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Abstract
The Great Fire of 1910 in the northwestern United States burnt more than 1.2 mil-
lion hectares in just two days and stands as one of the largest wildfires ever recorded. 
While it is known for having led to the introduction of a rigorous fire suppression 
regime that lasted for much of the twentieth century, it also generated a considerable 
amount of smoke far beyond the burnt areas that is likely to have impacted the health 
of those exposed. This paper examines the short- and long-term impact of this fire-
sourced smoke pollution on children, combining historical data with smoke emis-
sion and dispersion modelling. The econometric results indicate a 119% increase 
in excess mortality during the week of the fire and a decrease of 4–14% in later-life 
socioeconomic status scores 20 and 30 years after the event. This research offers 
novel insights into wildfire smoke repercussions on health and long-run human capi-
tal formation in a setting where avoidance behaviour was minimal.
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1 Introduction

Large environmental shocks are often remembered for being defining events in his-
tory, causing institutional, political, cultural, social, and economic change (Ljun-
gqvist et al. 2021; Harper 2021; Degroot et al. 2022; Frankopan 2023).1 The Great 
Fire of 1910 in the United States (US) certainly fits this mode. More specifically, as 
one of the largest wildfires on record, engulfing more than 1.2 two million hectares 
over just two days, it is widely viewed as having been the catalyst for the introduc-
tion of a rigorous national fire suppression regime in the US that lasted for much 
of the twentieth century (van Wagtendonk 2007). While clearly of importance, the 
focus on the wider implications of such environmental shocks often has led to the 
neglect of their other indirect effects. In terms of large wildfires, one secondary con-
sequence is the released air pollutants which can travel considerable distance, impos-
ing a substantial burden on human, economic, and environmental systems in areas 
potentially very far from the actual fire incident (Sapkota 2005; Kollanus 2017). The 
Great Fire of 1910 was no exception, where subsequent smoke drifted nearly a thou-
sand miles from where the fire had started (Egan 2009, p. 228). Importantly, at the 
time the potential health effects of wildfire smoke exposure appear to have been par-
tially undervalued and considered only of secondary concern compared to the direct 
economic consequences, thus likely minimising avoidance behaviour and potentially 
exacerbating any impact (Burke 2022). In this paper, we set out to explicitly meas-
ure the health impact of smoke exposure due to the Great Fire of 1910.

Fire-sourced air pollution and health outcomes have been at the centre of a rich 
body of literature in modern settings. In this regard, smoke exposure has been linked 
to a number of short-term effects, including negative physiological (e.g. respiratory 
and cardiovascular morbidity and mortality) and psychological (e.g. post-traumatic 
stress disorder, depression) impacts; for extensive reviews see Liu et  al. (2015), 
Chen et al. (2021), Grant and Runkle (2022), Gao (2023). In contrast, there are only 
a handful of studies that have examined its effect on health in historical contexts in 
the short term, despite polluted air having been a problem since mediaeval times 
(Brimblecombe 2011). For example, Beach and Hanlon (2018) use information on 
local coal use and wind patterns to demonstrate that exposure to air pollution in 
the 1850 s increased infant mortality rates across England and Wales by between 6 
and 8 per cent, respectively. Also, Barreca et al. (2014) show that reductions in the 
use of bituminous coal for heating between 1945 and 1960 decreased winter all-age 
mortality, while Clay et al. (2016) provide evidence that being near major coal-fired 
power plants increased infant mortality.

The negative physical and psychological impacts of pollution can potentially also 
have important negative long-term consequences, although even in modern settings 
the evidence is scarce. Exceptions include Deryugina and Reif (2023) and Colmer 
et al. (2024), who demonstrate that pollution can lead to reduced survival and ine-
quality, respectively. In a historical context, Bailey et al. (2018) find that local coal 
intensity exposure of WWI enlisted English and Welsh men during childhood had 

1 For example, the 1755 Lisbon earthquake is believed to have led to a change in the cultural and social 
perception of natural disasters, and thus risk management, across Europe (Mendes-Victor et al. 2009).
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longer-term health effects by reducing adulthood height. While this is the only non-
modern study that we are aware of, studies of other environmental toxins provide 
some clues as to possible long-term effects. For instance, Noghanibehambari and 
Fletcher (2022) studying the effect of in-utero and early-life exposure to soil erosion 
caused by the Dust Bowl in the 1930 s find that longevity was reduced, especially 
for children raised in family households, females, and those with lower maternal 
education, while Frye and Kagy (2023) show that children exposed to waterborne 
lead in the late nineteenth century had lower later-life incomes, worse occupations, 
and lower levels of education. Although Heblich et al. (2021) do not look specifi-
cally at health, they provide evidence that air pollution during the industrial revo-
lution modified the spatial organisation of cities (i.e. low-skilled workers reside in 
high-pollution areas) which still persists today, and one would suspect that negative 
health effects are likely to also have played at least an indirect role in this geographi-
cal allocation.

In this paper, we add to the nascent historical literature not only by exploring 
for the first time the impact of another source of air pollution, namely wildfires, on 
health, but also by estimating both its short-term effects and long-term implications 
in terms of socioeconomic outcomes.2 To this end, we avail of a historical map of 
the burnt areas of the Great Fire and model the smoke emission and dispersion to 
reconstruct the wildfire smoke exposure at the county level using meteorological 
inputs. Arguably constructing air pollution this way allows us to capture the causal 
effect of fire-sourced smoke exposure, in particular because at the time anticipa-
tory behaviour, as noted above, is likely to have been minimal. We first combine our 
smoke exposure proxy with digitised weekly under age of five deaths at the county 
level to assess its short-term, post-natal impacts on excess mortality. To assess more 
longer-term impacts on economic outcomes on those that survived, we then use 
matched census data to link boys who in 1910 were under the age of five to their 
socioeconomic status outcomes 20 and 30 years later and compare the men who 
were smoke-exposed in their early childhood to men who were not.

Our econometric results suggest an immediate impact of smoke exposure on 
excess mortality for children under the age of five in the week of the wildfire event. 
More specifically, the weekly excess mortality rate is 35 per 100,000, which trans-
lates into an increase of ≈ 119% relative to the average observed mortality rate in 
1910 across the entire study area. Furthermore, we find evidence of a negative effect 
of 8–14% of wildfire-sourced smoke exposure in early childhood on composite later-
life socioeconomic status indicators derived from occupational income, education, 
and additional information on prestige in 1930. In 1940, the results show that men 
who were smoke-affected in their early childhood encounter a decrease in the occu-
pational income of about 90 US$ per year, which represents a 3.6% reduction com-
pared to the 1940 average occupational income.

2 One may also want to note that previous studies on other economic consequences of fires in non-mod-
ern contexts have focused mainly on urban rather than forest fires. See for example, Hornbeck and Ken-
iston (2017) and Siodla (2015) who study the Great Boston Fire of 1872 and the San Francisco 1906 
earthquake, respectively.
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The remainder of this paper is structured as follows. Section 2 presents the his-
torical background and the unfolding of the Great Fire of 1910. Section 3 provides 
details of the data sets used followed by Sect. 4 which explains the empirical frame-
work. In Sect. 5, we present the results and robustness checks. Section 6 concludes.

2  Historical background

The Great Fire of 1910, commonly known as the Big Burn or the Big Blowup, was a 
catastrophic event that occurred in a rugged and remote geographical region charac-
terised by towering mountains, dense forests, and pristine alpine lakes.3 Fires, which 
were oftentimes started by mine operators, coal-burning trains, or lightning strikes, 
were a common occurrence in the region during the period. While the native popula-
tion had adapted to the regularity of wildfires, new settlers were largely unfamiliar 
with their potentially devastating consequences. In the spring and summer of 1910, 
warm and dry weather conditions were highly anomalous, as shown in Diaz and 
Swetnam (2013), and the first wildfires were reported as early as April, exacerbat-
ing concerns over safety (Kelley et al. 1944; Weigle 1934, p. 166). On 26 July 1910, 
a lightning storm ignited numerous fires in the Bitterroot Mountains straddling the 
border between Idaho and Montana and prompted the United States Forest Service 
(USFS) to request additional firefighters.4 As the situation worsened in August, all 
available men were dispatched to the fires. Shortly thereafter, President William Taft 
authorised the deployment of 2500 military troops, including the 25th Infantry, also 
known as “Buffalo soldiers” to combat the fires. Along with many others deployed to 
the towns of Wallace and Avery, Idaho, and to Missoula, Montana, they lacked any 
experience or training for firefighting (Kelley et al. 1944, p. 168).

On the 20 th of August, strong hurricane-force Palouser winds from the south-
west picked up and merged a number of small fires into one large, all-consuming 
conflagration. The Wallace town Mayor ordered an evacuation by train by midnight 
that day.5 The fire was finally extinguished on the 22nd of August when a cold front 
swept over the Northern Rocky Mountains, bringing steady rain and some early 
snowfall in the high-altitude alpine reaches. Overall, the fire raging across the states 
of Idaho, Montana, and Washington shown in Fig.  7 in Appendix A claimed the 
lives of 87 people, primarily firefighters, burned five towns to the ground, and partly 
destroyed many others. It burned over 3 million acres ( ≈ 1.2 million hectares) of 
forest, an area about 1.5 times larger than Yellowstone National Park (Egan 2009, p. 
172).6

3 The information presented in this section is primarily derived from Egan (2009), unless otherwise 
specified.
4 The USFS was established in 1905 under the presidency of Theodore Roosevelt, a strong advocate for 
nature conservation, to manage 150 national forests.
5 The evacuations were carried out very late and only moved people out of the immediately threatened 
burn zone. Thus, evacuees were relocated to areas heavily affected by smoke (e.g. Missoula), so evacuees 
still experienced exposure before, during, and after the evacuation.
6 There were no children among the recorded casualties.
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The subsequent smoke created by the fires was dispersed by winds over vast areas 
well beyond the burnt regions. For instance, Egan (2009, p. 228, 172) in his book 
recounting the event notes that “in Denver... a layer of smoke three thousands feet 
thick settled over the city, the caboose of the Big Burn, nearly a thousand miles from 
where it started” and that “smoke drifted hundreds of miles from the blowup, into 
the Dakotas and Colorado and Alberta and Wyoming. It was if a volcanic blast had 
disgorged the airborne remains of the forested northern Rockies into disparate parts 
of the United States”. The Missoulian (Missoula, Montana) reported on the 21st of 
August that “the pall of smoke overhanging the town was so dense that the electric 
lights were turned on at 3 o’clock in the afternoon”. One day later, the Great Falls 
Tribune (Great Falls, Montana) mentions the wildfire smoke a number of times and 
that “A dense pall of smoke hangs all over western Montana. In Missoula it was as 
dark as midnight at 5 o’clock, the dense smoke being given a lurid hue, which had 
all the semblance of the glow of fire, but which was probably due to the sun”. For 
Great Falls, a town that was, similar to Missoula, spared by the flames, the column 
reads “The atmosphere in this vicinity has been heavily charged with smoke for the 
past twenty-four hours and at a late hour this morning it was almost impossible to 
distinguish objects in any portion of the city for a distance of three blocks”. Even 
the cause of a derailed train was partly attributed to poor visibility mentioning that 
“Train No.2 on the Great Northern was wrecked one and a half miles west of Rud-
yard... The cause of the wreck was attributed partly to the dense smoke which pre-
vailed last night and today. The sun being entirely obscured and it being only pos-
sible to see a few hundred feet ahead”.

In considering the effect of smoke from the fires on health, it is important to know 
how much people may have acted to avoid their exposure to it. In this regard, Egan 
(2009, p. 141) points out that “people could tolerate the ever-present smoke, though 
it wasn’t good for children and the elderly, made eyes redden and throats scratchy 
and brought on a ragged cough... They put up with these low-grade tortures because 
shorter days told them summer was almost over, and they had lived through a hum-
dinger, and soon the rains would come and wash the town clean”. More generally, 
one should note that at the time the nuisance of smoke in general was regarded more 
in terms of its impact on visibility (Stradling and Thorsheim 1999). For example, 
city legislation to control urban air pollution was defined accordingly (Goss 1916). 
Additionally, the scientific evidence of potential negative effects of smoke inhalation 
during this period was partly (Goss 1916; Benner and O’Connor 1913). Another 
factor that may have played a role in reducing avoidance behaviour is that people in 
forest fire-affected regions were so accustomed to periodically seeing smoke that, as 
Reynolds (1903, p. 28) noted after a study of fires in Marinette County in Wisconsin 
“that the sight of smoke rolling up provokes little comment”.

Finally, one may want to note that the catastrophic Great Fire of 1910 was instru-
mental in solidifying support for the USFS’s fire management mission and led to 
the establishment of a vigorous fire suppression regime, although the main reasons 
appear to have been related to the supply of timber as well as the role of forests 
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in flood prevention.7 In 1935, the 10 o’clock rule was introduced, which mandated 
that every fire must be extinguished by 10 am the following morning. The mission 
of relentless fire prevention and suppression was consolidated by the invention of 
“Smokey Bear” in 1944, a symbol for the joint effort to promote forest fire preven-
tion. According to van Wagtendonk (2007), fire suppression was the only fire policy 
implemented by the federal land management agencies and it was not until 1974 that 
the USFS transitioned to a fire management regime allowing some fires ignited by 
lightning to burn in specific wilderness areas.

3  Data and descriptive statistics

3.1  Burn perimeters

A historical map of the Great Fire of 1910’s burn perimeters created by the USFS is 
accessible from a number of historical sources. We obtain the required data from the 
newspaper Spokesman Review.8 The digital raster image is georeferenced in Arc-
GIS by using the shape file of the US states provided by the US Census bureau.9 
Figure 1a shows how the image of the historical burned area is matched to a spatial 
reference system using state boundaries. We then delineate each fire scar individu-
ally and create a shape file consisting of 176 burned area polygons.

