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Air pollution levels in the United States have decreased dramatically over the past
decades, yet national racial-ethnic exposure disparities persist. For ambient fine particu-
late matter (PM3 5), we investigate three emission-reduction approaches and compare
their optimal ability to address two goals: 1) reduce the overall population average
exposure (“overall average”) and 2) reduce the difference in the average exposure
for the most exposed racial-ethnic group versus for the overall population (“national
inequalities”). We show that national inequalities in exposure can be eliminated with
minor emission reductions (optimal: ~1% of total emissions) if they target specific
locations. In contrast, achieving that outcome using existing regulatory strategies would
require eliminating essentially all emissions (if targeting specific economic sectors) or
is not possible (if requiring urban regions to meet concentration standards). Lastly,
we do not find a trade-off between the two goals (i.e., reducing overall average and
reducing national inequalities); rather, the approach that does the best for reducing
national inequalities (i.e., location-specific strategies) also does as well as or better than
the other two approaches (i.e., sector-specific and meeting concentration standards)
for reducing overall averages. Overall, our findings suggest that incorporating location-
specific emissions reductions into the US air quality regulatory framework 1) is crucial
for eliminating long-standing national average exposure disparities by race-ethnicity and
2) can benefit overall average exposures as much as or more than the sector-specific and
concentration-standards approaches.
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The Clean Air Act has dramatically reduced outdoor air pollution levels in the United
States, with (during 1990 through 2020) aggregate benefits exceeding costs 30-to-1
($2 trillion versus $65 billion) (1). Important regulatory strategies include the Nati-
onal Ambient Air Quality Standards (NAAQS) and sector-specific emission-reduction
technology requirements (e.g., Best Achievable Control Technology [BACT] standards).
However, exposure inequalities persist (2—7). Disparities by race-ethnicity are larger than,
and distinct from, those by income (46, 8, 9). Racial-ethnic inequalities in US ambient
air pollution and subsequent exposures are attributable in part to racist planning, including
historical, race-based housing segregation and land-use practices (10-18). Environmental
racism scholars have suggested that strategies and policies for eliminating disparities will
be most effective when racial-ethnic injustices are centered and directly addressed (19-22).

The existing literature documents exposure inequities (37, 9, 23-26) and investigates
the impacts on inequities of emission changes for specific sources (e.g., refs. 27-36) or
locations (37-43). However, the scientific literature has not investigated how to eliminate
national racial-ethnic inequalities in air pollution or what level of emission reduction
would be required to do so (44).

We examine three potential approaches to reduce or eliminate national exposure
inequalities: 1) location-specific emission reductions (hereafter, “location”), 2) sector-
specific emission reductions (“sector”; analogous to BACT-type approaches), and 3)
requiring regions to meet a concentration standard (“NAAQS-like”). Approaches 2 and
3 mirror aspects of current regulations; approach 1 would be a new regulatory approach.
We find that the location approach is by far the most effective (can eliminate national
disparities with only small absolute emission reductions); the sector approach is poor (can
reduce disparities, but requires substantially larger emission reductions; cannot eliminate
disparities except by eliminating nearly all emissions); and NAAQS-like is the least
effective (does not eliminate disparities). The location approach is also the strongest of
the three for reducing population-average exposures.

To quantitatively compare the three approaches, we use the publicly available InMAP
(Intervention Model for Air Pollution) source-receptor matrix (ISRM) (45) to estimate
long-term average ambient fine particulate matter (PMg 5) concentrations across the
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disparities in air pollution and
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current regulatory strategies are
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average racial-ethnic inequalities.
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be eliminated with modest
emission reduction using a
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for eliminating disparities.
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contiguous United States caused by anthropogenic emissions in
2014. Disparity here refers to the difference between population-
weighted average PMs 5 concentrations for the most exposed
racial-ethnic group minus the overall population (in sensitivity
analyses, we instead investigate government-designated “high vul-
nerability” [HV] locations; Materials and Methods). ISRM pre-
dicts the concentration of primary PMj 5 and secondary PMs 5
formed from nitrogen oxides (NOg), sulfur oxides (SO;), am-
monia (NHj3), and volatile organic compounds (VOCs). We
employ the 2014 US Environmental Protection Agency (EPA)
National Emission Inventory, grouped into 14 source sectors (see
Fig. 2B, SI Appendix, and below). ISRM contains 52,411 grid
cells (locations) with size (i.e., spatial resolution) ranging from
1 km in densely populated urban centers to 48 km in sparsely
populated rural areas; the average spatial resolution is 2.6 km in
Urban Areas and 22.6 km in non-Urban Areas (13.2 km overall).
Emissions reductions for location and sector are an optimization
to maximally reduce disparities for the most exposed group relative
to the overall population average. They use the spatial resolution of
the simulation grid and the 14 source sectors, respectively. Thus,
our results inform what that method could optimally do to reduce
or eliminate racial-ethnic exposure disparities. The NAAQS-like

approach simulates successive, proportional emission reductions

in each region violating the hypothetical NAAQS (e.g., 6 ng/ m?),
until the NAAQS-like standard is met.

Results

The base (no emission reductions) model predicts that the
population-average PM3 5 concentration (units: pg/ m3) is 7.0;
for racial-ethnic subpopulations, it is 6.5 (White), 8.5 (Black), 7.7
(Hispanic), 8.0 (Asian), and 6.6 (other). The concentration dis-
parity (which the location and sector approaches aim to optimally
reduce) is 1.4 ug/m3 (20%) for non-Hispanic Black (herein,
“Black”); a value that is consistent with empirical analyses (4, 5).

