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Unequal airborne exposure to toxic metals
associated with race, ethnicity, and
segregation in the USA
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Persons of color have been exposed to a disproportionate burden of air pol-
lution across the United States for decades. Yet, the inequality in exposure to
known toxic elements of air pollution is unclear. Here, wefind that populations
living in racially segregated communities are exposed to a form of fine parti-
culate matter with over three times higher mass proportions of known toxic
and carcinogenic metals. While concentrations of total fine particulate matter
are two times higher in racially segregated communities, concentrations of
metals from anthropogenic sources are nearly ten times higher. Populations
living in racially segregated communities have been disproportionately
exposed to these environmental stressors throughout the past decade. We
find evidence, however, that these disproportionate exposures may be abated
though targeted regulatory action. For example, recent regulations onmarine
fuel oil not only reduced vanadium concentrations in coastal cities, but also
sharply lessened differences in vanadium exposure by segregation.

Exposure to outdoor fine particulate matter (particles with aero-
dynamic diameter less than 2.5microns; PM2.5) is a leading contributor
to the global burden of disease1; however, exposure to PM2.5 is not
distributed evenly across racial and ethnic population sub-groups in
the United States. A growing body of evidence has found that com-
munities with a high percentage of persons of color and of low
socioeconomic status are often disproportionately exposed to higher
concentrations of total PM2.5

2,3. This disparity in exposure has been
suggested as one of the causes of higher rates of adverse health out-
comes, such as cancer and asthma, among these populations4,5. How-
ever, PM2.5 is a complex mixture of chemical components, which vary
spatially and temporally. Moreover, several studies suggest that cer-
tain chemical components have an increased risk of health
outcomes6,7. Despite this growing evidence, studies on environmental
injustice of exposure to air pollution have, for the most part, relied on
total PM2.5 mass, and there is relatively less understanding of the

exposure burden among racial groups to the most toxic PM2.5

components.
Racial residential segregation (RRS) is the systematic separation

of racial or ethnic groups in separate geographical areas8,9. RRS has
been suggested as an underlying contributor to the disproportionate
exposure to environmental stressors and associated increased health
risk among the non-Hispanic Black (NHB) population compared to the
non-Hispanic White (NHW) population in the US9,10. Previous research
has documented an increased risk of infant and all-cause mortality11,12,
cardiovascular disease13,14, COVID-19 mortality rate15, and pregnancy
complications16 with increasing RRS.

Increased health risks in communities experiencing high RRSmay
be caused, in part, by disproportionate exposure to environmental
stressors, such as PM2.5

10. Existing research on air pollution exposure
and health disparities has focused primarily on associations derived
from the proportion of minority racial and ethnic individuals present
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in a given neighborhood or community2,3,17–19; however, the population
fraction of minority racial and ethnic groups in a given neighborhood
fails to take into account the broader context of the racial distribution
in the urban area (for instance, a 30% NHB neighborhoodmay imply a
different neighborhood in a city with 1%NHB and a city with 30%NHB).
Several recent studies have begun to associate RRS with total PM2.5

mass concentrations and further relate this increased exposure to
increased risk of adverse health outcomes20–25. Despite the growing
evidence of an association of RRS with exposure to particulate air
pollution and increased health risk, evidence of the association of RRS
with potentially toxic components of PM2.5 is limited20.

Despite existing in only trace quantities, fine particulate metals
are known to be toxic chemical components in PM2.5

26–28.While there is
still some uncertainty surrounding the physiological mechanisms in
which PM2.5 affects health, recent evidence has suggested oxidative
stress as an important mechanism through which air pollution
increases the risk of adverse respiratory and cardiovascular
outcomes29–31. Metals, in particular, can generate reactive oxygen
species, resulting in enhanced oxidative stress7,32–35. Exposure to trace
metals in ambient PM2.5 has been associated with increased rates of
cardiovascular and respiratory mortality and hospitalizations36. Fur-
ther, many of the trace metals in PM2.5 have known or suspected car-
cinogenicity (e.g., Pb, Ni, Cr, V, Ti) and/or neurotoxicity (e.g., Al, Pb,
Mn, Fe, Cu, V) in humans27 (https://www.atsdr.cdc.gov/toxprofiledocs/
index.html).

