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1 Introduction

Influenza pandemics are unpredictable but recurring events that create substan-
tial economic disruption and pose a major threat to global health.! For example,
the 1918-1919 Spanish Influenza Pandemic is estimated to have killed 50 million peo-
ple worldwide (Crosby, 1989). A pandemic comparable in severity to the Spanish
Flu would quickly overwhelm existing healthcare infrastructure.? Thus, preventative
strategies and targeted distribution of medical resources are likely to be critical in
mitigating the severity of an outbreak.

Recent evidence suggests that air pollution may exacerbate pandemic severity.
In randomized control trials, mice exposed to higher air pollution concentrations
experienced increased mortality when infected with a common strain of influenza
virus (Harrod et al, 2003; Lee et al, 2014). If this relationship holds in human
populations, it has important implications for addressing pandemic influenza, given
that 87 percent of the world population lives in locations where air pollution exceeds
the World Health Organization Guideline.

Despite the importance for policy, identifying how air pollution affects pandemic
severity is challenging because of unobserved confounding factors such as prior expo-
sure to infectious disease or vaccination. This paper uses a quasi-natural experiment
— the 1918-1919 Spanish Influenza Pandemic — to study the effects of pollution on
pandemic mortality. The unanticipated, short-lived, and severe outbreak killed an

estimated 675,000 Americans. The HIN1 strain was new, so individuals did not have

!The World Bank estimates that the global costs of a severe influenza pandemic could exceed
$3 trillion (World Bank, 2013). Given the non-zero probability of a pandemic in any given year, the
annual expected costs are estimated to be over 700,000 deaths worldwide, and 0.7 percent of global
income (Fan, Jamison, and Summers, 2016).

2In the United States, Meltzer, Cox, and Fukuda (2005) estimate that the next influenza pan-
demic could lead to 89,000 to 207,000 deaths; 314,000 to 734,000 hospitalizations; 18 to 42 million
outpatient visits; and 20 to 47 million additional illnesses.



immunity, and there were no vaccines or effective medical treatments. Moreover, the
influenza virus spread rapidly, limiting the scope for viral evolution. As a result,
cohorts exposed to the pandemic experienced a common health shock. There were
wide differences in air pollution across cities, in part due to differences in the avail-
able inputs for electricity generation. Thus, these cohorts were exposed to markedly
different levels of air pollution prior to the outbreak of the pandemic.

The research design combines the sharp timing of the pandemic with large cross-
city differences in baseline pollution levels to identify the impact of air pollution on
pandemic severity. The empirical analysis draws on information on infant and all-age
mortality for a panel of 183 American cities, representing more than one-half of the
urban population and one-quarter of the total population, for the years 1915 to 1925.
These data are linked to newly digitized detailed 1915 data on the location, capacity
and type of generation for all electricity plants with at least 5 megawatts of capacity.
Our preferred measure of exposure is total coal-fired electricity capacity within 30
miles of a city. It is highly correlated with measures of bituminous coal consumption
and can be thought of as a proxy for city-level pollution.

The results show that air pollution exacerbated the severity of the pandemic.
Coal-fired capacity is positively and statistically significantly related to both infant
and all-age mortality in 1918. These effects are quantitatively important. Differences
in coal-fired capacity can account for 35 to 46 percent of the cross-city variation in
pandemic infant mortality and 22 to 32 percent of the cross-city variation in all-age
mortality. To illustrate the magnitude of the main estimates, we compute the effect
of moving all cities above the median in coal-fired generating capacity to the median.
In this scenario, pandemic-related infant mortality would have been 25 to 40 percent
lower, and 3,283 to 5,232 infant deaths would have been averted. Meanwhile, all-age

mortality would have been 10 to 14 percent lower, and 15,617 to 22,314 all-age deaths



would have been averted.

We examine the sensitivity of the main findings to a number of potential threats
to identification. A first concern is that less healthy populations sorted into heavily
polluted and also experienced differential increases in mortality in 1918. We include
a variety of measures of city-level health interacted with 1918 to allow for differences
in pandemic severity according to baseline population health. We also explore hetero-
geneity in the effects of pollution on pandemic mortality across cities with different
baseline levels of health capital. The results show that differences in baseline pop-
ulation health cannot explain the relationship between coal capacity and pandemic
severity. A second threat to identification is that the timing of pandemic onset may
have been spuriously correlated with local pollution levels. If the timing of onset
affected pandemic-related mortality, either because of viral evolution or the local re-
sponse to the outbreak, this correlation could bias the baseline estimates. We interact
the 1918 fixed effect with a number of determinants of pandemic timing, including
city proximity to World War I bases, the local railway network, and the week of initial
onset. The findings are not sensitive to these controls.

A third concern is that mortality in high pollution cities was particularly elevated
in 1918 for reasons unrelated to the pandemic, such as increased wartime production.
To examine this issue, we estimate the impact of coal-fired capacity on excess mortal-
ity in non-pandemic years.> We find no relationship between coal-fired capacity and
mortality in non-pandemic years. Noteably, the 1917 interaction effect is small and
statistically insignificant, despite the fact that World War I mobilization was under
way. Coal-fired capacity also had a positively impact on mortality in 1919, although

the estimate is smaller in magnitude. These results are consistent with the timing

3These models control for the direct impact of air pollution on mortality with city fixed effects
and a range of time-varying city-level controls.



of the pandemic, which was most severe in the fall of 1918, but continued to affect
mortality through the first quarter of 1919. There is also no impact of hydroelectric
capacity on pandemic-related mortality. Hydroelectric capacity serves as a placebo
test, because it generates electricity but is emission free.

By studying the relationship between air pollution and pandemic-related mortal-
ity, this paper contributes to the literature on determinants of the spread and severity
of influenza pandemics. The 1918-1919 Influenza Pandemic continues to be widely
studied because of its relevance for the prevention of future outbreaks.* The risks
posed by a severe influenza pandemic are substantial and are unlikely to be met by
existing medical infrastructure. The results of this paper thus have important im-
plications for pandemic preparedness and the allocation of scarce resources during
an outbreak. Mitigation strategies could include both air pollution abatement, and
the distribution of vaccines, antiviral drugs, and medical supplies to high pollution
locations.

This paper also contributes to the literature on air pollution and mortality by
providing some of the first evidence on the health interaction between air pollution
and infectious disease. A number of studies have shown a causal link between air
pollution and mortality (Chay and Greenstone, 2003a, 2003b; Currie and Neidell,
2005). Because these studies typically rely on short-term variation in air pollution to
identify the health impact, they are unable to identify the extent to which air pollution
increases susceptibility to other infrequent negative health shocks. Our findings show
that baseline exposure to air pollution substantially exacerbated the mortality effects

of the 1918 Influenza Pandemic. From a policy perspective, the presence of these

4A large medical literature has sought to understand the particular characteristics of the HIN1
strain responsible for the pandemic (see Taubenberger and Morens, 2006, for a discussion). Beginning
with Almond (2006), economists have also used the sharp timing of the pandemic to examine the
long-term outcomes of survivors (see Nelson, 2010; Neelsen and Stratmann, 2012; and Lin and Liu,
2014).



interaction effects suggests that there may be considerable co-benefits of pollution
abatement that are not accounted for by conventional evaluations.

The paper proceeds as follows. Section 2 provides background on the link between
air pollution and pandemic-severity and discusses the history of the 1918 influenza
pandemic and air pollution in early 20th century United States. Section 3 describes
the data. Section 4 introduces the empirical strategy. Section 5 presents the main

findings. Section 6 reports a variety of robustness exercises; and section 7 concludes.