The results reveal that the location approach is substantially
more effective and more efficient in reducing concentration

disparities for racial-ethnic groups and population average
concentration than sector or NAAQS-like approaches (Fig. 1).
“Effective” refers to successfully eliminating disparities; “efficient”
refers to the reduction in disparity per unit reduction in
emissions. The location approach is the most effective of the
three approaches, in part because it is so much more efficient.
For example, it requires 28-fold less emission reduction to
achieve a 50% reduction in racial-ethnic concentration disparities
compared to the sector approach (0.04 MT/y [relative value:
0.1% of total national emissions] for location versus 1.2 [4%] for
sector). To reduce the disparity by 90% and 99%, respectively, the
analogous emission reductions are 54-fold different (0.2 [0.7%)]
for location versus 12 [40%] for sector) and 83-fold different (0.4
[1.2%] versus 30 [99%]).

If optimizing to reduce overall population-average concen-
trations (rather than disparities), the location and sector ap-
proaches provide similar improvements initially (Fig. 1: For the
first ~3 MT/y in emission reductions, both approaches reduce

the average concentration to ~4 pg/ m®), after which the location
approach is comparatively more efficient (reduces the concentra-
tion quicker). Historically, total emissions of the five pollutants
declined ~13 MT (27%) from 2010 (46 MT) to 2020 (33 MT),
an annual change of ~1.3 MT (3.2%) (46).

NAAQS-like does not eliminate disparities and is much less
efficient than location and sector (Fig. 1); i.e., it requires dra-
matically greater emission reductions to achieve comparable re-
ductions in concentration disparities. For example, having all
US urban areas meet an NAAQS-like concentration standard of
6 pug/m® (much lower than the current NAAQS [12 pg/m®])
would require 9.1 MT/y of emission reduction (30% of to-
tal national emissions). This would reduce the population av-
erage concentration dramatically, to 3.5 pug/ m®, bur it would
only lower, not eliminate, racial-ethnic disparities (to 0.6 pg/ m®
[17%]). Our finding that the NAAQS-like and sector approaches
cannot eliminate racial-ethnic disparities, even after substantial
emission reductions, is consistent with recent historical analyses

(3-5, 47).
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PM, s exposure-disparity and concentration-reduction curves. (A) Concentration disparity between the most exposed racial-ethnic group (Asian, Black,

Hispanic, White, or Other) and the population average (y axis) versus cumulative emission reduction (x axis). (B) Population average concentration versus
cumulative emission reduction. (C) Concentration disparity versus population averaged concentration (i.e., the y axis values from A and B). For each panel,
current conditions are the left side (i.e., “do nothing” at x = 0), and a complete (100%) emission reduction is the right side (i.e., achieving zero emissions: lower
right, at x = 30.4 MT/y in A and B, at x = 7.0 ug/m? in C). Each panel compares three approaches to emission reduction: location (green line), sector (blue
line), and NAAQS-like (i.e., employing a concentration standard; here, 6 ug/m?; orange line). An “equal reduction” approach, where all emissions are reduced
proportionately, would be a straight line (black dotted line). The location approach (green line) can eliminate national disparities with modest total emission
reductions, whereas with the other two approaches, national disparities remain, even after substantial emission reductions (A and C). The location approach
also does as well as or better than the other two approaches, for population average concentration (B and C).
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As described in ST Appendix, we conducted several sensitiv-
ity analyses, such as considering relative, rather than absolute,
inequality; urban or regional, rather than national, disparities;
disparities for government-defined high-vulnerability locations,
rather than racial-ethnic disparities; and average concentrations,
rather than disparities (S7 Appendix, section S1 and Figs. S1-S7).
For NAAQS-like, we considered several values for the standard
(81 Appendix, Fig. S8). In each case, the conclusion still holds, that
the location approach is by far the most efficient approach. None
of the NAAQS-like scenarios eliminate disparities.

The location approach (Fig. 24) prioritizes urban emission
reductions in the Midwest and Southeast, where there are clusters
of 1) emission sources and 2) the most exposed racial-ethnic
group. For the national-level optimization, higher prioritization
for emission reductions is consistently correlated in univariate

(SI Appendix, Fig. S9) and multivariate (S7 Appendix, Table S1)
analyses with lower income, higher density of people and of
emissions, higher percentage of non-White, higher percentage
of Black, and greater level of segregation. In contrast, the
relationship with percentage of Hispanic and Asian varies across
models (87 Appendix, section S2). The spatial extent of high-
priority locations varies by urban area (Fig. 24 and SI Appendix,
Figs. $10 and S11; e.g., it is comparatively large in Los Angeles
and Adanta [>50% of the area is in the top 50% reduction
priorities] and comparatively small in New York, Boston, Miami,
Dallas, and Philadelphia [<20% of the area is in the top 50%
reduction priorities]). In addition, the high-priority location(s) in
an urban area can be in one cluster (e.g., Philadelphia; Chicago;
Washington, DC; and Atlanta) or many clusters (e.g., New York,
Houston, Dallas, and Boston). These between-urban differences
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Fig. 2. Emission reductions for the three approaches: by location (i.e., corresponding to the green lines, Fig. 1) (A), by sector (corresponding to blue lines, Fig. 1)
(B), and NAAQS-like (orange lines, Fig. 1) (C). A displays national results (Left) and zoomed-in results for 10 large areas (Right). Spatial units displayed in C are
CBSAs, the geographic unit for NAAQS evaluation. The three approaches offer fundamentally different ways of formulating and prioritizing emission reductions.
Ag., agriculture; Const., construction; Elec., electricity; HD, heavy duty; LD, light duty; Misc., miscellaneous; Res., residential; Veh., vehicle.
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likely reflect differences in within-urban patterns in emissions and
racial-ethnic segregation (48-50).

