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This paper assesses the impact of in utero and early-childhood exposure to wildfire smoke
on longevity as well as economic achievement, human capital accumulation, and disability in
mid-to-late adulthood. To identify areas that were exposed to wildfire pollution, we leverage
mid-20th century (1930-1969) California wildfires and smoke dispersion modeling. We then
combine these wildfire pollution data with comprehensive, restricted-use administrative data
from the Social Security Administration and Census Bureau. These linked data allow us to
measure childhood wildfire smoke exposure for four decades of birth cohorts and to observe
a rich set of later-life outcomes. Using these data, we exploit plausibly exogenous variation
in smoke exposure—which is a function of fire timing and size as well as wind direction and
speed—to identify long-run effects. We find that moving from the 25th to 75th percentile of earlylife wildfire smoke exposure results in 1.7 additional deaths before age 55 per 1,000 individuals,
conditional on surviving past early childhood. Aggregating these effects across ages 30 to 80
translates to 46 life years lost per 1,000 persons. We further find that smoke exposure results
in unfavorable changes to a wide range of later-life outcomes across economic achievement,
educational attainment, and disability measures. From these results, we estimate that each
child born in California during our sample period sustained, on average, approximately $22,000
of discounted damages in lost life expectancy and lost earnings due to wildfire smoke. These
findings suggest that warming temperatures, which exacerbate the duration and intensity of
wildfire seasons, are already meaningfully affecting the life cycles of exposed children through
increased smoke exposure.
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Introduction

It is now well established that air pollution increases contemporaneous mortality of both the very
old and very young, two age groups most sensitive to their environments. However, substantially
less is known about a related question, which we discuss in this paper: how do the harms of exposure to air pollution at very young ages manifest in reduced well-being and longevity in later
adulthood? Given that long-run effects frequently comprise a large fraction of the damages from
early-life shocks (Currie and Almond, 2011; Almond et al., 2018), understanding the ramifications
of childhood pollution exposure across the life cycle is vital in assessing its total costs. This paper
provides the first evidence that increases in ambient air pollution in early life increase mortality at
older ages and is also the first—–to our knowledge—–to quantify the effects of childhood pollution
shocks on measures of earnings and disability past early adulthood (through age 59).
To determine the long-run effects of early-life exposure to air pollution, we study wildfires, the
only major emissions source of fine particulate matter (PM2.5 ) in the United States that is growing over time and one that has generated approximately 29% of all fine particulate pollution in
recent years.1 Additionally, it is expected that wildfire pollution will continue to grow: the United
States Forest Service predicts that 1 °C increase in average temperature will result in a 200-600%
increase in acres burned in the Western United States (Vose et al., 2012). Given that experts predict
global temperatures will increase by at least 2 °C over the global baseline by 2050 (IPCC, 2021), the
prospect of increased pollution from wildfires is nearly certain.
There are two key challenges to conducting a long-term analysis of childhood air pollution.
The first is that pollution has only been reliably measured since the mid-to-late 1960s, with the
first meaningful regulation occurring with the Clean Air Act Amendments of 1970. This lack of
historical data and sources of exogenous variation has limited researchers’ ability to evaluate the
ramifications of early-life pollution exposure over the life cycle. We overcome this challenge by
examining wildfires occurring in California, a source of pollution which has been tracked reliably
since at least 1930. Additionally, wildfire smoke exposure, which is a function of fire timing, acres
burned, wind direction, and wind speed, provides potentially exogenous variation for an analysis
of long-term outcomes. In order to supplement these wildfire records and generate measures of
smoke exposure, we first hand-gather dates in which the wildfires occurred using hundreds of historical newspaper articles. We then utilize wildfire pollution modeling tools to generate historical
measures of wildfire smoke exposure. These modeled smoke measures are utilized by the United
States Forest Service to predict wildfire smoke and compare well to patterns generated by satellites
(Larkin et al., 2009). In this paper, we perform additional exercises to further validate this modeled
smoke measure and find that it strongly predicts pollution exposure in a modern context.
The second challenge in assessing the long-run impacts of early-life shocks is linking childhood
circumstances to later-life outcomes. To address this difficulty, we obtain restricted-use administrative data from the Social Security Administration and U.S. Census Bureau. In addition to providing
1

Source: Author calculations using National Emissions Inventory data from the Environmental Protection Agency.
See Appendix Figure A1 for more detail.