2 Background

2.1 Air Pollution, Health Capital, and the Pandemic

In the Appendix, we develop a simple model of health capital to examine the
channels through which exposure to air pollution affected the severity of the 1918-
1919 Influenza Pandemic. The model provides two main insights. First, differences
in population pollution exposure may cause a common health shock, such as the pan-
demic, to have heterogeneous effects on mortality. Second, both contemporaneous
and pre-pandemic pollution exposure can influence pandemic severity. As discussed
below, it is likely that contemporaneous pollution exposure weakened individual im-
munity and increased susceptibility to the pandemic. Meanwhile, baseline pollution
exposure could exacerbate or mitigate the impact of the pandemic. On the one hand,
pre-pandemic pollution exposure will tend to lower health capital, leaving individu-
als more vulnerable to the consequences of a negative health shock. On the other
hand, if pollution increased pre-pandemic mortality among individuals with marginal
health, the average health stock in the local population could increase. For adults,

both channels can influence pandemic-related mortality, since that the stock of health



capital will depend on lifetime pollution exposure. For infants, contemporaneous pol-
lution exposure is likely to be more important, since infant health capital depends on
pre-pandemic pollution indirectly through the mother’s lifetime exposure.

There is a large literature that examines the direct impact of air pollution on in-
fant mortality and all-age mortality (Chay and Greenstone, 2003a, 2003b; Currie and
Neidell, 2005; Pope et al, 2004; DelFino et al, 2005). These studies typically identify
the effect of contemporaneous pollution exposure on health, but generally have not
examined the health impact of long-term pollution exposure or the extent to which
pollution interacts with other negative health shocks.® For infants, prenatal expo-
sure affects health through the timing of birth and birthweight (Currie and Walker,
2011), and postnatal exposure has been linked to Sudden Infant Death Sydrome and
to respiratory illness (Woodruff et al, 2008; Arceo-Gomez et al, 2012). Air pollu-
tion affects adult mortality primarily through cardiovascular disease and respiratory
disease (Hoek et al, 2013).5

There is emerging evidence that suggests that air pollution may exacerbate pan-
demic severity. In randomized control trials, mice exposed to higher levels of par-
ticulate matter (PM) experienced increased mortality when infected with a common
strain of the influenza virus (Hahon et al, 1985; Harrod et al, 2003, Lee et al, 2014).
Microbiology studies of respiratory cells also identify a link between pollution ex-

posure and respiratory infection. Respiratory epithelial cells are the primary site

5A small number of recent studies have linked childhood exposure to pollution and long-term
outcomes (see Currie et al, 2014, for an overview).

In their review and American Heart Association statement, Brook et al (2010) find: “Most,
but not all, epidemiological studies corroborate the elevated risk for cardiovascular events associated
with exposure to fine PM <2.5 um in aerodynamic diameter (PMs5). PMs 5 generally has been
associated with increased risks of myocardial infarction (MI), stroke, arrhythmia, and heart failure
exacerbation within hours to days of exposure in susceptible individuals.” The mechanism are still
being explored, but they summarized the evidence up to that point: “Air pollutants have been linked
with endothelial dysfunction and vasoconstriction, increased blood pressure (BP), prothrombotic and
coagulant changes, systemic inflammatory and oxidative stress responses, autonomic imbalance and
arrhythmias, and the progression of atherosclerosis.”



for influenza virus infection and replication, and PM exposure increases the viral-
load post-infection (Jaspers et al, 2005). In experimental models, PM has also been
shown to reduce the host response to bacterial infections of the lungs through altered
bacterial clearance (Jakab, 1993), an effect that may have been particularly severe
during the 1918 epidemic, when mortality was often caused by a secondary infection,

such as bacterial pneumonia.”

2.2 Air Pollution in Early 20th Century American Cities

Historical evidence suggests that air pollution was a problem and that there were
substantial differences in air quality across cities. As smoke became significant, cities
often passed legislation aimed at reducing it. In 1912, the Bureau of Mines reported
that 23 of 28 cities with populations over 200,000 were trying to combat smoke (Gok-
lany, 1999, p. 15). The top panel of Table A.1 lists the 23 cities with smoke problems
and the 5 cities that did not have smoke problems, because they used relatively little
coal. The bottom panel of Table A.1 reports cities that adopted legislation to combat
smoke problems. Dozens of smaller cities also passed legislation.

Newspapers frequently discussed the ‘smoke nuisance’. Although systematic cross-
city information on pollution levels was not available until the mid-1950s, intermittent
monitor readings during the early 20th century suggest the problem was severe and
varied widely across cities. The top panel of Table A.2 reports TSP concentrations
across various cities in the early 20th century. TSP concentrations in these cities
were similar to levels in Chinese cities from 1980-1993. These levels are six times

higher than the average annual TSP threshold and twice the maximum daily threshold

"Contemporary researchers noted the devastation to the lungs of influenza victims. At a discus-
sion reported in the Journal of the American Medical Association, pathologists noted that “the lung
lesions, complex and variable, struck one as being quite different in character to anything one had
met with at all commonly in thousands of autopsies one had performed during the last 20 years”
(Ireland, 1928, p.150).



initially set under the Clean Air Act Amendements of 1970.® There was considerable
variation in air quality across cities. For example, TSP concentrations in Chicago
were twice the levels found in Detroit.

Coal-fired capacity is a useful proxy for city-level air quality. Coal consumption for
electricity generation was an important contributor to urban air pollution. Cities near
large bituminous coal deposits were heavily dependent on coal-fired capacity, while
cities in areas where topographical conditions favored its use were heavily dependent
on hydroelectric capacity. The majority of power plants were in urban areas, and
emissions were dispersed locally through stacks that were below 75 meters in height
on average (Hales, 1976, Figure 4, p.10).? Figure A.2 reports the relationship between
total state level coal consumption and coal-fired and hydroelectric capacity in 1917.
There is a strong positive relationship between coal-fired capacity and total coal
consumption at the state-level. There is no link between hydroelectric capacity and

overall coal use.

2.3 The 1918-1919 Influenza Pandemic

The influenza pandemic of 1918-1919 was brief, but severe. Estimates of world-
wide fatalities range from 50-100 million (Crosby, 1989; Johnson and Mueller, 2002).
In the United States, fatalities were between 675,000 and 850,000. Figure 1 reports
national influenza and pneumonia deaths by month for the 1918-1919 period and the
corresponding months for the previous 5 years. Pandemic-related mortality was par-
ticularly elevated between October 1918 and January 1919. This four-month period

accounted for over 90 percent of pandemic-related deaths.

8Under the 1970 CAAA, the EPA designated a county as nonattainment if TSP concentrations
exceeded either 1) an annual geometric mean concentration of 75 ug/m3, or 2) the second highest
daily concentration exceeded 260 pug/m3.

9Electricity generation accounted for 20 percent of total domestic coal consumption in 1920
(Historical Statistics, 1976, p.591, 824).



The pandemic was caused by the HIN1 virus. Unlike the seasonal flu, which is
typically caused by slight variations in pre-existing strains, the HIN1 virus had not
previously been introduced to the human population. As a result, all individuals
lacked immunity to the virus. Approximately 30 percent of the U.S. population
contracted the HIN1 virus in 1918-1919 (Collins, 1931). Fatality rates for those who
contracted the virus were greater than 2.5 percent, which is far higher than usual (0.1
percent). The Spanish Flu was also characterized by an unusual ‘W’ age distribution
of mortality (see Figure A.1).

The pandemic spread rapidly throughout the country. The most serious wave
originated in Camp Devens near Boston in the first week of September 1918. Figure
2 documents the timing of pandemic onset, based on information compiled across 376
localities by Sydenstricker (1918). The pandemic had surfaced in most East Coast
cities by mid-September, and then moved westward, diffusing nationwide by early
October. The rapid spread meant that there was limited evolution of the virus.