For the location approach, comparing the base case with the
sensitivity analysis optimizing reduction of within-urban (rather
than national) disparities (S/ Appendix, Figs. S12-S14), the latter
has more spatial variability than the former, but both approaches
identify similar locations for emission reduction. This suggests
that identifying and reducing emissions in those high-impact
locations would, in many cases, reduce both urban-scale and
national-scale disparities.

The sector approach (Fig. 2B and SI Appendix, Figs. S15-S17)
prioritizes emission reduction from commercial cooking, road
dust, residential gas combustion, and construction. Those sources
have the largest marginal benefits, and so are ranked highly by
our optimization. However, those four sectors have relatively
small absolute emissions and, therefore, only modestly reduce the

total disparities (reduce 0.4 pg/m® [31%] of disparity in total;
SI Appendix, Fig. $16). Industrial has the largest total emissions
(9 MT/y [30%]) and also the largest contribution to inequal-

ity (0.3 pg/ m® [25%]). However, the marginal improvement
per MT/y is comparatively low, emphasizing that for industrial
emissions, large emissions reductions are needed to achieve large
benefits to disparities. Industry contains many types of sources;
exposure disparities may be more sensitive to specific types of
industrial sources than the industrial sector as a whole. Overall,
of the five species that contribute to PMy 5, for most sectors,
reduction of primary PMj 5 emissions causes the largest reduction
in inequality (87 Appendix, section S3).

Discussion

Our analysis provides insight for general, archetypal emission-
reduction approaches. Limitations of our approach include the
following. We do not consider several important factors, including
emission-reduction costs, technologies, and enforcement. Addi-
tionally, this study focused on ambient concentrations, which
are related to, but distinct from, individual-level exposures and
risks; indoor air pollution, microenvironments, and individuals
mobility can also contribute to exposure disparities (39, 41,
51-53), and background rates of disease can modulate disparities
by concentration (54). We focused on disparities in PMg 5 be-
cause most of the health damages from air pollution are attributed
to PMy 5 (55, 56). We do not explore other air pollutants, cli-
mate effects, and toxicities. Our approach employs national-level
source-receptor matrix and emission inventories, which include
documented uncertainties (44, 45, 57). Our results are robust
at the national and aggregate levels; for investigating specific
locations, we recommend additional (local) data and analyses, in-
cluding local air quality data, local emission sources, and a source-
receptor matrix at finer resolution. Our location analysis was
performed at, on average, a 3.2-km scale in Urban Areas; future
work can investigate whether greater spatial resolution provides
additional efficiencies (58). A more recent emission inventory is
available (2017 is available; we used 2014); we do not expect that
our core conclusions would change for an inventory that is 3 y
different. Finally, we grouped sources into 14 sectors; there may be
additional insight from considering more granular categorization,
especially for the industrial sector.

Exposure disparities are a legacy of race-based planning (8, 11,
12, 15, 16, 20, 47). They reflect systematic discrimination, hous-
ing segregation, and segregation in the proximity to pollution
sources: for almost every sector of the economy, at various spatial

scales, and persisting for decades (8, 44, 59). Our study highlights
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the need for a fundamentally different framework for national
air quality regulation in the United States that involves location-
focused emission reductions in order to address national racial-
ethnic exposure disparities. That framework would help accelerate
efforts to redress the harms caused by environmental racism.

Our findings can inform national action [e.g., implementation
of the Biden—Harris Administration’s Justice40 Initiative (60,
61)] and emerging state and local environmental justice laws
to identify overburdened communities and develop community
emission-reduction plans (62-64). Our study supports the long-
standing request from environmental justice communities and
local organizations for location-specific solutions that center over-
burdened communities (11, 65-68). Our results also support
putting in safeguards to address the potential for pollution trading
(e.g., greenhouse gas-focused cap-and-trade) to exacerbate pollu-
tion inequities, especially for already overburdened communities
(69-71).

Odur results can help inform where to specifically target emis-
sion reductions, but more research is needed. Future work can
further explore how various location-specific emission-reduction
strategies—framed at a specific spatial scale (e.g., regional, state,
urban, or neighborhood) and incorporating hyperlocal emission
sources, community characteristics, and context (e.g., historic
and contemporary zoning, planning policies, or engagement of
community groups)—can swiftly achieve benefits across heavily
impacted communities. Because PMy 5 includes primary and
secondary components (i.e., is emitted and also can form in
the atmosphere), the most efficient locations to reduce emissions
might be in a community or might be upwind. The present
work considers national average inequalities (i.e., the difference
in the average exposure for the most exposed racial-ethnic group
versus for the overall population); future work should investi-
gate other aspects of inequalities (also considering, e.g., exposure
distributions, not just averages; other demographic attributes,
not just race-ethnicity; and other geographic units), as well as
broader aspects of achieving environmental justice (e.g., remedies
for past harms). Tools are urgently needed that can 1) connect
local and national decisions (e.g., planning and zoning changes,
infrastructure investments, provision of public services such as
mass transit, and houschold installation of solar panels) with
benefits to highly impacted communities, and 2) support new and
innovative approaches to environmental improvement (e.g., low-
emission zones, reflecting cumulative burdens).

Materials and Methods

Emission Data and the Source-Receptor Matrix. We use the ISRM (45)
to estimate, for the contiguous United States, concentrations caused by anthro-
pogenic emission. Specifically, the ISRM, which is simulated by using INMAP (57),
provides an estimate of the isolated impact of a 1-t emission change atany source
location upon PM2 5 concentration at each receptor location.

