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@ Air Pollution and COVID-19 Mortality in New York City

To the Editor:

The health impact of coronavirus disease (COVID-19) appears
disproportionate across populations. Biological mechanisms of
prognosis of COVID-19 (1) suggest that long-term exposure to ambient
air pollution may contribute to health disparities. Mortality impacts
including those from pneumoniaand cardiovascular events due tolong-
term exposure to air pollution are well established (2-5). Early studies
covering multiple neighborhoods (e.g., U.S. counties) suggest that long-
term exposure to particulate matter <2.5 pum in aerodynamic diameter
(PM,5) and ozone (O;) may be linked with higher risk of COVID-19
mortality (6-8).

However, many questions remain regarding linkages between
COVID-19 and air pollution. Particularly, pollution levels vary by
community, and evidence based on high spatially resolved data such as
for neighborhoods is lacking (9). Potential determinants of
transmission and prognosis of COVID-19 (e.g., urbanicity,
socioeconomic conditions, race/ethnicity, health behaviors, access to
health care) are disproportionately distributed across neighborhoods.
These factors may have impacted findings of early studies because of
possible residual confounding.

We conducted cross-sectional analysis to investigate association
between long-term exposure to PM, 5 and O3 and COVID-19
confirmed mortality in 177 neighborhoods (i.e., five-digit modified ZIP
code tabulation areas [MZCTAs]) in New York City, New York.
COVID-19 data from February 29, 2020, to January 5, 2021, were
obtained from the New York City (NYC) Health Department’s
COVID-19 Data Website. The date of the first confirmed COVID-19
case and death is February 29 and March 11, 2020, respectively. Annual
average PM, 5 levels from December 2008 to December 2018 and
summer (June to August) average O; levels from 2009 to 2018 in 300 m
raster were obtained from NYC Open Data. MZCTA -level associations
between PM, 5 and O3 and COVID-19 confirmed mortality rate were
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estimated using Poisson regression. We considered nonlinear terms
(e.g., natural cubic spline) for associations between pollutants and
COVID-19 mortality. A random MZCTA-level intercept and
coordinates were included to consider overdispersion and adjust for
spatial autocorrelation. We applied generalized propensity score (GPS)
weighting to adjust for transmission (i.e.,, COVID-19 confirmed case
rate), age, sex, race/ethnicity, population density, socioeconomic
position, smoking, obesity, preexisting diseases (stroke, lung cancer,
asthma, and poorly controlled diabetes), and healthcare availability
(model 1). A list of variables is shown in Table 1 and its footnote. GPS
was estimated by linear regression of the logarithm of PM, 5 or O3 on
covariates. To test mediation through COVID-19 transmission and/or
preexisting diseases, we omitted these variables (models 2-4). We
further adjusted for covariates whose GPS-weighted absolute
correlations with air pollutants exceeded 0.10. MZCTA-level
associations between variables other than air pollution and COVID-19
mortality were also evaluated. Data were obtained from NYC
Neighborhood Health Atlas, Community Health Profiles, American
Community Survey 2014-2018 five-year estimate, hospital beds of
Definitive Healthcare of Esri COVID-19 GIS Hub, and the New York
State Health Department. We used area-weighting to align different
spatial tabulations.

From February 29, 2020, to January 5, 2021, the average crude
COVID-19 mortality rate was 226.8 deaths per 100,000 persons. Crude
COVID-19 mortality rates by neighborhood ranged from 0 (financial
district in Manhattan) to 744.9 cases per 100,000 persons (East New
York neighborhood of Brooklyn). MZCTA-level long-term PM, 5 and
Osranged from 7.21 to 13.45 pg/m” and 22.22 to 38.67 ppb, respectively.
Correlation between PM, 5 and O3 was —0.90.

For O3, covariates, including PM, s, were generally well balanced.
A few variables needed to be additionally adjusted using disease models.
Figure 1 presents MZCTA-level associations between long-term O,
exposure and COVID-19 mortality risk from models 1-4. Four models
showed consistent associations. We should note that preexisting
diseases and COVID-19 case rate were well balanced by GPS-weighting
even for models 2-4. These well-balanced covariates suggest inability to
isolate O;—~COVID-19 infection and O;—preexisting disease condition
mediation pathways. In model 2, a 1-ppb increase in O3 concentration
was associated with a 10.43% (95% confidence interval, 5.97-15.08%)
increase in COVID-19 mortality. For PM, s, covariates were not well
balanced, so covariate adjustment was needed. A 1-ug/m’ increase of
PM, 5 was associated with a —5.00% (95% confidence interval,
—13.62% to 4.47%) increase in COVID-19 mortality.