Medical and public health interventions seemed to have been ineffective. Antibi-
otics had not yet been developed and so could not be used to treat the bacterial pneu-
monia that often developed. Medicine had little to offer beyond palliative care, and
hospitals were quickly overwhelmed. Municipalities were often slow to adopt preven-
tative measures that included bans of public gatherings, regulations against spitting
in public, and encouragement to wear masks. There is debate about the impact of
public interventions on the spread of the pandemic. Most researchers consider the
public response to have been inadequate to have meaningfully reduced transmission
rates (Brainerd and Siegler, 2003; Crosby, 1989). On the other hand, Bootsma and
Ferguson (2007), find that public health interventions reduced pandemic mortality
across 43 U.S. cities. In the empirical analysis, we exploit information on the timing

of the pandemic onset to explore whether the delayed public response contributed to



pandemic severity.

There were wide cross-state and cross-city differences in pandemic severity. For
example, mortality was more than twice as high in Pennsylvania relative to neigh-
boring Ohio. Mortality in Dayton, Ohio was 80 percent higher than in Columbus,
Ohio (Huntington 1923, table 7). Although researchers have commented on the dif-
ferences, there is little consensus on the underlying causes (Huntington 1923, Crosby

1989, Kolata 1999, Brainerd and Siegler 2003).

3 Data

Data on infant and all-age mortality are combined with newly digitized infor-
mation on electricity generation and additional census data on city characteristics.
Infant and all-age mortality rates were digitized for a panel of 183 American cities for
the period 1915-1925.1° These data comes from the Mortality Statistics, and covers
over one quarter of the U.S. population and over half of the urban population.

These health outcomes are linked to a measure of city-level pollution. Data from
a 1915 federal report on the location and capacity of coal-fired and hydroelectric
power stations with installed capacity of at least 5 megawatts were digitized (U.S.
Department of Agriculture, 1916). Using GIS software, these data were combined
with information on city locations to construct a measure of local exposure to pollu-

tion from coal-fired electricity generation. Our preferred measures are total coal-fired

10Price Fishback generously provided these data. We begin with an initial sample of 286 cities
with a population of at least 20,000 in 1921. From this sample, we drop 88 cities with missing
information on covariates, and exclude an additional 15 cities located in states that did not use
coal for electricity for generation, leaving us with a final sample of 183 cities. The results are not
sensitive to the exclusion of cities with missing covariates. Infant mortality is defined as the number
of infant deaths per 1,000 live births, all-age mortality is the number of total deaths (including
infant deaths) per 10,000 population. Because we lack annual city-level information on births and
population, the rates are calculated by dividing annual deaths by total births and population in 1921.
Similar unreported results were found when mortality rates were constructed using 1910 county-level
population.

10



capacity and hydroelectric capacity within 30 miles of each city-centroid. This dis-
tance was chosen to capture the fact that the majority of power plant emissions are
dispersed locally.!! The sensitivity of the results to this particular cutoff is explored
in the empirical analysis. Figure A.3 displays the sample of cities and the location
of coal-fired and hydroelectric power plants. The geographic pattern in the use of
coal and hydropower reflects the availability of inputs. Coal-fired power was concen-
trated in the Midwestern states with abundant coal resources. Pennsylvania, Ohio,
and Indiana were almost entirely reliant on coal for electricity. Hydroelectricity was
prevalent where topographical conditions favored its use.

These data are linked to county-level demographic and economic characteristics
drawn from the census of population, and census of manufacturing (Haines and
ICPSR, 2010). Demographic controls include county population density, urban pop-
ulation, and the share of white residents in 1910.'? Economic covariates include em-
ployment in manufacturing in 1910, and manufacturing payroll per worker in 1900.13

Additional controls include county-centroid longitude and latitude.

4 Empirical Strategy

The empirical analysis evaluates whether variation in mortality during the in-

fluenza pandemic was related to local levels of pollution. We estimate the following

HFor a review of the mechanics of airborne pollutant transport, see Seinfeld and Pandis (2012).
Recent evidence from Illinois found that over 40 percent of PMs 5 exposure occurs within 30 miles
of a power plant (Levy et al., 2002). Historically, air pollution would have been substantially more
localized, given the increase in power plant smoke-stack heights that has occurred over the past 50
years. Hales (1976, Figure 4, p.10).

12Gimilar results are found whether population density is measured using county population in
1910 or city population in 1921.

13Data on manufacturing payroll is not available in 1910.

11



model:

Log(MortRate.) = & + Bcoa (I(Yeart = 1918) x Log(C’oalCapBOmilec))
+ Brydro ([(Yeart = 1918) x Log(HydroC’api%Omilec)) (1)

AN+ N+ X+ AMWe 10+ st + €

where the dependent variable, Log(MortRate.), denotes the logarithm of the infant
or all-age mortality rate in city ¢ in year t. The term 7. denotes a vector of city fixed
effects, \; denotes a set of year fixed effects, and ¢t is a linear state trend which
allows for differential trends in mortality across states. Standard errors are clustered
at the city-level to adjust for heteroskedasticity and within-city autocorrelation.
The term I(Year; = 1918) is a dummy variable for the year 1918, which is
meant to proxy pandemic exposure. The term Log(CoalCap30mile.) denotes the
logarithm of coal-fired capacity within 30 miles of the city-centroid, our measure

1 The interaction term of interest, I(Year; =

of local exposure to air pollution.t
1918) x Log(CoalCap30mile.), identifies the differential impact of the pandemic on
mortality in cities differing in levels of coal-fired capacity. This interaction term takes
the form of a Bartik-style estimate, in which a time-varying national health shock
affects locations differentially according to initial local differences in air pollution.
A positive estimate of oo would suggest that exposure to power plant emissions
exacerbated the impact of the influenza outbreak. Meanwhile, the estimate Brydro
captures the impact of emissions-free capacity on pandemic severity. In some speci-

fications, we also include the full vector of coal-fired and hydroelectric capacity-year

fixed effect interaction terms. The coal capacity interaction effect in 1919 is of particu-

4The log-log specification is motivated by recent research that documents a concave (“supra-
linear”) concentration-response relationship between pollution and mortality (Goodkind, Cogglin,
and Marshall, 2014; Pope, Cropper, Coggins, and Cohen, 2015). Alternative functional forms are
explored in the robustness checks.

12



lar interest, since 17 percent of pandemic-related mortality occurred between January
and April, 1919.

The identifying assumption is that, conditional on covariates, unobserv-
able determinants of mortality are not correlated with I(Year; = 1918) x
Log(CoalCap30mile.). In practice, this condition requires that excess mortality in
1918 did not vary systematically across high and low coal cities for reasons unrelated
air pollution. There are three main threats to this identification strategy, which we
address in turn.

First, city-level pollution may have been systematically related to characteristics
of the local population that influenced pandemic severity. Cross-city differences in
population characteristics could bias the results if i) coal-fired capacity were corre-
lated with these local characteristics, for example, if less healthy individuals sorted
into heavily polluted cities, and ii) these characteristics directly influenced the sever-
ity of the pandemic, for example, if individuals with marginal health experienced a
differential rise in mortality in 1918. To address this concern, we interact year fixed
effects with baseline demographic and economic covariates, and a range of city-level
health conditions, allowing for differences in pandemic mortality according to these
baseline characteristics.

Second, the timing of pandemic onset may have influenced pandemic severity, ei-
ther because of evolution in the virus or the public response to the outbreak. Some
accounts suggest that the virulence of the HIN1 strain weakened over the course of
several weeks (Crosby, 1989). As a result, cities that experienced later outbreaks
may have been exposed to a weaker virus. In addition, cities that experienced later
outbreaks may have been better able to respond to the pandemic with preventative
policies to mitigate disease transmission. If the timing of pandemic onset was spuri-

ously correlated with city-level pollution, evolution in pandemic severity could lead

13



the estimates in equation (1) to be biased. To address this concern, we interact the
1918 fixed effect with factors related to pandemic timing including city proximity to
World War I bases, the local railway network, and the week of pandemic onset.