3.2  Smoke modelling

While modern studies on the health impacts of air pollution can use satellite 
imagery or ground monitoring stations, these options are not available for 1910. 
Historical research on industrial air pollution has either examined stationary pol-
lution in proximity to its source (Bailey et  al. 2018; Beach and Hanlon 2018) or 
employed an industrial pollution model with contemporary meteorological data 
(Heblich et al. 2021). Given none of these approaches seem suitable for our study, 
we use the BlueSky modelling framework which is specifically designed to model 
the emissions and smoke plume dispersion resulting from different types of fires, 
such as wildland, agricultural, and prescribed fires. BlueSky operates as a modu-
lar framework integrating advanced models and data sets in the fields of fuels, con-
sumption, emissions, meteorology, and air quality within a cohesive structure and 
allows for multiple options for each stage of the modelling process (Larkin 2009). 
The sequential modelling steps start with information on the precise fire location 

7 For instance, a leaflet by James Wilson, the United States Secretary of Agriculture, printed in 1900 
states the following: “The great annual destruction of forests by fire is an injury to all persons and indus-
tries. The welfare of every community is dependent upon a cheap and plentiful supply of timber, and a 
forest cover is the most effective means of preventing floods and maintaining a regular flow of streams 
used for irrigation and other useful purposes (Miller and Cohen 2021, p. 8)”.
8 The full newspaper article is available at https:// www. spoke sman. com/ stori es/ 2010/ aug/ 15/ 1910- fire- 
region- consu med/.
9 The shape files and related geographic information are sourced from https:// www. census. gov/ geogr 
aphies/ mappi ng- files/ time- series/ geo/ carto- bound ary- file. html.

https://www.spokesman.com/stories/2010/aug/15/1910-fire-region-consumed/
https://www.spokesman.com/stories/2010/aug/15/1910-fire-region-consumed/
https://www.census.gov/geographies/mapping-files/time-series/geo/carto-boundary-file.html
https://www.census.gov/geographies/mapping-files/time-series/geo/carto-boundary-file.html
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and fuel loads, advancing to fuel consumption, and concluding with smoke emis-
sions and transport.10

Figure  2 provides a schematic overview of the Bluesky modelling framework. 
The darker shaded parts indicate where a value provided by the user is necessary for 
the models to run or where our input choice deviates from the default settings. The 
first part, which is shown in the left-hand column in Fig. 2, comprises information 
on the emissions of the fire. To create the necessary values in the fire information 
section, we calculate the size in acres as well as the longitude and latitude of the 
centroid for each of the burned area polygons. In addition, the fire type is specified 
as “wildfire” as opposed to prescribed or agricultural fire. The fuelbed type is auto-
matically selected based on the location of the fire on a modern map.

Within the fuel moisture inputs section, the season is specified as “Summer”. 
Regarding the fuel moisture section, the moisture level is set to the most extreme 
value “Very dry” informed by the work of Diaz and Swetnam (2013) which noted 
exceptional hot and dry climatic conditions in 1910 that were not matched again 
until 2012. This choice is reinforced by information from Egan (2009). To main-
tain clarity and brevity, only the essential model choices are outlined in the main 
text, although quotes from Egan (2009) are taken as further supporting evidence to 
specify our input choices for all modelling steps as presented in Table 7 in Appendix 
A. The default settings regarding the percentage of shrub and canopy consumption 
remain unchanged. Although the Great Fire lasted for approximately 36 h, the simu-
lation is run for one day as each polygon is modelled individually and likely burned 
for no more than 24 h. Finally, guided by historical records we selected the flaming 
combustion phase over the smouldering combustion phase within the timing section.

The output from the smoke emission input modelling generates an emission 
report that is subsequently used in the second modelling step, the smoke dispersion 
modelling shown in the middle column of Fig. 2. For the dispersion modelling part, 
we use the visibility smoke modelling system (VSMOKE), which uses Gaussian 
plume equations to simulate how smoke particles disperse in the atmosphere under 
various meteorological conditions. These conditions are carefully chosen to accu-
rately mirror the historical conditions at the time of the Great Fire as documented in 
historical records.

We select the stability class “Moderately Unstable” and thus deviate from the 
default setting of “Near Neutral” for two reasons. First, there is evidence of turbulent 
atmospheric conditions due to the Palouse wind event triggering the wildfire escala-
tion. Second, the Great Fire of 1910 is likely to have created its own weather system 
that influences atmospheric conditions. Although research on strong convective pro-
cesses associated with extreme wildfire events, known as pyroconvection, has only 
evolved recently as noted in Dowdy and Pepler (2018), and therefore the specific 
identification as such may not have been used in historic reports, there is strong evi-
dence of pyroconvection during the Big Burn.

The wind direction, predominantly from the southwest at 225°, characterises the 
Palouse winds during the event. While the peak windspeed was reported as “...the 

10 Modelling simulations are conducted using version 3.5.1 of the interactive online platform BlueSky 
Playground and is accessible under https:// tools. airfi re. org/ playg round/ v3.5/ emiss ionsi nputs. php.

https://tools.airfire.org/playground/v3.5/emissionsinputs.php
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Fig. 1  Historical map of the burn perimeters and the resulting modelled smoke plumes. Notes: (i) the 
historical map shown in panel (a) created by the USFS shows the burn perimeters of the 1910 fires and 
is georeferenced using ArcGIS; (ii) the county shape file is provided by the Big Ten Academic Alliance 
Geoportal and shows the historical county boundaries in 1910; (iii) the merged smoke plumes shown in 
(b) are modelled using BlueSky Playground version 3.5.1; (iv) in (b) the grey dotted area shows the burn 
perimeters. The darkest grey-shaded area indicates the area where the hourly peak  PM2.5 pollution is haz-
ardous  (PM2.5 > 526 μg/m3 ). The medium grey area shows unhealthy hourly peak  PM2.5 pollution of the 
values  (PM2.5 > 130 μg/m3 ), and the lightest grey scale denotes moderate hourly peak pollution  (PM2.5 > 
38 μg/m3)

Fig. 2  Schematic overview of the smoke emission and dispersion process using the BlueSky modelling 
framework. Notes: (i) the above model shows the conceptual framework of the BlueSky modelling tool 
(BlueSky Playground version 3.5) divided into the emission and dispersion inputs; (ii) the darker shaded 
parts of the framework indicate where value supplied by the user is strictly required for the framework to 
run or where our input choices deviate from the default settings; (iii) F = Fahrenheit, PM = particulate 
matter, mb = millibars, μg/m3 = micro-grams per cubic metre
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conscripted air was no longer a Palouser but a firestorm of hurricane-force winds, 
in excess of eighty miles an hour (Egan 2009, p 156)”, it has also been noted that 
there were windspeeds of 50–60 mph (Egan 2009, p 155, 158). However, since we 
want to select a value that is arguably more appropriate to capture an average over 
the 24-hour model simulation, we chose a value of 40 mph. Finally, with a value of 
10% for relative humidity, we deviate from the default value of 25% based on clima-
tological records by Diaz and Swetnam (2013), who point out extremely low relative 
humidity with values around 20% or lower for the affected areas.

The smoke modelling is carried out individually for each of the 176 burned area 
polygons. The dispersion result indicating the peak hourly  PM2.5 concentration 
plume in μg/m3 is available in six hazard levels. We merge the smoke plumes from 
all individual fire polygons considering three levels of pollution: (i) “hazardous”, 
where peak hourly  PM2.5 concentrations are above 526 μg/m3 , (ii) “unhealthy”, with 
peak hourly  PM2.5 concentrations exceeding 130 μg/m3 , and (iii) “moderate”, where 
the hourly peak  PM2.5 pollution was at least 38 μg/m3 . The merged smoke plumes 
with the three different concentration levels are shown in Fig. 1b. To test the sen-
sitivity to our parameter choices, we run an additional model keeping the wildfire 
default settings whenever no user input is required (with the exception of wind speed 
where the default value is 0.5 mph which is unreasonably low for this scenario), 
i.e. the setting for moisture level is “Dry”, the stability class is “Near Neutral”, and 
the surface relative humidity is 25%. These changes do not alter which counties are 
defined as smoke affected in our estimations as shown in Fig. 8 in Appendix A.

3.3  Population data

We use the anonymised full-count census population data provided by the Integrated 
Public Use Microdata Series (IPUMS) USA for the decades 1900 and 1910 (Ruggles 
et al. 2024). Note that the 1900 census data were collected on the 1st of June 1900 
(ISO week 22) and the 1910 census data on the 15th April 1910 (ISO week 15).11 
Accounting for boundary changes in this period, which are explained in Sect. A.1 in 
Appendix A, the weekly population numbers are linearly interpolated using the two 
censuses and a weekly county-level population panel data set from 1905 to 1910 is 
created.12

3.4  Mortality data

We obtain the county-level mortality data for the years 1905 to 1910 from the pri-
vate genealogy company Ancestry.com LLC using their online products of com-
prehensive digitised death records including i.a., Ancestry.com, and Find a Grave. 
We run separate searches for deaths for each of the years per county for the three 

11 The information on the exact census dates is given at https:// www. census. gov/ histo ry/ www/ throu gh_ 
the_ decad es/ overv iew/.
12 The adjustment may introduce measurement error. However, since the boundary changes are arguably 
unrelated to smoke exposure, this could only lead to a bias towards zero of our estimates and would not 
invalidate our results.

https://www.census.gov/history/www/through_the_decades/overview/
https://www.census.gov/history/www/through_the_decades/overview/
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fire-affected states of Idaho, Montana, and the eastern part of Washington. The 
search results on Ancestry.com draw on a number of digitised data sources, such as 
state and county records, newspapers’ obituary sections, church records, and grave-
stones. Table 9 in Appendix A provides an overview of the data sources on Ances-
try.com used for our specific search.

The detailed steps of the cleaning procedure are outlined in Table 10 in Appendix 
A. Our final data comprise the deaths from 1905 to 1910 for the 70 sample counties 
and include 7,685 individual mortality records for children under the age of five.13 
We aggregate the individual death records to weekly death counts using the ISO 
week date system as each week consists of 7 days. Moreover, we adjust the weekly 
death counts to county boundary changes during this period in a similar manner to 
that previously described for the population data.

3.5  Construction of the excess mortality rate

Estimating excess mortality has emerged as a progressively effective method for 
quantifying the impact of an event (Acosta and Irizarry 2022). The concept of 
excess mortality has been applied to a wide range of different events, including more 
recently to the COVID-19 pandemic (Karlinsky and Kobak 2021; Msemburi 2023). 
In the realm of natural disasters, Santos-Burgoa (2018) estimate the excess deaths 
related to Hurricane Maria in Puerto Rico, while Morita (2017) studies the indirect 
excess mortality risk associated with the 2011 triple disaster in Fukushima, Japan. 
For wildfires specifically, excess mortality risk has been studied by Hänninen (2009) 
in Finland related to East European wildfires and by Kochi et al. (2012) for the 2003 
southern Californian wildfires.

Excess mortality can be defined as the additional deaths that occur in a given 
period of time due to a health event relative to the deaths that would normally have 
occurred in its absence. Since the counterfactual, i.e. the number of deaths in the 
absence of the health event cannot be observed, a common approach to estimate 
excess mortality is to subtract the baseline mortality from the observed mortality. 
This baseline is often based on observations for the same region prior to the event. 
As implemented by many health monitoring institutions worldwide (e.g. Euro-
pean mortality monitoring activity (EuroMOMO) and the United Kingdom Office 
for Health Improvement and Disparities), we use a reference period of five years 
prior to the event, i.e. we calculate the weekly moving mortality average for children 
under five years of age from 1905 to 1909 for each county to give us our baseline.

Our context is the impact of the Great Fire of 1910 measuring excess mortality at 
the regional level. Since the study area is rural and sparsely populated, and the tem-
poral resolution is relatively low, i.e. weekly, it is important to take the population 
size into account. Therefore, we use death rates, calculated as the number of deaths 
per 100,000 of the population. In addition, since mortality rates are affected by sea-
sonality throughout the year, we calculate the week-specific mortality rate for each 
ISO week of the year. Weekly excess mortality rates are derived from a three step 

13 As described in Table 10 in Appendix A, we exclude children aged zero from the sample as they can-
not confidently be detected as duplicates. For simplicity, we refer to children under five in the text.
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procedure. First, we calculate the baseline mortality rate for our reference period. As 
death counts are volatile, our baseline mortality rate is smoothed using each specific 
ISO week ± 1 week as shown in Eq. (1)14:

where BMR represents the baseline mortality rate for children under the age of five 
in ISO week w, t denotes the year, and MR

wt
 is the mortality rate in week w in year 

t. Additionally, we conduct robustness checks through a multiverse analysis, as 
detailed in Sect. 5.3.

The baseline mortality rate estimations for children under the age of five range 
from approximately 9 to 16 weekly deaths per 100,000 as an average for all the 
counties in our sample. Figure  9 in Appendix A shows the seasonal trend over a 
52-week year. The highest mortality rates are observed in the summer and mortal-
ity tends to decrease in spring and autumn (shaded in grey). The mean value is 12 
which is shown in the first row of Table 1. We benchmark our estimates to the offi-
cial 1910 mortality statistics reports by the Department of Commerce and Labour at 
the Bureau of the Census. The reported all-age annual mortality rates for 1905–1909 
for rural regions in the registration area are equivalent to approximately 25 to 27 
weekly deaths per 100,000 (Department of Commerce and Labor 1912). Thus, our 
mortality rate estimate for the age group under five (additionally taking account of 
seasonality) is approximately 54% lower than the official records for all-age mor-
tality. This provides validation for the completeness of the comprehensive mortal-
ity data sources used in this study since we naturally expect a lower value for the 
sub-population under investigation. Yet, although the age group under five makes 
up around 8–9% of the population (see Sect. 4.2) it seems sensible that due to high 
child mortality at the time this vulnerable population group has much higher than 
proportional mortality rates.

Second, we calculate the county-level observed mortality rate of each ISO week 
in 1910 shown in the second row of Table 1. The observed average weekly mortal-
ity rate for children under the age of five in 1910 is 16 per 100,000 and on average, 
higher than the baseline rate of 12 that is derived from the reference period. This 
might be because we are capturing more digitised death records in 1910 than in the 
previous years potentially driven by the fact that the state of Washington became 
part of the mortality statistics registration area in 1908 and Montana in 1910.

Third, we calculate the county-level weekly excess mortality rates for all ISO 
weeks of 1910 by subtracting the baseline mortality rates derived from the reference 
period 1905–1909 from the observed weekly mortality rates in 1910. The third row 
of Table 1 shows the excess mortality rate descriptive statistics for all our observa-
tions, i.e. 52 weeks for 70 counties.

(1)BMR
w
=

1

15

1909
∑

t=1905

1
∑

w=−1

MR
wt
,

14 Using a smoothing approach is standard in widely applied excess mortality algorithms used by public 
health offices such as the Farrington and Noufaily algorithms described in Noufaily (2012).
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3.6  Census crosswalks

For the analysis of the long-term effect, we use the IPUMS full-count household and 
individual data for the years 1910, 1930, and 1940 (Ruggles et al. 2024). In order to 
link individuals over time, we use the crosswalk files provided by the Census Link-
ing Project implementing the Abramitzky, Boustan, and Eriksson (ABE) exact con-
servative algorithm (Abramitzky et  al. 2022a, b). The links are undertaken based 
on variables that are expected to remain constant over time, typically the birth year, 
name, gender, and county or state of birth; see Abramitzky et al. (2021) for the step-
wise procedure. As demonstrated in Abramitzky et al. (2021), automated matching 
approaches significantly reduce the rate of false positives. In pursuit of the highest 
precision and to minimise false positive matches further, we select the most strin-
gent algorithm available, which requires individuals to be unique by name within 
two years to qualify as a match. Note that in the crosswalk files only males can be 
linked because females are harder to track given many change their last names after 
marriage. Furthermore, IPUMS does not provide the date of birth, and thus, we are 
unable to study in-utero exposure and therefore focus on post-natal effects.