While previous research has clearly demonstrated a dispropor-
tionate burden of exposure to total PM2.5 in communities with a high
percentage of persons of color or low socioeconomic status, there is
less understanding of potential inequalities in exposure burdens
associated with racial residential segregation or known toxic compo-
nents of PM2.5. Given the wide body of knowledge on trace metal
toxicity (and developing knowledge on trace metals in PM2.5 and
adverse health outcome26,37), it is essential to understand where and
what sub-populations are exposed to these toxic elements. In this
study, we examine the association between racial residential segrega-
tion with trace metals in PM2.5. We focus on racial residential segre-
gation between non-Hispanic Black and non-Hispanic White
populations; however, in the Supplemental Material, we investigate
this association with racial residential segregation for Hispanic, Asian,
and Native American populations relative to non-Hispanic White
populations. In the following sections, we present our analysis that
estimates: 1) geographic trends in fine particulate metals commonly
associated with anthropogenic emission sources (Cu, Zn, Ni, Cr, Pb,
and V) and natural emission sources (Fe, Mn, and Ti); 2) differences in
concentrations and mass proportions of metals across counties with
varying degrees of racial residential segregation; and 3) the associated
relative disparities in population-weighted exposure. Subsequently,
we discuss the special case of vanadium, which has undergone
decreasing temporal trends in concentration across the US due to
enhanced shipping regulations38.

Results
Geographic variability in fine particulate metal concentrations
and racial residential segregation
We acquired surface monitoring measurements from the Environ-
mental Protection Agency’s Chemical Speciation Network (CSN)39

and Interagency Monitoring of Protected Visual Environments
(IMPROVE)39,40 for several fine particulate metals: Cu, Zn, Ni, Cr, Pb, V,
Fe, Mn, and Ti (seeMethods for discussion of validmeasurements and
limit of detection). These metals were chosen due to their known
or suspected health effects (e.g., https://www.atsdr.cdc.gov/
toxprofiledocs/index.html) and measurements in both monitoring
networks.Wegrouped thesemetals into twobroadcategories: the first
includesmetals largely associatedwith anthropogenic sources (Cu, Zn,
Ni, Cr, Pb, and V) and the second includes metals typically considered

as tracers for natural sources (Fe,Mn, andTi). This groupingwasbased
on a literature review of source apportionment studies41–44. However,
we note that these categories are not entirely strict as elements in
these groups are not exclusively derived from anthropogenic or nat-
ural sources. For instance, Almeida et al.43 finds that while concentra-
tions of fine particulate Fe in Western Europe are largely emitted
through resuspension ofmineral dust, there is also an emission source
associated with transportation and industrial emissions.

To explore the geographic dependence of particulate metal
concentrations across the US, we consider Pb as representative of the
particulatemetals emittedmostly through anthropogenic sources and
Fe as representative of the particulate metals emitted through mostly
natural sources. Further, we group states into the geographic regions
outlined in Morello-Frosch and Jesdale20 (Fig. S1). Concentrations of
annual mean Pb levels in PM2.5 in 2019 ranged from 0.1–5 ngm−3

(5th−95th percentiles), while Fe ranged from 10–135 ngm−3 (Table S1).
Concentrations of fine particulate Pb show a strong geographical dis-
tribution, with a statistically significant degree of global spatial auto-
correlation (Fig. 1 and Table S1). We find a statistically significant
cluster of elevated concentration in the industrial Midwest near the
Ohio River Valley, with an average concentration of 3 ngm−3, and low
concentrations in the Western, Mountain, and Border states, with an
average concentration of 1 ngm−3 (Fig. 1 and Figs. S2–3).

In contrast, fine particulate Fe concentrations display a lower
degree of spatial dependence (Table S1 and Figs. S2–3). Median Fe
concentrations in Border states (51 ngm−3) are slightly lower than
concentrations in theMidwest (78 ngm−3). However, after normalizing
to PM2.5mass, themassproportionof Fe is highest in the Border states,
likely reflecting the mineral dust source of Fe in the desert Southwest
(Fig. 1 and Fig. S2). As a result, concentrations of Fe demonstrate a
smaller gradient across urban and non-urban areas compared to Pb
(Fig. S1). The ratio of themean urban-to-nonurban Pb concentration in
PM2.5 across theUS is4.3 (95thCI: 3.5–5.3)while the respective ratio for
Fe is only 2.9 (95th CI: 2.3-3.6). Similarly, when comparing mass pro-
portions of themetals in PM2.5, the ratioof urban-to-nonurbanPbmass
proportion is 2.1 (95th CI: 1.3-3.0), while the same ratio is 1.5 (95th CI:
1.3–1.7) for Fe mass proportions. The lower dependence on urbanity
for concentrations and mass proportions of Fe is likely due to the
natural mineral dust emission source, with a similar geographic dis-
tribution for concentrations and mass proportions of Mn and Ti.
Conversely, Pb is emitted largely through anthropogenic sources in
urban areas (similar to Cu, Zn, Ni, Cr, and V).

To examine the association of fine particulate metal concentra-
tions with racial residential segregation, we calculated the dissimilarity
index (DI) for all counties with a CSN or IMPROVE monitor (a total of
233 counties). The DI ranges from 0 (indicating perfect evenness) to 1
(indicating complete separation of NHB fromNHW).We calculated the
DI basedon the proportionofNHBandNHWpopulations at the census
tract level relative to the county level (Fig. S2; see Methods). In the
Supplemental Material, we also include the DI calculated for Hispanic,
Asian, and Native American populations relative to the NHW popula-
tion (Fig. S2).