2

comprehensive high-quality microdata, these data sets have two features that are ideally suited for
our analysis. First, the administrative data provides exact city and state of birth, which allows us
to accurately assign measures of wildfire smoke exposure to individuals. Second, these data also
include unique identifiers which we use to link individuals—and their associated early-life exposure measures—to comprehensive death records (as applicable) as well as their responses in the
2000 and 2010 Decennial Censuses and 2005-2019 American Community Surveys.
We evaluate the long-term effects of exposure using a cohort distributed leads and lags model
and find that the effects of childhood pollution exposure—which we define as exposure before age
5—last throughout the entire life cycle. Specifically, we find that moving from the 25th to the 75th
percentile of exposure—roughly 5 additional months with any wildfire smoke—results in 1.7 additional deaths prior to age 55 per 1,000 persons, conditional on surviving past childhood.2 Increases
in mortality appear as early as age 30 and dissipate by age 80—summing the total effects between
these two ages translates to 46 life years lost per 1,000 persons. These reductions in adult longevity
exceed the number of life years lost due to infant mortality attributable to wildfire pollution. This
further underscores the fact that quantifying long-run effects is an essential exercise in assessing
the costs of childhood harms.
To obtain insight into how air pollution affects well-being in mid-adulthood and provide evidence regarding potential channels for the estimated reductions in longevity, we also consider
the effects of heightened wildfire smoke during childhood on non-mortality outcomes at ages 35
through 59. Because of the wide range of outcomes available to us in our data—and because earlylife shocks have been shown to affect nearly every facet of adult life—we standardize outcomes (à
la Kling et al., 2007) and combine them into three indices covering economic achievement, educational attainment, and disability. We also specifically consider “headline” outcomes within each
group that typify our results and are more easily interpreted. We find that moving from the 25th to
75th percentile of smoke exposure decreases our index of economic achievement by 1.45% of a standard deviation (%-SD), headlined by an $890 decrease in annual earned income (defined as wages
and self-employment income). Consistent with our economic results, we find that the same level
of exposure decreases our educational attainment index by 1.35%-SD, including a 0.40 percentage
point decrease in high school completion. Finally, we find an adverse change of 0.80%-SD in our
index of disabilities. Our most notable finding within this group of outcomes is that moving from
the 25th to 75th percentile of smoke exposure increases the likelihood of difficulty remembering,
concentrating, or making decisions by 0.30 percentage points, supporting the idea that early-life
pollution exposure impacts cognition and mental health throughout the entire life cycle. Taken
together, we conservatively estimate that the average child in our sample sustains approximately
$22,000 of discounted damages in lost earnings and lost life years due to wildfire smoke.
To demonstrate that our results are driven by smoke exposure—rather than proximity to the
2

