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Figure C.2: New Conbrmed Cases per 100,000 People by US County

(a) February (b) March
(c) April (d) May
(€) June (f) duly

Notes: Cases and deaths sourced from the Johns Hopkins COVID-19 Data Repository.
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Figure C.3: EPA Air Quality Monitors

Notes: Each dot represents an EPA air quality monitor reporting PM 2.5 in 2020.
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Figure C.4: EPA Air Quality Monitor Clusters

Notes: Each color represents one of 100 air quality monitor clusters. These clusters are grouped according to the
location of the air quality monitors by the k-means cluster algorithm following the strategy in Deryuginaet al.
(2019).
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Figure C.5: Fine Particulate Mean Daily Concentration by Month and County

(a) February (b) March
(c) April (d) May
(€) June (f) duly

Notes: For each county, the value for each month is calculated by averaging the daily concentration of PM 2.5,
weighted by the number of peoplein census blocksin a 10 kilometer buffer around the air quality monitor.
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Figure C.6: Air Quality During the Pandemic

Notes: Figures plot average county-level bPne particulate matter or air quality index on each date. County-level
Pgures derived by averaging values over al monitors reporting on any given day.
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Figure C.7: NOAA Wind and Weather Monitoring Stations

Notes: Each dot represents a weather station reporting wind speed and direction in 2020.
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C.3 Supplemental Data

This section lists and describes minor datasets used for supplementary and robustness
purposes in this paper. First, we obtained essential worker shares at the county level from
Andersen et al. (2023). These data are counts of workers by North American Industry
Classibcation System (NAICS) code in each county, where essential work NAICS categories are
marked with an indicator variable. Information on urbanization rates at the county level were
obtained from the 2013 National Center for Health Statistics UrbanN Rural Classi bcation Scheme
for Counties (Ingram and Franco, 2014). We use two datasets from the Centers for Disease
Control and Prevention (CDC) regarding vaccines. the Vaccine Hesitancy for COVID-19 data and
county-level COVID-19 Vaccinations in the United States data (see CDC, 2021b and CDC, 2021a
for more information). The vaccine hesitancy information is a metric based on responses to the
U.S. Census Household Pulse Survey question, GDnce a vaccine to prevent COVID-19 is
available to you, would you get a vaccine?OThe CDC vaccination data, in turn, provide
information on the share of residents over 18 within a county who receive at least one dose of a
COVID-19 vaccine. Thisinformation isin time series format, and so we extract asingle
cross-section of the information from May 2021 for use in the heterogeneity analysis. We source
county-level shares of democratic and republican votes in the 2020 presidential election from the
MIT Election Data and Science Lab (see MIT Election Data And Science Lab, 2021 for a
description of the data). Finally, for case or mortality incidence by population sub-group
variables, which required population counts for each category, we used the 5-Year American
Community Survey (ACS) datafrom 2016 to 2020. We also use ACS information to calculate

population density for each county.
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C.4 Individual and County Heterogeneity

In this Appendix section, as outlined in Section 3.5.5 in the main body of paper, we examine
potential heterogeneity in the relationship between PM 2.5 and COVID-19 cases, mortality, and
measures of clinical progression such as use of mechanical ventilation. We do so in two ways.
First, we leverage the restricted CDC data to assess how our results vary across sex, age, and race
and ethnicity subsets of the case surveillance data. Second, we apply our main empirical
approach, as described in Section 3.4 in the main body of paper, whileinteracting PM 2.5 with the
dimensions of heterogeneity of interest. We consider the following dimensions: proportion of
essential workers, population density, urbanization rates, share of Republican voters, and
vaccination rates as of May 2021 as a proxy for risk attitudes with respect to COVID-19.
Similarly, we assess heterogeneity across areas with greater vaccine hesitance as self-reported
through the U.S. Census Household Pulse Survey. In particular, vaccine hesitance metrics were
produced by the CDC based on responses to the question GDnce a vaccine to prevent COVID-19
isavailable to you, would you get a vaccine?Q Appendix Section C.3 provides more information
about these additional data.

