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ABSTRACT: To the extent that pollution and population are spatially Coarse-scale Grid: PMps Concentration ——  Fine-scale Grid: PM, s Concentration
correlated, air quality modeling with coarse-resolution horizontal grids

may systematically underpredict exposures and disparities in exposure |

among demographic groups (ie., environmental injustice). We use ]

InMAP, a reduced-complexity air pollution model, to quantify how .
estimates of year-2014 fine particulate matter (PM,5) exposure in the | :

United States vary with model spatial resolution, for a variable-resolution [Coarse-scale Grig: %Minorty —» —Fine-scale Grid: %aMmorty |
grid. We test five grids, with population-weighted average grid cell edge | "t.-

lengths ranging from 5.9 to 69 km. We find that model-estimated PM, g [osty o " |

exposure, and exposure disparities among racial-ethnic groups, are lower | == ’

with coarse grids than with fine grids: switching from our coarsest- to |

finest-resolution grid increases the calculated population-weighted | Vesty

average exposure by 27% (from 6.6 to 8.3 ug m™>) and causes the
estimated difference in average exposure between minorities and whites
to increase substantially (from 0.4 to 1.6 ug m™>). Across all grid resolutions, exposure disparities by race-ethnicity can be
detected in every income category. Exposure disparities by income alone remain small relative to disparities by race-ethnicity,
irrespective of resolution. These results demonstrate the importance of fine model spatial resolution for identifying and

quantifying exposure disparity.

B INTRODUCTION assessments of potential emissions scenarios to estimate not
only population-wide impacts of changes in air quality but also
the distributional equity of impacts among population
subgroups.

Ambient air pollution accounts for an estimated 4 million
premature deaths per year worldwide, with fine particulate

matter (PM, ;) being the main contributor." Despite progress Relati 1 ch . - PM. . health
in reducing air pollution, PM, s remains a substantial health elating potential changes in emissions to 25 healt

concern in the United States, causing nearly 100000 premature impacts generally requires the use of mechanistic air pollution
deaths in 2016.2 No “safe” level of PM. < has been found.>~ Di models. Such models typically divide a spatial domain into
b discrete grid cells to simulate air pollution emission, transport,

transformation, and removal. For a given spatial domain,
computational expense is inversely related to the volume of
each grid cell. Available computational resources generally
limit the spatial resolution of a simulation. Because models
usually assume that the atmosphere is homogeneous within

et al.® reported significant adverse health effects from exposure
to PM, s at concentrations below the current national standard
(12 ug m™?) and found a larger dose—response relationship for
self-identified racial minorities and people with low income.
Racial-ethnic and socioeconomic disparities in exposure to
air pollution, often termed environmental injustice, are well-

documented.”™*° A 1994 Executive Order directed each U.S. each grid cell, emissions occurring at any point within a cell are
federal agency to incorporate environmental justice into its

mission by addressing “disproportionately high and adverse Received: May 29, 2018

human health or environmental effects of its programs, Revised:  June 18, 2018

policies, and activities on minority populations and low- Accepted: June 19, 2018

income populations”.20 Consequently, there is a need for Published: June 19, 2018
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assumed to mix instantaneously throughout the whole volume.
Therefore, to the extent that population and PM, 5 are spatially
correlated, air quality modeling with a coarse-resolution grid
could cause modeled pollution to be artificially (and
incorrectly) diluted away from nearby populations, resulting
in a tendency to underestimate PM, 5 exposures and exposure
disparities.

Previous studies (see Table S1) have investigated the effects
of horizontal grid resolution on the ability of a model to match
PM,; monitor measurements. The applicability of those
studies to human exposure or exposure disparities depends
on whether monitor locations are a good surrogate for
population. Other studies have measured the sensitivity of
modeled population-wide health impacts of PM,; to grid
resolution (see Table S1), with some providing evidence that
coarse spatial resolution causes underestimates of PM,
concentrations and corresponding impacts on mortality,
especially in cities where concentration and population
gradients are steep.”'~>® As a notable exception, Thompson
et al.”* found that grid resolution did not affect estimates of
health impacts due to total PM, 5 in nine regions in the eastern
United States; however, they noted that estimated impacts of
primary PM, 5, accounting for a small fraction of total impacts
relative to secondary PM, g in their scenario, did increase with
finer resolution. Secondary PM,;, which (formed from
emissions of gases) typically has spatial gradients smaller
than those of primary PM,, is less likely to be sensitive to
spatial resolution.”” None of the prior studies combined the
fine spatial resolution necessary to model neighborhood-scale
variation with full coverage of the contiguous United States.