For 1910, we use all individuals of the full-count census to create a number of con-
trol variables at the county level, including average age, percentage of farm house-
holds, and the economic structure captured as the percentage of workers in differ-
ent industries. The full list and descriptive statistics of the county-level variables are 
shown in Table 11 in Appendix A. Furthermore, we extract the boys who were under 
the age of five in 1910, including their corresponding parental information. We link 
the boys with their household characteristics in 1910 using the household serial num-
ber and merge our variables of interest with the crosswalk files for 1930 and 1940.

At the individual level, we construct a race indicator to identify non-white indi-
viduals.15 Non-nativity is defined as one if at least one parent is born outside the US. 
At the household level, we include family size in terms of the number of members, 

Table 1  Descriptive statistics 
of weekly baseline, observed, 
and excess mortality rates for 
children per 100,000 under the 
age of five in 1910

Notes:  (i) SD standard deviation; (ii) BMR indicates the baseline 
mortality rate from 1905 to 1909, OMR denotes the observed mor-
tality rate in 1910, and EMR is the excess mortality rate in 1910; 
(iii) the population data are compiled from the 1910 US full-count 
census provided by the Integrated Public Use Microdata Series 
(IPUMS) USA; (iv) the mortality data are retrieved from the geneal-
ogy company Ancestry.com; (v) the maximum OMR value of 855 
stems from Granite County, Montana, in week 22 with two recorded 
deaths for children under five for a population of 233.8 for children 
under the age of five

Min Mean SD Median Max N

BMR Age < 5 0 12 14 8 152 3640
OMR Age < 5 0 16 51 0 855 3640
EMR Age < 5 − 152 4 51 − 4 855 3640

15 Note that the population share of natives in the study area was about 1%.
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the number of families within a household, and indicator variables for whether it is 
a family-, farm-, urban-, or mortgage-paying household. The parental characteristics 
on the mothers’ side are limited as women are usually not part of the labour force 
although we do include the age and nativity of the mother. For the child’s father, we 
obtain numeric information regarding their age, occupational education, and earn-
ings scores. Indicator variables on being employed as well as the industries where 
they work are created, where industry codes are classified into 12 categories based 
on the 1950 Census Bureau industrial classification system. Table  12 in Appen-
dix A shows the descriptive statistics for the 7801 boys that we were able to link 
from 1910 to 1930. Linking approximately 7800 (9000) boys in 1930 (1940) out 
of about 98,400 children under the age of five in 1910 is equivalent to a matching 
rate of 15.9% (18.3%) assuming 50% boys.16 Note that the linked sample for 1940 is 
slightly larger likely due to more comprehensive record taking.

3.7  Socioeconomic status

The outcome variables of interest in the second part are the socioeconomic status 
measures in 1930 and 1940.17 Monetary wage and salary data are not available 
until 1940, and we therefore use the two available composite measures: the Dun-
can Socioeconomic Index (SEI) and the Nam–Powers–Boyd Occupational Status 
Score (NPBOSS), which are both derived from the 1950 occupational classifica-
tion scheme. The SEI is a metric on a scale from 0 to 96 constructed by regressing 
prestige ratings from the 1947 National Opinion Research Centre survey on occu-
pational education and occupational income and is referred to as a “socioeconomi-
cally predicted prestige” scale (Duncan 1961). The NPBOSS is based upon median 
earnings and median educational attainment associated with each category in the 
1950 occupational classification scheme. It is on a scale from 0 to 100 and can be 
interpreted as the percentage of persons who are in occupations having lower com-
bined levels of education and earnings than the respondent and can be referred to as 
a “pure socioeconomic” scale (Nam and Boyd 2004).

While the composite measures are useful as a proxy to capture multiple dimen-
sions defining occupational standings, they have faced criticism particularly regard-
ing the study of social mobility due to lack of consistent specification (Hauser and 
Warren 1997) and a misguided rating of women’s occupations (England 1979). 
However, since in this study we only link men and do not compare a single indi-
vidual’s occupational standings over time, the aforementioned issues are arguably 
inconsequential to our analysis. Furthermore, we are comparing men in a treat-
ment and comparison group at the same point in time, and thus, variation in defini-
tion over time does not affect our estimates. Nevertheless, we additionally include 

16 Our match rates, which are slightly below the approximately 20% reported in previous studies that 
link samples between censuses (Abramitzky et al. 2012; Collins and Wanamaker 2014; Long and Ferrie 
2013), result from our decision to employ the most stringent matching criteria using conservative match-
ing. Implementing the less strict ABE standard matching approach, our matching rate aligns with the 
established 20% benchmark.
17 Note that in this study socioeconomic status and occupational standings are used interchangeably.
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dimension-specific measures of occupational income (OCC.INC), earnings (OCC.
ER), and education (OCC.ED) also derived from the 1950 occupational classifica-
tion scheme. The descriptive statistics of the socioeconomic status indices in 1930 
and 1940 are shown in Table 2.

4  Empirical framework

4.1  Identification strategy

Natural hazards like earthquakes or hurricanes typically affect specific high-risk 
regions, but the exact locations impacted within these areas can be somewhat ran-
dom. In contrast, wildfires tend to occur in non-random patterns and local occur-
rence may be influenced by various economic factors rather than being entirely 
exogenous events. Reasons for this include that wildfire incidence is dependent on 
anthropogenic factors such as land-use changes (e.g. deforestation) or land and fire 
management policies that are potentially correlated with health and socioeconomic 
characteristics. Further endogeneity concerns arise from the fact that many fires start 
directly due to human activity either through negligence or intentional actions. In 
the context of the Great Fire of 1910, some of the ignitions occurred due to sparks 
flying off coal-burning trains and it is speculated that some of the fires were set 
deliberately for political and economic reasons.18 Thus, wildfire occurrence may 
be correlated with a number of unobserved economic dimensions or behavioural 

Table 2  Descriptive statistics of the socioeconomic status indices of the linked men in 1930 and 1940

Notes:  (i) Occ. occupational, SD standard deviation; (ii) the variables are obtained from the Integrated 
Public Use Microdata Series USA 1930 and 1940 full-count individual censuses; (iii) the 1940 links are 
newly matched men and the number of links is likely higher than in 1930 due to better record taking

Min Mean SD Median Max N

1930
 Duncan Socioeconomic Index (SEI) 3.0 22.2 19.5 15.0 96.0 7801
 Nam–Powers–Boyd Occ. Status Score (NPBOSS) 3.6 35.2 26.4 25.1 100.0 7738
 Occ. Income Score [in 100 s US $] (OCC.INC) 3.0 19.3 9.5 20.0 80.0 7801
 Occ. Earnings Score (OCC.ER) 0.6 35.5 28.1 39.7 100.0 7738
 Occ. Education Score (OCC.ED) 0.3 9.7 15.5 3.3 96.0 7712

1940
 Duncan Socioeconomic Index (SEI) 3.0 31.6 24.2 18.0 96.0 9042
 Nam–Powers–Boyd Occ. Status Score (NPBOSS) 3.6 48.5 28.2 48.7 100.0 9162
 Occ. Income Score [in 100 s US $] (OCC.INC) 3.0 24.9 11.1 24.0 80.0 9184
 Occ. Earnings Score (OCC.ER) 0.6 49.2 29.8 52.6 100.0 9162
 Occ. Education Score (OCC.ED) 1.0 15.8 21.9 4.6 93.8 9139

18 Source from Professor J.E. Kirkwood’s notes on a summer spent in the woods in 1910, Records of the 
USFS, Region One headquarters, Missoula.
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patterns that potentially also affect child mortality or socioeconomic outcomes, and 
not accounting for such unobserved factors would lead to biased estimates.

To address these endogeneity concerns, we model the smoke plume utilising 
meteorological inputs, such as wind direction and transport wind speed, which argu-
ably induces exogenous variation in smoke exposure that can be leveraged to esti-
mate the causal effect of smoke pollution on the counties’ excess mortality rates and 
later-life socioeconomic status. The identification strategy of using wind direction to 
estimate the impacts of fire-sourced air pollution on health has been applied in vari-
ous contexts. For example, Rangel and Vogl (2019) exploit daily changes in agri-
cultural fire location and wind direction to relate in-utero smoke exposure to health 
at birth outcomes in the sugar-growing region of the Brazilian state of São Paulo. 
Furthermore, Rocha and Sant’Anna (2022) employ an instrumental variable strat-
egy combining the monthly variation in wind direction in surrounding municipali-
ties to estimate the effect of deforestation-related smoke pollution on morbidity and 
mortality for municipalities in the Brazilian Amazon. Finally, Pullabhotla and Souza 
(2022) use daily data on wind direction to study the effect of agricultural fires on 
hypertension risk in India.

As our modelling of the smoke due to the wildfires is based on a number of mete-
orological factors, it can be considered strictly exogenous since these are unlikely to 
have been anticipated (e.g. no endogenous selection into treatment). To also exclude 
the possibility that the treatment and the comparison group were nevertheless on dif-
ferent pathways regarding their excess mortality rates before the event, we also test 
pre-treatment differences of the two groups by including leads of the treatment vari-
able. Furthermore, we are controlling for potential direct economic effects of the fire 
in a similar manner as for smoke exposure using an indicator variable that is one if a 
county comprises burned area and zero otherwise. Our approach arguably leaves us 
with capturing the exogenous residual health effects of air pollution.19

For the short-term impacts, we analyse the effect of wildfire smoke pollution on 
excess mortality implementing a Difference-in-Differences design. The central idea 
is that the excess mortality rates of a population that is smoke-affected (treatment 
group) would have evolved in a similar manner in the absence of the smoke as the 
population that was unaffected by the event (comparison group). Assuming that 
this key assumption holds, identification of the effect of smoke pollution on health 
relies upon using the comparison group for the unobservable counterfactual out-
come in the absence of the event. One might worry about contamination from poten-
tial changes in mortality rates due to other period factors (e.g. epidemics). How-
ever, those are unlikely to be related to smoke exposure and are thus not of concern. 
Moreover, these potentially confounding shocks or common trends would be picked 
up by the week fixed effects assuming they affect the entire study area.

In the estimation of long-term effects of smoke exposure on later-life occupa-
tional standings, we link boys who are under the age of five in 1910 over time and 
assess their socioeconomic outcomes 20 and 30 years later, i.e. in 1930 and 1940, 
respectively. Since our data are inherently cross sectional, not allowing us to control 

19 We additionally run robustness checks excluding the fire-affected counties completely from the treat-
ment group.
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for all possible confounding county and individual level factors, we control for a 
large number of individual, parental, household, and county-level characteristics that 
may affect later-life socioeconomic status in order to isolate the remaining variation 
attributable to smoke exposure. Thus, for the socioeconomic regressions we assume 
causal identification strategy conditional on these controls. In order to address con-
cerns over migration, we estimate a probit model where an indicator variable denot-
ing whether an individual moved counties between censuses is regressed on smoke 
exposure, as well as on all the other variables used in the main estimation for the 
long-term effects. We find that the likelihood of an individual to move counties is 
unrelated to smoke exposure in 1910 in all the following census years 1920, 1930, 
and 1940.20

4.2  Treatment and comparison group

The categorisation of counties into a treatment group consisting of 14 counties 
and the comparison group of 56 counties is shown in Fig. 3, where we additionally 
include the burned area to jointly visualise the source of the fires.21 Ideally we would 
include a measure of smoke intensity additionally to the binary treatment classifica-
tion. Yet, the output from our smoke model identifies the maximum hourly pollution 
levels in terms of hazard classes. Due to the scale of this event, a significant number 
of counties fall into the highest hazard category, which unfortunately limits our abil-
ity to distinguish between varying degrees of smoke intensity.

In terms of population, in 1910 about 191,000 people were living in the treatment 
area and 937,000 in the comparison area. Approximately 15,300 (8%) and 83,100 
(8.9%) are children under the age of five in the treatment and comparison group, 
respectively.

Table  3 shows the balance tests across treatment and comparison counties for 
a number of variables in terms of their eight month average before the Great Fire 
of 1910. Accordingly, the average population per county is 13,533 and 16,498 in 
the treatment and comparison areas, respectively. The number of children under the 
age of five is slightly higher in the comparison group per county. As for the calcu-
lated mortality rates, the baseline mortality rates and the observed mortality rates 
are on average slightly larger in the treatment group, and the excess mortality rates 
are slightly smaller in the treatment group prior to the event. However, reassuringly 
none of the variables of interest are significantly different pre-treatment as shown by 
the t-statistic and corresponding p values.22

20 See Table 13 in Appendix A.
21 Excluded from the treatment group are the two counties that had less than 1% smoke coverage.
22 Given the long-term estimation is inherently cross-sectional we do not consider a balance-type table 
necessary as the comparison variables are effectively accounted for within our analysis framework. Yet, 
we provide a balance-type table for the long-run estimations (see Table 14 in Appendix A) as this was of 
concern to some readers.
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4.3  Econometric specification

We estimate a dynamic two-way fixed effects Difference-in-Differences model for 
the short-term effects shown in Eq. (2) including 8 pre- and post-event periods ( ≈ 2 
months), i.e. leads and lags of the treatment variable of the wildfire event which is 
denoted as week 0:

Fig. 3  Treatment and comparison group for smoke-affected counties. Notes: (i) a county is classified as 
smoke affected if any part of the county was exposed to moderate hourly peak pollution  (PM2.5 > 38 
μg/m3 ); (ii) the county shape file shows the historical county boundaries provided by The Big Ten Aca-
demic Alliance Geoportal; (iii) the darkest grey-shaded area shows the modelled moderate hazard smoke 
plume employing the BlueSky smoke modelling framework and the black shaded area indicates the burn 
perimeters of the fire

Table 3  Balance table showing the county-level average population and mortality rates of children under 
the age of five for the 32 ISO calendar weeks ( ≈ 8 months) before the fire

Notes:  (i) the population variables are obtained from the Integrated Public Use Microdata Series USA 
1900 and 1910 full-count individual censuses; (ii) the mortality data are retrieved from the genealogy 
company Ancestry.com; (iii) BMR denotes the weekly baseline mortality rate per 100,000 and is derived 
by taking week-specific smoothed averages from 1905–1909; OMR stands for the average observed 
weekly mortality rate per 100,000 in the ISO calendar weeks 1–32; EMR indicates the weekly excess 
mortality rate per 100,000 in the ISO calendar weeks 1–32 and is calculated by subtracting the weekly 
baseline mortality rate from the weekly observed mortality rate

Treatment Comparison Difference t-stat p value

Total population 13,533 16,498 2966 0.55 0.59
Population < 5 1081 1463 382 0.95 0.35
BMR < 5 per 100,000 12.7 11.7 − 0.9 − 0.37 0.71
OMR < 5 per 100,000 17.1 16.7 − 0.4 − 0.11 0.91
EMR < 5 per 100,000 4.4 5.0 0.5 0.16 0.88
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where EMR
it
 is the excess mortality rate in county i and week t, and the week before 

the event is omitted from the equation to normalise the estimates of �−1 and �−1 to 
0 in order to estimate the effects relative to the reference period. S

i
 represents the 

treatment group indicator and is equal to 1 if county i is smoke-affected in week t, 
and 0 otherwise. BA

i
 indicates any burned area as 1 or 0 otherwise. County fixed 

effects, �
i
 , account for county-specific time-invariant characteristics and week fixed 

effects, �
t
 , capture common shocks that might potentially affect our study region at 

large. �
it
 is the error component. The coefficients of interest are �

k
 for k ≥ 0 (lags) 

which capture the effect of smoke-exposed in post-event period k relative to the pre-
event week − 1. The coefficients of the leads, i.e. �

k
 ( k < 0 ), can be interpreted as 

pre-event differences in excess mortality rates between treatment and comparison 
groups.