Emission data, which are from the 2014 US EPA National Emission Inventory
v1, are grouped into 14 source sectors, 5 pollutants, and 3 emission stack
heights (ground level: <57 m; low stack height: 57 to 379 m; high stack
height: >379 m) and are allocated to the individual grid cells (52,411 in
total) of the ISRM; see ref. 44 for details. The 14 sectors are: 1) agriculture;
2) coal electricity utility; 3) noncoal electricity utility; 4) commercial cooking;
5) construction; 6) diesel heavy-duty vehicle; 7) gasoline light-duty vehicle;
8) industrial; 9) road dust; 10) residential gas combustion; 11) residential wood
combustion; 12) residential others; 13) off-highway vehicle and equipment; and
14) miscellaneous. Emissions from biogenic, wildfire, and international sources
are not investigated. The five pollutants are: primary PMj 5 and four precursors
of secondary PM;s: NOy, SOx, NH3, and VOCs. The spatial resolution of ISRM
grid cells ranges from 1 km x 1 km (e.g., in densely populated urban centers)
to 48 km x 48 km (e.g., in remote, sparsely populated regions). The average
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(i.e., unweighted average) spatial resolution is 2.6 km in Urban Areas, 22.6 km in
non-Urban Areas (13.2 km overall); the population-weighted average spatial res-
olution is 3.2 km [Urban], 20.9 km [non-Urban] (12.2 km overall). The ISRM has
separate matrices for the five pollutant types and three stack heights. The ISRM
and emission data are freely available from https://zenodo.org/record/2589760
and https://zenodo.org/record/5831940, respectively.

Calculating National Exposure Inequalities by Race-Ethnicity and
Social Vulnerability. We calculate the total PMys concentration from all
source-locations for each grid cell. National population-weighted average
concentrations overall and for the race-ethnicity and social vulnerability
subgroups are calculated as straightforward weighted averages: the sum of the
multiplied values of population countand concentration for each grid cell divided
by the total corresponding population. Race-ethnicity is classified according to the
2010 Census at block level. We employ five racial-ethnic groups: non-Hispanic
White (63% of the total population; herein, “White"); Latino or Hispanic of any
race (17%; herein, "Hispanic"); non-Hispanic Black or African American (12%;
herein, Black); non-Hispanic Asian and Pacific Islander (5%; herein, "Asian"); and
populations who identify as American Indian, as another race, or as multiracial
(3%; herein, "Other").

To identify vulnerable populations, we employ the Centers for Disease Con-
trol and Prevention (CDC)/Agency for Toxic Substances and Disease Registry's
(ATSDR's) Social Vulnerability Index (SVI; https://www.atsdr.cdc.gov/placeandhea
Ith/svi/index.html). SVI indicates, by Census tract, the population ability to pre-
venthuman suffering and economic loss in a natural or human-caused disaster or
disease outbreak. SVI is calculated by CDC/ATSDR using 15 social factors across 4
themes: socioeconomic status, household composition, race/ethnicity/language,
and housing/transportation. The CDC defines the 10% of Census tracts (excluding
zero-population tracts) with the highest SVIs as HV and the remaining tracks
as non-HV; here, we label grid cells overlapping (ArcGIS command: INTERSECT)
those tracts as "HV" (9.5% of the total population; S/ Appendix, Fig. S4) and
remaining grid cells as "non-HV" (90.5%). For additional sensitivity analyses, we
also employ two alternative definitions for HV locations: 1) the Census tracts
in the highest 20% CDC SVIs (19.1% of the total population; in contrast, the
main definition employs the top 10% of Census tracts); and 2) the Census
tracts in the highest 10% of the PM; s Environmental Justice (EJ) index defined
by the EPA's EJScreen (EJ Screening and Mapping Tool, https://www.epa.gov/
ejscreen/environmental-justice-indexes-ejscreen). PMys exposure disparity by
race-ethnicity is calculated as the population-weighted average concentration
for the most exposed racial-ethnic group minus the population-weighted aver-
age concentration for the total population. In the modeled "initial conditions”
(i.e., without any hypothetical/simulated emission reduction), the most exposed
racial-ethnic group is Black. During the emission-reduction procedure (see be-
low), the most exposed racial-ethnic group can be any of the five groups. PMz5
exposure inequality for HV is calculated as the population-weighted average
concentration for the HV or the non-HV (the higher concentration between the
two groups) minus the population average for the total population. We mainly
focus on the absolute term of inequality (11g/m®); we also report the relativei.e.,
percent) change in inequality during the reduction procedure.

Calculating Within-Region and Within-Urban Exposure Inequalities.
To calculate the within-region exposure inequalities, we use the geographic
region classification by regional offices of the EPA. There are 10 EPA regions
(https:/lwww.epa.gov/aboutepa/regional-and-geographic-offices). We calculate
the exposure inequalities within each of the 10 regions first and then calculate
the national average (population-weighted) of within-region inequalities.

The within-urban exposure inequalities are calculated based on the same
idea. We use Core-Based Statistical Area (CBSA), as defined by the US Census
(https:/lwww2.census.gov/geo/tiger/TIGER2019/CBSA/). CBSA is the geographic
unit that the EPA uses for the NAAQS and refers to both metropolitan statistical
areas and micropolitan statistical areas. There are 894 CBSAs in the contiguous
United States, including 379 metropolitan statistical areas and 515 micropolitan
areas.