A final concern is that mortality in high pollution cities was particularly elevated
in 1918 for reasons unrelated to the pandemic, such as increased wartime production.
Although, nationwide coal consumption rose just slightly in 1918, it is possible that
industrial wartime production (and pollution) was directed to coal-intensive cities,
which may have directly contributed to mortality in 1918, independently of the pan-
demic. To address this concern, we examine the impact of coal-fired capacity on
mortality in non-pandemic years. We also estimate models that include the interac-
tion effect I(Year, = 1918) x Log(HydroCap30mile.), which allows for differences in
pandemic mortality according to local hydroelectric capacity. Hydroelectric capacity

serves as a placebo test, because it generates electricity but is emission free.!?

5 Results

5.1 Coal-Fired Capacity and Pandemic-Related Mortality

Before turning to the main analysis, Figure 3 presents the cross-city distribution
of residual mortality by year.!® The figure captures the extent to which mortality
deviated from its predicted trend in each year between 1915 and 1925. The effect of
the pandemic is evident in the figure. In 1918, infant mortality exceeded its trend by

19 percent and all-age mortality exceeded its trend by 35 percent. The flattening of

15A caveat to this comparison is the common support, since many cities relied exclusively on
either coal or hydro electricity. If differences across these two groups of cities influenced the severity
of the pandemic, a comparison of estimates for coal and hydroelectric capacity will not necessarily
capture the effect of air pollution on pandemic mortality.

6For each city-year observation, residual mortality is calculate as the difference between observed
mortality and mortality predicted based on a linear city-specific trend.

14



the distribution in 1918 reflects the wide cross-city differences in pandemic-severity.
Figures 4 plots residual infant and all-age mortality in 1918 for cities above and below
median coal-fired capacity. Pandemic-related mortality rates were 6 to 7 percentage
points higher in above-median coal capacity cities.

In Table 2, we examine the extent to which mortality in 1918 was related to
local coal-fired and hydroelectric capacity. The top panel presents results for infant
mortality and the bottom panel presents results for all-age mortality. Column (1)
includes city and year fixed effects and a linear state trend.

To address the concern that city-level pollution was systematically related to local
characteristics that influenced pandemic severity, column (2) includes baseline demo-
graphic factors (population density, percent urban, and the fraction white in 1910)
interacted with year fixed effects. These covariates capture differences in pandemic
severity according to local population characteristics. Column (2) also include con-
trols for city longitude and latitude interacted with year fixed effects, to address the
second identification issue that the geographic spread of the virus was spurriously
correlated with its severity.

In column (3), we further address the issue that city-level pollution was related
to local determinants of pandemic severity. We include covariates for baseline man-
ufacturing employment and wages interacted with year fixed effects, to allow the
pandemic to differ according to local manufacturing activity. These models also con-
trol for annual city-level expenditure on health and sanitation.!”

Column (4) addresses the third identification issue that pollution was related to
excess mortality in 1918 for reasons unrelated to the pandemic. We include the

full vector of interaction effects between coal-fired and hydroelectric capacity and

7Given that city-level health expenditure in 1918 could have been influenced by pandemic-
severity, we estimate regressions with and without these covariates.

15



year fixed effects. These regressions allow us to explore whether 1918 mortality was
particularly elevated in high coal cities because of wartime mobilization, and to assess
the common trends assumption.

In the top and bottom panels, across all four specifications, the coefficients on
I(Year, = 1918) x Log(CoalCap30mile.) are positive and highly significant. For
infant mortality, the coefficients range from 0.0286 to 0.0349. For all-age mortal-
ity, the coefficients range from 0.0216 to 0.0233. Meanwhile, there is no significant
relationship between hydroelectric capacity and mortality in 1918. In all but one
specification, the estimates of Scou and Bryer. are statistically different from each
other. Together, these results indicate that coal-fired capacity captures exposure to
air pollution and not some other characteristic related to electricity production.!®

Figures 5 and 6 report the full set of coal-year interaction effects from the gener-
alized version of equation (1) reported in column 4 of Table 2. These models allow
coal-fired capacity to affect excess mortality in all non-pandemic years (the corre-
sponding estimates are reported in Table A.3), and provide an opportunity to judge
the common trends assumption underlying the research design. There is a strong
effect of coal-fired capacity on mortality in 1918, and to a lesser extent in 1919,
consistent with the timing of the pandemic. All but one of the non-pandemic year
interaction effects are statistically insignificant, and there is little evidence of differ-
ential trends in mortality by coal-fired capacity. Importantly, there is no evidence
of an interaction effect in 1917. Since mobilization for World War I was under way
in 1917, this result provides confidence that the main results were not driven by an
expansion in wartime air pollution in high coal cities.

The estimated effects are large, and imply that poor air quality significantly exac-

erbated the severity of the pandemic. Multiplying the point estimates by the cross-city

18In Section 6, we further explore the robustness of these findings.

16



standard deviation in coal-fired capacity, we calculate that differences in coal-fired ca-
pacity can account for 37 to 46 percent of the cross-city variation in pandemic-related
infant mortality, and 33 to 35 percent of the cross-city variation in pandemic-related

all-age mortality.

5.2 Pollution, Health Capital, and Pandemic Severity

In this section, we examine whether differences in city-level health capital can
account for the effects reported in Table 2. Differences in city-level health conditions
could bias the results if they were related to both local coal-fired capacity and ex-
cess pandemic mortality. As we demonstrate in the Appendix, the direction of this
potential bias is ambiguous. High pre-pandemic mortality rates could reflect lower
baseline health capital, leaving the population particularly vulnerable to the effects
of a negative health shock. On the other hand, high pre-pandemic mortality rates
could raise average city-level health capital by culling the least healthy members of
the population.'®

To assess the robustness of the main estimates to differences in baseline health
capital, we interact measures of baseline city-level health with a dummy variable for
1918. These models allow excess pandemic mortality to vary according to baseline
population health. The analysis relies on four different measures of city health cap-
ital: pre-pandemic infant mortality, baseline typhoid mortality (a marker for water
quality), population density in 1910, and pre-pandemic city spending for health and
0

sanitation.?

Columns (2) to (5) in Table 3 report the results for infant and all-age mortality.

19Gee Mamelund (2006) for a discussion.

20 Average pre-pandemic infant mortality and city spending are calculated for the years 1915 to
1917. Typhoid mortality is measured as the average annual deaths per 100,000 population for the
period 1900 to 1905, compiled from Whipple (1908). Information on city spending on health and
sanitation is from Miller (2008).
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For reference, column (1) reports the baseline estimates. The effects of coal-fired
capacity on mortality are robust to the various health capital controls. For both
infant and all-age mortality, the estimates are quite stable across specifications and
are all highly significant.

Table 3 shows some evidence that lower city-level health capital, as measured by
pre-pandemic infant mortality and baseline typhoid mortality, contributed to all-age
pandemic severity.2! To further explore the relationship between pollution, health
capital, and the pandemic, we estimate the interaction effect between coal-fired ca-
pacity and pandemic severity across each tercile of pre-pandemic infant mortality.??
This analysis allows us to directly examine the pollution-pandemic relationship across
different levels of baseline health capital. By estimating the impact of coal-fired capac-
ity on pandemic-related mortality across groups of cities with similar levels of baseline
health, we can further address the issue of selection of less healthy individuals into
heavily polluted cities.

Table 4 reports these results. For both infant and all-age mortality, the estimated
effects of coal capacity on pandemic-severity are significant in all but the lowest ter-
cile. The estimated pollution-pandemic interaction effects increase monotonically
with baseline mortality.?® For example, the estimated interaction effects for infants
are 0.0209, 0.0297, and 0.0414 across the lower, middle, and upper terciles of baseline
mortality. These results suggest that exposure to air pollution interacts with baseline

health capital more broadly to make individuals more susceptible to the consequences

21The magnitude of these point estimates are not directly comparable to the effects for coal-fired
capacity. Rescaling the coefficients by the standard deviation in each variable, we find that the two
measures of health capital account for a slightly smaller fraction of the cross-city variation in excess
pandemic mortality than differences in coal-fired capacity.