We estimated the strength of the association between DI and fine
particulate metal concentrations using a univariate linear regression
model. Here, we express the slope of the regression as the percent
change in themetal concentration associated with a 10% increase in DI
(Table S2). Concentrations of Pb increase by 9% (95th CI: 5–13%) per
10% increase in DI, a slightly larger increase than Fe (7%, 95th CI: 4–9%)
or total PM2.5 (5%, 95th CI: 3–7%). Across the components considered
here, the particulate metals commonly associated with anthropogenic
emissions are associated with a larger increase in concentration
(9–16%) per a 10% increase in DI than the particulate metals associated
with natural emissions (4–7% increase in concentration per 10%
increase inDI, Table S2).We find a similar relationship after controlling
for the geographic regions discussed above (Table S3). Moreover, this
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statistical relationship holds for the metals emitted through anthro-
pogenic processes when considering only urban sites, which suggests
that our findings are not only the result of urban/rural differences in
patterns of RRS. A 10% increase in DI for urban counties is associated
with a 5% (95th CI: 1-9%) increase in Pb concentrations, an 11% (95th CI:
6–17%) increase in Zn concentrations, and a 10% (95th CI: 4–15%)
increase inCr concentrations.Conversely, themetals primarily derived
from natural emission sources do not all show an increasing associa-
tion with DI when considering only urban measurement sites. For
instance, a 10% increase in DI is associated with an 8% (95th CI: 3–13%)
increase in Fe concentrations, but a 0.1% decrease (95th CI: −6–4%) in
Ti.Wefind similar positive associations ofDIwithfineparticulatemetal
concentrations for the Hispanic, Asian, and Native American popula-
tions relative the NHW population (Table S3).

In addition to this association of the DI with fine particulate
metals, we also find an association between race/ethnicity and fine
particulate metal concentrations. In counties where the percent of the
population that identifies as NHB is greater than the national average
across all counties, the concentrations of fine particulate metals are
consistently elevated relative to counties with a higher than average
NHWorNative American population (Fig. S6). This same association is
also seen for PM2.5, in goodagreementwithprevious studies45. Further,
we examine the interaction between RRS and racial/ethnic group
makeup in each county by expanding the linear model to include an
additional variable for the percent of the population identifying as
NHB (and a separate model for NHW). We find that concentrations of
fine particulate metals commonly associated with anthropogenic
emissions increase by 4–8% per 10% increase in DI and 4–6% per 10%
increase in NHB population (Table S5). Conversely, these samemetals

increaseby9–15%per 10% increase inDI yet decreaseby4–10%per 10%
increase in NHW population (though the latter coefficient is not sta-
tistically significant for allmetals; Table S6). Thus, counties with a high
degree of RRS and high NHB population tend to be exposed to higher
concentrations of fine particulate metals than counties with a high
degree of RRS and a high NHW population.

Disproportionate burden of metals in highly segregated
counties
We categorized counties into three RRS levels as discussed in previous
studies46–48: well integrated (a DI between 0–0.3), moderately segre-
gated (0.3–0.6), and highly segregated (0.6–1). In this context, a
moderately segregated county is one in which 30–60% of either
population group would need to relocate to achieve a population
distribution across census tracks that matches the county as a whole.
Of the counties with CSN/IMPROVEmonitors 7% are in well-integrated
counties, 67% are in moderately segregated counties, and 19% are in
highly segregated counties for the period 2014–2018. The remaining
counties contain only one census tract and are excluded from this
calculation.

Fine particulate metal concentrations show a strong association
with these RRS categories. Concentrations of metals tend to be ele-
vated in highly segregated counties relative to well-integrated and
moderately segregated counties (Fig. 2, Fig. S3). This association is
strongest across the metals commonly associated with anthropogenic
emission sources compared to total PM2.5 and metals commonly
associated with natural emission sources (Fig. S3). Mean concentra-
tions of Pb in highly segregated counties are a factor of 5 (95th CI: 3-8)
higher than in well-integrated counties and a factor of 1.3 (95th CI:

Fig. 1 | Geographic distribution of fine particulate metals. a Lead (representing anthropogenically-emitted metals) and b iron (representing non-anthropogenically-
emitted metals) annual (year 2019) mean mass concentrations in PM2.5.
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1.0–1.7) higher than in moderately segregated counties. The mean
concentration of Fe is a factor of 3 (95th CI: 2.4–4.3) higher in highly
segregated counties compared to well-integrated counties and 1.4
(95thCI: 1.0–1.8) higher thanmoderately segregated counties (Figs. S5-
6). Across all metals associated with emissions from anthropogenic
sources the ratio of the mean concentration in highly segregated
counties to well-integrated counties ranges from 4 to 20, while the
same ratio for metals associated with natural emission sources is less,
ranging from 2 to 3 (Fig. S5). Similarly, concentrations of total PM2.5

also tend to increase in highly segregated counties by a factor of 2.0
(95th CI: 1.6–2.5) relative to well-integrated counties and a factor of 1.2
(95th CI: 1.0–1.3) higher than in moderately segregated coun-
ties (Fig. S7).