Table 1 presents MZCT A-level associations between
neighborhood characteristics and COVID-19 mortality. We excluded
preexisting disease variables because of their high correlation with
obesity (>0.70) except for lung cancer. Results suggest that
neighborhoods with a higher percentage of Black individuals, Hispanic
individuals, individuals aged =65 years, individuals living below the
poverty level, and individuals without health insurance are linked with
higher COVID-19 mortality risk.

Our results indicate that populations living in neighborhoods with
higher O; levels may have a poorer prognosis of COVID-19. This
association was present at pollution levels below Environmental
Protection Agency regulatory standards.

We speculate some reasons why we did not find associations for
PM, 5. First, PM, 5 was highly correlated with O3, suggesting possible
residual confounding by O;. O3 was poorly balanced by GPS-weighting
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Table 1. Relative Rate and 95% Confidence Interval of COVID-19 Mortality Rate for One Standard Deviation Increase in Non—Air
Pollution Neighborhood-Level Variables

Model A Model B Model C
Covariates* (SD) RR (95% CI) VIF RR (95% CI) VIF RR (95% CI) VIF
COVID-19
Number of COVID-19 tests 1.08 (1.03-1.14) 1.3 1.05 (1.00-1.10) 1.5 1.05 (1.00-1.1) 1.6

performed from February
29, 2020, to January 5, 2021
(11,729.64 tests)
Age-adjusted COVID-19 1.22 (1.14-1.31) 2.4 1.24 (1.16-1.33) 3.0 1.24 (1.15-1.33) 3.2

confirmed case rate from
February 29, 2020, to
January 5, 2021 (1,421.50
cases/100,000 persons)

Demographics

% of population age 45-65 yr 0.97 (0.91-1.04) 1.8 1.00 (0.93-1.06) 2.6 1.00 (0.94-1.07) 2.7
(3.61%)
% of population age =65 yr 1.25 (1.17-1.35) 2.4 1.27 (1.18-1.36) 2.9 1.27 (1.18-1.36) 3.0
(5.10%)
Female per 100 males (11.15 1.01 (0.94-1.07) 2.1 1.01 (0.95-1.07) 2.3 1.00 (0.95-1.07) 2.4
persons)
% of population that is Black/ 1.19 (1.12-1.27) 2.1 1.15 (1.09-1.22) 2.5 1.13 (1.06-1.21) 3.4
African American (24.80%)
% of population that is Hispanic/ 1.23 (1.14-1.33) 3.3 1.08 (0.99-1.17) 5.0 1.07 (0.98-1.17) 5.6
Latino (19.48%)
Population density (12,370.08 0.97 (0.91-1.04) 2.2 0.98 (0.92-1.04) 2.5 0.98 (0.92-1.04) 2.6
persons/km?)
Socioeconomic conditions
% of population of all ages living — — 1.10 (1.03-1.18) 3.0 1.11 (1.03-1.20) 4.4

below the federal poverty level in
the past 12 mo (9.67%)

% of civilian noninstitutionalized — — 0.88 (0.82—0.93) 2.6 0.87 (0.82—-0.93) 2.7
population with health insurance
(3.83%)
% of occupied housing units with — — 1.00 (0.93-1.07) 3.8 0.99 (0.92-1.07) 4.6
>1.00 occupant per room
(4.89%)
Average household size (0.35 — — 0.94 (0.87-1.01) 3.5 0.93 (0.87-1.01) 3.6
person)
Availability of adult ICU beds' (1.00 — — 0.95 (0.88-1.04) 4.8 0.95 (0.87-1.04) 4.9
beds/100,000 persons)
% of adult current smokers* — — — — 0.99 (0.94-1.04) 1.8
(3.00%)
% of obese adults® (8.71%) — — — — 1.02 (0.94-1.11) 45
Standardized incidence ratio of — — — — 0.98 (0.93-1.03) 1.7

lung cancer (0.20)

Definition of abbreviations: Cl = confidence interval; COVID-19 = coronavirus disease; MZCTA = modified ZIP code tabulation area; RR = relative
rate; VIF = variance inflation factor.