22Pre-pandemic infant mortality is defined as average city-level infant mortality between 1915
and 1917.

23Across all four models, F-tests for equality of the coefficients are all rejected at 5 percent
significance levels.
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of a negative health shock. These findings are consistent with a generalized version of
the conceptual framework presented in the Appendix, in which air pollution interacts
with an individual’s baseline health endowment to affect pandemic severity. Impor-
tantly, the significant effects of pollution on pandemic mortality across cities with
comparable baseline levels of health provides strong evidence that the main findings

are not driven by the selection of unhealthy individuals into heavily polluted cities.

5.3 Pollution, Timing of Onset, and Pandemic Severity

In this section, we examine whether a spurious correlation between the timing
of pandemic onset and local pollution levels can account for the estimated effects
reported in Table 2. We interact the 1918 fixed effect with four different measures of
the timing of pandemic onset to allow for differences in pandemic mortality based on
when the outbreak occurred.

First, we estimate a generalized version of equation (1) that controls for state-year
fixed effects. These models rely solely on within-state differences in pandemic severity,
which greatly limits the importance of timing, since the onset occurred within a very
short time frame within states. Second, we rely on a map by Sydenstricker (1918)
to identify the week of approximate onset for each city in the sample. We interact
this variable with the 1918 year fixed effect. Third, we interact city distance to the
nearest World War I military base with 1918 to allow for differences in mortality
based on the spread of the disease driven by wartime troop movements.?* Finally,
we interact the pandemic year with the number of miles of railway line per county

in 1911 (from Donaldson and Hornbeck, forthcoming), as an additional control for

24The movement of military personnel is believed to have been an important determinant of
pandemic timing. Crosby (1989), Kolata (2001), and Byerly (2010) provide detailed accounts of the
pandemic in the military, and the role of the Navy and Army in its spread. We digitized information
on the location of all major army training camps in 1918 (U.S. War Department, 1919, p.1519) to
derive the measures of city distance to bases.
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disease transmission.

Columns (2) to (5) in Table 5 report the results from these regressions for infant
and all-age mortality. The estimated pollution-pandemic relationship is robust to
controls for the timing of pandemic onset. The point estimates are all statistically
significant, and all but one are very similar in magnitude to the original estimates.
We also find some evidence of relationship between the timing of pandemic onset and
mortality. Cities that were hit earlier experienced higher pandemic-related mortality
rates. The findings are consistent with previous claims that the virus weakened as it
spread across the county (Crosby, 1989).

Table 6 reports the effects of coal-fired capacity on pandemic severity by week
of pandemic onset. We estimate a generalized version of equation (1), in which the
coal interaction effect is allowed to vary according the timing of initial pandemic
onset. Cities are classified into four distinct bins, based on the week of initial onset:
Before September 14th, September 14-20, September 21-27, and after September 27.
Comparing cities that experienced contemporaneous onset, we again find that coal-
fired capacity had substantial effects on pandemic-related mortality. For both infant
and all-age mortality, the interaction effects were particularly large in cities hit earlier
by the pandemic, and the point estimates are largest among cities that experienced
onset prior to September 21.

There are three possible explanations for these results. First, the decreasing effects
could be due to local preventative measures that, over time, mitigated the spread
of virus. Second, the results could reflect the fact that pollution was particular
harmful in communities exposed to the most virulent HIN1 strain. Third, the results
could be due to differences in the characteristics of cities according to the timing

of pandemic onset. In particular, cities that experienced earlier outbreaks also had
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substantially higher levels coal-fired capacity.?’> The findings provide further evidence
that differences in the timing of onset cannot explain the impact of coal-fired capacity

on pandemic mortality.

5.4 Additional Specification Checks

Table 7 examines the robustness of the main findings to several other specifications
and controls. For reference, column (1) reports the baseline estimates from column
(3) of Table 2. In column (2), we allow for differential trends in pollution across
cities, replacing the state-specific trend with a city-specific trend. The results are
robust to this alternative specification. In column (3) we restrict the sample to the
balanced panel of 129 cities reporting mortality in each year between 1915 and 1925.
The point estimates are similar to the baseline results, indicating that non-random
sample selection is not driving the original findings.

Columns (4) to (6) examine the sensitivity of the estimates to alternative measures
of local pollution exposure. Column (4) reports the results based on coal-fired capacity
in levels (100s of megawatts).The results are again sizeable, although the coefficient
for all-age mortality is imprecisely estimated. Columns (5) and (6) measure coal-fired
capacity within 50 and 100 miles of each city-centroid. The point estimates are again
large and statistically significant, confirming that the results are not sensitive to the
particular distance cutoff.?® The effect of a one standard deviation change in coal-
fired capacity is similar across the three distances. In unreported regression models
that include both coal-fired capacity within 30 miles and 100 miles, only the former

has a significant impact on pandemic-related mortality. These findings support our

25Tn unreported regressions, we find that the impact of coal-capacity on pandemic-related mor-
tality increases with capacity, which may explain the heterogeneous pattern reported in Table 6.

26Regressions weighted by city population yield qualitatively similar results. Unreported
propensity-score matching estimates also confirm that cities with above-median coal-fired capac-
ity experienced significantly higher pandemic-related mortality rates.
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choice of distance, and are consistent with evidence suggesting that the historical

dispersion of power plant emissions was highly localized.

6 Quantifying the Impact of Coal-Fired Capacity
on Pandemic Mortality

To quantify the role of air pollution in exacerbating the pandemic, we assess the
severity of the influenza pandemic in two alternative scenarios. We first consider a
setting in which all above-median cities reduced coal-fired capacity to the median
level. In this scenario, individuals in above-median cities would experience a mean
reduction in coal-fired capacity of 1.77 log points.2” Applying the point estimates for
coal-fired capacity, we calculate the number of infant deaths and all-age deaths that
would have been averted in this scenario.

Table 8 reports these mortality reductions. Columns (1) and (3) report the number
of deaths averted under the assumption that the effect of coal capacity on pandemic
mortality occurred solely in 1918. We calculate that 3,283 infant deaths and 15,617
all-age deaths would have been averted had coal capacity been reduced to the median-
city level, a decrease of roughly 36 infant deaths and 170 all-age deaths per city.?®
In columns (2) and (4) of Table 8, we allow coal capacity to affect excess mortality

in both 1918 and 1919, based on the linear combination of the interaction effects

2"To derive the change in individual-level exposure to coal-fired capacity, cities are weighted by
city population (births) in 1921. Intuitively, this scenario is equivalent to moving all individuals in
above-median coal capacity to a median capacity city. As a result, we want to rely on the change in
individual-level exposure rather than the change in city-level exposure when calculating the number
of lives saved.

28To derive these estimates, we first calculate the change in death probability associated
with the pollution reduction and then multiply by the total population in high coal cities:
AProbability of a death = Bcoar - ALog(CoalCap30mile) - MortRateq915/10,000 = 0.0216 x 1.77 x
191.4/10,000 = 0.000734. Given a total population 21.3 million in above-median cities, the number
of deaths averted is calculated to be 15,617.
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reported in Table A.3. In this scenario, we calculate that a reduction in coal capacity
to the median level would have averted 5,232 infant deaths and 22,314 all-age deaths,
a decrease of 57 infant deaths and 243 all-age deaths per city.