The ratios of mean concentrations of fine particulate metals are
also higher in highly segregated counties compared to well-integrated
counties across RRS categories for Hispanic (ranging from a factor of
2–6), Asian (1-4), and Native American (2–7) populations relative the
non-HispanicWhite population (Fig. S5); however, comparing the ratio
of mean concentrations between highly segregated and moderately
segregated counties, only the Native American population (1–3) shows
consistently elevated concentrations (Fig. S6).

Mass proportions of trace metals emitted from anthropogenic
sources also show a strong association with RRS categories (Fig. 2,
Fig. S4). Mean PM2.5 mass proportions of Pb in highly segregated
counties are a factor of 3 (95th CI: 2–6) higher than in well-integrated
counties and are similar to average mass proportions in moderately
segregated counties (95th CI: 0.9–2.5). Across all fine particulate
metals associated with anthropogenic emissions, the average mass
proportion in highly segregated counties is 3-12 times higher than in
well-integrated counties and 1.5–1.8 times higher than in moderately
segregated counties, though in the latter the 95thCI for lead is below 1.
Conversely, mass proportions of the naturally emitted metals tend to
be similar across RRS categories (Fig. S4). Iron mass proportions are a

factor of 2 (95th CI: 1–2) higher in highly segregated counties relative
to well-integrated counties. For Mn and Ti, this association is less
strong. The mean PM2.5 mass proportion for Ti is a factor of 0.9 (95th
CI: 0.7–1.2) lower in highly segregated counties relative to well-
integrated counties. This underscores the relationship of emission
source to concentration and PM2.5 content across RRS categories. Fine
particulatemetals dominatedbyanthropogenic emission sources have
a steeper gradient in concentration and mass proportions across RRS
categories than metals with a strong natural emission source con-
tribution. Total PM2.5, which has both natural and anthropogenic
source contributions, is in the middle.

The discrepancy between themetals derived from anthropogenic
emissions and natural emissions is likely due to the geographic dis-
tribution of the emission sources. The metals with a strong contribu-
tion of amineral dust source tend to have elevated concentrations and
mass proportions in rural areas in the Western US, specifically in the
Southwest. Conversely, anthropogenic emission sources of metals
tend to come from industrial and metallurgical processes or vehicle
engines and tire wear. These emission sources tend to be more loca-
lized relative to natural emission sources (such as wind-blown soil) and
concentrated inurban areas, specifically in inner citieswhich have long
had a history of RRS. Concentrations of Pb are highest around theOhio
River Valley (Fig. 1), which coincideswith thehighestDIs in the country.

Relative disparities in exposure to toxic particulate metals
We compared the relationship between racial residential segregation
and fine particulate metal exposure by calculating the relative dis-
parity, defined as the coefficient of variation across the population-
weighted mean concentrations or mass proportions in highly segre-
gated, moderately segregated, and well-integrated counties, for each
chemical component45 (see Methods). This calculation quantifies dif-
ferences in exposure across populations living in the different degrees
of segregation relative to the average across the entire population,

Fig. 2 | Exposure distributions for fine particulate metals across RRS cate-
gories. The top row depicts lead PM2.5 a concentrations and b mass proportions
(representing anthropogenically dominated-emitted particulate metals). The bot-
tom rowdepicts iron PM2.5 (c) concentration anddmass proportions (representing
naturally dominated-emitted particulate metals). RRS categories include: well-

integrated (n = 16), moderately segregated (n = 165), and highly segregated (n = 47)
US counties for the period 2014–2018. The box represents the interquartile range,
the centerline shows the median, and the whiskers are 1.5 times the interquartile
range. Outliers have been omitted for clarity.
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thus allowing for a direct comparison of disparity between different
chemical components and time periods independent of magnitude.