Results are conditional on surviving past childhood because it is necessary for an individual to obtain a Social Security
number to be included in our data, a process that did not typically occur until adolescence for the cohorts born in
our sample. Also of note: we feature survival until age 55 as a main outcome as that is the latest age that we observe
all cohorts in our sample.
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actual wildfires themselves—we control for nearby fires during childhood. Inclusion of these controls has almost no effect on our estimates, suggesting that the impacts that we find relate to pollution damage, rather than long-run effects of trauma or negative economic shocks due to natural
disaster exposure. Additionally, we show that our estimates are stable across a range of robustness tests, including adding controls for climate and other time-varying factors as well as different
functional forms and specifications. We also consider the role of mortality selection by including bounded estimates in a similar spirit as Lee (2009) and find that wildfire smoke’s differential
effects on longevity do not materially affect estimates of other long-run outcomes. Additionally,
we consider alternate estimation methods to evaluate the impact of weighting issues endemic to
models that utilize two-way fixed effects (e.g., Callaway and Sant’Anna, 2021; de Chaisemartin and
D’Haultfœuille, 2020; Goodman-Bacon, 2021a; Sun and Abraham, 2021) and find that results are
qualitative similar when estimated using other methods.
To better understand how childhood smoke exposure affects long-run outcomes, we conduct
a variety of supplemental analyses. First, to further understand how the dynamics of childhood
wildfire smoke exposure evolve as individuals grow older, we consider heterogeneity by age at
survey. We find economically larger effects—both in levels and in relation to the mean—on earnings and cognitive difficulty at older ages. This finding suggests that evaluations of the impacts of
early-life air pollution—and potentially other childhood shocks—should consider later-life dynamics to capture the total costs. Next, to better understand how wildfire pollution exposure affects
the distribution of outcomes, we consider heterogeneity across the economic index and wage distributions. We find that early-life exposure to wildfire pollution causes in a leftward shift of the
entire distribution, suggesting that both extensive-margin labor supply and earnings (conditional
on employment) are affected. Finally, we investigate occupational and neighborhood characteristics to provide insight into the ways in which economic circumstances may contribute to reduced
longevity. We find that individuals affected by wildfire smoke during childhood select occupations
and neighborhoods that have higher mortality risk, providing suggestive evidence that economic
factors could be driving mortality results, particularly those in early adulthood.3
Our findings that early-life exposure to wildfire smoke pollution reduces longevity and adversely affects economic achievement, educational attainment, and disability in mid-to-late adulthood contribute to three distinct areas of economic research. First, this paper contributes to our
understanding of how circumstances in early childhood affect adult longevity. To date, nearly all
of our understanding in this area comes from studies showing that expanded access to the social
safety net while young decreases mortality at later ages (e.g., Aizer et al., 2016; Bailey et al., 2020;
Goodman-Bacon, 2021b). To the best of our knowledge, this is the first causal research to assess
the longevity impacts of childhood exposure to ambient air pollution from any source.4 These
3
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Additionally, we perform further analyses to understand how local economic shocks from smoke exposure
(Borgschulte et al., 2020) could affect long-run outcomes, explore effect heterogeneity by person and place characteristics, and assess the impact of childhood air pollution exposure on other long-run outcomes that do not fall into
the categories of economic achievement, educational attainment, or disability.
Notably, we are also unaware of any research displaying non-causal associations between childhood air pollution and
adult mortality. This is likely due to the substantial difficulties in locating historical pollution measures and longitudi-
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longevity effects are important to measure, as they result in a greater number of life years lost than
those lost from infant deaths and also comprise over half of the total damages from smoke exposure
measured in this paper.
Second, we expand the literature examining the long-run effects of early-life air pollution on
adult outcomes. This work has largely focused on the impact of the long-run effects of the Clean
Air Act Amendments (“CAAA”) of 1970 on earnings around age 30 (Isen et al., 2017b) and on
educational attainment (Colmer and Voorheis, 2020; Voorheis, 2017).5 This paper increases our
understanding of the long-run effects of childhood pollution exposure in two primary ways. First,
we causally assess the impacts of early-life air pollution substantially past age 30—in our setting,
we examine impacts on ages 35 through 59—and are the first paper to do so.6 This is a meaningful contribution because early-life impacts in some settings can be detected at younger ages and
then “fade” over time (see Currie and Almond, 2011; Almond et al., 2018, for examples), while it
is also possible for childhood harms to increase proportionally as individuals age. Understanding
that childhood air pollution shocks grow proportionally worse as individuals age—as we find in
this paper—is important when assessing the cumulative costs of early-life harm from air pollution
and may also have implications for other childhood health shocks. The second way this paper
complements existing research is by examining a different—and highly relevant—source of pollution. While the pollution from industrial and vehicular sources studied in this literature have
been falling for many years, pollution from wildfire smoke has been increasing—and likely will
continue to increase—over time.7 Given the growing prevalence of wildfires and evidence from
medical research suggesting that particulates from wildfires are potentially more harmful to human health than pollution from other sources, understanding the harm done by wildfire pollution
is increasingly important.8
Third and finally, this study contributes to our rapidly growing understanding of the effects of
pollution from fires on human health. Thus far, this literature has concentrated primarily on the
contemporaneous effects of fire-related pollution on mortality (Jayachandran, 2009; Miller et al.,
2017), infant health (Rangel and Vogl, 2019), and labor market outcomes (Borgschulte et al., 2020).
As emphasized above, this paper adds to the existing knowledge of these health effects by quantifying the long-run harms of wildfire smoke, which we find to be a substantial component of the
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nally linking them to adult mortality outcomes, as discussed in previous paragraphs. Tangentially related are studies
that combine cross-sectional variation in air pollution exposure with relatively short-run mortality measures to estimate the effects of air pollution on life expectancy (see Chen et al., 2013, for a notable example). However, because
these papers use mortality measures that typically involve 1-to-5-year follow-up periods, they are still identifying the
contemporaneous effects of air pollution, which is fundamentally different than the focus of this paper.
An early contributor to this literature is Sanders (2012), who studies the long-run effects of recession-induced decreases in pollution on test scores. Additionally, there is also a small literature examining the impacts of the lead air
pollution on educational attainment (Grönqvist et al., 2020) and crime/anti-social behavior (Aizer and Currie, 2019;
Reyes, 2007, 2015).
Within the medical literature, Russ et al. (2021) combine modeled pollution measures with longitudinal survey data
(n = 572) and find an association between childhood air pollution and late-life cognitive decline.
As demonstrated in Appendix Figure A1, wildfire smoke comprised over 29% of fine particulate matter pollution
during the 2017-2020 period, more than the emissions from fuel combustion/generation, industrial activities, and
vehicular use combined.
See, for example, Aguilera et al. (2021a) and Aguilera et al. (2021b)
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costs of these fires. Furthermore, insofar as pollution from these fires is expected to grow due to
global increases in temperature (Moritz et al., 2012; Vose et al., 2012), we view this paper as an
important contribution to our understanding of the costs of climate change (e.g. Jacob et al., 2007;
Schlenker and Roberts, 2009; Graff Zivin and Neidell, 2014; Barreca et al., 2016; Hsiang et al., 2017).