Error terms �
it
 are clustered at the county level due to the possibility of persis-

tent correlations between idiosyncratic disturbances within counties on a weekly 
basis. Thus, we allow for serial correlation within the cross-sectional units over 
time. Given that the treatment is captured at the county level this is consistent 
with recent work by Abadie et al. (2023) on how to appropriately cluster the error 
term.

For the estimation of the long-term effect of smoke exposure on later-life soci-
oeconomic outcomes, we estimate an Ordinary Least Squares (OLS) cross-sec-
tional regression as specified in Eq. (3):

where SESd
ic
 indicates the socioeconomic status outcome variable in decade d of 

individual i who resided in county c in 1910. We study the decades 1930 and 1940. 
S
ic
 is an indicator variable that is equal to 1 if individual i’s county of residence c in 

1910 was smoke affected and 0 otherwise. In a similar manner, BA
ic
 represents an 

indicator variable that is equal to 1 if individual i’s county of residence c in 1910 
comprised some burned area and 0 otherwise. Furthermore, IND

i
 , PAR

ic
 , and HH

ic
 

are vectors of individual, parental, and household characteristics of individual i who 
resided in county c in 1910, respectively. The variables contained in these vectors 
are shown in Table 12 in Appendix A. CTY

ic
 is a vector denoting the characteristics 

of county c in which individual i resided in 1910. The complete list of the variables 
included at the county level is shown in Table 11 in Appendix A. Finally, STATE

ic
 is 

a vector of indicator variables for each state that individual i’s county of residence 
c in 1910 belongs to and �

i
 indicates the error term. Standard errors are again clus-

tered at the county level following the similar reasoning as described for the short-
term analysis.
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5  Results and discussion

5.1  Short‑term excess mortality

The point estimates and confidence intervals of Eq. (2) for the 8 pre- and post-event 
weeks of the Great Fire are shown graphically in Fig. 4. Reassuringly none of the 
leads are statistically significant, indicating that there was no difference in the excess 
mortality rate between the treatment and comparison group prior to the event, and 
hence, as expected, there were no anticipation effects.23 The results show a positive 
effect of smoke exposure on the excess mortality rate for children under the age of 
five in the week of the wildfire, i.e. week 0, but no such effect in the 8 weeks follow-
ing the event.

Table  4 presents the corresponding regression table resulting from Eq. (2). In 
the interest of brevity, a condensed version of the estimated lagged coefficients is 
presented, where the full table showing all lags for week 0 to week 8 is provided 
in Table 15 in Appendix A. In Column (1), we show the estimates of only includ-
ing county-fixed effects, while Column (2) presents results of additionally control-
ling for week fixed effects. Accordingly, only accounting for time-invariant county 
unobservables implies that smoke exposure had no impact on mortality of under 
five year olds. In contrast, also allowing for common time specific factors indicates 
an excess mortality rate in the treatment counties in the week of the fire of 64.4 
per 100,000. However, additionally including fire exposure in Column (3) to also 
capture the direct impact of the wildfires, which are the estimates corresponding to 
Fig. 4, reduces the point estimate by about 46% per cent. The estimated coefficient 
suggests that smoke exposure due to the wildfire increased the excess mortality rate 
by 35 per 100,000 for children under the age of five in the week of the event.24

Comparing our estimated excess mortality rate of 35 per 100,000 to the observed 
weekly mortality rate of 16 per 100,000 over the entire year of 1910, as taken from 
Table 1, suggests a 119% increase in excess mortality in the week of the fire due to 
smoke exposure. This immediate impact on excess mortality is in line with findings 
provided by Johnston et al. (2011) who study all-cause non-accidental mortality due 
to bush fires and dust storms from 1997 to 2004 in Sydney and report a same-day 
increase in mortality controlling for temperature for all age groups. Moreover, Dou-
bleday (2020) assess non-traumatic mortality associated with wildfire smoke expo-
sure from 2006 to 2017 in Washington State and report that previous-day smoke 
exposure poses the highest mortality risk and that it diminishes rapidly within two 
days.

23 Similarly, there are no pre– treatment differences for the burned area indicator variable as shown in 
Fig. 10.
24 As demonstrated in Eq. (2), we account for the area affected by fires to mitigate potential direct effects 
on our findings. Nevertheless, to further address concerns over potential direct effects, we re-estimate 
Eq. (2) while excluding fire-affected counties. The result yields a point estimate of 20 excess deaths per 
100,000 children, as detailed in Table 16 in Appendix A. However, this approach is not adopted as our 
primary estimation strategy due to two key limitations: first, it precludes a significant portion of smoke-
affected counties from our analysis, and second, it leaves us with a markedly reduced number of treat-
ment units.
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Fig. 4  Difference-in-Differences point estimates and 95% confidence intervals of smoke exposure on 
excess mortality of children under the age of five. Notes: (i) EMR denotes the excess mortality rate and 
CI indicates the 95% confidence interval; (ii) the mortality data are obtained from the genealogy com-
pany Ancestry.com and the population data are retrieved from the 1910 US census

Table 4  Difference-in-
Differences regression results of 
smoke exposure on the excess 
mortality rate of children under 
the age of five (weeks 0–4)

Notes:  (i) stars indicate significance according to *p < 0.05, **p 
< 0.01, ***p < 0.001; (ii) the table shows the coefficients of the 
Difference-in-Differences estimation as stated in Eq. (2); (iii) the 
sample includes 70 counties; (iv) Burned area indicates whether a 
county comprised burned area; (v) standard errors are clustered at 
the county level; (vi) the population data are compiled from the 1910 
US full-count census provided by the Integrated Public Use Micro-
data Series (IPUMS) USA and the mortality data are retrieved from 
the genealogy company Ancestry.com

Excess mortality rate

(1) (2) (3)

Smoke event 51.1 64.4* 35.0*
(27.8) (29.3) (15.8)

1 week after event 48.3 45.7 55.9
(30.1) (33.7) (33.8)

2 weeks after event 22.4 28.8 9.8
(23.4) (26.6) (14.3)

3 weeks after event 2.0 9.7 − 9.0
(9.6) (13.3) (11.4)

4 weeks after event − 2.1 8.3 2.6
(9.8) (12.8) (7.9)

County fixed effects ✓ ✓ ✓

Week fixed effects ✓ ✓

Burned area ✓

R
2 0.09 0.11 0.11

N 1190 1190 1190
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Table 5  Regression of individual socioeconomic status outcomes in 1930 on smoke exposure in early 
childhood

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 Smoke − 3.0*** − 2.7* − 0.7 − 1.8 − 0.8
(0.8) (1.2) (0.5) (1.4) (0.6)

 Burned area 3.1* 1.0 − 0.1 − 1.6 0.6
(1.2) (1.6) (0.6) (1.8) (0.9)

Individual
 Non-white − 8.7*** − 17.2*** − 6.1*** − 18.2*** − 4.3***

(1.7) (2.6) (0.9) (3.2) (1.1)
 Non-American born parent − 0.6 − 0.9 − 0.2 − 0.8 − 0.3

(0.7) (1.0) (0.4) (1.1) (0.6)
Household (1910)
 Family size − 0.8*** − 0.9*** − 0.2*** − 0.6*** − 

0.5***
(0.1) (0.2) (0.1) (0.2) (0.1)

 Families in household 0.3 0.2 − 0.0 − 0.1 0.1
(0.3) (0.4) (0.2) (0.5) (0.3)

 Non-family household 2.1 3.1 1.0 4.7 2.6
(3.7) (5.6) (2.2) (6.7) (3.7)

 Urban household 4.9*** 5.0*** 1.3** 3.2* 2.5***
(0.7) (1.0) (0.4) (1.3) (0.6)

 Farm household − 2.3** − 4.6*** − 1.6*** − 4.8*** − 1.0
(0.8) (1.2) (0.4) (1.2) (0.6)

 Paying mortgage 0.8* 0.9 0.2 0.7 0.7*
(0.4) (0.5) (0.2) (0.6) (0.3)

Parents (1910)
 Mother: Age 0.3*** 0.4*** 0.1*** 0.3*** 0.2***

(0.0) (0.1) (0.0) (0.1) (0.0)
 Mother: Non-American born parent − 0.3 − 0.6 − 0.4 − 1.1 − 0.2

(0.4) (0.6) (0.2) (0.7) (0.4)
 Father: Age − 0.1 − 0.1 − 0.0 − 0.1 − 0.0

(0.0) (0.0) (0.0) (0.1) (0.0)
 Father: Non-American born parent 0.5 − 0.5 − 0.4 − 1.3 0.1

(0.5) (0.7) (0.3) (0.8) (0.4)
 Father: Education score 0.1** 0.1 0.0 − 0.0 0.1**

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1*** 0.1*** 0.0*** 0.1*** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed − 1.4 − 1.5 − 0.4 − 1.2 − 1.6**

(0.8) (1.1) (0.4) (1.1) (0.6)
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5.2  Long‑term socioeconomic status

The regression results for the 1930 census linked estimations of Eq. (3) are shown in 
Table 5. The findings indicate a negative coefficient on both the composite and sin-
gle dimension indicators. Yet, only the composite measures show a significant nega-
tive impact of smoke exposure on the Duncan Socioeconomic Index (0.1% level) 
and on the Nam–Powers–Boyd Occupational Status Score (5% level). This suggests 
that there is no single dimension that is the main driver of the negative result of the 
composite measures of socioeconomic status. The point estimates suggest that the 
Duncan Socioeconomic Index is 3 points lower for men who were smoke-exposed 
in early childhood compared to non-exposed men (Column (1)). This translates into 
a 13.5% decrease relative to the 1930 sample mean of 22.2 (Table 2). The estima-
tion for the Nam–Powers–Boyd Occupational Status Score shown in Column (2) 
indicates that smoke-exposed men also rank on average 2.7 points lower than non-
exposed men, which translates to a decrease of 7.7% relative to the mean of 35.2 
points shown in Table 2.25

In terms of the other controls, at the individual level non-whites have lower soci-
oeconomic status outcomes than whites. Moreover, growing up in a larger family or 
on a farm is associated with lower later-life occupational standings, while growing 
up in an urban household is linked to better performance in later-life socioeconomic 

Table 5  (continued)

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

Controls
 Industry father ✓ ✓ ✓ ✓ ✓

 County characteristics ✓ ✓ ✓ ✓ ✓

 State indicator ✓ ✓ ✓ ✓ ✓

 R2 0.11 0.14 0.13 0.13 0.06
 N 7801 7738 7801 7738 7712

Notes:  (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) this table 
shows the results of the Ordinary Least Squares regression shown in Eq. (3) estimating the effect of wild-
fire smoke exposure in early childhood on later-life socioeconomic status conditional on controls; (iii) the 
data are obtained from the Integrated Public Use Microdata Series full-count censuses 1910 and 1930; 
(iv) the composite socioeconomic status measure SEI stands for the Duncan Socioeconomic Index, and 
NPBOSS is the Nam–Powers–Boyd Occupational Status Score; (v) the single dimension socioeconomic 
status measures are occupational income (OCC.INC), earnings (OCC.ER), and education (OCC.ED)

25 One may be concerned that the boys that survived the wildfire-sourced air pollution are systematically 
different (e.g. healthier, stronger, richer) than the non-smoke-affected boys and thus, that our sample is 
characterised by a “survival bias”. Assuming this was the case, our results are arguably an underestimate 
of the true negative effect on the later-life socioeconomic status of the boys who were smoke-exposed.
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Table 6  Regression of individual socioeconomic outcomes in 1940 on smoke exposure in early child-
hood

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 Smoke 0.1 − 1.1 − 0.9* − 2.2 1.0
(1.0) (1.3) (0.4) (1.3) (1.0)

 Burned area 0.6 1.2 0.9 1.8 0.3
(1.3) (2.0) (0.6) (2.1) (1.2)

Individual
 Non-white − 11.3*** − 14.4*** − 3.7** − 10.4** -4.5

(2.7) (2.9) (1.3) (3.3) (2.6)
 Non-American born parent − 1.0 − 1.7* − 0.6 − 1.8* − 0.6

(0.6) (0.7) (0.3) (0.9) (0.6)
Household (1910)
 Family size − 1.1*** − 1.1*** − 0.3*** − 0.8*** − 0.8***

(0.1) (0.1) (0.1) (0.2) (0.1)
 Families in household 0.6 0.6 0.2 0.6 0.2

(0.3) (0.4) (0.2) (0.4) (0.3)
 Non-family household 3.7 4.8 1.1 3.2 − 0.4

(4.2) (4.8) (2.1) (6.1) (3.1)
 Urban household 3.6*** 3.2** 1.2** 1.8 2.8**

(1.0) (1.0) (0.4) (1.0) (0.9)
 Farm household − 1.2 − 2.9** − 1.1** − 3.3** − 0.3

(0.9) (1.1) (0.4) (1.1) (0.8)
 Paying mortgage − 0.3 0.4 − 0.0 0.5 − 0.6

(0.5) (0.6) (0.2) (0.7) (0.5)
Parents (1910)
 Mother: Age 0.3*** 0.4*** 0.1*** 0.2*** 0.2**

(0.1) (0.1) (0.0) (0.1) (0.1)
 Mother: Non-American born parent 0.4 − 0.3 0.2 − 0.1 0.2

(0.5) (0.6) (0.2) (0.6) (0.5)
 Father: Age − 0.1 − 0.1 − 0.0 − 0.1 − 0.0

(0.1) (0.1) (0.0) (0.1) (0.0)
 Father: Non-American born parent 0.6 − 0.4 − 0.1 − 1.0 0.2

(0.6) (0.8) (0.3) (0.8) (0.6)
 Father: Education score 0.2*** 0.2*** 0.1*** 0.1*** 0.3***

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1*** 0.1*** 0.0*** 0.1*** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed 1.4 1.6 0.5 1.4 1.2

(1.1) (1.2) (0.5) (1.4) (1.0)
Controls
 Industry father ✓ ✓ ✓ ✓ ✓
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status. Regarding parental characteristics, our results suggest that an increase in the 
age of the mother, as well as the father’s Occupational Earnings Score, is positively 
associated with better ranking on later-life occupational standings. Reassuringly, 
these results are consistent with those in the traditional labour economics literature.

Table 6 presents the results on men linked in 1940 revealing negative effects of 
early-childhood smoke exposure on a majority of occupational standings indicators. 
Notably, the single dimension indicator Occupational Income is significant indicat-
ing a decrease of 90 US$ in annual income comparing men impacted by smoke to 
those not affected. This represents a 3.6% reduction compared to the 1940 annual 
average occupational income of 2,490 US$ (Table 2).26 While in 1930 the results 
reveal a negative effect of smoke exposure on the composite measures with no clear 
indication of which single dimension is driving the effect, the findings in 1940 sug-
gest that men who were exposed to wildfire smoke in early childhood experience a 
negative income effect in 1940.