Emission-Reduction Scenarios and the Optimization Methods. In order
to perform optimization, we first calculate the PM,s concentrations from
every location (i.e., each grid cell; n = 52,411 in total) and pollutant (location
approach, 239,348 combinations in total [i.e., 52,411 locations; 5 pollutants;
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of the 262,055 maximum possible location-pollutant pairings, 22,707
have zero emissions and so are not considered here as an opportunity for
emission reduction]) and from every sector and pollutant (sector approach,
61 combinations in total [i.e., 14 sectors, 5 pollutants; of the 70 maximum
possible sector-pollutant pairings, 9 have zero emissions and are excluded
here]) for the total population and for each subpopulation (race-ethnicity groups
and HV). We then calculate the marginal concentration difference between each
subpopulation and total population, per 1-t emission change of each by-sector
or by-location combination: MCD;; = (Cij — Cip)/Ei Here, i represents a certain
combination of sector and pollutant or location and pollutant (e.g., NO from
road dust, SOy from grid cell #100, etc.); j represents a certain subpopulation
(e.g., Hispanic population, HY, etc.); P represents the total population; Cj; is
the population-weighted average PMys concentration from source/location
i for group j; Gip is the population-weighted average PM,s concentration
from source/location i for the total population; E; is the total emission from
source/location i; and MCD;; is the marginal concentration difference between
group i and the population average per 1-t emission from source/location j.

The optimization determines the order in which emissions will be reduced
and models the exposure impacts as those emission reductions occur. The opti-
mization is performed by using the following algorithm:

1. Determine the most exposed racial-ethnic group or the more exposed social
vulnerability group (jo) at the initial (i.e., zero emission reduction) condition,
and then determine the combination (i) with the largest marginal concentra-
tion difference (MCD) for that subgroup.

2. Reduce all emissions from ip, and then calculate the remaining concentrations
for the total population and for all subgroups.

3. Repeat step 1 for the new conditions: Determine the most exposed racial-
ethnic group or the most exposed social vulnerability group (j1) for the
updated concentrations, and then find out the combination (iz; from the
remaining available options) with the largest MCD for that subgroup.

4. Repeat step 2, for the new conditions: Remove all emissions from iy, and
then calculate the remaining concentrations for the total population and for
all subgroups.

5. Repeat steps 3 and 4 until the emissions from all combinations have been
reduced to zero. The concentrations for the total population and all subgroups
also reach zero at this point, and the optimization ends.

Via the steps above, we simulate the local optimum solution to minimize the
concentration inequality.

Regional and Urban-Level Optimizations. In addition to optimization to
reduce the overall national disparities (see above), we also explore the opti-
mization methods for reducing disparities at regional and urban scales. We
assume that each region or Urban Area reduces emissions in order to opti-
mally reduce the inequalities within that region/Urban Area. We use the 10
EPA regions and US Urban Areas defined by the US Census (https://www2.
census.gov/geo/tiger/TIGER2018/UAC/). We consider only Urban Areas (as defi-
ned in the US Census: population: 50,000 or more) with more than 20 ISRM grid
cells within their geographic boundaries (n = 171). (If Urban Areas are divided
into small/medium/large based on national population tertiles, as described in
ref. 72, ourapproach provides 10 large, 44 medium, and 117 small Urban Areas.)
We explore both optimization approaches (location and sector).

NAAQS-Like Methods. For the NAAQS-like approach, we set CBSAs as the
emission-reduction unit and set one concentration target for all CBSAs. The
NAAQS-like goal is that the concentration in each grid cell in a CBSA doesn't
exceed the concentration target (i.e., the NAAQS). We separately employ multiple
concentration targets, including 10,9,8,7,6,and 5 ug/m3 (the recently updated
World Health Organization guideline for annual average PMz5 concentration is
5 g/m?). For this approach, the emission-reduction algorithm is:

1. Check each CBSAto see whether the maximum concentration within the CBSA
is lower than the concentration target.

2. For those CBSAs that exceed the concentration target, reduce the emissions
for all sources and locations within the CBSA by 1% of the total emission
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(i.e., proportional to sources and locations), and calculate the updated grid-cell
concentrations for each CBSA.

3. Repeat step 1: Check each CBSA to see whether the updated concentrations
reach the target.

4. Repeatstep 2: Forthose CBSAs that still exceed the target, reduce all emissions
within the CBSA by 1% of the remaining emission or by 1 t/y (use the larger
value between the two), and calculate the updated grid-cell concentrations for
each CBSA. The minimum reduction unit is 1 t/y.

5. Repeat steps 3 and 4 until all CBSAs have reached the target (the NAAQS) or
reached zero emission.

The rationale for some of the specific steps in this optimization are as follows:
For some CBSAs, even if we reduce all the emission within their boundary, the
maximum concentration in that CBSA will still exceed the target (the NAAQS). For
those cases, we avoid the optimization entering an infinite loop via these steps
described above: 1) having a small emission reduction (1 t/y) as the minimum
reduction per optimization step, and 2) halting the optimization if all emissions
being considered have become zero.

1. U.S. Environmental Protection Agency (EPA), “Benefits and costs of the Clean Air Act 1990-2020, the
second prospective study” (Tech. Rep., EPA, Washington, DC, 2011; https://www.epa.gov/clean-air-
act-overview/benefits-and-costs-clean-air-act-1990-2020-second-prospective-study).

2. C.W.Tessum et al., Inequity in consumption of goods and services adds to racial-ethnic disparities in
air pollution exposure. Proc. Natl. Acad. Sci. U.S.A. 116, 6001-6006 (2019).

3. J.Colmer, I.Hardman, J. Shimshack, J. Voorheis, Disparities in PM sair pollution in the United
States. Science 369, 575-578 (2020).

4. J.liuetal., Disparities in air pollution exposure in the United States by race/ethnicity and income,
1990-2010. Environ. Health Perspect. 129, 127005 (2021).

5. A.Jbaily et al., Air pollution exposure disparities across US population and income groups. Nature
601, 228-233(2022).

6. L.P.Clark, D.B. Millet, J. D. Marshall, Changes in transportation-related air pollution exposures by
race-ethnicity and socioeconomic status: Outdoor nitrogen dioxide in the United States in 2000 and
2010. Environ. Health Perspect. 125,097012 (2017).