In addition, to the best of our knowledge, no previous study
has investigated how modeled environmental injustice in PM, 5
exposure varies by grid cell size. Saari et al,”® however,
investigated this question for ozone; they assessed the impact
of varying model resolution on estimated ozone-related
mortality by household income category and found only a
minor effect in one study region.

As part of the CACES (Center for Air, Climate, and Energy
Solutions) EPA-ACE Center, this paper aims to fill these gaps
in the literature, as noted above, by quantifying the effect of
model spatial resolution on estimates of PM, s exposure and
exposure disparities by race-ethnicity and income across the
entire contiguous United States. The results demonstrate the
potential effect of model spatial resolution on the estimated
environmental justice impacts of future emissions scenarios.

B MATERIALS AND METHODS

We employ InMAP (Intervention Model for Air Pollution), a
reduced-complexity national-scale air quality model with
flexible grid resolution that allows computational resources
to be dedicated to areas that have highly spatially variable
pollutant concentrations and population densities.”” InMAP
estimates annual-average concentrations of fine particulate
matter based on emissions of volatile organic compounds
(VOCs), nitrogen oxides (NO,), ammonia (NH,), sulfur
dioxide (SO,), and primary PM, ;. Emissions inputs to InNMAP
include year-2014 anthropogenic sources from the 2014
National Emissions Inventory (NEI),*® supplemented with
year-2005 NEI biogenic and fire sources that were unavailable
in the current inventory.

NEI emissions data consist of point and area sources. For
each grid tested, point sources are allocated to the grid cells
with which they intersect, allowing the spatial resolution of
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emissions to match the InNMAP grid resolution. Though area
source emissions are provided as county totals, the NEI
provides spatial surrogates that can be used to apportion the
county emissions to grid cells, following the approach used by
SMOKE.” Spatial surrogate factors vary by emissions source
and are based on spatial data (e.g., population, land cover, or
road networks) at resolutions finer than those of the county
data, such as Census Tracts, Block Groups, or linear data, with
a spatial resolution that is typically <1 km? in urban areas. We
used these spatial surrogates and the InMAP Air Emissions
Processor’’ to allocate county-based emissions to grid cells.

Population data are from the U.S. Census Bureau 2012—
2016 American Community Survey (ACS) at the Census
Block Group level of spatial aggregation.”’ We focus on the
four largest race-ethnicity groups determined by self-identi-
fication in the Census: Asian, black, Latino, and white. We
aggregate these four population subgroups such that they are
mutually exclusive. “Latino” includes people of all races who
identify as having Hispanic or Latino origin; the other three
groups (Asian, black, and white) refer only to non-Latino/non-
Hispanic persons. See Table S2 for the population distribution
by race-ethnicity.

The 2012—2016 ACS provides income statistics by Census
Tract, with 16 household income categories (lowest, less than
$10000; highest, $200000 or more). We use the proportion of
households in each income category to estimate population
counts (see Table S3 for the population distribution by
income) at the finest available level of race-ethnicity
information: white and minority (i.e., the combination of
Asian, black, Latino, and all other groups not identifying as
white).

The spatial domain for this analysis is the contiguous United
States. InMAP employs a variable-resolution grid (i.e., for a
given simulation, the cells making up the simulation spatial
domain vary in size), with cells” edge lengths ranging from 1 to
288 km. We use “population-weighted average horizontal grid
cell edge length” as a characteristic grid cell size for each
simulation. Here we test five variable-resolution grids, with
characteristic grid cell sizes ranging from 5.9 to 69 km (see
Table S4). For all simulations, smaller grid cells are used in
areas with larger gradients in population density and pollutant
concentration (see Figure S1). In simulations with smaller grid
cells on average, the size of each grid cell is determined
according to successively lower thresholds in population
density and pollutant concentration. Table SS shows the
fraction of the U.S. population contained in grid cells of each
horizontal edge length for each simulation. The grid cell size
containing the most population is 96 km for the coarsest grid
and 4 km for the finest grid.

For each model run, InNMAP estimates annual-average PM,
concentrations in each grid cell. Population counts in each grid
cell are determined in InMAP by area-weighted interpolation
of population from the Block Group scale. We then calculate
the population-weighted average PM, 5 concentrations for each
population subgroup by race-ethnicity and income (below, we
use the term “exposure” to represent population-weighted
average concentrations). The difference in average PM, g
exposure between these population subgroups provides a
quantitative measure of environmental injustice. To check
whether exposure differences by race-ethnicity are confounded
by income differences, we calculate the income-adjusted
disparity in exposure between white and minority populations
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by performing a population-weighted average of within-
income-category exposure differences:
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where C; represents the PM, 5 concentration in the ith grid cell,
Py, and Py, represent the total minority and white populations,

respectively, in the kth income category, and Py, = and Py,

represent the minority and white populations, respectively, in
the kth income category and the ith grid cell. The number of
grid cells, n, varies by simulation.

