.002 (0.000, 0.004) 0.060 0.025 (-0.004, 0.055) 0.093 0.044 (-0.003, 0.090) 0.066

Notes: 2 Each independent variable is standardized. ® Model (a) uses an exchangeable correlation matrix, gamma distribution and log link function, and adjusts for clustering by county and age of
housing stock; reference for the race/ethnicity variables is Prop. White; reference for Prop. Total Pop. 265 years is Prop Total Pop. <65 years; reference for Prop. Renter Occupancy is Prop Owner
Occupancy. “Models (b) and (c) use an exchangeable correlation matrix, negative binomial distribution and log link function, and adjust for clustering by county and housing age. 4 Separate model
results with Prop. Hispanic/Latino replaced by the Prop. Hispanic/Latino >65 and Prop. White variables and otherwise identical specifications to base model; associations for Percent Renter
Occupancy, Median Household Income (quadratic), and Population Density are the same in terms of direction and significance. ¢ Reference: Prop. Hispanic <64 years of age. f Separate model
results including the Prop. White >65 variable and otherwise identical specifications to base model; associations for Percent Renter Occupancy, Median Household Income (quadratic), and

Population Density are the same in terms of direction and significance. 8 Reference: Prop. White age 64 and less.
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The EM means results help describe the associations for the race/ethnicity, older age, and
race/ethnicity by older age variables exhibiting statistically significant associations with the PM2s
measures. Figure 3 graphs EM means for those variables (derived from the GEE results in Table 3)
holding the other independent variables at their means. Results show significant spikes in exposure
for all three PM25 exposure dependent variables past the 90th percentile for the proportions Black,
Asian, 65 and Over, and Hispanic 65 and Over variables. As the proportion Hispanic increased, there
was a steady increase in PM:zs exposure for all three dependent variables. As the proportion White
increased, there was a steady decrease in PM2s exposure for all three dependent variables.
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Figure 3. Estimated marginal means of the PM25 measures based on significant race/ethnicity, older age, and
race/ethnicity by older age variables in percentiles, 2012-2016 (1#=1208 census tracts). Note: Values derived from
Table 3 and predicted holding each other independent variable in the generalized estimating equations at its mean.

4. Discussion

In response to our first research question— What are the associations of race/ethnicity and age with
long-term and short-term exposures to PM25? —we found that greater proportions of Hispanic and Asian
residents in US census tracts along the Mexican border are associated with worse PMzs air pollution,
with respect to long-term exposures (5-year mean) and short-term exposures (measured based on
exceedances of WHO and NAAQS 24-hour standards applicable during the study period). A greater
proportion of Black residents was associated with worse long-term exposure as well as short-term
exposure using the WHO measure but not the NAAQS measure. We found that a higher proportion
of Pacific Islander residents was associated with and greater short-term exposure based on the WHO
measure only. Conversely, we found that a greater proportion of White residents was associated with
less exposure to PM:s, with respect to both long-term and short-term exposures. While these results
generally correspond with findings from the EJ literature, the only prior study of the entirety of the
US side of the US-Mexico border found increased risk to carcinogenic air pollution based on greater
Hispanic/Latino composition but not based on Black, Asian, or Pacific islander composition, and it
did not examine exposure disparities based on age (Rubio et al., 2022).

In terms of age, we found that an increasing proportion of older adults was associated with
greater short-term PM:2s exposures (based on both WHO and NAAQS measures), but not long-term
exposure. Relationships between older age and air pollution have not been extensively examined in
the EJ literature. Our findings of greater PM2s5 exposures for older adults along the US-Mexico border,
however, align with results from studies of long-term carcinogenic air pollution in El Paso (Collins
et al., 2011), and long-term PMuo air pollution in Phoenix (Pope et al., 2016). Given the vulnerability
of older adults to the health effects of air pollution exposure (which we discuss below), and the
relative lack of prior scholarship examining disparate exposures based on older age, age-based
disadvantage should be more thoroughly investigated in future E]J research.

With respect to our second research question—How do race/ethnicity and older age intersect to
influence long-term and short-term exposures to PMz5? —we found that older age intersects with
Hispanic/Latino status, but not White status, to increase exposures to long- and short-term PMoas.
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These findings suggest that Hispanic/Latino status amplifies risks of PM2s exposures in older age
while Whiteness protects against such risks. This is similar to the bivariate pattern found in El Paso,
Texas (Collins at al., 2011) and different from the pattern observed in Harris County, Texas
(Loustaunau and Chakraborty, 2019). EM Means graphed in Figure 3 clarify how increases until
around the 90th percentile in the tract proportion of the Hispanic/Latino population 265 years of age
are associated with small and gradual increases in PM2s exposures, with PMzs exposures then spiking
among tracts above the 90th percentile for the proportion of the Hispanic/Latino population 265. This
helps contextualize the GEE result by revealing that census tracts with very high proportions of older
Hispanic/Latino individuals tend to experience dramatically elevated PMas exposures. This pattern
holds across the long- and short-term measures of PM2s exposure.