7. S.E.Chambliss et al., Local- and regional-scale racial and ethnic disparities in air pollution determined
by long-term mobile monitoring. Proc. Natl. Acad. Sci. U.S.A. 118, 62109249118 (2021).

8. R.J.Brulle, D.N. Pellow, Environmental justice: Human health and environmental inequalities. Annu.
Rev. Public Health 27,103-124 (2006).

9. A Rosofsky, J. . Levy, A. Zanobetti, P. Janulewicz, M. P. Fabian, Temporal trends in air pollution
exposure inequality in Massachusetts. Environ. Res. 161, 76-86 (2018).

10. M. Pastor, J. Sadd, J. Hipp, Which came first? Toxic facilities, minority move-in, and environmental
justice. J. Urban Aff. 23, 1-21(2001).

11. R.D.Bullard, Dumping in Dixie: Race, Class, and Environmental Quality (Routledge, Boulder, CO,
1990).

12. R.Rothstein, The Color of Law: A Forgotten History of How Our Government Segregated America
(Liveright Publishing, New York, 2017).

13. A.H.Whittemore, Racial and class bias in zoning: Rezonings involving heavy commercial and
industrial land use in Durham (NC), 1945-2014. J. Am. Plann. Assoc. 83, 235-248 (2017).

14. L. Pulido, "Rethinking environmental racism: White privilege and urban development in Southern
California” in Environment: Critical Essays in Human Geography, K. Anderson, B. Braun, Eds.
(Contemporary Foundations of Space and Place, Routledge, Abingdon, UK, 2017), pp. 379-407.

15. L. Pulido, Geographies of race and ethnicity II: Environmental racism, racial capitalism and
state-sanctioned violence. Prog. Hum. Geogr. 41, 524-533 (2017).

16. B.Bryant, P. Mohai, Race and the Incidence of Environmental Hazards: A Time for Discourse
(Routledge, Abingdon, UK, 2019).

17. R. Lopez, Segregation and black/white differences in exposure to air toxics in 1990. Environ. Health
Perspect. 110 (suppl. 2), 289-295 (2002).

18. R.Morello-Frosch, R. Lopez, The riskscape and the color line: Examining the role of segregation in
environmental health disparities. Environ. Res. 102, 181-196 (2006).

19. G.Torres, Introduction: Understanding environmental racism. U. Colo. L. Rev. 63, 839 (1992).

20. R.D.Bullard, Dismantling environmental racism in the USA. Local Environ. 4, 5-19 (1999).

21. C.Dhillon, M. G. Young, Environmental racism and first nations: A call for socially just public policy
development. Int. J. Humanit. Soc. Sci. 1, 25-39 (2010).

22. M.J.Brady, S. Monani, Wind power! Marketing renewable energy on tribal lands and the struggle for
just sustainability. Local Environ. 17, 147-166 (2012).

23. A Hajat, C. Hsia, M. S. O'Neill, Socioeconomic disparities and air pollution exposure: A global review.
Curr. Environ. Health Rep. 2, 440-450 (2015).

24. M.R.Jones et al., Race/ethnicity, residential segregation, and exposure to ambient air pollution: The
Multi-Ethnic Study of Atherosclerosis (MESA). Am. J. Public Health 104, 2130-2137 (2014).

25. L.P.Clark, D.B. Millet, J. D. Marshall, National patterns in environmental injustice and inequality:
Outdoor NO5 air pollution in the United States. PLoS One 9, €94431(2014).

26. J.D.Marshall, K. R. Swor, N. P.Nguyen, Prioritizing environmental justice and equality: Diesel
emissions in southern California. Environ. Sci. Technol. 48, 4063-4068 (2014).

27. M.P.S.Thind, C. W. Tessum, I. L. Azevedo, J. D. Marshall, Fine particulate air pollution from electricity
generation in the US: Health impacts by race, income, and geography. Environ. Sci. Technol. 53,
14010-14019 (2019).

28. R.Shah et al., Socio-economic disparities in exposure to urban restaurant emissions are larger than for
traffic. Environ. Res. Lett. 15, 114039 (2020).

29. D.Houston, J. Wu, P.Ong, A. Winer, Structural disparities of urban traffic in southern California:
Implications for vehicle-related air pollution exposure in minority and high-poverty neighborhoods.
J. Urban Aff. 26, 565-592 (2004).

https://doi.org/10.1073/pnas.2205548119

Data, Materials, and Software Availability. ISRM and emission data have
been deposited in Zenodo (https://zenodo.org/record/2589760 and https://
zenodo.org/record/5831940) (73, 74). All study data are included in the article
and/or S/ Appendiix.

ACKNOWLEDGMENTS. We thank Dr. Esther Min for feedback on an earlier ver-
sion of this article. This publication was developed under Assistance Agreement
No. R835873 awarded by the US EPA. It has not been formally reviewed by the
EPA. The views expressed in this document are solely those of the authors and do
not necessarily reflect those of the Agency. The EPAdoes not endorse any products
or commercial services mentioned in this publication.

Author affiliations: *Department of Civil and Environmental Engineering, University of
Washington, Seattle, WA 98195; ®Department of Civil and Environmental Engineering, Uni-
versity of California, Berkeley, CA 94720; “School of Public Health, University of California,
Berkeley, CA 94720; “Department of Bioproducts and Biosystems Engineering, University
of Minnesota, St. Paul, MN 55108; *Center for Policy Analysis and Research, Congressional
Black Caucus Foundation, Washington, DC 20036; ‘Department of Mechanical Engineering,
Carnegie Mellon University, Pittsburgh, PA 15213; and éDepartment of Civil and Environ-
mental Engineering, University of lllinois, Urbana, IL 61801

30. M. Ash, J.K. Boyce, Racial disparities in pollution exposure and employment at US industrial facilities.
Proc. Natl. Acad. Sci. U.S.A. 115,10636-10641(2018).