More generally, one should note that the adverse effect of early-childhood wild-
fire exposure on later-life socioeconomic status indicators found 20–30 years after 
the wildfire may have potentially arisen through health effects that affected both 
physiological and cognitive aspects of development. From a physiological perspec-
tive, the detrimental effects of wildfire smoke exposure are especially severe during 
early childhood, a critical period when the body is still developing. For instance, 
the presence of incomplete barriers in young children allows a greater proportion 

Table 6  (continued)

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 County characteristics ✓ ✓ ✓ ✓ ✓

 State indicator ✓ ✓ ✓ ✓ ✓

 R2 0.12 0.12 0.10 0.09 0.08
 N 9042 9162 9184 9162 9139

Notes:  (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) this table 
shows the results of the Ordinary Least Squares regression shown in Eq. (3) estimating the effect of wild-
fire smoke exposure in early childhood on later-life socioeconomic status conditional on controls; (iii) the 
data are obtained from the Integrated Public Use Microdata Series full-count censuses 1910 and 1940; 
(iv) the composite socioeconomic status measure SEI stands for the Duncan Socioeconomic Index, and 
NPBOSS is the Nam–Powers–Boyd Occupational Status Score; (v) the single dimension socioeconomic 
status measures are occupational income (OCC.INC), earnings (OCC.ER), and education (OCC.ED)

26 The IPUMS 1940 census data are the first one to provide reported income (as oppose to income 
derived from an individual’s occupation). We find that there is a negative insignificant effect of smoke 
exposure on reported income in 1940 but do not report this in the tables for the sake of consistency 
across the censuses.
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of harmful particles to penetrate deeper into their lungs compared to adults, leading 
to an increased risk of respiratory morbidity, including conditions such as asthma, 
bronchitis, and other chronic pulmonary diseases (Bennett et al. 2007). These nega-
tive health impacts may result in missed school days or impaired learning, ultimately 
affecting children’s educational outcomes and overall quality of life. Besides the 
potential effects on respiratory conditions, early-life exposure to smoke pollution 
may impact physiological growth, which in turn is found to be associated with adult-
hood income as shown in Tan-Soo and Pattanayak (2019). The authors build on the 
findings of Rosales-Rueda and Triyana (2019), who reported an association between 
early-childhood smoke exposure and reduced stature by the age of 17 and highlight 
the link between adult height and income, proposing that a decrease in height due 
to exposure to agricultural fires could lead to an average reduction of approximately 
4% in monthly income during adulthood.

Considering the limited research on the impact of wildfire smoke exposure on 
cognitive and neuropsychological development in children, especially those under 
the age of five, it is beneficial to also consider evidence from exposure to  PM2.5 from 
other sources. In the literature review on air pollution and neuropsychological devel-
opment in children by Suades-González et al. (2015), the authors report that there is 
inadequate or insufficient evidence on the association between  PM2.5 and cognitive 
ad psycho-motor development. However, the authors suggest a positive link between 
post-natal  PM2.5 exposure and autism spectrum disorder (ASD). For example, Tal-
bott (2015) conduct a population-based case–control study in Pennsylvania and find 
a significant association of  PM2.5 exposure at the age of two and childhood ASD. 
This evidence aligns with the findings of Brockmeyer and D’Angiulli (2016), who 
highlight that in early childhood the blood–brain barriers are not fully developed, 
allowing particulate matter to cause significant neuroinflammation and subsequent 
cell loss in the central nervous system. These neurological impacts may lead to cog-
nitive deficits, which can challenge children’s educational attainment, thereby limit-
ing their opportunities for higher-paying jobs and contributing to lower socioeco-
nomic status outcomes in adulthood. Furthermore, these cognitive challenges may 
discourage parents from sending their children to school, further exacerbating the 
long-term impact on their socioeconomic prospects. Note that while many stud-
ies assess prenatal exposure to air pollution, evidence for young children is scarce 
(Suades-González et al. 2015).

It is noteworthy that the coefficient of the burned area indicator is significantly 
positive for the Duncan Socioeconomic Index in 1930.27 Similarly, when exclud-
ing the fire-affected areas from the estimation completely, all of the point estimates 
but occupational education are negative and significant and larger in magnitude as 
shown in Table 17 and Table 18 for 1930 and 1940, respectively.28 This indicates 
that the fire-affected regions may have experienced a positive shock (along the lines 

27 Nevertheless one should keep in mind that, even after controlling for our rich set of covariates, the 
validity of the causal interpretation of having been in a fire burnt county is likely weaker than for our 
smoke exposure proxy.
28 As this estimation leaves only four counties categorised as treated, and the sample size is reduced sub-
stantially, we exercise caution by abstaining from interpreting the magnitude of the coefficients.
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of “creative destruction”) of burned area counteracting the purely negative shock of 
being only smoke-affected. One possible mechanism behind this finding could be 
the fact that the timber industry saw a surge in significance following the Big Burn. 
This increase was not only due to its contributions to fire prevention via logging, but 
also because it received enhanced support from the USFS – an evolution detailed 
by subsequent developments. After the Great Fire of 1910, President William Taft 
replaced USFS Chief Forester Gifford Pinchot, a staunch conservationist, due to a 
disagreement on land management policies, leading to a shift in the USFS’s stance 
towards timber industry-friendly policies (Egan 2009, p. 275). Pinchot’s successor, 
Henry Graves emphasised the timber industry’s enhanced role, stating: “The public 
forests are being protected from fire, the timber is used as it is called for by eco-
nomic conditions, and the cutting is conducted by such methods as leave the land 
in favourable condition for the next crop of timber”.29 Additionally, Graves founded 
the Forest Products Laboratory in Madison, Wisconsin, to boost lumber production, 
wood preservation, and reduce logging waste, likely enhancing timber productivity. 
Concurrently, William Greeley, a regional forester during the Great Fire, rose to a 
high administrative USFS role, advocating the logging industry’s involvement as a 
fire prevention co-manager. By 1920, he ascended to USFS chief and, eight years 
later, joined a timber syndicate as an executive (Egan 2009, p. 270, 271).

To roughly ascertain whether the alleged growth in the timber industry in coun-
ties that experienced fires is also apparent in the data, we conduct a two-way fixed 
effects Difference-in-Differences estimation of the shift in county-level industry 
shares from immediately before the fire (1910) to 1920 using the census data. More 
specifically, we estimated the change in the labour market’s industry shares by com-
paring fire-affected counties with (i) counties affected solely by smoke, as shown in 
Fig. 5a, and (ii) all remaining counties within the study area, depicted in Fig. 5b. As 
can be seen, the timber industry boom following the Great Fire of 1910 occurred 
mainly in the counties which had burned areas compared either to the counties that 
were only smoke-affected or to all other counties.

5.3  Robustness checks

The baseline estimates, the specification dropping the fire-affected counties as well 
as a number of robustness checks for coefficients of interest for the short-term and 
later-life analyses are shown in Fig. 6. Note that not all robustness checks are suit-
able for presentation in that format and certain later-life estimations encounter sub-
stantial constraints due to a large reduction in sample size.

First, we conduct a number of permutation tests in the spirit of Fisher (1937). 
More specifically, we randomise which of the 14 out of the 70 counties are smoke-
affected, and then also randomise in which 10 of these 14 are also fire-affected. Sub-
sequently, we run Eqs. (2) and (3) performing 1000 iterations and plot the distri-
bution of the corresponding t-statistic. The p value is derived by the rank of the 
t-statistic of the main estimation. For the short-term excess mortality result in the 

29 The quote is obtained from the Forest History Society under https:// fores thist ory. org/ resea rch- explo re/ 
us- forest- servi ce- histo ry/ people/ chiefs/ henry-s- graves- 1871- 1951.

https://foresthistory.org/research-explore/us-forest-service-history/people/chiefs/henry-s-graves-1871-1951
https://foresthistory.org/research-explore/us-forest-service-history/people/chiefs/henry-s-graves-1871-1951
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week of the wildfire, this permutation test indicates a p value of 0.008 (1–992/1000) 
as shown in Fig. 11a in Appendix B which demonstrates that the result is unlikely 
to be driven by chance. For the later-life socioeconomic outcomes, the similar test is 
performed for the estimates that are significant in 1930, i.e. the Duncan Socioeco-
nomic Index and the Nam–Powers–Boyd Occupational Status Score as shown and 
for Occupational Income in 1940. While the actual t-statistic of the Duncan Socio-
economic Index (Fig.  11b in Appendix B) is highly significant with a p value of 
0.015 (15/1000), the p value of the Nam–Powers–Boyd Occupational Status Score 
(Fig. 11c in Appendix B) is 0.094 (94/1000), and thus significant at the 10% level. 
Regarding the 1940, Occupational Income in this permutation exercise has a p value 
of 0.08 (80/1000) and is significant at the 10% level (Fig. 11d in Appendix B).

Given excess deaths can be sensitive to analytical choices we estimate the excess 
mortality rate in Eq. (2) implementing a multiverse analysis as suggested in Levitt 
et al. (2023). First, in addition to our baseline reference period of the prior 5 years, 
we use reference periods ranging from 2 to 4 years shown in Fig. 12 in Appendix B. 
Similar to our main estimation, the excess mortality rate of children under the age 
of five ranges from 34.5 to 36.3 per 100,000. Second, since more early years may 
not be as relevant as later years, we combine the reference years with (i) weights 
decreasing linearly by 5% (i.e. 100% weight for 1909, 95% weight for 1908, etc.), 
(ii) decreasing linearly by 10%, and (iii) weights decreasing by half for each year 
before 1910. As shown in Fig. 13 the point estimate indicating the excess mortality 
rate of children is estimated at 32 to 34.7 deaths per 100,000, and thus very close to 
our main estimation. Third, we use a Quasi-Poisson model accounting for the overd-
isperison in the mortality data and including a time trend to estimate the excess mor-
tality rate. The results shown in Fig. 14 indicate a slightly lower excess mortality 
rate of 31.3 children per 100,000 under the age of five with a p value of 0.06. Note, 
that this model may not be most suitable in our context given that we already use a 

Fig. 5  Two-way fixed effects Difference-in-Differences regression of industry share on counties compris-
ing burned areas. Notes: (i) the plots show the point estimates and 95% confidence intervals estimating a 
Difference-in-Difference regression with county and year fixed effects of industry share on burned area 
as an indicator variable; (ii) standard errors are clustered at the county level; (iii) the comparison group 
in a includes the counties that were solely smoke-exposed and b displays the estimation using all coun-
ties in the study area as comparison group; (iv) the industry data are derived from the Integrated Public 
Use Microdata Series USA 1910 and 1920 censuses and include only individuals in the labour force
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county-level age-stratified sample accounting for seasonality by estimating weekly 
deaths, while Poisson models may be more effective for yearly all-age mortality 
data.

One might be worried that too many comparison counties are included in our 
estimation that are peripheral to the source. To investigate this we run two different 
estimations reducing the number of comparison counties (i) to those directly adja-
cent to the treatment counties, i.e. sharing a boundary (16 comparison counties), 
and (ii) using a calculated buffer area around the modelled smoke plume of 250 km, 
and include all the counties in the comparison group that are within that buffer (40 
comparison counties). The corresponding maps are shown in Fig. 15 in Appendix B. 
The estimations of Eq. (2) indicate higher weekly excess mortality rate coefficients 
of 47.6 and 36 per 100,000 for the estimation with 16 and 40 adjacent comparison 

Fig. 6  Model specifications and robustness checks overview for short-term and long-term estimations. 
Notes: (i) a presents the point estimates, the 95%, and 90% confidence intervals of the short-term analy-
sis delineated in Eq. (2); b, c and d show the point estimates, the 95%, and 90% confidence intervals of 
the later-life outcomes estimation as specified in Eq. (3); (ii) “Baseline” refers to the primary analysis; 
“Adjacent Ctrl.” encompasses only the counties bordering the treatment counties included in the com-
parison group; “250 km buffer Ctrl.” includes solely the counties within a 250 km buffer of the smoke 
plume as comparison counties; “Evacuation” denotes the exclusion of the two counties Spokane and 
Missoula; “Excl. fire-affected” keeps the only smoke-affected counties as the treatment group; “1930 
matches” retains individuals linked from 1930 in the 1940 dataset without adding new matches
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counties, respectively. Both the Difference-in-Differences plots (Fig.  16) and the 
regression tables (Tables 19 and 20) are shown in Appendix B. As for the long-term 
impact on later-life socioeconomic outcomes, all the 5 SES indicators are signifi-
cantly negative in 1930 for the estimation with including only the 16 adjacent coun-
ties and the Duncan Socioeconomic Index is significant in the 250 km buffer estima-
tion. Occupational Income is negative significant for both estimations in 1940. The 
long-run coefficients of interest are included in Fig. 6. Nevertheless, given the sub-
stantial decrease in sample size, we exercise caution in interpreting the coefficients 
for this robustness check regarding the later-life outcomes.

To address concerns over the potential impacts of evacuations we assess whether 
our results are robust to the exclusion of Spokane County, Washington and Missoula 
County, Montana, which are the two destination counties of train evacuations from 
the immediate burn zone (Krainz 2012). Note, that very few residents were evacuated 
and that evacuations were administered rather late when the population arguably was 
already smoke-exposed.30 We find that the excess mortality rate estimate for the fire 
week is robust to dropping these counties from the comparison group with a coeffi-
cient of 37.1 per 100,000, which is slightly larger than our baseline result of 35 per 
100,000 (see Fig. 17 for the Difference-in-Differences plot and Table 21 for the regres-
sion table). In terms of the long-term estimation we still find significant negative effects 
for the Duncan Socioeconomic Index with a reduction of 2.5 points in 1930 and nega-
tive effects for the Nam–Powers–Boyd Occupational Status Score at the 10% level 
(Table 22 in Appendix B). Furthermore, Occupational Income in 1940 remains signifi-
cant at the 10% level (Table 23 in Appendix B). Related to the topic of evacuation are 
concerns regarding migration. Yet, the duration of evacuee displacement, was notably 
brief. Krainz (2012) describe that the refugees returned within days. For instance only 
175 women and children from an initial group of 1,200 remained in Missoula after just 
one week. This short duration of displacement suggests that evacuation did not lead to 
long-term resettlement. Nonetheless, it does not preclude the possibility of later moves 
unrelated to the immediate evacuation. However, as indicated in Sect. 4.1 we find no 
evidence that smoke exposure in 1910 influenced the likelihood of individuals relocat-
ing to different counties in any of the subsequent census years of 1920, 1930, or 1940.