B RESULTS AND DISCUSSION

Our five model runs simulate national annual-average PM, g
concentrations, for total PM, s and for chemical subspecies, for
the year 2014. Model runs employ between 1818 (coarse
resolution) and 103098 (fine resolution) ground-level grid
cells (see Table S4) with additional elevated grid cells.

Results suggest that model-estimated exposure disparities are
sensitive to grid resolution for race-ethnicity but not income.
Figure la shows that as the average grid cell size decreases, the
estimated total PM, s exposure increases for all four race-
ethnicity groups, reflecting a correlation between population
and PM,  concentration (correlation coefficients are listed in
Table S6). The effect of finer resolution on PM, 5 exposure is
nearly twice as large for minorities (difference between
coarsest and finest grid resolution of 2.5 ug m™>, a 36%
increase) as for whites (1.3 g m™>, a 20% increase), which can
be attributed in part to coarse grids smoothing out spatial
clustering of minority populations (see Figure S2).

Across all grid resolutions, PM, 5 exposure is lowest for
whites. Upon comparison of the results of the coarsest- and
finest-resolution grids, as shown in Figure 1b, the PM,
exposure disparity between whites and minorities increases
most for Asians (Asian vs white exposure difference of 0.1 pug
m™ for the coarsest resolution vs 1.6 ug m™> for the finest
resolution). As mentioned above, these trends can in part be
attributed to the coarse grids smoothing out the spatial
clustering of minority populations.

Figure 2 compares the impact of grid resolution on PM,
exposure disparities by race-ethnicity and income. This figure
shows that model-estimated disparities by income do not
change dramatically for coarse- versus fine-resolution grids. In
contrast, model-estimated disparities by race-ethnicity are
substantially larger for fine-resolution than for coarse-
resolution grids and are higher than disparities by income for
all grids. Here, considering race-ethnicity only (Figure 2, blue
line) versus income-adjusted differences by race-ethnicity
(Figure 2, green line) yields nearly identical findings.

Figure 3 shows PM, ; exposure by income category (i.e., for
the 16 household income categories in the U.S. Census) and
how exposure estimates vary with grid resolution. At the
coarsest-resolution grid (69 km), the minority versus white
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Figure 1. Differences by race-ethnicity and resolution in (a) average
PM, ¢ exposure and (b) PM,  exposure disparity (i.e., difference in
average exposure for a population subgroup relative to whites). The
dashed line represents the minority category, defined as the

combination of Asian, black, Latino, and other groups not identifying
as white.

exposure difference is <0.5 yg m™ in each income category
(with the narrowest gap in the highest income category). The
minority versus white exposure gap increases in each income
category at the finest-resolution grid (5.9 km), with a
weighted-average difference of 1.6 g m™. Minority exposure
is higher than white exposure within every income category,
irrespective of grid resolution. These results demonstrate that
while income is somewhat related to exposure differences
(especially at the highest income levels), income cannot fully
explain the racial-ethnic disparities in PM,g pollution
uncovered by a finer grid resolution (Tables S7 and S8
demonstrate that racial-ethnic characteristics are more
correlated with PM, concentrations than are income
characteristics).

Figure 4 shows the effect of finer grid resolution on the
minority versus white exposure disparity, by PM, s subspecies.
We find that the minority versus white disparity in primary
PM, 5 concentrations is the most sensitive to grid resolution,
with an increase of 0.7 ug m™ (183%) from the coarsest to
finest resolution. While primary PM,; accounts for 37% of
estimated overall exposure (see Figure S3), it is responsible for
62% of the increase in minority versus white exposure disparity
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Figure 2. Total PM, s exposure disparity, adjusting for income. These
results indicate that for all five model resolutions studied, exposures
are higher for minorities than for whites; differences by race-ethnicity
are nearly identical for income-adjusted vs unadjusted results. For all
model resolutions studied, the disparity by race-ethnicity exceeds the
largest disparity between any two income categories. The most
exposed income category is the category making less than $10000 for
all grids. The least exposed income category is the category making
$150000—199999 for the coarsest grid, the category making
$125000—149999 for second and third coarsest grids, and the
category making $75000—99999 for the two finest grids.
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Figure 3. Minority (M) and white (W) PM, 5 exposure as a function
of income for the coarsest and finest grid resolutions (lines) and
population in each income category (bars). Income categories range
from less than $10000 to $200000 or more (see Table S3 for all
income category descriptions).

in total PM, concentrations attributable to finer grid
resolution. Disparities in concentrations of the other
components of secondary PM, change by <02 ug m™.
Prior work suggests that InMAP performance is better for
primary PM, 5, pSO,, and secondary organic aerosol (SOA)
than for garticulate ammonium (pNH,) and particulate nitrate
(pNO;).”” Because formation of secondary PM, g takes time
(during which atmospheric mixing reduces pollutant spatial
gradients), spatial concentration gradients tend to be greater
for primary than for secondary PM,;, thereby increasing
opportunities for exposures to be sensitive to model
resolution.”® This observation aligns with our results, and
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Figure 4. Minority vs white PM, 5 exposure disparity by PM, s species.

with the findings of Punger and West,>' that estimates of
exposure from PM, s are more sensitive to spatial resolution for
primary PM, s than for secondary PM, .