31. G.C.Pratt, M. L. Vadali, D. L. Kvale, K. M. Ellickson, Traffic, air pollution, minority and socio-economic
status: Addressing inequities in exposure and risk. Int. J. Environ. Res. Public Health 12, 5355-5372
(2015).

32. J. Chakraborty, Automobiles, air toxics, and adverse health risks: Environmental inequities in Tampa
Bay, Florida. Ann. Assoc. Am. Geogr. 99, 674-697 (2009).

33. S.Gurram, A. L. Stuart, A. R. Pinjari, Agent-based modeling to estimate exposures to urban air
pollution from transportation: Exposure disparities and impacts of high-resolution data. Comput.
Environ. Urban Syst. 75, 22-34(2019).

34. Y.Li, A Kumar, Y. Li, M. J. Kleeman, Adoption of low-carbon fuels reduces race/ethnicity disparities in
air pollution exposure in California. Sci. Total Environ. 834, 155230 (2022).

35. S.Jietal, Environmental justice aspects of exposure to PM; 5 emissions from electric vehicle use in
China. Environ. Sci. Technol. 49, 13912-13920 (2015).

36. M.Thind, C.Tessum, J. D. Marshall, Environmental health, racial-ethnic health-disparity, and climate
impacts of freight transport in the United States. ChemRxiv (2022). Doi: 10.26434/chemrxiv-2022-
7wkOb.

37. R.F.Patterson, R. A. Harley, Effects of freeway rerouting and boulevard replacement on air pollution
exposure and neighborhood attributes. Int. J. Environ. Res. Public Health 16,4072 (2019).

38. N.P.Nguyen, J. D. Marshall, Impact, efficiency, inequality, and injustice of urban air pollution:
Variability by emission location. Environ. Res. Lett. 13, 024002 (2018).

39. K.Do etal., Adata-driven approach for characterizing community scale air pollution exposure
disparities in inland southern California. J. Aerosol Sci. 152, 105704 (2021).

40. C.Mullen et al., Patterns of distributive environmental inequity under different PM sair pollution
scenarios for Salt Lake County public schools. Environ. Res. 186, 109543 (2020).

41. M.T.Chu et al,, Real-time indoor PM5 s monitoring in an urban cohort: Implications for exposure
disparities and source control. Environ. Res. 193,110561 (2021).

42. J.D.Marshall, Environmental inequality: Air pollution exposures in California's South Coast Air Basin.
Atmos. Environ. 42, 5499-5503 (2008).

43. Y.Wang, Y. Wang, H. Xu, Y. Zhao, J. D. Marshall, Ambient air pollution and socioeconomic status in
China. Environ. Health Perspect. 130, 67001 (2022).

44, C.W.Tessum et al.,, PM; spolluters disproportionately and systemically affect people of color in the
United States. Sci. Adv. 7, eabf4491 (2021).

45. A.L Goodkind, C.W.Tessum, J. S. Coggins, J. D. Hill, J. D. Marshall, Fine-scale damage estimates of
particulate matter air pollution reveal opportunities for location-specific mitigation of emissions.
Proc. Natl. Acad. Sci. U.S.A. 116, 8775-8780 (2019).

46. U.S.Environmental Protection Agency (EPA), "Air pollutant emissions trends data” (Tech. Rep., EPA,
Washington, DC, 2021;
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data).

47. H.M.Lane, R. Morello-Frosch, J. D. Marshall, J. S. Apte, Historical redlining is associated with
present-day air pollution disparities in U.S. cities. Environ. Sci. Technol. Lett. 9, 345-350 (2022).

48. B.A.Lee etal., Beyond the census tract: Patterns and determinants of racial segregation at multiple
geographic scales. Am. Sociol. Rev. 73, 766-791(2008).

49. S.F.Reardon et al., The geographic scale of metropolitan racial segregation. Demography 45,
489-514(2008).

50. M.A.G.Demetillo et al., Space-based observational constraints on NO; air pollution inequality from
diesel traffic in major US cities. Geophys. Res. Lett. 48, €2021GL094333 (2021).

51. G.Adamkiewicz et al., Moving environmental justice indoors: Understanding structural influences on
residential exposure patterns in low-income communities. Am. J. Public Health 101 (suppl. 1),
$238-5245(2011).

52. A.Rosofsky, J. 1. Levy, M. S. Breen, A. Zanobetti, M. P. Fabian, The impact of air exchange rate on
ambient air pollution exposure and inequalities across all residential parcels in Massachusetts.

J. Expo. Sci. Environ. Epidemiol. 29, 520-530 (2019).

53. Y.M.Park, M. P. Kwan, Individual exposure estimates may be erroneous when spatiotemporal
variability of air pollution and human mobility are ignored. Health Place 43, 85-94 (2017).

54. V.A.Southerland et al., Assessing the distribution of air pollution health risks within cities:
Aneighborhood-scale analysis leveraging high-resolution data sets in the Bay Area, California.
Environ. Health Perspect. 129, 37006 (2021).

55. M. H. Forouzanfar et al.; GBD 2015 Risk Factors Collaborators, Global, regional, and national
comparative risk assessment of 79 behavioural, environmental and occupational, and metabolic risks

pnas.org


https://zenodo.org/record/2589760
https://zenodo.org/record/5831940
https://zenodo.org/record/5831940
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2205548119/-/DCSupplemental
https://www.epa.gov/clean-air-act-overview/benefits-and-costs-clean-air-act-1990-2020-second-prospective-study
https://www.epa.gov/clean-air-act-overview/benefits-and-costs-clean-air-act-1990-2020-second-prospective-study
https://doi.org/10.26434/chemrxiv-2022-7wk0b
https://doi.org/10.26434/chemrxiv-2022-7wk0b
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
https://doi.org/10.1073/pnas.2205548119

56.