The relative disparity across RRS populations exposed to Pb is
0.47 (95th CI: 0.30–0.6), higher than the relative disparity in
population-weighted mean exposure to total PM2.5, with a relative
disparity of 0.33 (95th CI: 0.32–0.47; Fig. 3). While there is an asso-
ciationbetweenRRS and total PM2.5 (with concentrations tending tobe
elevated in highly segregated counties by a factor of 2 over well-
integrated counties; Fig. S7), the disparity in concentration across RRS
categories is greater for metals commonly associated with anthro-
pogenic emissions. This is likely due to the spatial distribution of
emission sources for these metals, as such sources are often found in
urban areas with high degrees of RRS. Conversely, total PM2.5 mass
represents a mixture of sources, not all of which are related to
anthropogenic emissions. Therefore, populations living in areas of
high RRS are exposed to higher concentrations of total PM2.5 mass, as
well as higher concentrations of the toxic components of PM2.5 con-
sidered here compared to people living in areas of low RRS.

The average relative disparity in trace metal PM2.5 mass propor-
tions arehigher for themetals associatedwith anthropogenic emission
sources (0.3–0.7) compared to those emitted from natural sources
(0.2–0.3), though the 95th CI overlap (Fig. 3). Mass proportions of
metals commonly associated with natural sources are elevated in non-
urban and less-segregated counties due to the large contribution of
the mineral dust source to atmospheric load. While total concentra-
tions of thenaturally-emittedfineparticulatemetals consideredby this

study tend to be higher in highly segregated counties, normalizing by
PM2.5 mass generally reduces this association. In contrast, the relative
disparities in population-weighted mean PM2.5 mass proportions for
metals commonly associated with anthropogenic emission sources
remain elevated. Thus, even on a per-mass basis, populations living in
communities with high RRS are exposed to a form of PM2.5 with a
higher content of these toxic metals. Moreover, this pattern is roughly
the same in previous years (Fig. S8), showing that the relative dis-
parities for most metals have not changed greatly in the past decade.

Targeted emission reductions can improve segregation-focused
disparities in metal exposure
The North American Emissions Control Area and the California Air
Resources Board enacted regulations to limit the sulfur content of
marine fuel oil used in shipping over a period between 2010 through
201538,49. As a byproduct of these enhanced regulations, the marine
fuel oil used to meet the new sulfur regulations also contained a lower
proportion of V38. Significant reductions in V concentrations related to
fuel oil combustion have been observed in the San Francisco Bay Area
and near coastal monitoring sites across the US following the enact-
ment of these regulations44,50–52. Spada et al.38 note sharpdecreases inV
concentrations measured at IMPROVE monitoring sites, especially in
coastal cities, directly following the regulations.

Here, we expand upon this analysis considering population-
weighted concentrations of V across RRS categories. In 2010,
population-weighted mean concentrations of V in highly segregated

Fig. 3 | Relative disparities across highly segregated, moderately segregated,
and well-integrated US counties. Relative disparities calculated from a popula-
tion-weighted annual mean concentrations and b mass proportions in the year
2019. The relative disparity quantifies the variation in the population-weighted
exposures (concentrations ormass proportions) for populations living in each RRS
category relative to the average across the entire population (see Methods). This
relative scale allows for a direct comparison between the different chemical com-
ponents considered here. A value of 0 indicates perfect equality in population-

weighted exposure across levels of segregation, while increasing values indicate
increasing degrees of disparity. Data is presented with the height of the bars
representing the estimate of the mean and the error bars representing the 95th
percentile confidence interval. Confidence intervals were estimated using 10,000
random samples with replacement (bootstrap sampling) of size n = 47, 165, and 16
representing highly segregated, moderately segregated, and well-integrated
counties, respectively.
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counties were a factor of 5 (95th CI: 2–9) higher than in well-integrated
counties and a factor of 2 (95th CI: 1–3) higher than in moderately
segregated counties (Fig. 4). Over the time period between 2010 and
2019, total population-weighted mean concentrations of V across the
US steadily decreased as a result of the enhanced shipping regulations,
in good agreement with Spada et al.38 and Hennigan et al.52. Notably,
the largest contribution to this decrease occurs in the population-
weightedmean concentrations in highly segregated counties. By 2019,
thepopulation-weightedmeanconcentration of V in highly segregated
counties is roughly equal to that in moderately segregated counties,
and is only a factor of 3 (95th CI: 0.9–9) higher than in well-integrated
counties.

This decreasing trend is mirrored in the relative disparity in
population-weighted mean concentrations of V across RRS categories
(Fig. 4). In 2010, the relative disparity in population-weighted mean V
concentrations was 0.60 (95th CI: 0.3–0.8), roughly in line with the
other metals associated with anthropogenic emissions. By 2019, the
relative disparity had decreased to 0.4 (95th CI: 0.1–0.6). This
demonstrates that decreasing anthropogenic emissions of particulate
metals might reduce the relative disparity in exposure across popu-
lations living in segregated andnonsegregated counties, depending on
the distribution of those emissions reductions.