With either approach, the purpose of these analyses is descriptive. While our empirical
approach still relies on the identibcation strategy described in Section 3.4 in the main body of
paper, the interactions should not be interpreted causally. Indeed, several of the variables that we
consider are correlated, so that observing heterogeneity along one dimension, for example
population density, may also relate to heterogeneity along a correlated dimension, such as
political preferences. Moreover, the differencesin point estimates between sub-samples should
not be taken at face value, asthe individual characteristics that we observe may correlate with
other individual characteristics that we may not observe. Another straightforward caveat of the
heterogeneity analysesis that they may imply inferring from noisier estimates obtained from

smaller sample sizes or interaction terms.
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C.4.1 Heterogeneity by Individual Characteristics

We use the restricted CDC case surveillance records to assess how the impact of air pollution
on cases varies across age and race and ethnicity in Table C.19. In this table, all outcomes ref3ect
case incidence per 100,000 individuals of a given demographic group, such that the case counts
for al individuals from age 0-19 are computed relative to the county-specibc number of
individualsin this group.? Thisincidence computation ensures that point estimates are roughly
comparable in magnitude even if one demographic group has arelatively larger or smaller
demographic share within a county. In the brst panel of Table C.19, we show that the impact of
air pollution on case incidence, a proxy for case severity, is generally increasing with age. For
individuals from 0 to 19 years of age, aone-unit increase in air pollution is associated with a 2%
increase in case incidence. For individuals from 20 to 59 years, the percent change is 3.7-3.8%
per unit of PM 2.5 induced by wind direction. For individuals from 60 to 79, the impact is still
larger at 4.7%, while for individuals over 80 the impact from an additional unit of air pollution
exposure is a 6.6% increase in case incidence, amost twice as large as for the 20-59 group. The
magnitude of impact, at 1 case per 100,000, is also four times as large as the population-level
effect observed in Table C.3. Depending on the age group, the magnitude of these point estimates
isfour to ten times larger than the point estimates observed with respect to PM 10 and cases in the
German context of Isphording and Pestel (2021), which is between 0.1 and 0.2 for men and
women over age 80, respectively. However, the percent changes from mean incidence are roughly
comparable given lower case incidence in Germany. For example, the percent increase from the
mean is roughly 5% for individuals over 80 in Germany, and 6.6% for the same age group in our
sample. In the second panel, we show that air pollution has the largest impact on case incidence
for Black and Hispanic communities, for whom a one-unit increase in PM 2.5 increases case
incidence by 7-15% from the mean. In contrast, a one-unit increase in PM 2.5 increases case

incidence for white popul ations by 3% from the mean for this population group. It isworth noting

1 County-level population counts for each demographic were obtained from the 2016 to 2020 5-year American
Community Survey.

260



that Native American communities also see proportionally larger percent increasesin case
incidence than White populations, at 5.2% compared to 3.3%, but the point estimate is
nevertheless lower because Native Americans have lower average case incidence overall. These
results for Native American communities are highly statistically signibcant, although they are
inferences from arelatively small sample size. Lastly, Table C.20 shows how case incidence
differs by sex in pandl (@), athough thereislittle difference across groups. Collectively, these
results suggest that population groups with increased potentia vulnerability, including the elderly
and minority populations, are also more likely to see the greatest increase in reported case

numbers related to air pollution exposure.

We next turn to heterogeneity in mortality across sex, age, and race and ethnicity. We note
before describing these regressions that, as before, we do not observe the exact timing of
mortality and so these regressions measure the effect of a pollution shock at the time of case
conbrmation. Moreover, due to frequently missing mortality information, results should be
interpreted with caution. To start with sex, the second panel of Table C.20 suggests that a one-unit
increase in PM 2.5 at the time of case conbPrmation increases the likelihood of mortality by 0.09
percentage points for females and 0.2 percentage points for males. The latter istwice aslarge an
impact, and it is also much more precisely measured. This result conbrms much of the prior
literature, including Isphording and Pestel (2021), in showing that males were more susceptible to
severe COVID-19 illness than females (see Mohamed et al., 2020 for more discussion of the
medical basis for sex-based differencesin COVID-19 ilIness severity). Following the same
structure as for cases, Table C.21 and Table C.22 show how the likelihood of mortality differs
across age and race and ethnicity groups. For age, we observe avery small and statistically
insignibcant effect for al age groups up to 59 years. For those from 60 to 79 and above 80, point
estimates are at least 10 times as large as those for the younger population cohorts, although the
point estimates are not statistically signibcant. The point estimate of 0.004 for individuals over 80
iswithin the conbdence interval of effects observed in I sphording and Pestel (2021) for the period

from -2 to 2 days for men and slightly below the conbdence interval observed for women,
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Table C.19: Wind and PM 2.5 IV: Case Incidence per 100,000 by Age and Race/Ethnicity using
CDC Case Surveillance Records