2

Background and Conceptual Framework

2.1

Ambient Pollution and Childhood Development

Because this paper estimates the impact of air quality in early life on outcomes in late life, in this
section, we first explain the biological influence of ambient pollution on human health. Further, we
document several reasons why wildfire smoke may be more harmful than other forms of ambient
pollution. Throughout, we focus on the role of fine particulate matter, or PM2.5 , because it is widely
considered to be the most harmful to human health (Peeples, 2020).
PM2.5 is particulate matter, either solid or liquid, that is less than 2.5 microns in diameter (for
reference, a human hair is about 70 microns in diameter). It enters the body through inhalation
into the lungs. Although some of the matter will be removed by normal clearance mechanisms,
some of the matter will reach the bloodstream, where the particulates can cause a multitude of
cardiovascular and respiratory problems. Although the precise pathways are not yet fully understood, a leading hypothesis is that many particulates carry or produce reactive oxygen species
(“ROS”). Excesses of ROS can interfere with normal cellular processes and cause damage to tissues and organs. Such oxidative stress is associated with onset of diseases ranging from diabetes
to atherosclerosis. PM2.5 can even enter the gastrointestinal tract, causing imbalances in the intestinal microecology, which is known to affect a host of other systems, including the central nervous
system. Further, fine particulate matter has been shown to weaken the immune system and cause
increased susceptibility to infections months after initial exposure (Landguth et al., 2020).
The harm from fine particulate matter may be exacerbated in early life: young children breathe
in more air relative to their body weight, they tend to spend more time outdoors, and their bodies
are growing rapidly. Holm et al. (2021) summarizes the potential connection between wildfire exposure at young ages and outcomes at older ages, “[E]arly-life exposure may act by ‘programming’
fundamental metabolic, structural, and cell signaling mechanisms that may result in lifelong impacts.” Furthermore, early-life and late-life health statuses are strongly correlated, suggesting that
harms persist over the life cycle (Case and Paxson, 2010).
Finally, there is an emerging literature that suggests PM2.5 from wildfire smoke may be worse
for human health than other sources of ambient pollution.9 One reason is that wildfire smoke has a
greater concentration of ultra-fine particulates, which are less than 0.1 microns in diameter (Holm
et al., 2021). These particles can penetrate deeper into the body than larger particulates, cross the
blood-brain barrier, damage neural tissue, and impair brain development (Schraufnagel, 2020).
Another reason is that wildfire smoke contains more polycyclic aromatic hydrocarbons, which
9
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induce greater oxidative stress. Wildfire smoke also contains more volatile organic compounds,
many of which are understood to be carcinogenic (e.g., formaldehyde and benzene). Additionally,
wildfire smoke has shown to contain meaningful amounts of heavy metals, such as lead, that have
been linked to adverse long-term outcomes (California Air Resources Board, 2021; Grönqvist et al.,
2020). The likelihood that wildfire smoke is more harmful than other forms of ambient pollution
has been demonstrated by animal studies (Wegesser et al., 2010) as well as observational analyses
of child hospitalizations (Aguilera et al., 2021a; Aguilera et al., 2021b). Further, a recent paper
that examines the effects of wildfire smoke pollution on the labor market (Borgschulte et al., 2020)
finds effects on extensive-margin labor supply that are 2-7 times larger than a comparison group of
papers that utilize variation in other pollution sources. In summary, these studies support the idea
that the composition of wildfire smoke particles may be particularly harmful for human health.

2.1.1

Conceptual Framework

To formalize the hypothesized impact of early-life pollution exposure on long-run outcomes and
our reduced-form findings discussed in subsequent sections, we present a simple conceptual model.10
This framework, which is visually represented by Appendix Figure A2, models the life cycle in four
distinct periods. In the first period, childhood health (h1 ) is determined as a function of genetic
endowments (h0 ) and inputs during early life (I1 ), so that h1 = h1 (h0 , I1 ).11 Given its documented
adverse health effects—discussed in detail above—air pollution in childhood is modeled as negatively affecting early-life inputs and health, such that ∂h1/∂I1 < 0.
In the second period, individuals choose an amount of education (e), the quality of which
is a function of childhood health: e = e(h1 ) = e(h0 , I1 ). Because health is seen as a positive
input into the educational process, childhood smoke exposure is predicted by the model to reduce
educational attainment:
∂e
∂e ∂h1
=
·
< 0.
∂I1
∂h1 ∂I1
After completion of their education careers, individuals progress into the labor market, the third
period of the model. Because total earnings depend on both education and innate ability (physical
and mental, both represented by health stock in our model), we model earnings (`) as:
` = `(e(h1 ), h1 )
= `(e(h0 , I1 ), h0 , I1 ).
With this structure, the impact of early-life pollution exposure is given by:
10
11

What follows is similar in spirit to the frameworks presented by Isen et al. (2017b) and Colmer and Voorheis (2020).
For purposes of this model, health is broadly defined to include physical health and measures of mental well-being,
including cognitive ability and non-cognitive skills.
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∂`
=
∂I1