The results suggest that air pollution played an important role in exacerbating the
pandemic. By reducing coal capacity to the median level, above median cities would
have experienced a 25-40 percent decrease in pandemic-related infant mortality and
a 10-14 percent decrease in all-age pandemic-related mortality.?? The large effects
found for infants are consistent with early-life health outcomes being particularly
sensitive to environmental air quality (Currie et al, 2014). These results also suggest
a link between contemporaneous pollution exposure and pandemic severity, given that
infant health is more heavily influenced by contemporaneous pollution.3°

The previous scenario provided insight into the impact of air pollution on pan-
demic mortality. In practice, however, it would have been difficult to achieve these
reductions in coal-fired capacity. Hydroelectricity was an alternative to coal-fired
power, although the feasibility of this substitute depended crucially on local topogra-
phy. We next consider a setting in which hydroelectric capacity added between 1920
and 1930 was instead been installed prior to the pandemic. This scenario has the
advantage that it simply alters the timing of capacity installations, and does not im-
pose implausible assumptions on the local availability of hydroelectric potential. We
digitized information on the location of hydroelectric power plants built between 1920
and 1930 (Federal Power Commission, 1962). For each city in the sample, we calculate

the change in hydroelectric capacity within 30 miles between 1920 and 1930. We then

29Pandemic-related deaths are derived by combining the estimates of excess mortality in 1918
with total population (number of infants) in above-median cities.

30The fact that pre-1915 air quality is unobserved will also tend to downward bias the estimates
for all-age mortality. Currie et al (2014) show that exposure to pollution in early childhood is
particularly important for later health outcomes. The large rural outmigration that occurred during
the late 19*" and early 20*" century implies that many city residents were not exposed to urban air
pollution during childhood.
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calculate the required coal-fired capacity necessary to maintain energy production at
its 1918 level.

This scenario is associated with an average city-level decrease in coal-fired capacity
of 0.275 log points. Combining the health interaction effects in 1918 and 1919, we
calculate that 998 infant deaths and 4,630 all-age deaths could have been averted
had coal capacity been replaced with readily available hydropower. These estimates
correspond to a 7 percent decrease in pandemic-related infant mortality and a 2

percent decrease in all-age pandemic-related mortality.

7 Conclusion

This paper provides new evidence on the extent to which air pollution affected
infant and all-age mortality during 1918-1919 influenza pandemic. The effects of air
pollution were sizeable. Cities with above median levels of coal-fired capacity collec-
tively experienced thousands of excess infant deaths and tens of thousands of excess
all-age deaths during the pandemic. Pre-pandemic health conditions also contributed
to pandemic severity, and the marginal impact of coal was larger in places with lower
baseline health capital.

The 1918-1919 influenza pandemic was an exceptional episode, with death rates
5 to 20 times higher than subsequent pandemics. Nevertheless, even a moderately
severe modern pandemic could lead to 2 million excess deaths (Fan, Jamison, and
Summers, 2016), and a pandemic virus with similar pathogenicity to the 1918-1919
virus would likely kill more than 100 million people worldwide (Taubenberger and
Morens, 2006). There is a serious risk that air pollution could magnify these health
costs, given that a far greater share of the global population live in heavily polluted

cities than did in the early 20*" century. Our findings highlight the need for research
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on the impact of air pollution on later pandemics, including the 1957-1958, 1968-1969,
and 2008-2009 pandemics, when healthcare was more readily available. Even with
modern antiviral and antibacterial drugs, a global pandemic would quickly overwhelm
exiting medical infrastructure. Thus, preventative approaches including pollution
abatement, and strategic allocation of vaccination efforts are likely to be critical for

mitigating mortality.
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Figure 1: Influenza and Pneumonia Deaths by Month
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Figure 2: Timing of Pandemic Onset for 376 Localities
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Figure 3: Excess Mortality by Year

o
—
<
@d
e d
2 27
= 2
5 o~ %
a a4
- &od
o+ - o~
t T T T T T T
5 -25 0 .25 5 .75 -5 5 75
Log(Infant Mortality Rate)
fffff 1915 ———-1916 - 1917 1918 -———-1915 - - --1916 - 1917 1918
rrrrrr 1919 1920 1921 1922 S 1919 1920 1921 1922
- - - 1923 - - - - 1924 — — — 1925 — - - 1923 - - - - 1924 — — — 1925

Notes: This figure reports the density of residual infant mortality and residual all-age mortality
from regressions that controls for a linear city-specific trend. Mortality is plotted separately for

each year in the sample between 1915 and 1925.

Figure 4: Excess Mortality in 1918 for Cities Above and Below Median Coal-Fired
Capacity
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years for cities above and below median coal-fired capacity.
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Figure 5: Effect of Coal-Fired Capacity on Infant Mortality, by Year
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Notes: This figure reports the vector of coal capacity-year interaction effects based on the
regression model estimated in column (4) of Table 2. These models are a generalized version
of equation (1), that allows coal-fired capacity to affect mortality in all years. The solid line
denotes the estimates, and the dotted lines denote the 95% confidence interval.

Figure 6: Effect of Coal-Fired Capacity on All-Age Mortality, by Year
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Notes: This figure reports the vector of coal capacity-year interaction effects based on the
regression model estimated in column (4) of Table 2. These models are a generalized version
of equation (1), that allows coal-fired capacity to affect mortality in all years. The solid line
denotes the estimates, and the dotted lines denote the 95% confidence interval.
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Table 1: Summary Statistics

Mean Standard deviation
Panel A: Mortality
Log(infant mortality) 4.420 0.279
Log(all-age mortality) 7.198 0.251
Panel B: Hydroelectric and coal-fired capacity
Log(coal-fired capacity with 30 miles) 3.837 1.865
Coal-fired capacity within 30 miles 181.4 325.0
Hydro capacity within 30 miles 11.60 29.82
Panel C: City and County characteristics
City population in 1921 155,801 468,398
City births 1921 3,780 11,005
Population density in 1910 1,571 4,497
Share urban in 1910 0.756 0.167
Share white in 1910 0.950 0.105
Log(manufacturing payroll per population in 1900) 0.959 0.049
Employment share in manufacturing in 1910 0.143 0.059
Panel D: Other determinants of pandemic severity
Pre-pandemic infant mortality rate 92.8 28.3
Pre-pandemic typhoid mortality rate 35.8 24.4
Pre-pandemic health expenditure (per capita) 1.31 1.00
Timing of pandemic onset
Pre Sept. 14 0.20 0.40
Sept. 14 - Sept. 21 0.29 0.45
Sept. 21 - Sept. 28 0.22 0.42
Post Sept. 28 0.29 0.45
Distance to nearest WWI base 87.6 84.0
Miles of railroad lines in 1911 121.2 77.1
Number of cities 183
Observations 1769

Notes: Column 1 reports the sample means. Column 2 reports standard devia-
tion. Pre-pandemic infant mortality rate is calculated as the average city-level in-
fant mortality rate (per 1,000 live births) for the years 1915-1917. Pre-pandemic
typhoid mortality rate is calculate as the average city-level typhoid mortality rate
(per 100,000 population) for the years 1900-1905.
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Table 2: The Effect of the Pandemic on Mortality, by Coal-Fired and Hydroelectric
Capacity

Estimated effect

(1) 2) 3) 4)

Dependent variable: Log(infant mortality)

I(Year=1918) x Log(CoalCap30mile) 0.0288***  0.0286***  0.0309***  (0.0349**
(0.00584]  [0.00702]  [0.00829]  [0.0136]
I(Year=1918) x Log(HydroCap30mile) 0.00001 -0.00233  0.000589 0.0128
[0.00627] [0.00806] [0.00891] [0.0123]
P-value from test of Bcoai = BHydro <0.001 0.002 0.003 0.106
Observations 1,769 1,769 1,769 1,769
Number of clusters 183 183 183 183

Sample mean
Log(excess infant mortality in 1918) Mean = 0.186, S.D. = 0.143

Dependent variable: Log(all-age mortality)

I(Year=1918) x Log(CoalCap30mile) 0.0218%**  0.0233*%**  (0.0216***  0.0219**
[0.00541]  [0.00735]  [0.00782]  [0.00954]
I(Year=1918) x Log(HydroCap30mile) 0.00145 0.00210 0.00314 0.00583
[0.00563]  [0.00613]  [0.00687] [0.00790]
P-value from test of Bcoai = BHydro 0.007 0.027 0.052 0.128
Observations 1,768 1,768 1,768 1,768
Number of clusters 183 183 183 183
Sample mean
Log(excess all-age mortality in 1918) Mean = 0.352, S.D. = 0.123
City & year FE + Linear state trend Y Y Y Y
Demographic & geographic covariates x year Y Y Y
Annual city-level health expenditure Y Y
Manufacturing covariates X year Y Y
Coal & hydro capacity x year Y

Notes: Each column reports the point estimates from a different regression. The vari-
ables Log(CoalCap30mile) and Log(HydroCap30mile) denote logarithm of coal-fired and
hydroelectric capacity within 30 miles of the city-centroid. Demographic and geographic
covariates include county-level controls for the logarithm of population density, percent
urban, and share white in 1910, and longitude and latitude. Manufacturing covariates
include the logarithm of manufacturing wages in 1900 and the logarithm of manufac-
turing employment in 1910. The final column includes the full interaction effects of
Log(CoalCap30mile) and Log(HydroCap30mile) with year fixed effects. Standard errors
are clustered at the city-level. *** *** denote significance at the 1%, 5%, and 10%,
respectively.