1) @) ©) (4) ()
Age0-19 Age20-39 Aged0-59 Age60-79 Age80+
Weighted PM 2.5 0.0889** 0.493***  0.463** 0.436***  1.093**
(0.0422) (0.186) (0.187) (0.168) (0.474)
F Stat 11.23 11.23 11.23 11.23 11.23
Dep Var Mean 4.503 13.475 12.235 9.266 16.615
Pct Change Mean 1.974 3.660 3.784 4.701 6.578
County & State-by-Week ! ! ! ! !
FEs
Observations 76,111 76,111 76,111 76,111 76,111
1) @) ©) (4) )
Native Ame.  Hispanic Asian Black White
Weighted PM 2.5 0.0728** 0.479** 0.0106 0.427***  0.143***
(0.0351) (0.191) (0.0526) (0.129) (0.0523)
F Stat 11.23 11.23 11.23 11.23 11.23
Dep Var Mean 1.387 14.527 3.084 6.833 4.475
Pct Change Mean 5.248 3.300 0.344 6.242 3.203
County & State-by-Week ! ! ! ! !
FEs
Observations 76,111 76,111 76,111 76,111 76,111

Notes: * p< 0.1, ** p< 0.05, *** p< 0.01. Standard errors clustered at the county level in parentheses.
Outcomes are daily case or mortality incidence per 100,000 population at the county-day level. Controlsinclude
state-level and county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation,
prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster
interactions. Displayed output of atwo-stage least squares regression model with county and state-by-week bxed
effects in which wind direction and air quality monitor cluster interactions are used to predict PM 2.5 levelsina
county on agiven day. F-statistics of the relevance test are computed assuming brst-stage standard errors are not
serialy correlated.
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Table C.20: County Case Incidence and Clinical Outcomes by Sex using CDC Case Surveillance

Records
(1) 2
Female Made
Panel a - County Case Incidence
Weighted PM 2.5 0.397** 0.360***
(0.154) (0.136)
F Stat 11.23 11.23
Dep Var Mean 10.219 9.378
Observations 76,111 76,111
Panel b - Individual Mortality
Weighted PM 2.5 0.000943 0.00220* *
(0.000760) (0.000877)
F Stat 61.29 80.18
Dep Var Mean 0.096 0.135
Observations 166,053 145,511
Panel ¢ - Individual Hospitalization
Weighted PM 2.5 -0.00264**  0.00150
(0.00121) (0.00135)
F Stat 72.74 67.56
Dep Var Mean 0.207 0.267
Observations 204,688 177,976
Panel d - Individual M echanical Ventilation
Weighted PM 2.5 0.000628 0.00312**
(0.000946) (0.00138)
F Stat 42.85 41.12
Dep Var Mean 0.044 0.081
Observations 94,669 82,636
Panel e- Individual I ntensive Care Unit
Weighted PM 2.5 0.000572 0.00218
(0.00109) (0.00165)
F Stat 42.96 36.53
Dep Var Mean 0.081 0.136
Observations 94,497 82,809

Notes: * p< 0.1, ** p< 0.05, *** p< 0.01. Standard errors clustered at the county level in parentheses. The
outcomes of panel (a) are daily case incidence for males and females per 100,000 population of the same sex at the
county-day level. Panels (b) through (€) regress individual-level outcomes for whether a conbrmed case progressed
to mortality, hospitalization, mechanical ventilation, or ICU admission for the sample of conbrmed cases for each
sex. Individual-level controlsinclude age, race and ethnicity, and pre-existing medical conditions. County controls
include state-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,
precipitation, prior two-week socia distancing behavior, day-of-week, and two lagged wind direction-by-monitor
cluster interactions. Displayed output of a two-stage least squares regression model with county and state-by-week
Pxed effects in which wind direction and air quality monitor cluster interactions are used to predict PM 2.5 levels
in acounty on agiven day. F-statistics of the relevance test are computed assuming brst-stage standard errors are
not serially correlated.
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although our estimates are not directly comparable because, among other reasons, we do not
observe time of mortality. Asfor race and ethnicity, we observe that white populations are the
only population group with a statistically signibcant effect of air pollution on the likelihood of
mortality, which could be in part due to greater sample size or disparate age probles. For all
analyses across age, sex, or demographic groups with respect to mortality, results are generally
noisy. We attribute this both to unobserved timing of mortality as well as frequently missing
observations. Moreover, differences in sample size and correlations with unobserved factors lead
us to exercise caution in interpreting these Pndings with a high degree of conbdence.