∂` ∂h1
·
∂h1 ∂I1
| {z }

∂` ∂e ∂h1
·
·
∂e ∂h1 ∂I1
|
{z
}

+

Lower earnings due

Lower earnings due to

to poorer health

impact of reduced

< 0.

education (∂e/∂I1 )

As displayed in the above equation, the impacts of childhood smoke exposure affect earnings
through two channels. The first term captures the direct channel: lower health stock could cause
lower earnings through poor physical health (which likely manifests through reduced extensivemargin labor supply), lower cognitive ability, or reduced non-cognitive abilities (both of which
could manifest as either reduced labor supply or lower wages). The second term captures the indirect effect of educational attainment. Insofar as individuals have lower levels of education due
to wildfire smoke exposure, this will translate to lower earnings. As part of our analysis in Section 7.2, we perform back-of-the-envelope calculations to assess how much of the earnings effect is
potentially transmitted through this education channel.
The last stage of the model concerns health in later adulthood and longevity (h2 ), which is
determined as a function of childhood health (h1 ) and later-life health inputs (I2 ).12 Adult health
inputs are themselves based on an individual’s education and earnings, I2 = I2 (e, `). Taken together, this gives:
h2 = h2 (h1 , I2 (e, `))
= h2 (h0 , I1 , I2 (e(h0 , I1 ), `(e(h0 , I1 ), h0 , I1 ))).
Thus, the impact of a childhood wildfire shock on later life health is written as:
∂h2
=
∂I1

"
"
#
#
 
#
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·
+
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|
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}
|
{z
}
|
{z
} |
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}

"

Worse health due to

Lower investments due to

Lower investments due to

Lower investments due to

direct/sustained

adverse health impact on

adverse health impact on

impact of reduced education

effects

education (e)

earnings (`)

(∂e/∂I1 ) on earnings (`)

The first term details the direct effect of early-life health on later-life health. Insofar as reductions
in early life health capital are permanent, this term will be negative. The second term relates to
the indirect effect of lower educational attainment, which could increase adverse health behaviors.
While the evidence on education and later-life health is mixed, in Section 7.2 we utilize estimates
from the literature to assess the role of this channel. Finally, the last two terms capture the effects
of wildfire smoke transmitted through the earnings channel. Lower earnings in life could result
12

It would also be reasonable to utilize a model with many periods, where adult health and earnings are determined
contemporaneously within a given period and act as inputs into the next period’s outcomes. However, we abstract
away from such a scenario in favor of simplicity and expositional clarity.
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in lower health investments. To the extent possible, we evaluate the degree to which our mortality
estimates can be explained by lower earnings (Section 7.1) or other socioeconomic factors, such as
occupation and neighborhood choice (Section 9.3).

3

Data

To estimate the effects of wildfire smoke on long-run outcomes, we construct a longitudinal data
set linking childhood measures of wildfire smoke exposure to administrative and large-scale survey data detailing adult measures of longevity, economic achievement, educational attainment,
and disability in adulthood. A simplified version of this data construction process, presented in
Appendix Figure A3, displays data sources and key steps used to clean and assemble our data.
The sections that follow discuss these items in greater detail.

3.1

Wildfire Data

Our analysis utilizes wildfires from California, the state where wildfires are most severe and have
been tracked for over a century. Specifically, we obtain “fire atlases” from the California Department of Forest and Fire Protection’s (“CAL FIRE”) Fire Perimeter Database, which is “the most
complete digital record of fire history in California” (California Department of Forestry and Fire
Protection, 2018). Two characteristics of this database make it ideally-suited for our analysis of
the long-run effects of air pollution from wildfire smoke. First, the database includes comprehensive data on fires for nearly 100 years—and includes some coverage of fires as early as 1878. This
consistent and long-running tracking of fires allows to measure differential early-life air pollution
exposure for children born as early as 1930. The availability of this historical data is a vital feature
for our analysis. Because we can observe children born many years ago, we are able to evaluate
longer-term effects—such as longevity and mid-to-late adult outcomes—that were previously unmeasurable with existing data.13
Second, the CAL FIRE data is highly detailed—it includes geospatial data for each fire (i.e., the
exact area that was burned), the acreage burned, and the date that each fire was discovered. These
characteristics are key inputs into the pollution modeling process discussed later in this section
and allow us to generate strong predictions of the cohorts who were exposed to smoke pollution.
To the best of our knowledge, there is no other source that combines both the number of years and
the quality of data present in the fire atlas data.14
13