Finally, we re-estimate Eq. (3) for 1940 by exclusively retaining the links estab-
lished in 1930, thereby maintaining a consistent cohort of men throughout the study 
period as opposed to using the newly established links. The findings visually illus-
trated in Fig. 6d denoted as “1930 matches” and as a regression output in Table 24 in 
Appendix B suggest that early-life smoke exposure leads to an even larger negative 
effect on Occupational Income of 130 US$ compared to the baseline estimations, 
which corresponds to a decrease of 5.2% relative to the 1940 average annual Occu-
pational Income (Table 2). Moreover, restricting the analysis to following the 1930 
cohort also shows a decrease in 1940 Occupational Earnings of 3.6, which translates 
to a decrease of 7.3% compared to the 1940 average (Table 2). Thus, we show that 
the negative effect found in 1930 persists in 1940 for the same set of individuals.

30 This assumption is corroborated by newspaper articles reporting on evacuations. Example quotes can 
be requested from the authors.
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6  Conclusions

In this study, we assessed the smoke-induced short-term mortality and long-term 
socioeconomic impacts of the Great Fire of 1910 for smoke-exposed children under 
the age of five. To this end, we used historical burn perimeters within a wildfire 
smoke emission and dispersion model to proxy smoke exposure and combined this 
with mortality records and linked full-count census data from 1900 to 1940. Our 
econometric estimations suggest a short-term effect on the excess mortality rate for 
children residing in smoke-affected regions in the week of the wildfire. Furthermore, 
we find evidence that boys who were under the age of five at the time of the Great 
Fire of 1910 ranked lower on some socioeconomic status indices in 1930 and 1940 
if they resided in smoke-affected counties compared to boys who did not.

Our paper provides novel evidence both in the economic assessment of smoke 
exposure during wildfires in terms of short-term health effects during childhood and 
later-life socioeconomic outcomes in a historic context where avoidance behaviour 
was likely relatively limited.

More generally, this study arguably contributes to a deeper understanding of the 
implications of major wildfire events for public health and human capital formation 
in any context where avoidance may be relatively limited. While awareness of the 
adverse health effects of wildfire smoke exposure has certainly increased substan-
tially since 1910, avoidance options are unequal between countries, communities, 
and neighbourhoods (Grant and Runkle 2022).

A. Appendix

See Figs. 7, 8 and Table 7.

A.1 County boundary changes

To account for boundary changes from 1900 to 1910 we use (i) the Big Ten Aca-
demic Alliance (BTAA) Geoportal which provides historical shape files for the years 
1900 and 191031 and (ii) the Atlas of Historical County Boundaries which docu-
ments county-level boundary changes for all US states.32 For counties affected by 
boundary changes between 1900 and 1910 we approximate the population in 1900 
based on the county boundaries of 1910 taking account of the week of the enforce-
ment of the change. For example, on 21st February 1907 (International Organization 
for Standardization (ISO) week 8), county Kootenai was split into counties Kootenai 
and Bonner. Thus, a theoretical 1900 Bonner County would have consisted of 61% 
of 1910 county Kootenai and the 1900 Kootenai County would only be 39% of the 
1910 Kootenai County. Hence, for all weeks before the boundary change, the 1900 

31 The historical shape files are available under https:// geo. btaa. org/ e.g. https:// geo. btaa. org/ catal og/ 
harva rd- nhgis- pop19 10 for the year 1910.
32 For more detail see https:// digit al. newbe rry. org/ ahcb/ proje ct. html.

https://geo.btaa.org/
https://geo.btaa.org/catalog/harvard-nhgis-pop1910
https://geo.btaa.org/catalog/harvard-nhgis-pop1910
https://digital.newberry.org/ahcb/project.html
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population of county Kootenai and a hypothetical 1900 Bonner County is adjusted 
accordingly. The summary of the calculations of these boundary changes is shown 
in Table 8.

See Tables 9, 10 and Fig. 9.
See Fig. 9 and Tables 11, 12, 13 and 14.
See Fig. 10 and Tables 15, 16, 17 and 18.

Fig. 7  Location of the Great Fire of 1910 within the US, which burnt in the states of Idaho, Montana, 
and Washington. Note: The above map shows the extent of burned area and is created in ArcGIS using 
the georeferrenced burn scar polygons
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Fig. 8  Modelled smoke plumes generated using BlueSky’s default settings. Notes: (i) the smoke plumes 
shown in in this image are modelled using BlueSky Playground version 3.5.1; (ii) in contrast with 
Fig. 1b, the modelling process runs with the framework default settings, i.e. the moisture level is “Dry”, 
the stability class is “Near neutral”, and the surface relative humidity value is 25%; (iii) the grey dotted 
area shows the burn perimeters. The darkest grey-shaded area indicates the area where the hourly peak 
 PM2.5 pollution is hazardous  (PM2.5 > 526 μg/m3 ). The medium grey area shows unhealthy hourly peak 
 PM2.5 pollution of the values  (PM2.5 > 130 μg/m3 ) and the lightest grey scale denotes moderate hourly 
peak pollution  (PM2.5 > 38 μg/m3)
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Table 10  The individual steps of the data cleaning process of the mortality data

1. Cleaning date of death
 Remove non-numeric characters, e.g. “Ab”, “abt”, “about”, “unknown date”*
 Drop observations if the date of death is longer than 11 characters
 Drop observations with year range, e.g. 1900–1913
 Drop observations only including the month and year of death but not the day

2. Cleaning names and gender
 Drop observations if name includes “Void”
 Remove special characters from names, e.g. numbers, “Sgt”, “1lt”*
 Drop observations if the name includes characters such as “?,” “...,” “#,” “$”
 Identify gender based on indications in names, e.g. “Mrs.,” “Mr.,” “Daughter,” “Son,” “Girl,” “Boy”*
 If gender is missing applying historical gender prediction function using R-package gender defining 

year range as 1800–1915 (Mullen 2021)
3. Cleaning date of birth and age at death
  Remove characters from date of birth, e.g. “ab”, “about”, “unknown”, “not obtainable”, “Don’t know 

about”*
 Replace the birth date with NA if no characters are left
 Add 1st of respective month if only birth month and year are given in the date of birth

Table 9  Ancestry data sources for county-level deaths from 1905 to 1910

Note: The source for this table is the genealogy company Ancestry.com

General
 USA, Find a Grave Index, 1600 s-Current
 USA, Newspapers.com Obituary Index, 1800 s-current
 USA, Presbyterian Church Records, 1701–1970

Montana
 Beaverhead County, Montana, USA, County Records, 1862–2009
 Missoula and Ravalli County, Montana Cemeteries
 Montana, USA, County Births and Deaths, 1830–2011
 Montana, USA, State Deaths, 1907–2018
 Web: Gallatin County, Montana, USA, Death Index, 1856–2014

Idaho
 Idaho, USA, County Birth and Death Records, 1863–1970
 Idaho, USA, Death Index, 1890–1964
 Idaho, USA, Death Records, 1890–1969
 Idaho, USA, Select Deaths and Burials, 1907–1965
 Salt Lake City, Utah, USA, Cemetery Records, 1848–1992
 Salt Lake County, Utah, USA, Death Records, 1908–1949

Washington
 Washington, USA, Death Index, 1940–2017
 Washington, USA, Death Records, 1883–1960
 Washington, USA, Select Death Index, 1907–1960



 S. Meier et al.

Fig. 9  Seasonal course of the baseline mortality rates for children under the age of five in the study area. 
Notes: (i) Baseline MR indicates the baseline mortality rate for children under five and ISO stands for 
International Organization for Standardization; (ii) the mortality data are obtained from the genealogy 
company Ancestry.com and the population data are retrieved from the 1900 and 1910 full-count US cen-
suses provided by the Integrated Public Use Microdata Series (IPUMS) USA; (iii) the grey-shaded areas 
show the meteorological spring (ISO weeks 12–24) and autumn (ISO weeks 38–50)

 Drop observations if the birth year is missing
 Adjust all two-digit years to four-digit years
 Drop observations with age zero and negative age**
 Infer age from date of birth and date of death if age is missing

4. Removing duplicates
 Drop duplicate observations if several observations are identical on the variables name, gender, date 

of death, state, and county FIPS
 Drop duplicate observations if several observations are identical on the variables date of birth, date of 

death, age at death, and county FIPS
 Drop duplicate observations if several observations are identical on the variables date of birth, name, 

age at death, and county FIPS
 Drop duplicate observations if several observations are identical on the variables gender, name, birth 

year, death year, and county FIPS

 *These steps also include an extensive number of typos and misspellings; **We drop the observations 
with age zero because with the use of different data sources it would not be possible to detect duplicates 
as some records denote a death before the age of one as “Stillborn”, zero, or an indication in weeks or 
months. Notes:  (i) The above table shows the specific steps that are undertaken to clean the digitised 
mortality data obtained from Ancestry.com; (ii) FIPS denotes the abbreviation for Federal Information 
Processing Standard and is a 5-digit county identification code

Table 10  (continued)
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Table 11  Descriptive statistics of the control variables at the county level for the 70 sample counties in 
1910

Notes: (i) SD standard deviation, Ind. industry; (ii) the variables are obtained from the Integrated Public 
Use Microdata Series USA 1910 full-count individual and household censuses

Min Mean SD Median Max

Average age 22.0 28.2 2.1 28.5 32.2
Average Socioeconomic indicator 15.4 20.4 2.6 19.9 30.1
Average family size 2.9 4.0 0.7 3.8 6.2
Number of families in household 1.2 2.8 0.9 2.8 5.3
Non-family household (%) 2.3 9.3 4.6 8.4 22.9
Place > 1000 habitants (%) 0.0 11.7 13.0 10.5 48.7
Farm household (%) 2.3 39.5 15.1 42.1 73.4
Rented property (%) 15.4 33.0 9.9 33.6 55.0
Paying mortgage (%) 4.4 24.8 12.1 24.3 56.6
Multigenerational household (%) 68.7 81.3 5.6 81.9 92.6
Non-white (%) 0.0 3.3 4.8 1.7 30.0
Non-American parent (%) 21.3 45.1 11.9 45.0 76.8
In school (%) 11.6 19.2 4.8 18.1 32.8
Unable to read and write (%) 0.5 4.3 3.7 3.3 20.4
Unemployed (%) 1.1 6.1 3.5 5.5 17.3
In labour force (%) 3.3 8.2 3.7 7.3 26.2
Ind. Agriculture, forestry & fishing (%) 4.2 48.3 18.1 52.4 78.4
Ind. Mining (%) 0.0 7.0 11.1 1.8 53.4
Ind. Construction (%) 1.1 6.6 4.0 5.4 23.5
Ind. Manufacturing (%) 1.5 7.5 8.5 4.5 50.1
Ind. Transportation, communication & utilities (%) 2.5 13.4 8.3 11.6 37.4
Ind. Wholesale and retail trade (%) 3.8 7.7 2.5 7.4 15.3
Ind. Finance, insurance, and real estate (%) 0.3 1.3 0.7 1.2 4.3
Ind. Business and repair services (%) 0.4 1.1 0.4 1.1 2.3
Ind. Personal services (%) 1.3 3.2 1.2 2.9 8.4
Ind. Entertainment and related services (%) 0.0 0.3 0.2 0.3 1.0
Ind. Professional and related services (%) 0.8 2.2 0.7 2.1 4.1
Ind. Public administration (%) 0.3 1.4 1.3 1.0 9.0
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Table 12  Descriptive statistics of the 1910 variables including individual, household, and parental char-
acteristics of 7801 boys linked in 1930

(i) note that all the variables in percentages (%) are indicator variables and therefore, a median of 100 
means that the majority of observations are of the value 1, and 0 means that the majority of observations 
are of the value 0; similarly, a maximum value of 100 for indicator variables in percentages (%) denotes 
that the maximum value is 1; (ii) SD standard deviation, Ind. industry; (iii) the variables are obtained 
from the Integrated Public Use Microdata Series USA 1910 full-count individual and household censuses

Min Mean SD Median Max

Individual
 Non-white (%) 0.0 0.7 8.2 0 100
 Non-American born parent (%) 0.0 28.0 44.9 0 100

Household (1910)
 Family size 3.0 6.0 2.2 6 19
 Families in household 1.0 1.3 0.7 1 8
 Non-family household (%) 0.0 0.3 5.9 0 100
 Urban household (%) 0.0 17.1 37.6 0 100
 Farm household (%) 0.0 59.2 49.1 100 100
 Paying mortgage (%) 0.0 35.6 47.9 0 100

Mother (1910)
 Age 16.0 31.4 6.8 31 66
 Non-American born parent (%) 0.0 46.5 49.9 0 100

Father (1910)
 Age 18.0 37.3 8.0 37 70
 Non-American born parent (%) 0.0 48.5 50.0 0 100
 Education score 0.0 8.6 12.7 5 94
 Earnings score 1.4 29.9 29.9 10 100
 Unemployed (%) 0.0 5.1 21.9 0 100
 Ind. Agriculture, forestry & fishing (%) 0.0 63.6 48.1 100 100
 Ind. Mining (%) 0.0 3.7 18.8 0 100
 Ind. Construction (%) 0.0 6.4 24.5 0 100
 Ind. Manufacturing (%) 0.0 5.7 23.1 0 100
 Ind. Transportation, communication & utilities (%) 0.0 5.1 22.0 0 100
 Ind. Wholesale and retail trade (%) 0.0 8.0 27.1 0 100
 Ind. Finance, insurance, and real estate (%) 0.0 1.6 12.7 0 100
 Ind. Business and repair services (%) 0.0 1.1 10.3 0 100
 Ind. Personal services (%) 0.0 1.7 12.9 0 100
 Ind. Entertainment and related services (%) 0.0 0.1 3.8 0 100
 Ind. Professional and related services (%) 0.0 1.6 12.7 0 100
 Ind. Public administration (%) 0.0 1.3 11.4 0 100
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Table 13  Probit model assessing the likelihood of an individual living in a different county in 1920, 
1930, and 1940 relative to the county of residence in 1910

Notes: (i) the table shows the probit model estimating the likelihood of an individual moving counties between 
1910 and 1920, 1930, or 1940, respectively, conditional on being smoke-affected. The model controls for all 
control variables used in Eq. (3); (ii) individual level variables are non-white and non-American born par-
ent; household level variables include family size, number of families in a household, family household, urban 
household, farm household, and paying mortgage; parental controls are age and non-American born parent of 
the mother and age, non-American born parent, education score, earnings score, unemployed, and industry of 
the father; county-level variables are average age, average socioeconomic indicator, average family size, num-
ber of families in household, percentage non-family household, percentage places larger than 1000 habitants, 
percentage farm households, percentage rented property, percentage paying mortgage, percentage multigen-
erational household, percentage non-white, percentage non-American parent, percentage in school, percentage 
unable to read and write, percentage unemployed, percentage in labour force, percentage in each industry

Individual moved counties (1/0)

 1920  1930  1940

Smoke 0.2 − 0.2 − 0.2
(0.4) (0.4) (0.3)

Burned area − 0.0 0.2 0.2
(0.4) (0.4) (0.4)

Controls
 Individual ✓ ✓ ✓

 Household ✓ ✓ ✓

 Parents ✓ ✓ ✓

 County ✓ ✓ ✓

 State ✓ ✓ ✓

 N 12,362 7801 5550
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Table 14  Balance table showing the 1910 characteristics of the matched men in 1930