Discussion
While several studies have established a disproportionate exposure to
PM2.5 mass across racial and ethnic lines, much less is known about
exposure burdens associated with racial residential segregation or to
the specific toxic components of PM2.5. In this study, we find that not

only are counties with higher degrees of racial residential segregation
exposed to higher concentrations of total PM2.5, they are also exposed
to higher mass concentrations of fine particulate metals. Moreover,
the relative disparity in exposure to particulatemetal concentrations is
higher than that for total PM2.5. In short, different populations
experience “different kinds of particles”. Our analysis suggests that a
10% increase in the dissimilarity index for the non-Hispanic Black and
non-HispanicWhite populations is associated with a 9–16% increase in
annual mean concentrations of fine particulate metals associated with
anthropogenic emissions, compared to a 5% increase in total PM2.5

concentrations. These anthropogenically emitted particulate metal
concentrations are on average 30–75% higher in highly segregated
counties compared to moderately segregated counties and a factor of
5-20 times higher in highly segregated counties compared to well-
integrated counties. Further, PM2.5 mass proportions of trace metals
are on average 3–12 times higher in highly segregated counties than in
well-integrated counties and 1.4–1.8 times higher than in moderately
segregated counties, though the 95th CI of the latter for individual
metals is below 1. Many of thesemetals are known carcinogens and/or
redox active, which suggests that populations living in areas of high
degrees of racial residential segregation are exposed to a higher bur-
denof this typeof environmental stressor,whichprevious studies have
suggested may increase the risk of adverse health outcomes. This in
turn may contribute to the higher risk or morbidity and mortality in
segregated communities with high non-Hispanic Black
populations26,27,29,31,53.

Comparing disparities in fine particulate metals commonly asso-
ciated with anthropogenic emissions with those emitted through

Fig. 4 | Decreasing temporal trends in Vanadium disparity. a Population-weighted annual mean V concentrations and b relative V disparity across RRS categories.
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natural sources suggests that the associationbetween racial residential
segregation and concentrations (and mass proportions) is dependent
on emission source categories. Source apportionment studies have
suggested that fine particulate Cu, Zn, Ni, Cr, Pb, and V are largely,
though not necessarily entirely, emitted through anthropogenic
sources such as industrial andmetallurgical emissions, vehicle engines
and tire wear abrasion, or heavy fuel oil combustion in shipping
emissions41,43,44,54. Conversely, fine particulate Fe,Mn, and Ti are largely
emitted through natural processes such as the re-suspensionof crustal
material. While these classifications are not strict (for instance Fe may
also be emitted through metallurgical processes in urban
environments)43, they serve as useful categories in understanding the
geographic distribution in concentration. Concentrations and mass
proportions of fine particulate metals associated with anthropogenic
emissions have a stronger association with racial residential segrega-
tion than metals associated with natural sources as well as a stronger
association than total PM2.5. Anthropogenic emission sources of these
metals tend to be concentrated in urban centers, which have histori-
cally been associated with high rates of racial residential segregation.
In contrast, total PM2.5 is a mixture of anthropogenic and natural
emission sources. This may in part explain the lower association of
total PM2.5 with racial residential segregation than for metals asso-
ciated with anthropogenic emissions.

There are a number of limitations in this study that we address
through sensitivity analyses. First, the higher emissions and con-
centrations of particulate metals associated with anthropogenic
sources in urban areas compared to rural areasmay bias our results, as
urban counties are also often associated with the highest degrees of
segregation in our dataset. To account for this, we estimated the
strength of the association of RRS with metal concentrations in the
subset of data containing only urban measurement sites. When con-
sidering only urban sites, we still find an increasing trend in fine par-
ticulate metal concentration (a 5–11% increase) for a 10% increase in
dissimilarity index for the metals associated with anthropogenic
sources, suggesting these results are not solely due to urban/rural
gradients in segregation (Table S2). Second, we note that a limitation
of this study is the use of discrete monitoring stations with limited
spatial coverage across the US. Importantly, the spatial coverage often
does not include more than one monitoring site within a county
making quantifyingwithin-county variability challenging. This network
of sites under-represents rural and low-DI counties. The counties
included in our analysis have an average dissimilarity index 0.075
higher (95thCI: 0.05–0.09) than all counties in theUS. Thismonitoring
network particularly under-represents counties classified as well inte-
grated (a DI less than 0.3) for the non-Hispanic Black and non-Hispanic
White populations. Characterizing counties with a DI less than 0.3 as
“well integrated” is based on previous studies; however, a relatively
small number of counties characterized as “well integrated” have a
CSN/IMPROVE monitor. To test the sensitivity of our results to RRS
groupings, we re-define the RRS levels based on three equal percentile
groupings of DI across all US counties and three equal percentile
groupings of DI across counties with a CSN/IMPROVEmonitor.We find
that across these different definitions the average concentration of
fineparticulatemetals (especially those associatedwith anthropogenic
emissions) are elevated in the highest DI tier compared to the lowest
(Fig. S9). Expanding the CSN/IMPORVE network to allow for within-
county variability along with additional rural and low-DI counties
would strengthen subsequent studies. Third, the annual mean con-
centration of a number of the trace metals are often at or near the
reported minimum detectable limit (MDL) for the station. As a sensi-
tivity test, we repeated our analysis replacing all values below theMDL
with the MDL divided by the square root of two and found this
imputation strategydoes not changeour overall conclusions (Fig. S10).
Fourth, while in this study we focus on racial residential segregation
between the non-Hispanic Black and non-Hispanic White populations,