57.
58.

59.

60.

61.

62.

63.

PNAS 2022 Vol. 119 No. 44

or clusters of risks, 1990-2015: A systematic analysis for the Global Burden of Disease Study 2015.
Lancet 388, 1659-1724(2016).

A.J. Cohen et al., Estimates and 25-year trends of the global burden of disease attributable to
ambient air pollution: An analysis of data from the Global Burden of Diseases Study 2015. Lancet
389, 1907-1918(2017).

C.W.Tessum, J. D. Hill, J. D. Marshall, InMAP: A model for air pollution interventions. PLoS One 12,
€0176131(2017).

D.A. Paolella et al., Effect of model spatial resolution on estimates of fine particulate matter exposure
and exposure disparities in the United States. Environ. Sci. Technol. Lett. §, 436-441 (2018).

I. Mikati, A. F. Benson, T. J. Luben, J. D. Sacks, J. Richmond-Bryant, Disparities in distribution of
particulate matter emission sources by race and poverty status. Am. J. Public Health 108, 480-485
(2018).

Executive Office of the President, Tackling the Climate Crisis at Home and Abroad (2021). https://www.

federalregister.gov/documents/2021/02/01/2021-02177/tackling-the-climate-crisis-at-home-and-
abroad. Accessed 15 January 2022.

U.S. Environmental Protection Agency (EPA), "FY 2022-2026 EPA Strategic Plan Draft" (Tech. Rep., EPA,
Washington, DC, 2021; https://www.epa.gov/system/files/documents/2021-10/fy-2022-2026-epa-
draft-strategic-plan.pdf).

Office of Washington Governor, Inslee signs climate change legislative package (2021). https://www.
governor.wa.gov/news-media/inslee-signs-climate-change-legislative-package. Accessed 15 January
2022.

C. Garcia, Assembly Bill No. 617: Nonvehicular air pollution: Criteria air pollutants and toxic air
contaminants (California Office of Legislative Counsel, Sacramento, CA, 2021).
https://legiscan.com/CA/text/AB617/2017. Accessed 15 January 2022.

€2205548119

64.

65.

66.

67.

68.

69.

70.

1.

72.

73.

74.

State of New Jersey, NJ environmental justice law and rules (2020). https://www.nj.gov/dep/ej/policy.
html. Accessed 13 July 2022.

R.D.Bullard, G. S. Johnson, Environmental justice: Grassroots activism and its impact on public policy
decision making. J. Soc. Issues 56, 555-578 (2009).

National Environmental Justice Advisory Council (NEJAC), "20 year retrospective report

(1994 - 2014)" (Tech. Rep., NEJAC, Washington, DC, 2016.

W. H. Hansell, E. Hollander, D. John, “Putting community first: A promising approach to federal
collaboration for environmental improvement” (Tech. Rep., National Academy of Public
Administration, Washington, DC, 2009).

D.N. Pellow, R. J. Brulle, Power, Justice, and the Environment: A Critical Appraisal of the Environmental
Justice Movement (The MIT Press, Cambridge, MA, 2005).

L. Cushing et al., Carbon trading, co-pollutants, and environmental equity: Evidence from California’s
cap-and-trade program (2011-2015). PLoS Med. 15, 1002604 (2018).

C.M. Anderson, K. A. Kissel, C. B. Field, K. J. Mach, Climate change mitigation, air pollution, and
environmental justice in California. Environ. Sci. Technol. 52, 10829-10838 (2018).

D. Hernandez-Cortes, K. C. Meng, “Do environmental markets cause environmental injustice?
Evidence from California's carbon market” (NBER Working Paper No. 27205, National Bureau of
Economic Research, Cambridge, MA, 2020; https://www.nber.org/papers/w27205).

Y. Wang et al., Spatial decomposition analysis of NO and PM s air pollution in the United States.
Atmos. Environ. 241,117470(2020).

A.L. Goodkind, C. W.Tessum, J. S. Coggins, J. D. Hill, J. D. Marshall, InMAP Source-Receptor Matrix
(ISRM) dataset. Zenodo. https://zenodo.org/record/2589760. Accessed 3 January 2021.

Y.Wang et al., 2014 EPA National Emissions Inventory allocated to the grid cells of INMAP
Source-Receptor Matrix. Zenodo. https://zenodo.org/record/5831940. Accessed 9 January 2022.

https://doi.org/10.1073/pnas.2205548119 7 of 7


https://www.federalregister.gov/documents/2021/02/01/2021-02177/tackling-the-climate-crisis-at-home-and-abroad
https://www.federalregister.gov/documents/2021/02/01/2021-02177/tackling-the-climate-crisis-at-home-and-abroad
https://www.federalregister.gov/documents/2021/02/01/2021-02177/tackling-the-climate-crisis-at-home-and-abroad
https://www.epa.gov/system/files/documents/2021-10/fy-2022-2026-epa-draft-strategic-plan.pdf
https://www.epa.gov/system/files/documents/2021-10/fy-2022-2026-epa-draft-strategic-plan.pdf
https://www.governor.wa.gov/news-media/inslee-signs-climate-change-legislative-package
https://www.governor.wa.gov/news-media/inslee-signs-climate-change-legislative-package
https://legiscan.com/CA/text/AB617/2017
https://www.nj.gov/dep/ej/policy.html
https://www.nj.gov/dep/ej/policy.html
https://zenodo.org/record/2589760
https://zenodo.org/record/5831940
https://doi.org/10.1073/pnas.2205548119