Notes: (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) the popula-
tion variables are obtained from the Integrated Public Use Microdata Series USA 1910 and 1930 full-
count individual censuses

Treatment Comparison Difference t-stat p value

Individual
 Non-white (%) 1.86 0.48 − 1.38 − 5.23 0.00***
 Non-American born parent (%) 29.58 27.79 − 1.80 − 1.24 0.21

Household (1910)
 Family size 5.98 5.95 − 0.02 − 0.32 0.75
 Families in household 1.26 1.26 0.00 0.18 0.85
 Non-family household (%) 0.35 0.34 − 0.01 − 0.05 0.96
 Urban household (%) 17.27 17.03 − 0.25 − 0.20 0.84
 Farm household (%) 52.97 60.31 7.34 4.65 0.00***
 Paying mortgage (%) 29.05 36.69 7.64 4.96 0.00***

Mother (1910)
 Age 31.70 31.34 − 0.35 − 1.60 0.11
 Non-American born parent (%) 44.29 46.82 2.54 1.58 0.11

Father (1910)
 Age 38.33 37.10 − 1.24 − 4.81 0.00***
 Non-American born parent (%) 45.08 49.09 4.00 2.49 0.01*
 Education score 9.88 8.35 − 1.52 − 3.74 0.00***
 Earnings score 34.86 29.06 − 5.79 − 6.04 0.00***
 Unemployed (%) 5.31 5.01 − 0.31 − 0.44 0.66

Fig. 10  Difference-in-Differences results regressing the excess mortality rate of children under the age of 
five on burned area (weeks 0–8). Notes: (i) this plot shows the coefficient of the excess mortality rate per 
100,000 children regressed on the burned area indicator variable in Eq. (2); (ii) EMR denotes the excess 
mortality rate and CI indicates the 95% confidence interval; (iii) the mortality data are obtained from the 
genealogy company Ancestry.com and the population data are retrieved from the 1910 US census
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Table 15  Difference-in-
Differences regression results of 
smoke exposure on the excess 
mortality rate of children under 
the age of five (weeks 0–8)

Notes:  (i) stars indicate significance according to *p < 0.05, **p 
< 0.01, ***p < 0.001; (ii) the table shows the coefficients of the 
Difference-in-Differences estimation as stated in Eq. (2); (iii) the 
sample includes 70 counties; (iv) Burned area indicates whether a 
county comprised burned area; (v) standard errors are clustered at 
the county level; (vi) the population data are compiled from the 1910 
US full-count census provided by the Integrated Public Use Micro-
data Series (IPUMS) USA and the mortality data are retrieved from 
the genealogy company Ancestry.com

Excess mortality rate

(1) (2) (3)

Smoke event 51.1 64.4* 35.0*
(27.8) (29.3) (15.8)

1 week after event 48.3 45.7 55.9
(30.1) (33.7) (33.8)

2 weeks after event 22.4 28.8 9.8
(23.4) (26.6) (14.3)

3 weeks after event 2.0 9.7 − 9.0
(9.6) (13.3) (11.4)

4 weeks after event − 2.1 8.3 2.6
(9.8) (12.8) (7.9)

5 weeks after event 11.6 4.4 − 2.9
(10.5) (15.3) (9.7)

6 weeks after event 2.6 19.7 14.0
(7.2) (11.0) (10.1)

7 weeks after event 18.0 25.8 14.4
(11.5) (14.9) (9.2)

8 weeks after event 0.6 9.1 8.6
(9.5) (12.2) (8.9)

County fixed effects ✓ ✓ ✓

Week fixed effects ✓ ✓

Burned area ✓

R
2 0.09 0.11 0.11

N 1190 1190 1190
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Table 16  Difference-in-
Differences regression results of 
smoke exposure on the excess 
mortality rate of children under 
the age of five (weeks 0 to 
4) excluding the fire-affected 
counties

Notes:  (i) stars indicate significance according to *p < 0.05, **p < 
0.01, ***p < 0.001; (ii) the table shows the coefficients of the Dif-
ference-in-Differences estimation as stated in Eq. (2); (iii) the sam-
ple includes 58 counties; (iv) the population data are compiled from 
the 1910 US full-count census provided by the Integrated Public Use 
Microdata Series (IPUMS) USA and the mortality data are retrieved 
from the genealogy company Ancestry.com

Excess mortality rate

(1) (2)

Smoke event 6.0 19.8*
(3.1) (9.6)

1 week after event 66.6 64.0
(42.1) (45.2)

2 weeks after event − 5.3 1.5
(2.7) (13.2)

3 weeks after event − 9.2 0.1
(4.8) (10.6)

4 weeks after event − 2.9 8.2
(1.5) (8.5)

County fixed effects ✓ ✓

Week fixed effects ✓

R
2 0.09 0.11

N 986 986
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Table 17  Regression of individual socioeconomic status outcomes in 1930 on smoke exposure in early 
childhood excluding fire-affected counties

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

Smoke − 8.0*** − 8.4** − 3.5** − 9.9** − 1.6
(2.2) (3.1) (1.2) (3.5) (2.0)

Non-white − 9.9*** − 19.7*** − 6.8*** − 19.6*** − 5.7***
(2.1) (3.0) (1.2) (4.2) (0.8)

Non-American born parent − 0.5 − 0.8 − 0.2 − 0.6 − 0.4
(0.7) (1.0) (0.4) (1.2) (0.7)

Household (1910)
 Family size − 0.8*** − 0.8*** − 0.2*** − 0.5** − 0.6***

(0.1) (0.2) (0.1) (0.2) (0.1)
 Families in household 0.1 − 0.1 − 0.1 − 0.3 − 0.1

(0.3) (0.4) (0.2) (0.6) (0.3)
 Non-family household 3.1 4.3 1.3 5.6 4.2

(4.2) (6.2) (2.4) (7.1) (4.2)
 Urban household 4.5*** 4.1*** 1.1* 2.4 1.9**

(0.8) (1.1) (0.4) (1.5) (0.6)
 Farm household − 2.3* − 4.9*** − 1.8*** − 5.4*** − 1.5*

(0.9) (1.3) (0.5) (1.4) (0.7)
 Paying mortgage 0.6 0.7 0.1 0.5 0.7

(0.5) (0.6) (0.2) (0.6) (0.4)
Parents (1910)
 Mother: Age 0.3*** 0.4*** 0.1*** 0.3*** 0.2***

(0.0) (0.1) (0.0) (0.1) (0.1)
 Mother: Non-American born parent − 0.4 − 0.8 − 0.5 − 1.4 − 0.2

(0.5) (0.7) (0.3) (0.8) (0.4)
 Father: Age − 0.1 − 0.1 − 0.0 − 0.1 − 0.0

(0.0) (0.1) (0.0) (0.1) (0.0)
 Father: Non-American born parent 0.8 − 0.2 − 0.3 − 1.1 0.2

(0.6) (0.8) (0.3) (0.8) (0.5)
 Father: Education score 0.1*** 0.1 0.0 − 0.0 0.1**

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1** 0.1*** 0.0*** 0.1*** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed − 0.9 − 0.9 − 0.3 − 0.7 − 1.3*

(0.9) (1.2) (0.4) (1.1) (0.6)
Controls
 Industry father ✓ ✓ ✓ ✓ ✓

 County characteristics ✓ ✓ ✓ ✓ ✓

 State indicator ✓ ✓ ✓ ✓ ✓

 R2 0.12 0.15 0.13 0.14 0.06
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Table 17  (continued)

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 N 6505 6455 6505 6455 6438

Notes:  (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) this table 
shows the results of the Ordinary Least Squares regression shown in Eq. (3) estimating the effect of wild-
fire smoke exposure in early childhood on later-life socioeconomic status conditional on controls; (iii) the 
data are obtained from the Integrated Public Use Microdata Series full-count censuses 1910 and 1930; 
(iv) the composite socioeconomic status measure SEI stands for the Duncan Socioeconomic Index, and 
NPBOSS is the Nam–Powers–Boyd Occupational Status Score; (v) the single dimension socioeconomic 
status measures are occupational income (OCC.INC), earnings (OCC.ER), and education (OCC.ED)
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Table 18  Regression of individual socioeconomic status outcomes in 1940 on smoke exposure in early 
childhood excluding fire-affected counties

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

Smoke − 9.6* − 9.5* − 5.8*** − 12.7** − 7.4
(4.0) (4.5) (1.5) (4.4) (4.1)

Non-white − 11.7** − 12.5* − 3.6 − 9.8 − 6.2
(4.3) (5.3) (1.9) (6.0) (3.4)

Non-American born parent − 1.2 − 2.4 − 0.8 − 2.5 − 0.5
(1.1) (1.3) (0.5) (1.4) (1.0)

Household (1910)
 Family size − 1.1*** − 1.0*** − 0.3** − 0.7** − 0.9***

(0.2) (0.2) (0.1) (0.2) (0.2)
 Families in household 0.0 0.1 0.0 0.0 − 0.3

(0.5) (0.6) (0.2) (0.6) (0.5)
 Non-family household 2.0 4.3 0.4 − 0.1 2.5

(5.3) (5.7) (1.9) (6.3) (5.5)
 Urban household 4.7** 3.7* 1.4* 1.5 3.6**

(1.5) (1.4) (0.5) (1.4) (1.3)
 Farm household − 0.2 − 1.9 − 0.5 − 2.2 − 0.1

(1.5) (1.5) (0.6) (1.4) (1.2)
 Paying mortgage − 1.2 − 1.0 − 0.6 − 1.3 − 1.1

(0.6) (0.9) (0.3) (1.0) (0.7)
Parents (1910)
 Mother: Age 0.3** 0.2* 0.1** 0.2 0.2

(0.1) (0.1) (0.0) (0.1) (0.1)
 Mother: Non-American born parent − 0.3 − 1.3 − 0.2 − 1.3 − 0.0

(0.7) (0.9) (0.3) (0.9) (0.7)
 Father: Age − 0.0 − 0.0 − 0.0 − 0.0 0.0

(0.1) (0.1) (0.0) (0.1) (0.1)
 Father: Non-American born parent 0.1 − 0.8 − 0.1 − 0.9 − 0.6

(0.8) (1.0) (0.4) (1.1) (0.8)
 Father: Education score 0.3*** 0.2*** 0.1*** 0.2*** 0.3***

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1* 0.1*** 0.0** 0.1** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed 2.1 1.0 0.1 − 0.3 2.5

(1.7) (2.0) (0.7) (2.1) (1.7)
Controls
 Industry father ✓ ✓ ✓ ✓ ✓

 County characteristics ✓ ✓ ✓ ✓ ✓

 State indicator ✓ ✓ ✓ ✓ ✓

 R2 0.14 0.14 0.12 0.11 0.10
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B. Robustness checks

See Figs. 11, 12, 13, 14, 15 and 16 and Tables 19 and 20.
See Fig. 17 and Tables 21, 22, 23 and 24.

Table 18  (continued)

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 N 4,654 4,718 4,731 4,718 4,706

Notes:  (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) this table 
shows the results of the Ordinary Least Squares regression shown in Eq. (3) estimating the effect of wild-
fire smoke exposure in early childhood on later-life socioeconomic status conditional on controls; (iii) the 
data are obtained from the Integrated Public Use Microdata Series full-count censuses 1910 and 1940; 
(iv) the composite socioeconomic status measure SEI stands for the Duncan Socioeconomic Index, and 
NPBOSS is the Nam–Powers–Boyd Occupational Status Score; (v) the single dimension socioeconomic 
status measures are occupational income (OCC.INC), earnings (OCC.ER), and education (OCC.ED)

Fig. 11  Permutation test of the significant effects of smoke exposure on excess mortality and later-life 
socioeconomic status indices with 1000 iterations. Notes: (i) a shows the distribution of the t-statistic for 
1000 iterations of Eq. (2) (short-run estimation) randomly assigning treatment (smoke exposure) to 14 
out of the 70 counties of which 10 are also containing burned area (ii) b, c, and d show the distribution 
of the t-statistic for 1000 iterations of Eq. (3) (long-run estimation) randomly assigning treatment (smoke 
exposure) to 14 out of the 70 counties of which 10 are also containing burned area; (iii) the vertical black 
lines indicates the t-statistic of the baseline estimates presented in Table 4 Column (3) for (a), of Table 5 
Columns (1) and (2) for (b) and (c) in 1930, respectively, and of Table 6 Column (3) for (d)
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Fig. 12  Sensitivity of the excess mortality rate to the choice of the mortality baseline (reference) period. 
Notes: (i) shows the coefficient sensitivity of the excess mortality rate estimated in Eq. (2) to different 
reference periods; (ii) the baseline (reference) period used to compute the excess mortality rate is 2 years 
(a), 3 years (b), and 4 years (c) prior to the Great Fire
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Fig. 13  Sensitivity of the excess mortality rate be reducing the weight for older years in the baseline (reference) 
period. Notes: (i) shows the coefficient sensitivity of the excess mortality rate estimated in Eq. (2) to down 
weighing for older years in the reference period; (ii) the weights adopted in a decrease linearly in 5% steps prior 
to 1910 (i.e. 100% for 1909, 95% for 1908,..., 80% for 1905), b shows a linear decrease by 10%, and in c the 
weight for each year decreases by half (i.e. 100% for 1909, 50% for 1908, etc.)
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Fig. 14  Excess mortality rates estimated using a Quasi-Poisson model. Notes: (i) the above plot shows 
the coefficient of the excess mortality rate per 100,000 children using estimated Eq. (2) using a Quasi-
Poisson model; (ii) the model is a Quasi-Poisson generalised linear model fitted using the R-package 
glm including a time trend variable
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Fig. 15  Treatment and comparison group for smoke-affected counties restricting the comparison group 
to adjacent and surrounding counties. Notes: (i) a county is classified as smoke affected if any part of 
the county was exposed to moderate hourly peak pollution  (PM2.5 > 38 μg/m3 ); (ii) the county shape file 
shows the historical county boundaries provided by The Big Ten Academic Alliance Geoportal; (iii) the 
lighter grey area shows the moderate hourly peak pollution area and the darker shaded grey area indicates 
the 250 km buffer around this area
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Fig. 16  Difference-in-Differences point estimates and 95% confidence intervals of smoke exposure 
on excess mortality of children under the age of five only including comparison counties surrounding 
smoke-affected counties. Notes: (i) EMR denotes the excess mortality rate and CI indicates the 95% con-
fidence intervals; (ii) the mortality data are obtained from the genealogy company Ancestry.com and the 
population data are retrieved from the 1910 US census
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Table 19  Difference-in-
Differences regression results of 
smoke exposure on the excess 
mortality rate of children under 
the age of five (weeks 0 to 8) 
only including 16 adjacent 
counties

Notes: (i) stars indicate significance according to *p < 0.05, **p 
< 0.01, ***p < 0.001; (ii) the table shows the coefficients of the 
Difference-in-Differences estimation as stated in Eq. (2); (iii) the 
sample includes 30 counties; (iv) Burned area indicates whether a 
county comprised burned area; (v) standard errors are clustered at 
the county level; (vi) the population data are compiled from the 1910 
US full-count census provided by the Integrated Public Use Micro-
data Series (IPUMS) USA and the mortality data are retrieved from 
the genealogy company Ancestry.com