The restricted CDC data also alow usto display clinical progression results over sex, age
groups, and race and ethnicity categories, which we show in Tables C.20, C.21, and C.22. In
general, the effect of air pollution on clinical progression is larger and more precisely estimated
for males, older individuals, and white populations, although results are often noisy and
indistinguishable from zero when using sub-samples. As before, due to smaller sample size,
missing clinical outcomes, and unobserved timing of clinical progression, we refrain from

providing any conclusive interpretation of these results.
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Table C.21: Clinical Outcomes by Age Group using CDC Case Surveillance Records

(@) ) (©) (4) )
Age0-19 Age20-39 Aged0-59 Ageb60-79 Age80+
Panel a - Mortality
Weighted PM 2.5  0.000157 0.000232 0.000181 0.00223 0.00385
(0.000176)  (0.000299) (0.000741) (0.00171) (0.00416)
F Stat 13.55 45.63 40.80 44.72 23.55
Dep Var Mean 0.001 0.005 0.049 0.269 0.596
Observations 33,202 105,544 89,557 57,987 25,037
Panel b - Hospitalization
Weighted PM 2.5 0.00384*** -0.00149 0.00180 0.000290 -0.00563
(0.00132) (0.000962) (0.00165) (0.00260) (0.00401)
F Stat 16.82 4257 47.07 40.16 26.54
Dep Var Mean 0.034 0.076 0.211 0.484 0.632
Observations 37,457 125,021 115,467 77,303 27,235
Panel ¢ - M echanical Ventilation
Weighted PM 2.5  0.000760 -0.000696 0.000939 0.00439** 0.00121
(0.000615) (0.000534) (0.00165) (0.00222) (0.00246)
F Stat 12.59 27.61 27.89 24.71 17.41
Dep Var Mean 0.005 0.012 0.058 0.151 0.117
Observations 15,848 57,908 54,809 36,477 12,014
Panel d - Intensive Care Unit
Weighted PM 2.5  0.000974  -0.00293***  0.00321* 0.00436 0.00252
(0.00113) (0.00107) (0.00188) (0.00273) (0.00421)
F Stat 15.01 25.73 27.57 26.25 13.27
Dep Var Mean 0.012 0.027 0.103 0.238 0.222
Observations 15,836 57,207 55,296 36,784 11,847

Notes: * p< 0.1, ** p< 0.05, *** p < 0.01. Standard errors clustered at the county in parentheses. The table
presents results on county-level incidence of mortality, hospitalization, ventilation, or ICU admission, asin

Table 3.10, except the independent variable is adjusted in Panel (b) through Panel (€) such that PM 2.5 on a given day
is replaced with the average PM 2.5 over the following 3, 7, 10, or 14 day period in the same region. Therationale for
this adjustment is that case records list the date of case conbrmation and not the date of other clinical events, so a
longer time horizon is more likely to correspond to pollution at the time of these clinical events. Individual-level
controls include sex, age, race and ethnicity, and pre-existing conditions. County controls include state-level and
county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week
socia distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed
output of atwo-stage least squares regression model with county and state-by-week bxed effectsin which wind
direction and air quality monitor cluster interactions are used to predict PM 2.5 levelsin a county on a given day.
F-statistics of the relevance test are computed assuming brst-stage standard errors are not serially correlated.
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Table C.22: Clinical Outcomes by Race and Ethnicity using CDC Case Records

1) 2 ©) (4) )
Native Ame. Hispanic Asian Black White
Panel a- Mortality
Weighted PM 2.5  -0.00542 0.00103 0.00178 -0.000435 0.00235***
(0.00659) (0.00108) (0.00235) (0.00102) (0.000883)
F Stat 24.07 55.24 13.22 40.28 47.84
Dep Var Mean 0.060 0.086 0.142 0.144 0.116
Observations 817 82,526 13,122 64,875 140,929
Panel b - Hospitalization
Weighted PM 2.5  -0.00110 -0.00145 0.00422 -0.00134  -0.000338
(0.00977)  (0.00143) (0.00476) (0.00180) (0.00134)
F Stat 15.19 53.98 16.61 50.14 54.18
Dep Var Mean 0.182 0.211 0.300 0.341 0.192
Observations 1,199 109,429 14,585 80,666 163,501
Panel ¢ - Mechanical Ventilation
Weighted PM 2.5 0.00481 0.00230 0.00382 0.0000374  0.00189*
(0.00298)  (0.00140) (0.00331) (0.00213) (0.000957)
F Stat 54.39 41.93 11.49 36.33 36.29
Dep Var Mean 0.051 0.067 0.089 0.104 0.038
Observations 370 48,311 6,977 31,932 84,801
Panel d - Intensive Care Unit
Weighted PM 2.5  -0.0127** 0.00201 0.00727*  0.000236 0.00110
(0.00577)  (0.00180) (0.00405) (0.00191) (0.00115)
F Stat 34.35 36.28 22.54 25.39 32.19
Dep Var Mean 0.158 0.104 0.139 0.173 0.078
Observations 448 47,106 7,148 32,134 84,998
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Notes: * p< 0.1, ** p< 0.05, *** p < 0.01. Standard errors clustered at the county level in parentheses. The table
presents results on county-level incidence of mortality, hospitalization, ventilation, or ICU admission, asin