we note similar, though less strong, positive associations with trace
metal concentrations appear across degrees of racial residential seg-
regation for the Hispanic, Asian, and Native American populations
relative the non-HispanicWhite population (Fig. S5-S6). In addition, we
tested an integrated dissimilarity index intended to capture the degree
of RRS across all racial and ethnic groups20; this approach yielded
similar conclusions. Finally, in calculating DI and degrees of RRS, we
rely on arbitrary geographies, census tracts and counties, which may
not accurately reflect the spatial distributions of neighborhoods. The
DI has noted limitations as an aspatial index of segregation in that the
index for a given county is invariant to the spatial distribution of the
census tracks and values of the DI may be different with a different
choice of spatial scale55. Further, this metric relies solely on place of
residence anddoesnot take into account the timepeoplemayspend in
different neighborhoods (such as for work).

While total PM2.5 mass concentrations generally shows a
decreasing temporal trend in the US with the exception of wildfire-
impacted areas, long-term trends in fine particulate metals vary by
component and location38,44,52. Our results find that the disparity in
exposure to particulate metals across RRS categories has persisted
over the past decade for all metals considered here except for V.
Enhanced regulations targeting the sulfur content of marine fuel oil
(which as a by-product also reduced the V content in fuel), resulted in
drastic reductions of V concentration inhighly segregated counties. By
2019, the relative disparity in the population-weighted mean V con-
centration across RRS categories was reduced by a factor of 1.5 relative
to 2010 (the start of regulations). While these regulations did not
intend to specifically target V emissions, it nevertheless demonstrates
that targeted emission reductions of anthropogenic sources of metals
may have a substantial potential to reduce differences in exposure to
these highly toxic components in PM2.5 across counties with varying
degrees of RRS, depending on the distribution of those emissions
reductions.

Methods
Air pollution monitoring data
We downloaded daily measurements for concentrations of fine parti-
culate metals (Cu, Zn, Ni, Cr, Pb, V, Fe, Mn, Ti) and total PM2.5 for all
CSN and IMPROVE monitors for the years 2010 through 2019. Mea-
surements of the metals reflect their concentrations within PM2.5 (as
opposed to concentrations as a separate particle). Data were obtained
from the Federal LandManager Environmental Database (http://views.
cira.colostate.edu/fed/). We kept all measurements labeled as a valid
sample (i.e., no null codes or missing values). Measurements for PM2.5

and trace metals are reported every third day, leading to an expected
number of annual measurements of approximately 121 samples. In
averaging the daily samples into an annual average, we kept only the
monitors reporting greater than 50% of the expected measurements.
We kept all valid measurements below the minimum detectable limit
so as not to skew the data towards higher concentrations (following
the discussion in Spada et al.38). However, we do note that a high
percentage of samples for several metals are below the respective
minimum detectable limit for that station (Table S1). As a sensitivity
test, we repeated our analysis replacing all values below the limit of
detection with the limit of detection divided by the square root of 2.
While this imputation strategy does lead to minor changes in the
quantitative results it does not change our overall conclusions
(Fig. S10). Monitoring sites were classified as urban or rural based on
urban area classifications from the US Census Bureau. In counties with
more than one CSN or IMPROVE monitor, concentrations of the
respective pollutants were averaged across themonitors. In 2019, only
21 counties had more than one CSN or IMPROVE monitor (which met
our inclusion criteria) and of these only six had more than two moni-
tors. The relative standard deviation in concentration in fine particu-
late metals and total PM2.5 mass ranged from 0.3-140% across these
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counties with more than one monitor indicating that there is likely
important variability in fine particulate metal concentrations within
each county.

Dissimilarity index
The dissimilarity index (DI) is ameasure of the evenness component in
RRS when comparing a smaller geographical area to a larger one. The
DI ranges from 0 to 1, and represents the fraction of the minority
population that would need to move to achieve complete evenness in
RRS across the larger geography (Fig. S2). We calculated the DI as:

D=0:5 ×
Xn

i= 1
∣
xi

X
� yi

Y
∣ ð1Þ

where xi is the minority population in the smaller geographical unit, X
is the minority population in the larger geographical unit, yi is the
reference population in the smaller geographical unit, and Y is the
reference population in the larger geographical unit8,47.