35



Table 3: Coal-Fired Capacity, Health Capital, and Pandemic Mortality

Estimated effect

(1) (2) (3) (4) (5)
Dependent variable: Log(infant mortality)
I(Year=1918) x

Log(CoalCap30mile) 0.0309%%*%  0.0310%%*  0.0352%%%  0.0309%%*  0.0265%**
(0.00829]  [0.00823]  [0.0101]  [0.00829]  [0.00711]

Health Capital Covariates
I(Year=1918) x

Log(Baseline infant mortality) 0.0547
[0.0533]
Log(Baseline typhoid mortality) 0.0295
[0.0200]
Log(Population density) 0.0169
[0.0188]
Log(Pre-1918 health expenditure) 0.0146
[0.0135]
Observations 1,769 1,762 1,442 1,769 1,679
Number of clusters 183 179 141 183 156

Dependent variable: Log(all-age Mortality)
I(Year=1918) x

Log(CoalCap30mile) 0.0216%%%  0.0218%%%  0.0211%*  0.0216%**  0.0163**
(0.00782]  [0.00723]  [0.00829]  [0.00782]  [0.00713]

Health Capital Covariates
I(Year=1918) x

Log(Baseline infant mortality) 0.129%#*
[0.0482]
Log(Baseline typhoid mortality) 0.0519%**
[0.0189]
Log(Population density) 0.00942
0.0132]
Log(Pre-1918 health expenditure) -0.00563
[0.0143]
Observations 1,763 1,761 1,441 1,768 1,678
Number of clusters 183 179 141 183 156

Notes: All models include the full set of controls reported in column (3) of Table 2. Standard
errors are clustered at the city-level. *** ** * denote significance at the 1%, 5%, and 10%,
respectively.
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Table 4: Heterogeneous Effects by Pre-Pandemic Mortality
Estimated effect
) @ ) @
Dependent variable: Dependent variable:
Log(infant mortality) Log(all-age mortality)
Heterogeneity by tercile of pre-pandemic infant mortality

I(Year=1918) x Log(CoalCap30mile) x

Lower tercile 0.0156** 0.0209** 0.0016 0.0067
[0.0076] [0.0091] [0.0073] [0.0083]
Middle tercile 0.0263***  0.0297*** | 0.0189*** 0.0216%**
[0.0063] [0.0077] [0.0053] [0.0065]
Upper tercile 0.0354***  0.0414*%** | 0.0313%** 0.0351***
[0.0063] [0.0089] [0.0064] [0.0080]
P-value from test:

BE, .. =B  =pBE 0.005 0.011 0.000 0.001
Observations 1,769 1,769 1,768 1,768
Number of clusters 183 183 183 183
City & Year FE + Linear state trend Y Y Y Y
Full controls Y Y

Notes: Each column reports the point estimates from a different regression. Columns (2)
and (4) include the full set of controls reported in column (3) of Table 2. The table reports
the interaction effects across the three terciles of pre-pandemic infant mortality (between
1915 and 1917). Standard errors are clustered at the city-level. *** *** denote significance
at the 1%, 5%, and 10%, respectively.
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Table 5: Coal-Fired Capacity, Timing of Onset, and Pandemic Mortality

Estimated effect

(1) (2) (3) (4) (5)
Dependent variable: Log(infant mortality)
I(Year=1918) x
Log(CoalCap30mile) 0.0309***  0.0352***  (0.0254***  0.0281***  0.0300***
(0.00829]  [0.00987]  [0.00845]  [0.00808]  [0.00831]
Pandemic Timing Covariates
State-year fixed effects Yes
I(Year=1918) x
Week of pandemic onset -0.0255*
0.0139)]
Log(Distance to WWI base) -0.0279*
[0.0168]
Log(Railway lines) 0.0134
0.0155]
Observations 1,769 1,769 1,769 1,769 1,769
Number of clusters 183 183 183 183 183
Dependent variable: Log(all-age Mortality)
I(Year=1918) x
Log(CoalCap30mile) 0.0216***  0.0245***  0.0151*  0.0217***  0.0205%**
[0.00782]  [0.00926]  [0.00788]  [0.00792]  [0.00771]
Pandemic Timing Covariates
State-year fixed effects Yes
I(Year=1918) x
Week of pandemic onset -0.0303**
[0.0149]
Log(Distance to WWTI base) 0.00100
0.0137]
Log(Railway lines) 0.0163
0.0115]
Observations 1,768 1,768 1,768 1,768 1,768
Number of clusters 183 183 183 183 183

Notes: All models include the full set of controls reported in column (3) of Table 2. Week
of pandemic onset takes values from 0 to 4, increasing in the time to pandemic. Railway
lines denote the miles of railway lines within the county. Standard errors are clustered
at the city-level. *** *** denote significance at the 1%, 5%, and 10%, respectively.
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Table 6: Heterogeneous Effects by Week of Pandemic Onset

Estimated effect

(1)

(2)

(3)

(4)

Dependent variable:
Log(infant mortality)

Dependent variable:
Log(all-age mortality)

Heterogeneity by week of pandemic onset
I(Year=1918) x Log(CoalCap30mile) x
I(Pre Sept. 14) 0.0245***  0.0303*** | 0.0146%** 0.0176**
[0.0064] [0.0083] [0.0054] [0.0074]
I(Sept. 14 - Sept. 21) 0.0296***  0.0332%** | (0.0257*** 0.0275%**
[0.0065] [0.0086] [0.0064] [0.0078]
I(Sept. 21 - Sept. 28) 0.0159* 0.0198** 0.0124 0.0153
[0.0089] [0.0096] [0.0107] [0.0113]
I(Post Sept. 28) 0.0092 0.0144 -0.00213 0.0012
[0.0094] [0.0098] [0.0090] [0.0101]
P-value from test:

Equality of effects 0.034 0.083 0.004 0.025
Observations 1,769 1,769 1,768 1,768
Number of clusters 183 183 183 183
City & Year FE + Linear state trend Y Y Y Y
Full controls Y Y

Notes: Each column reports the point estimates from a different regression. Columns (2)
and (4) include the full set of controls reported in column (3) of Table 2. The table reports
the interaction effects by week of pandemic onset based on Sydenstricker (1918). Standard
errors are clustered at the city-level. *** ** * denote significance at the 1%, 5%, and 10%,
respectively.
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Table 8: Pandemic-Related Deaths Averted by Reducing Coal-Fired Capacity in
Cities

Infant deaths averted All-age deaths averted
Health impact  Health impact Health impact  Health impact
only in 1918  in 1918 & 1919  only in 1918  in 1918 & 1919
(1) (2) (3) (4)

Scenario 1: Reduce coal-fired capacity in above-median cities to median level (51.7Tmw)

# deaths averted 3,283 5,232 15,617 22,314
[880] [1,318] [5,658] [7,668)

Excess mortality in 1918 12,973 159,188
(above-median cities)
Scenario 2: Replace coal-fired capacity with available hydroelectric capacity

# deaths averted 626 998 3,240 4,630
[168] [251] [1,172] [1,592]

Excess mortality in 1918 14,863 192,840
(all sample cities)

Notes: Each column reports the number of deaths averted under each scenario, based on
the regression estimates reported in columns (2) and (4) of Table 3. The number of deaths
averted in columns (1) and (3) are derived solely from the 1918 interaction effect. The
number of deaths averted in columns (2) and (4) are derived based on the linear combination
of the effects in 1918 and 1919. Square brackets report the standard errors for the number
of deaths averted. Excess mortality in 1918 is calculated as residual mortality in 1918 after
controlling for a city-specific linear trend in mortality.
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A Appendix

A.1 Figures and Tables
Figure A.1: Case-fatality Rate from Influenza and Pneumonia by Age

Case-Fatality Rate
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Age

1918-1919 — ——'- 1928-1929

Notes: Based on surveys conducted by the United States Public Health Service
in 12 localities in 1918-1919 and 14 localities in 1928-1929. Source: Collins
(1931).