14

Specifically, most studies of the long-run effect of childhood air pollution utilize pollution monitor data (largely
available starting in the mid-to-late 1960s) and leverage exogenous variation from the Clean Air Act Amendments of
1970. Because these data sources are relatively recent, papers that use them are limited to observing adult outcomes
relatively early in life.
Notably, the National Interagency Fire Center has detailed wildfire records, but these date back only to 1983. Additionally, the United States Forest Service maintains historical fire perimeter databases for much of the Western United
States, but these these appear to be incomplete, with many lacking any information on the date of the fire, a key input
into the pollution modeling analysis.
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Although the Fire Perimeter Database has high-quality information regarding Californian wildfires, 42% of fires during our study period do not have exact dates when the fire occurred—only
the year of the fire. To complete this missing information, we hand-gathered dates for each fire
from historical newspaper archives.15 Overall, 512 fires were missing exact dates and required
hand-dating; of those fires, we were able to assign dates to 458 (88%) with high confidence. The
remaining fires were treated as missing. Notably, fires that could not be confidently dated tend to
be fires that are smaller and/or are in remote areas and are therefore less likely to result in harmful
pollution. For purposes of our analysis, we focus on fires that burned 1,000 acres or more, which
comprise approximately 89% of the total acres burned during our study period (1,232 fires in total).
Figure 1 displays statistics regarding the severity of Californian wildfires—measured by total
acres burned—over time. Panel A focuses on the study period of 1930 through 1969 and demonstrates that there is substantial temporal variation in the number of burned acres: some years (1937
and 1963) there are fewer than 20,000 acres burned while others (1950) reach nearly 500,000 acres.16
To provide further context for our sample period and to motivate the growing problem of wildfires, we also include Panel B, which displays the temporal trends of fires from 1930 through 2021.
Within the figure, which has a vertical axis eight times the height of Panel A, we see two trends.
First, the variation in acres burned was relatively constant from 1930 through 1990. However, there
has been a marked increase in the severity of fire seasons over the last 25-30 years. In fact, the four
most extreme seasons in California’s recorded history have all occurred within the last five years,
emphasizing the potential for these fires to have a growing impact on health and economic activity.
In addition to the temporal variation in fires, Appendix Figure A4 presents the spatial distribution
of fires (in 10-year bins), underscoring the fact that wildfire hazard is dispersed throughout the
state.

3.2

Smoke Data

A central challenge of assessing the health impacts of wildfire pollution is understanding which
individuals were exposed to smoke. Recent papers studying contemporaneous impacts of recent
wildfire pollution—such as Miller et al. (2017) and Borgschulte et al. (2020)—utilize satellite remote sensing data to identify smoke plumes, which is available for the years 2005 through 2021.
However, no such data is available during the sample period in which our cohorts were born. When
the ability to directly observe pollution is absent, papers have historically assigned treatment using simple proximity to the pollution source (e.g., Clay et al., 2016) or by utilizing a combination
of wind direction and proximity to the pollution source (e.g., Schlenker and Walker, 2015; Rangel
and Vogl, 2019). We build on these techniques by utilizing sophisticated pollution modeling tools,
15

16

Fires were located in newspaper records by searching internet archives—newspapers.com and genealogybank.com—
for key terms. For instance, a typical search included typical key words, such as “acres burned”, along with information gathered from the Fire Perimeter Database: the year of the fire, the name of the forest (e.g., “Mendocino National
Forest”), and a prominent geological feature near to the fire (e.g., “Clear Lake”).
A potential concern with historical data is that recorded fires could increase over time solely due to improvements
in tracking them. However, we note that there is no statistically detectable trend (p = 0.58) in the number of acres
burned over the sample period, alleviating this concern.
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joining recent environmental economics papers such as Sullivan (2017) and Grainger and Ruangmas (2018) who integrate these models into their empirical approach. Specifically, we utilize the
National Oceanic and Atmospheric Administration’s (“NOAA”) HYSPLIT model to predict dispersion of wildfire smoke (Stein et al., 2015). HYSPLIT, which is used by the U.S. Forest Service
to predict wildfire pollution, utilizes the location, date, and size of the fire (in acres) as inputs and
combines them with gridded four-dimensional meteorological data and fuel composition data obtained from the U.S. Forest Service’s BlueSky modeling framework (Larkin et al., 2009) to predict
smoke plumes from each fire that compare favorable to satellite observations. In addition to the
satellite comparisons performed by existing research, we also validate the model-generated smoke
plumes by assessing their impact on ground-level pollution. This analysis, which is detailed in Section 4, finds that modeled smoke exposure is highly predictive of elevated pollution in a modern
(2004-2019) context.
Our use of pollution modeling provides several advantages over the proximity or wind direction methods. First, HYSPLIT incorporates the amount of fuel burned, which is a function of both
(a) acres burned and (b) the underlying fuel source (i.e., the density of forest or brush in the area
of the fire). Given that the sizes of fires in our sample range from 1,000 acres to over 200,000 acres
and occur everywhere from brush land to densely wooded forests, this combination is critical in accurately assessing the amount of air pollution from wildfires. Second, pollution modeling utilizes
wind dynamics in a more sophisticated manner than is typically observed in existing methods by
further incorporating wind speed and wind direction outside of the immediate vicinity of the fire.
Wind speed is an important consideration for fires because calm winds can result in smoke patterns that diffuse around the origin point of the fire, while strong winds can send fire pollution for
hundreds—if not thousands—of miles in a specific direction. Because wildfire smoke can travel so
far from its origin, inclusion of wind dynamics that are not in the immediate vicinity of the fire are
also necessary to correctly assign exposure to wildfire smoke. These considerations are illustrated
by Appendix Figure A5, which displays modeled smoke output under three different scenarios
with varying fire size and wind intensity. In each scenario, the smoke plumes differ meaningfully,
underscoring the importance of incorporating fire size and rich wind dynamics into the treatment
definition.
While utilizing HYSPLIT provides several advantages over existing treatment definitions, there
are two limitations to the smoke plume output. First, HYSPLIT generates smoke plumes as if the
entire acreage is burned within first twenty-four hours from the start of the fire. Because wildfires
often last several days, we generate smoke plumes for three separate dates: the date in which the
fire began and two subsequent days.17 Second, the model allows use of meteorological data only
back to 1948, which is roughly in the middle of our sample period. To compensate for this, we
match each fire date from before 1948 with a date on or after 1948. This matching process is done
by finding the date with the smallest Euclidean distance across several different measures of wind
direction and intensity at the ground level as well as multiple levels of the atmosphere. The details
17