To calculate thedissimilarity index (DI), wedownloadedAmerican
Community Survey (ACS) summary tables for racial/ethnic population
characteristics from the US Census Bureau (https://data.census.gov/
cedsci/). We calculated DI based on census tracts as the smaller geo-
graphic unit and counties as the larger geographic unit. If a county has
only one census tract, we exclude that county from the analysis. We
chose to represent RRS at the county level to reduce numerical noise
due to low population sizes at smaller geographical units. Census tract
level population demographics are only available from the 5-year ACS
data.We calculateDI for two5-year timeperiods: January 2014 through
December 2018 and January 2010 through December 2013 (Fig. S2).
While the use of these broad time horizons is a limitation in this ana-
lysis, we note that the DI does not change substantially between the
two time periods (the average DI across the US over each period is the
same). In the main text, we focus our analysis on the DI with non-
Hispanic Black (NHB) as the minority population and non-Hispanic
White (NHW) as the reference population; however, in the Supple-
mental Material we present additional analysis with the Hispanic,
Asian, and Native American populations as the minority population
and NHW as the reference population.

Calculation of population-weighted means and relative
disparities
We calculated population-weighted mean concentration and mass
proportions for each RRS category for all particulate metals and for
total PM2.5 concentration using the following equation:

Y i =

PJ
j = 1Pjxj

PJ
j = 1Pj

ð2Þ

where Yi is the population-weighted average concentration (or mass
proportion) for all counties with a CSN or IMPROVE monitor in RRS
category i, Pj is the population in county j, and xj is the annual mean
concentration (or mass proportion) of a given PM2.5 component
measured in county j. If more than one monitor exists in a given
county, we averaged them together.

We note two limitations with our calculation of population-
weighted mean concentrations and mass proportions. First, this cal-
culation represents only the population living in a countywith aCSNor
IMPROVEmonitor as opposed to the entire US population. Second, we
assume themeasurement from the surfacemonitor in a given county is
representative of concentrations of the entire county. The spatial
heterogeneity of pollution levels could further differ by source and
chemical structure of particles.

Relative disparities in population-weighted mean concentrations
across RRS categories are calculated through the coefficient of

variation following the discussion in Jbaily et al.45:

RD =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Yð Þ

p

μ Yð Þ ð3Þ

where Y is a vector containing the population-weighted mean
concentration (or mass proportion) for each RRS category (i.e., Y1,
Y2, Y3 from Eq. 2), Var(Y) is the variance in Y, and µ(Y) is the mean of Y.
The strength of the coefficient of variation is that it measures the
spread of the data independent of the data magnitude, thus allowing
for direct comparisons of population-weighted concentrations and
mass proportions between different chemical components and years.

Statistical analysis
Weused a univariate linear regressionmodel to test the strength of the
association between DI and particulate metal (and total PM2.5 mass)
concentrations (where both DI and pollutant concentrations are log-
transformed). Results of the model are expressed as the predicted
percent change in concentration associated with a 10% increase in DI
(Table S2). We tested this association for all monitor sites (that meet
selection criteria) and for sites in urban areas. We assumed statistical
significance for coefficients at the 95th percentile confidence interval
(i.e., a p value less than 0.05).We expanded upon this univariatemodel
in a number of ways. First, we stratified the model by urban/rural
classification from the US Census Bureau. Next, we included a cate-
gorical fixed effects variable for geographic regional grouping of
states. Finally, we added the percent NHB population proportion as an
additional variable (as well as NHW in a separate model). All data
processing and analyses were performed using the Pandas56,57,
GeoPandas58, and statmodels59 Python modules.

The counties with a CSN or IMPROVEmonitor represent a sample
of the total number ofUS counties. Confidence intervals for the sample
mean concentrations and PM2.5 content, population-weighted means,
and relative disparity were calculated through bootstrap resampling.

To test the geographic dependence of fine particulate metal
concentrations, we grouped US states into the categories defined in
Morello-Frosch and Jesdale20 (plotted in Fig. S1).WeusedMoran’s I60 as
a measure of global spatial autocorrelation and local Moran’s I to
indicate local clusters of elevated and low concentrations.

Ethical Review
This research did not require ethical review as it utilized de-identified,
publicly available data, which does not constitute human subjects
research as defined at 45 CFR 46.102.

Data availability
Observations of fine particulate metals from CSN and IMROVE are
publicly available (http://views.cira.colostate.edu/fed/QueryWizard/
Default.aspx). Demographic data at the county and census tract
resolution are publicly available from the Census website (https://data.
census.gov/cedsci/). The full dataset (in CSV format) required to
reproduce the results described here has been deposited in the
Mountain Scholar database under accession code: https://doi.org/10.
25675/10217/235553.
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