Table 3.10, except the independent variable is adjusted in Panel (b) through Panel (€) such that PM 2.5 on a given day
is replaced with the average PM 2.5 over the following 3, 7, 10, or 14 day period in the same region. Therationale for
this adjustment is that case records list the date of case conbrmation and not the date of other clinical events, so a
longer time horizon is more likely to correspond to pollution at the time of these clinical events. Individual-level
controls include sex, age, race and ethnicity, and pre-existing conditions. County controls include state-level and
county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week
socia distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed
output of atwo-stage least squares regression model with county and state-by-week bxed effectsin which wind
direction and air quality monitor cluster interactions are used to predict PM 2.5 levelsin a county on a given day.
F-statistics of the relevance test are computed assuming brst-stage standard errors are not serially correlated.



C.4.2 Heterogeneity by County Characteristics

Our main estimates are presented in Table C.23, with Table C.24 presenting correlations
across the dimensions of heterogeneity that we study. We start by looking at fractions of essential
workersin each county. Essential workers are more exposed to the risk of contracting the virusin
comparison to other groups of workers (e.g. McCormack et al., 2020). Applying our model to the
interaction between fractions of essential workers and PM 2.5 tends to suggest, as shown in
column (1) of Table C.23, a stronger relationship between PM 2.5 and case rates in counties with
more essential workers, although the corresponding estimations are rather noisy. Estimates are
similarly noisy with death incidence, as shown in column (7), where they tend to point in the
opposite direction. Overall, our results can only be interpreted as suggestive evidence that there
may be a stronger relationship between PM 2.5 and COVID-19 casel oads in counties with more
essential workers. Furthermore, one should note that counties with larger shares of essential
workers may vary along other dimensions as well, as mentioned in the introduction to this section
and described in the correlations presented in Table C.24.

Next, we turn to the role of urbanization rates and population density, which aim at measuring
the different context in which COVID-19 may spread depending on people® geographical
proximity. However, highly urban counties may differ from sparsely populated counties in many
dimensions other than the average number of encounters a person makes every day, including the
evolution of pollution levels during the period of observation. As with essential worker results,
estimates are rather noisy for both case and death outcomes, as shown in columns (2) and (3), and
(7) and (8), of Table C.23. Yet, any suggestive evidence that comes from these columns point to a
situation in which higher population density is associated with a weaker relationship between PM
2.5 and COVID-19 outcomes.

In what follows, we investigate dimensions of heterogeneity that may shed some light on the
pattern observed across urbanization and population density interactions, while remaining in the
realm of suggestive evidence. Columns (4) and (5), and (9) and (10), suggest a weaker

relationship between PM 2.5 and COVID-19 outcomes in areas that have lower shares of
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Republican voters and in areas where people may be less willing to take risks in the face of the
pandemic, which may also be based on different perceptions of its severity. These two sets of
variables, political preferences and risk-aversion during the pandemic, tend to be negatively
correlated, as shown for instance in Allcott et a. (2020) aswell asin Table C.24 for vaccination
rates. In practice, more risk taking may imply less mask wearing and less social distancing during
our period of study, and it is captured by mid-2021 measures of vaccination rates. Mask wearing
may not only be helpful in preventing spread of COVID-19 but also in limiting the exposure to
PM 2.5. Mask wearing is indeed considered among the avoidance behaviors used to limit the
impact of local air pollution on health (e.g. Zhang and Mu, 2018). Additional analysis classifying
counties across terciles of vaccination hesitance, in Table C.25 suggest that the effect of PM 2.5
on cases is stronger in the second and third terciles of vaccine hesitance, or where individuals may
be less likely to seek out vaccination. A similar pattern can be observed for mortality, where areas
with the most vaccine hesitance also demonstrate the strongest and most statistically signibcant

response from pollution on mortality.
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