Areas are considered to be treated if they spatially intersect any of the plumes generated by this procedure.
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of this matching process are covered in more detail in Appendix Section A.1.
The identifying variation for our analysis is displayed in Figure 2, which details measures of
smoke exposure across birth cohorts and across space. Panel A demonstrates the degree to which
birth cohorts are exposed to wildfire smoke during the period from in utero through age 4 (“IUAge 4”).18 As further discussed in Section 5, we focus on this particular age range because that is
when children appear to be most sensitive to wildfire shocks. Figure 2 Panel A displays the mean,
interquartile, and interventile ranges of in utero through age 4 smoke by year-of-birth cohort, along
with the mean and interquartile range (“IQR”) for the entire sample. The figure illustrates that
the amount of exposure varies substantially across California birth cohorts, with peak exposure
for cohorts born in the 1950s and lowest exposure for 1930s cohorts.
Even within cohorts, there is substantial range in exposure, as demonstrated by the meaningful
differences between the most- and least-intensely treated individuals. This within-cohort variation
is more fully illustrated by Panel B, which demonstrates how smoke exposure—defined as the
percentage of months in a given period with any smoke coverage—varies over geography in tenyear bins. As displayed in the figure, there are clear geographic differences in exposure to smoke
pollution. However, these differences do not come from the same heavily and lightly treated areas
for every birth cohort. For instance, in some years, Northern California is more intensely exposed,
while in other years Southern California is subjected to higher smoke pollution. As discussed
above, this is due in part to fluctuations in fire timing and severity. It is also a function of wind
speed and direction, factors that vary meaningfully, as demonstrated by Appendix Figure A6. As
discussed further in the sections to follow, these environmental determinants of smoke exposure
provide plausibly exogenous variation in our treatment variable.

3.3

Outcome Data and Linkages using Restricted Census Data

To study the long-run effects of childhood exposure to wildfire pollution, we link smoke exposure in early life to three restricted-use datasets from the United States Census Bureau: the Social
Security Administration’s (“SSA”) Numident file, the 2000 Decennial Census Long Form (a 1-in6 sample of households) and the 2005-2019 American Community Surveys (“ACS”).19 There are
three primary features about these data make them ideal for our analysis. First, the Numident file—
which is an administrative database of all individuals who have ever been assigned a Social Security
number—includes both a person’s city and state of birth, as well as their exact date of birth. These
characteristics allow us to assign measures of smoke exposure to individuals in a very precise man18

19

While we do not observe actual gestational lengths in our data, an individual is assumed to have in utero exposure if
there is a smoke plume present within the nine months before their birth. Further, exposure “through age 4” indicates
smoke exposure at any time prior to a child’s 5th birthday.
The SSA Numident file that we obtain through Census Bureau differs from other versions of the Numident database
that are available publicly, such as the Berkeley Unified Numident Mortality Database (Goldstein et al., 2021), primarily in the larger number of cohorts covered by the SSA/Census Numident and the ability to link to other data
sets (discussed further below). Nonetheless, certain descriptive analyses in this paper will use the Berkeley Unified
Numident Mortality Database (henceforth referred to as the “Public-version Numident”) to minimize the amount of
restricted Census data that is subject to disclosure.