Figure A.2: State-level Coal Consumption, Coal-Fired Capacity, and Hydroelectric
Capacity
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Notes: These figures report the relationship between the logarithm of total state-level coal consump-
tion, coal-fired capacity and hydroelectric capacity in 1917. Source: Mineral Resources of the United
States (1917, p.1254).
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Figure A.3: Cities in Sample and the Location of Coal-Fired and Hydroelectric Power
Plants

Notes: This figures presents the location of 183 cities in the sample, the location of coal-fired and
hydroelectric power plants in 1915. Red and blue circles denote steam and hydroelectric power
plants by quartile of capacity (<7mw, 7-11mw, 11-18mw, >18mw).
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Table A.1: Cities with Smoke Problems and Municipal Smoke Abatement Legislation

Year Cities with Smoke Problems

1912 Large Cities with Smoke Problems
Baltimore, Boston, Buffalo, Chicago, Cincinnati, Cleveland, Denver, Detroit, Indianapolis, Jersey City,
Kansas City, Louisville, Milwaukee, Minneapolis, Newark, New York, Philadelphia, Pittsburgh,
Providence, Rochester, St. Louis, St. Paul, Washington
Large Cities without Smoke Problems
Los Angeles, New Orleans, Portland, San Francisco, Seattle

Decade Cities Passing Smoke Legislation

1880-1890  Chicago, Cincinnati

1890-1900  Cleveland, Pittsburgh, St. Paul

1900-1910  Akron, Baltimore, Boston, Buffalo, Dayton, Detroit, Indianapolis, Los Angeles, Milwaukee, Minneapolis,
New York, Newark, Philadelphia, Rochester, St. Louis, Springfield (MA), Syracuse, Washington

1910-1920  Albany County (NY), Atlanta, Birmingham, Columbus, Denver, Des Moines, Duluth, Flint, Hartford,
Jersey City, Kansas City, Louisville, Lowell, Nashville, Portland (OR), Providence, Richmond, Toledo

Source: Top: Flag (1912); Bottom: Stern (1982, Table III, p.45).
Table A.2: TSP Concentration in Various Years

Year Location TSP

1912-1913  Chicago 760

1931-1933  Baltimore, Boston, Chicago, Pittsburgh, St. Louis 630

1931-1933  Buffalo, Cleveland, New Orleans, New York, Philadelphia 520

1931-1933  Detroit, Los Angeles, San Francisco, Washington 350

1990 US National Average 60

1980-1993 58 Chinese Cities 538

1999 Worldwide 18% urban population > 240

Source: Eisenbud (1978); Ives et al (1936); Chay and Greenstone (2003a); Almond et al (2009);

Cohen et al (2004).
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Table A.3: The Effect of Coal-Fired Capacity on Mortality, by Year
Estimated effect
(1) (2) () (4)
Dependent variable: Dependent variable:
Log(infant mortality) Log(all-age mortality)

Log(CoalCap30mile) x

I(Year=1915) 0.0067 -0.0074
0.0193] 0.0110]

I(Year=1916) -0.0001 -0.0054
0.0180] [0.0094]

I(Year=1917) 0.0091 0.0128 -0.0021 -0.0017
[0.010] 0.0173] [0.0064] [0.0088]
I(Year=1918) 0.0335%%%  0.0349%% | 0.0221FFF  0.0219%*
[0.0085] [0.0136] 0.0083] 0.0095]

I(Year=1919) 0.0179%* 0.0210% 0.0083 0.0092
[0.0087] 0.0117] [0.0051] [0.0068]

I(Year=1920) 0.0091 0.0057
0.0118] [0.0066]

I(Year=1921) — Omitted

I(Year=1922) -0.0002 -0.0036
[0.0127] [0.0058]
I(Year=1923) -0.0082 0.0003
[0.0132] [0.0062]
I(Year=1924) 0.0072 0.0052
[0.0113] [0.0059]
I(Year=1925) -0.0044 0.0121%*
[0.0123] [0.0064]
Observations 1,769 1,769 1,768 1,768
Number of clusters 183 183 183 183
Full controls Y Y Y Y
Coal and hydro capacity x year FE Y Y

Notes: Each column reports the point estimates from a different regression. The variable
Log(CoalCap30mile) denotes the logarithm of coal-fired capacity within 30 miles of the
city-centroid. All models include include the full set of controls reported in column (3) of
Table 2. Columns (2) and (4) include the full interaction effects of Log(CoalCap30mile)
and Log(HydroCap30mile) with year fixed effects. Standard errors are clustered at the
city-level. *** *** denote significance at the 1%, 5%, and 10%, respectively.
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A.2 A Conceptual Framework of the Link between Air Pol-
lution, Health Capital, and Pandemic Severity

To understand the impact of air pollution on mortality during the 1918 Influenza
Pandemic, we develop a simple model of health capital that builds on Grossman
(1972), Almond and Currie (2011) and Currie et al. (2014). We examine the health
capital production function for the average individual in a city. Assume that baseline
pre-pandemic health capital, Hg depends on baseline pollution exposure, Pg:

Hg = fp(Pp). (A1)

The impact of pollution on average baseline health capital could be positive or nega-
tive. On the one hand, the harmful effects of air pollution will tend to lower health
capital throughout the population, implying a decrease in average health capital:
(89% < 0. Conversely, if pollution led to increased mortality among individuals with
“marginal” health, then selective attrition could lead to an increase in the average
population health capital, g% > 0.

Let H denote the health capital during the 1918 pandemic. We assume that
H depends upon the severity of the influenza health shock, I, pre-pandemic health

capital, Hp, and exposure to pollution in 1918, P, according to the following function:
H:f(I,HB,P). (A.2)

Equations (A.1) and (A.2) can be used to derive the interaction between air pollution
exposure and pandemic severity. For simplicity we assume city-level pollution is
constant so that Pg = P, and take the cross-partial derivative with respect to I and

P:
O°H OH
or-ap _ tHs gp Tl

(A.3)

Equation (A.3) shows that city-level pollution affects pandemic severity through two
OHp

distinct channels. The first term, frp, - 52 captures the longer-term impact of
pollution exposure on pandemic severity. This effect depends on both the impact of
pre-pandemic pollution exposure on average health capital, 88%, and the relationship
between health capital and pandemic severity, frm,. If pollution lowered baseline
health and less healthy individuals were more negatively affected by the pandemic,
then we should expect the pandemic to have been more severe in heavily polluted ar-
eas. The second term captures the relationship between contemporaneous pollution
and the pandemic for population health. This effect captures the extent to which
short-term pollution exposure increased susceptibility to the influenza virus. The
relative magnitude of these two interaction effects is relevant for evaluating the effec-
tiveness of short-term policy interventions, such as temporary restrictions on pollution

for mitigating pandemic severity.
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