Our results provide evidence that coarse-resolution mech-
anistic models used to assess equity in air pollution exposure
may underestimate disparities between white and minority
populations. Furthermore, we find that the racial-ethnic
disparities in exposure uncovered with fine spatial resolution
can be detected for all income categories. As shown in Figure
1, we find a strong relationship among grid resolution,
exposure, and especially exposure disparities. To the extent
that baseline mortality rates and dose—response relationships
vary among population subgroups, disparities in health impacts
may be larger or smaller than exposure disparities. For
example, in 2014, the CDC-estimated baseline age-adjusted
mortality rates (deaths per year per 100000 people) for the
racial-ethnic groups included in this study were 391 (Asian),
871 (black), 523 (Latino), and 743 (white).*>

Important limitations of this study include the use of a
reduced-complexity model, rather than a conventional
chemical transport model (CTM). CTMs such as CMAQ™
and CAMx’* are typically more accurate than reduced-
complexity models such as InMAP. In particular, InMAP
models primary organic aerosol (POA) as nonvolatile primary
PM,;, but recent research indicates complex POA dynamics
involving evaporation, chemical reaction, and condensation;
models that account for these dynamics often predict lower
near-source concentrations of POA.* Investigating these
dynamics as they relate to population exposure and exposure
disparities is an area for future research. The accuracy of
amounts and spatial locations of emissions provided in the NEI
is an additional source of uncertainty in our results.

To evaluate the performance of the INMAP model, predicted
total PM, s concentrations were compared to observed annual-
average concentrations at measurement locations™® for each of
the five spatial resolutions tested in this study and for an
InMAP simulation with a 12 km uniform grid (see Table S9
and Figures S4—S9). The mean fractional bias is reduced from
—39% at the coarsest-resolution grid (69 km) to —17% at the
finest-resolution grid (5.9 km), while the mean fractional error
decreases from 44 to 35%. The model R?* increases from 0.16
to 0.26 as the average grid cell size decreases. These results
suggest that performance does not diminish substantially with
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finer-resolution grids. Performance evaluations were also
conducted by PM,s species for which measurement data
matching InMAP model species were available. At the finest-
resolution grid, the model R? is higher for pSO, (0.59) than for
pNH, and pNO; (0.27 and 0.33, respectively). In contrast, the
mean fractional bias and mean fractional error are close to
+100% for pSO,, while they are less than +60% for both
pNH, and pNO; (see Figures S10—S27).

An advantage of InMAP is that, in contrast to CTM
simulations using current computational technology, INMAP is
able to predict PM, 5 concentrations for the contiguous United
States at a spatial resolution finer than the resolution that has
been used in previous studies. Table S4 contains run times for
each simulation. Previous CTM-based studies of the effect of
varying spatial resolution on annual-average PM, s exposure
have employed a minimum grid cell size of 12 km for the
contiguous United States or 4 km for local or regional
scales,”***” whereas our finest-resolution InMAP simulation
uses a minimum grid cell size of 1 km with a population-
weighted average size of 5.9 km nationwide and 3.6 km in
urbanized areas. For our finest-resolution grid, meteorological
inputs are at a spatial resolution coarser than that of the model.
Therefore, spatial smoothing of meteorological data (e.g., wind
speed) may reduce model accuracy. Tessum et al.>’ compare
predicted primary PM, g concentrations at a 1 km spatial
resolution in Los Angeles using InMAP (with 9 km WRE-
Chem meteorology) and WRF-Chem (with 1 km meteorol-
ogy), finding lower spatial gradients for concentrations
modeled by InMAP in that case.

The primary goal of this analysis has been to investigate the
relationship between grid resolution and exposure in a
mechanistic air quality model. We use the year-2014 NEI
emissions to represent typical emission locations and give a
sense of the scale of exposure and exposure disparities; we do
not intend this analysis to provide a definitive, present-day
estimate of exposures and exposure disparities. Further
research could usefully investigate the impact of grid resolution
on (1) exposure for scenarios involving current or future
emissions, (2) exposure in different regions or cities within the
United States or other countries, or (3) exposure for other
population subgroups.
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