Excess mortality rate

(1) (2) (3)

Smoke event 51.1 77.4* 47.6*
(28.4) (35.1) (21.3)

1 week after event 48.3 61.0 66.3
(30.7) (41.1) (38.7)

2 weeks after event 22.4 20.3 5.3
(23.8) (44.0) (30.9)

3 weeks after event 2.0 22.7 2.5
(9.8) (24.3) (20.4)

4 weeks after event − 2.1 24.8 15.4
(10.0) (19.1) (14.7)

5 weeks after event 11.6 22.3 11.1
(10.7) (29.9) (21.9)

6 weeks after event 2.6 37.5 27.8
(7.3) (20.5) (18.4)

7 weeks after event 18.0 25.7 15.4
(11.8) (24.6) (17.7)

8 weeks after event 0.6 16.1 13.9
(9.7) (22.6) (17.6)

County fixed effects ✓ ✓ ✓

Week fixed effects ✓ ✓

Burned area ✓

R
2 0.11 0.16 0.17

N 510 510 510
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Table 20  Difference-in-
Differences regression results of 
smoke exposure on the excess 
mortality rate of children under 
the age of five (weeks 0–8) 
only including 40 surrounding 
comparison courtiers within a 
250 km buffer

Notes:  (i) stars indicate significance according to *p < 0.05, **p 
< 0.01, ***p < 0.001; (ii) the table shows the coefficients of the 
Difference-in-Differences estimation as stated in Eq. (2); (iii) the 
sample includes 54 counties; (iv) Burned area indicates whether a 
county comprised burned area; (v) standard errors are clustered at 
the county level; (vi) the population data are compiled from the 1910 
US full-count census provided by the Integrated Public Use Micro-
data Series (IPUMS) USA and the mortality data are retrieved from 
the genealogy company Ancestry.com

Excess mortality rate

(1) (2) (3)

Smoke event 51.1 65.1* 36.0*
(27.9) (30.0) (16.5)

1 week after event 48.3 41.2 52.5
(30.2) (36.0) (35.0)

2 weeks after event 22.4 26.9 8.7
(23.5) (28.4) (16.2)

3 weeks after event 2.0 10.9 − 7.9
(9.7) (14.7) (12.5)

4 weeks after event − 2.1 4.6 − 0.1
(9.9) (13.7) (8.6)

5 weeks after event 11.6 6.5 − 1.3
(10.5) (16.4) (10.6)

6 weeks after event 2.6 20.5 14.7
(7.2) (12.3) (11.0)

7 weeks after event 18.0 20.0 10.4
(11.6) (16.6) (10.7)

8 weeks after event 0.6 7.3 7.4
(9.5) (13.1) (9.5)

County fixed effects ✓ ✓ ✓

Week fixed effects ✓ ✓

Burned area ✓

R
2 0.09 0.11 0.12

N 918 918 918
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Fig. 17  Difference-in-Differences point estimates and 95% confidence intervals of smoke exposure on 
excess mortality of children under the age of five excluding Spokane County and Missoula County. 
Notes: (i) EMR denotes the excess mortality rate and CI indicates the 95% confidence interval; (ii) the 
mortality data are obtained from the genealogy company Ancestry.com and the population data are 
retrieved from the 1910 US census
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Table 21  Difference-in-
Differences regression results of 
smoke exposure on the excess 
mortality rate of children under 
the age of five (weeks 0 to 8) 
excluding Spokane County and 
Missoula County

Notes: (i) stars indicate significance according to *p < 0.05, **p < 0.01, 
***p < 0.001; (ii) the table shows the coefficients of the Difference-in-
Differences estimation as stated in Eq. (2); (iii) the sample includes 68 
counties; (iv) Burned area indicates whether a county comprised burned 
area; (v) standard errors are clustered at the county level; (vi) the popu-
lation data are compiled from the 1910 US full-count census provided 
by the Integrated Public Use Microdata Series (IPUMS) USA and the 
mortality data are retrieved from the genealogy company Ancestry.com

Excess mortality rate

(1) (2) (3)

Smoke event 55.4 68.3* 37.1*
(29.6) (31.1) (17.1)

1 week after event 53.0 50.6 58.0
(32.0) (35.5) (34.3)

2 weeks after event 20.6 26.8 9.2
(25.1) (28.3) (15.0)

3 weeks after event 2.5 10.1 − 8.6
(10.4) (14.0) (11.5)

4 weeks after event − 7.5 2.5 − 0.0
(9.0) (12.2) (8.4)

5 weeks after event 11.5 3.6 − 3.4
(11.3) (16.0) (10.1)

6 weeks after event 1.8 19.2 13.9
(7.7) (11.5) (10.4)

7 weeks after event 13.8 21.6 12.6
(11.6) (15.1) (9.6)

8 weeks after event − 0.4 7.8 8.0
(10.2) (12.9) (9.3)

County fixed effects ✓ ✓ ✓

Week fixed effects ✓ ✓

Burned area ✓

R
2 0.09 0.11 0.12

N 1156 1156 1156
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Table 22  Regression of individual socioeconomic status outcomes in 1930 on smoke exposure in early 
childhood excluding Spokane County and Missoula County

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

Smoke − 2.5** − 1.9 − 0.5 − 1.1 − 0.5
(0.8) (1.1) (0.4) (1.3) (0.5)

Burned area 2.9* 0.4 − 0.4 − 2.6 0.1
(1.2) (1.5) (0.6) (1.5) (0.7)

Individual
 Non-white − 8.2*** − 17.0*** − 6.2*** − 17.8*** − 4.0**

(2.1) (3.1) (1.1) (3.6) (1.2)
 Non-American born parent − 1.0 − 1.2 − 0.3 − 1.0 − 0.7

(0.7) (1.1) (0.4) (1.2) (0.6)
Household (1910)
 Family size − 0.9*** − 0.9*** − 0.3*** − 0.6** − 0.6***

(0.1) (0.2) (0.1) (0.2) (0.1)
 Families in household 0.3 0.1 − 0.1 − 0.2 − 0.0

(0.3) (0.4) (0.2) (0.5) (0.2)
 Non-family household 2.8 3.4 1.3 5.4 3.1

(3.9) (6.0) (2.4) (7.1) (3.9)
 Urban household 4.7*** 4.8*** 1.4** 3.5* 2.3**

(0.9) (1.2) (0.5) (1.6) (0.7)
 Farm household − 2.5** − 5.1*** − 1.8*** − 5.5*** − 1.1

(0.8) (1.2) (0.4) (1.2) (0.7)
 Paying mortgage 0.7 0.8 0.1 0.6 0.7

(0.4) (0.6) (0.2) (0.6) (0.4)
Parents (1910)
 Mother: Age 0.3*** 0.4*** 0.1*** 0.3*** 0.2***

(0.0) (0.1) (0.0) (0.1) (0.1)
 Mother: Non-American born parent − 0.1 − 0.4 − 0.3 − 1.0 − 0.1

(0.5) (0.7) (0.3) (0.8) (0.4)
 Father: Age − 0.1 − 0.1 − 0.0 − 0.1 − 0.0

(0.0) (0.1) (0.0) (0.1) (0.0)
 Father: Non-American born parent 0.5 − 0.7 − 0.4 − 1.4 0.1

(0.6) (0.8) (0.3) (0.8) (0.5)
 Father: Education score 0.1** 0.1 0.0 0.0 0.1**

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1** 0.1*** 0.0*** 0.1*** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed − 1.3 − 1.6 − 0.4 − 1.2 − 1.5*

(0.9) (1.3) (0.4) (1.2) (0.6)
Controls
 Industry father ✓ ✓ ✓ ✓ ✓
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Notes:  (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) this table 
shows the results of the Ordinary Least Squares regression shown in Eq. (3) estimating the effect of wild-
fire smoke exposure in early childhood on later-life socioeconomic status conditional on controls; (iii) the 
data are obtained from the Integrated Public Use Microdata Series full-count censuses 1910 and 1930; 
(iv) the composite socioeconomic status measure SEI stands for the Duncan Socioeconomic Index, and 
NPBOSS is the Nam–Powers–Boyd Occupational Status Score; (v) the single dimension socioeconomic 
status measures are occupational income (OCC.INC), earnings (OCC.ER), and education (OCC.ED)

Table 22  (continued)

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 County characteristics ✓ ✓ ✓ ✓ ✓

 State indicator ✓ ✓ ✓ ✓ ✓

 R2 0.10 0.13 0.12 0.12 0.05
 N 7044 6988 7044 6988 6963
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Table 23  Regression of individual socioeconomic status outcomes in 1940 on smoke exposure in early 
childhood excluding Spokane County and Missoula County

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

Smoke 0.7 − 0.2 − 0.7 − 1.4 1.2
(0.9) (1.0) (0.4) (1.1) (0.9)

Burned area − 0.2 − 0.3 0.3 0.2 − 0.3
(1.1) (1.4) (0.5) (1.6) (1.1)

Individual
 Non-white − 10.7*** − 14.0*** − 3.5* − 10.5** − 3.9

(3.1) (3.3) (1.4) (3.7) (3.0)
 Non-American born parent − 0.9 − 1.6 − 0.5 − 1.7 − 0.6

(0.7) (0.8) (0.3) (1.0) (0.6)
Household (1910)
 Family size − 1.1*** − 1.0*** − 0.3*** − 0.7*** − 0.8***

(0.1) (0.2) (0.1) (0.2) (0.1)
 Families in household 0.7 0.7 0.3 0.7 0.2

(0.4) (0.4) (0.2) (0.4) (0.4)
 Non-family household 3.2 4.1 0.7 2.0 − 0.1

(4.6) (5.3) (2.3) (6.7) (3.4)
 Urban household 3.1** 2.8* 1.0* 1.4 2.5*

(1.1) (1.2) (0.5) (1.2) (1.1)
 Farm household − 1.7 − 3.2** − 1.2** − 3.5** − 0.6

(0.9) (1.1) (0.4) (1.1) (0.8)
 Paying mortgage − 0.4 0.2 − 0.1 0.1 − 0.7

(0.5) (0.6) (0.2) (0.7) (0.6)
Parents (1910)
  Mother: Age 0.3*** 0.4*** 0.1*** 0.2** 0.2**

(0.1) (0.1) (0.0) (0.1) (0.1)
 Mother: Non-American born parent 0.4 − 0.3 0.2 − 0.1 0.2

(0.5) (0.7) (0.2) (0.7) (0.5)
 Father: Age − 0.1 -0.1 − 0.0 − 0.1 − 0.0

(0.1) (0.1) (0.0) (0.1) (0.0)
 Father: Non-American born parent 0.2 − 0.9 − 0.3 − 1.3 − 0.2

(0.6) (0.8) (0.3) (0.9) (0.6)
  Father: Education score 0.2*** 0.2*** 0.1*** 0.1*** 0.3***

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1*** 0.1*** 0.0*** 0.1*** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed 1.2 1.7 0.4 1.4 0.8

(1.2) (1.3) (0.5) (1.5) (1.1)
Controls
 Industry father ✓ ✓ ✓ ✓ ✓
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Notes:  (i) stars indicate significance according to *p < 0.05, **p < 0.01, ***p < 0.001; (ii) this table 
shows the results of the Ordinary Least Squares regression shown in Eq. (3) estimating the effect of wild-
fire smoke exposure in early childhood on later-life socioeconomic status conditional on controls; (iii) the 
data are obtained from the Integrated Public Use Microdata Series full-count censuses 1910 and 1940; 
(iv) the composite socioeconomic status measure SEI stands for the Duncan Socioeconomic Index, and 
NPBOSS is the Nam–Powers–Boyd Occupational Status Score; (v) the single dimension socioeconomic 
status measures are occupational income (OCC.INC), earnings (OCC.ER), and education (OCC.ED)

Table 23  (continued)

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

 County characteristics ✓ ✓ ✓ ✓ ✓

 State indicator ✓ ✓ ✓ ✓ ✓

 R2 0.11 0.11 0.09 0.08 0.08
 N 8103 8213 8233 8213 8192
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Table 24  Regression of individual socioeconomic status outcomes in 1940 on smoke exposure in early 
childhood retaining the 1930 cohort

Composite Single dimension

(1) (2) (3) (4) (5)

 SEI  NPBOSS  OCC.INC  OCC.ER  OCC.ED

Smoke − 0.1 − 1.2 − 1.3* − 3.6* 2.4
(1.3) (1.6) (0.5) (1.6) (1.3)

Burned area 1.6 2.7 1.6* 4.5* − 0.7
(1.3) (2.0) (0.6) (2.1) (1.5)

Individual
 Non-white − 12.9*** − 14.3*** − 4.2** − 10.9** − 7.1**

(2.9) (3.6) (1.3) (4.1) (2.2)
 Non-American born parent − 0.7 − 1.7 − 0.5 − 1.8 − 0.2

(1.0) (1.2) (0.4) (1.3) (0.8)
Household (1910)
 Family size − 1.2*** − 1.1*** − 0.3*** − 0.8*** − 0.9***

(0.2) (0.2) (0.1) (0.2) (0.2)
 Families in household 0.2 0.3 0.1 0.3 − 0.0

(0.4) (0.5) (0.2) (0.6) (0.4)
 Non-family household 2.8 3.9 1.7 3.9 0.3

(5.0) (6.3) (2.5) (8.0) (4.4)
 Urban household 4.9*** 3.9** 1.5** 1.5 4.0**

(1.3) (1.2) (0.5) (1.2) (1.2)
 Farm household − 0.3 − 2.4 − 0.7 − 2.8* − 0.1

(1.3) (1.4) (0.5) (1.4) (1.1)
 Paying mortgage − 0.6 − 0.1 − 0.2 − 0.2 − 0.8

(0.6) (0.8) (0.3) (0.9) (0.6)
Parents (1910)
 Mother: Age 0.3*** 0.3** 0.1*** 0.2* 0.2*

(0.1) (0.1) (0.0) (0.1) (0.1)
 Mother: Non-American born parent − 0.0 − 0.8 0.0 − 0.9 − 0.1

(0.7) (0.8) (0.3) (0.9) (0.7)
 Father: Age − 0.0 − 0.0 − 0.0 − 0.0 0.0

(0.1) (0.1) (0.0) (0.1) (0.1)
 Father: Non-American born parent 0.6 − 0.4 0.1 − 0.5 − 0.1

(0.7) (0.8) (0.3) (0.9) (0.7)
 Father: Education score 0.3*** 0.2*** 0.1*** 0.1** 0.3***

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Earnings score 0.1** 0.1*** 0.0*** 0.1*** 0.0

(0.0) (0.0) (0.0) (0.0) (0.0)
 Father: Unemployed 1.9 1.1 0.3 0.3 2.5

(1.6) (1.8) (0.7) (1.9) (1.6)
Controls
 Industry father ✓ ✓ ✓ ✓ ✓
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