All variables were adjusted for one another.

*The covariates in this table were selected based on their potential role as confounders and correlation analysis. The following covariates were not
included because they were highly correlated with the covariates in this table: percentage of population age 15-44 years; percentage of population
that is Asian/Pacific islanders; percentage of population age =25 years whose highest level of education is less than a high school diploma or
General Education Development; median household income in the past 12 months; stroke hospitalization; preventable asthma hospitalization; poorly
controlled diabetes; staffed beds; licensed beds.

S RW, P,
T AvzcTa 2 2 ZP] T Awzcra is spatial availability of adult ICU beds at each MZCTA, N is the number of population unit (100 t2) in that

MZCTA, d;;is the travel time from the centroid of population unit / to the hospital j, 3;is the supply ratio of the hospital j, W;is the weight by the theory
of distance decay (10), and P; is the number of people at population unit i. The supply ratio, Ff,:W where S;is the number of adult ICU beds
kep, " KTk

and D, is a set of travel time rings from the hospital j up to r minutes, where ris 5, 10, 15, 20, 25, 30, 35, 40, 45, or 60 minutes. The value of 1 mile/6
min was based on calculation of Vehicle Trip Distance and Duration reported in the Annual Report of Citywide Mobility Survey 2019 by the NYC
Department of Transportation.

*Percentage of people aged =18 years who report being current smokers (smoking =100 cigarettes and now report smoking every day or some
days) from NYC Community Health Profiles.

SPercentage of people aged =18 years with body mass index >30 from NYC Community Health Profiles.
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Figure 1. Association between long-term exposure to Oz and
coronavirus disease (COVID-19) mortality risk in New York City. All
models were adjusted by GPS weighting. Covariates in Table 1 and its
footnote were generally well balanced (absolute correlation <0.10). In
addition to the weighting, some covariates were additionally adjusted by
covariate adjustment in disease models because their absolute
correlations with O after GPS weighting were >0.10 (all the correlations
were <0.30). These covariates were number of COVID-19 tests
performed, percentage of Hispanic population, poverty rate, and
asthma (models 1-2); number of COVID-19 tests performed,
percentage of population that is white, percentage of population that is
Hispanic, poverty rate, crowded housing, average household size, and
obesity (model 3); and number of COVID-19 tests performed,
percentage of population that is white, percentage of population that is
Hispanic, and poverty rate (model 4). The relative rate compares
COVID-19 mortality risk at a given level of long-term O3 exposure to the
risk at the lowest observed O3 level (22.2 ppb). Shaded areas represent
95% confidence intervals. For model 1, nonlinear terms were better fit
than a linear term based on Akaike Information Criteria (1,138.99 vs.
1,140.37). GPS = generalized propensity score; Oz = 0zone.

for PM, s—~COVID-19 mortality association, unlike PM, s, which was
well balanced by GPS-weighting for O;—~COVID-19 mortality
association. There may exist residual confounding by factors other than
05, although we used GPS-weighting and covariate adjustments.
Finally, residual variability of PM, s and COVID-19 mortality after
adjustment may be inadequate for detecting the association between
them.

There are limitations. Our analysis is cross-sectional, so the
temporality of links between air pollution and COVID-19 mortality rate
is not established. The ecological fallacy may not be fully eliminated,
although our spatial unit is the most highly resolved to date for this area
of research in the United States. Undiagnosed COVID-19 deaths could
not be considered. Future research should consider microclimate in
exposures for within-neighborhood variability, the complex pollution
mixture, and COVID-19 infection as well as mortality.
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To the best of our knowledge, this is the first study to investigate
associations between long-term PM, 5 and O; exposure with COVID-19
mortality using neighborhood-level data in the United States, for which
race/ethnicity, socioeconomic conditions, population density,
availability of healthcare, and PM, s and O; concentrations are
heterogeneously distributed. Our findings also support the theory of
disproportionate health burden of COVID-19 by socioeconomic
conditions and race/ethnicity. Complex social, economic, cultural, and
historical factors may contribute to these health disparities. Our results
for multiple stressors may be generalizable to other areas and provide
important scientific evidence to aid global efforts to tackle
disproportionate impacts of COVID-19. Individual-level studies such as
prospective cohort studies should be conducted to confirm links between
air pollution and prognosis of COVID-19. H
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