Based on our findings and the interpretation of similar patterns by Collins et al. (2011), we can
speculate how Hispanic/Latino vs. White status intersects with older age to shape unequal exposures
to long- and short-term PM:zs. In metropolitan contexts along the US side of the US-Mexico border,
racial/ethnic status has intersected in complex ways with older age to shape divergent relationships
with PMzs exposures for older Hispanic/Latino vs. older White people. First, Hispanic/Latino
ethnicity is associated with significantly increased PMzs exposures while Anglo Whiteness is
associated with significantly decreased PM2s exposures. Along the metropolitan US-Mexico border,
higher proportions of Hispanic/Latino people tend to concentrate in central city census tracts and
tracts most proximate to the Mexican border (Figure 2). In contrast, the highest proportions of Whites
are located in suburban (and relatively affluent) census tracts and tracts further from the border. In
particular, the higher proportions Hispanic/Latino people in barrios adjacent to city centers and nearer
the border (and the lower proportions of non-Hispanic White people residing in those contexts)
underlie the PM2s exposure disparities we found. The pattern of (poorer) racial/ethnic minority
groups concentrating in city centers and (more affluent) White-Anglos residing in suburbs is common
in the US. Pulido (2000) argues that this pattern is a product of the ideology of White privilege that
has structured urbanization in the US, particularly following World War II, and underpins
contemporary race-based environmental injustices.

Moreover, our results indicate that Hispanic/Latino ethnicity has a multiplicative influence on
PM25 exposures while Anglo-Whiteness protects against PMzs exposure disparities based on older
age. In other words, results indicate that disadvantages associated with older age amplify PM 25
exposures for Hispanic/Latino people along the metropolitan US-Mexico border, but not for White
people. Specifically, a process of aging in place within central city barrios along border contributes to
disparate PM2s exposures for census tracts with high proportions of older Hispanic/Latino people. In
contrast, non-Hispanic White residents along the metropolitan US-Mexico border are more likely to
concentrate in suburbs, where PM:s exposures are reduced. Thus, the socio-spatiality of aging along
the metropolitan US-Mexico border may reinforce disparate PMas exposures for older
Hispanic/Latino people and alleviate exposures for older White people. We presume that, if border
communities more aggressively market themselves as national retirement destinations (as Tucson,
AZ; Las Cruces, NM; San Diego, CA; and McAllen, TX have successfully done), the PMzs exposure
disparities we observed between (aging) Hispanic/Latino and (retiring) White people will widen,
since new retirement communities will almost exclusively locate in suburban rather than central city
areas. More research is needed to determine whether the patterns found here—in which Hispanic
ethnic status intersects with older age as a risk factor while Anglo-Whiteness articulates as a
protective factor —derive more from general processes that shape environmental injustices in the US
or more from regional particularities.

In terms of the public health significance of these results, >60% of premature deaths from all
environmental/occupational risks worldwide are attributable to PM:2s air pollution exposures,
according to the most recent Global Burden of Disease Study (IHME, 2021). And recent research has
firmly established that small increases in PM:s at relatively low exposure levels—which characterize
the exposure disparities and levels we observed here—have larger effects on negative health
outcomes than small increases in PMzs at relatively high levels of exposure (Bowe et al., 2019; Brauer
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et al., 2022; Brunekreef et al., 2021; Burnett, 2018; Dominici et al., 2022; Pope et al., 2009; Yazdi et al.,
2021). Additionally, the disparate PM2s exposures we found based on Hispanic/Latino (vs. White),
older (vs. younger), and older Hispanic/Latino statuses likely underpin compounding negative
health outcomes due to heightened vulnerability to PM2s exposures among racial/ethnic minority
and older people, which is well-documented (Bowe et al., 2019; Di et al., 2017; Geldzetzer et al., 2024;
Josey et al., 2023; Ma et al., 2023; Power et al., 2011; Pun et al., 2017; Spiller et al., 2021; Weuve et al.,
2012; Yin et al., 2021).

It is important to note there are a few limitations of this study. First, we used aggregated (as
opposed to individual) population data and measures of PMzs at the census tract level. Future
research should analyze data for the population at an individual level, including measures of
hyperlocal air pollution exposures. Additionally, our analysis cannot clarify if the disparate
exposures we documented contribute to health inequities; future research that integrates health
outcome data and examines those linkages is needed. Lastly, we could not include indoor, workplace,
and commuting exposures in our analyses as data from the ACS identify location of residence only
and available air pollution data with complete population coverage measure outdoor exposures only.
Future research addressing these limitations is needed to advance fundamental knowledge of social
disparities in air pollution exposures.

5. Conclusions

In sum, our findings regarding disparities based on race/ethnicity, older age, and the intersection
of race/ethnicity and age in long- and short-term exposures to PM2s advance understanding of EJ
issues at the US-Mexico border. Practical interventions to reduce these exposure disparities should
focus on neighborhoods with relatively high PM2s exposures and high composition of social groups
experiencing disparate exposures, including neighborhoods home to high concentrations of
Hispanic, Asian, and Black people as well as older Hispanic/Latino people in particular. With that in
mind, our analysis is useful for screening geographic areas of particular concern where high levels of
PMz2s intersect with high concentrations of such residents. For example, Figures 1 and 2 reveal high
exposures to long- and short-term PMzs as well as high composition of older Hispanic/Latino people
in central El Paso (TX) census tracts. In those central El Paso neighborhoods, a substantial component
of PM:25 emissions are attributable to heavily-trafficked cross-border transportation routes spanning
several major international ports of entry. In El Paso, collaborative efforts at international, federal,
and local levels could most effectively reduce transportation emissions at border crossings, in order
to reduce the exposure disparities that we documented here. Additionally, since the economic health
cost per capita of PM2s exposure for the older population is ~10 times that for the younger population
(Yin et al., 2021), such strategies could also focus on targeting enhanced health-care services for older
Hispanic/Latino people in central El Paso neighborhoods, many of whom experience barriers to
health-care access. Future research and practice could more systematically seek to identify areas
where targeted interventions can most effectively address air pollution exposure disparities along
the US-Mexico border and elsewhere.
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