12

ner.20 Second, in addition to detailed information about birth, the Numident file includes mortality
information for all individuals in the database. This mortality data is particularly comprehensive
for deaths occurring after the mid-1970s (Chetty et al., 2016; Finlay and Genadek, 2021), which
we discuss further below. Third, the restricted datasets can be linked together by using a unique,
individual-level identifier (a Protected Identification Key, which is essentially a scrambled Social
Security number). This linkage allows us to apply our childhood exposure measures—assigned
using an individual’s birth place and birth date information from the Numident data—to adult
survey outcomes in the 2000 Census, ACS, and other Census products.
We focus primarily on two sets of outcomes in our analysis. First, we evaluate the effects of
early-life smoke pollution on longevity. Our measure of longevity is conditional upon surviving
past childhood, because individuals need to obtain a Social Security number prior to inclusion in
the Numident data. Within our sample, individuals obtain their Social Security number at 14.4
years of age, on average.21 We evaluate mortality by age 55 as our primary outcome, as that is the
oldest age at which we observe all cohorts in our data, and we also evaluate mortality at ages 30
through 80 to calculate a measure of life years lost due to wildfire smoke. The second set of dependent variables is taken from the 2000 Census Long Form and American Community Surveys.
Because these surveys provide such a rich set of measures—and because childhood circumstances
can affect such a wide range of adult outcomes, as illustrated in Section 2—we organize survey
measures into three distinct groups: (1) economic achievement, (2) educational attainment, and
(3) Census-defined disability measures. For each group, we create indices of standardized outcomes, following Kling et al. (2007), to mitigate concerns about multiple hypothesis testing. To
construct these indices, individual component variables are converted to z-scores by subtracting
the mean value across cohorts and dividing by the standard deviation of the outcome. Certain
variables—poverty status, social safety net use, and disability variables—are then reverse coded as
necessary, so that higher values represent “good” outcomes. Finally, each variable is combined into
an index by taking a simple mean of these standardized values, where each variable is assigned an
equal weight in the index. While we focus on these index outcomes as our main results, we will
also present effects for individual index components.
We limit all samples, with the exception of our longevity sample, to only include individuals
who are younger than age 60 at the time of the survey in order to isolate the impact of wildfires
on individuals during their peak earning years. Additionally, we only include individuals who do
20

21

The ability to observe city of birth is a substantial improvement over most data sources, which only provide state or
country of birth—if they provide any birth place information at all. Having city-level data—rather than only countylevel data—is particularly helpful in our setting of California because many counties in California have very large land
areas. (The median county is nearly the size of Delaware and the largest is almost the size as West Virginia.) Thus,
having city of birth detail considerably improves the accuracy of treatment assignment. Additionally, the ability to
observe exact date of birth is also a substantial improvement over public data sources, which are typically limited to
birth year.
The date of Social Security number (“SSN”) receipt is proxied by the ”initial cycle date” in Numident. It is worth noting that the SSA’s ”Enumeration at Birth” program, which allows parents to complete SSN applications for newborns
as part of the birth registration process, did not start until 1987. Accordingly, individuals in our sample typically
obtained their SSN in late childhood or adolescence.
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not have any imputed or missing outcomes for all index components to ensure consistency across
analyses. Finally, we restrict our sample to individuals who had obtained their Social Security
Number (“SSN”) by age 19, which includes 95.6% of individuals in our sampling frame, to ensure
that any deaths during adulthood can be captured in the Numident death file.22 After applying
these restrictions, the number of observations in our core samples include approximately 6,656,000
individuals in the longevity/mortality sample and 897,000 person-years underlying our analysis of
economic, education, and disability indices (and their sub-components). The summary statistics
for mortality and index component outcomes are displayed in Appendix Table A1.
While the SSA Numident file provides key information necessary for our analysis, there are
two challenges to using the data. First, place of birth data is generated by information that individuals enter when completing the application for a Social Security number. These responses are
stored as non-standardized string variables, which include spelling errors, transcription errors, use
of abbreviations, and/or inclusion of places that do not qualify as cities. For example, an individual born in Los Angeles, California might write their city of birth as “Los Angeles,” “Los Angels,”
“Westwood LA” (a neighborhood in Los Angeles), or simply “LA.” In order to standardize these
responses, we limited our sample to all individuals who reported their birth state as California
and then hand-matched common responses to populated places detailed in the United States Geological Survey’s Geographic Names Information System (“GNIS”) file. The GNIS file includes
the county, longitude, and latitude of each location.23 The remaining observations were matched
using probabilistic algorithms, which are further discussed in Appendix Section A.2. Overall, we
matched 99.5% of individuals to a GNIS location, where 99.1% of these matches either had a perfect
text match or were hand-matched.
Second, there are challenges when utilizing Numident to evaluate longevity, the main outcome
of our analysis. Because Numident began tracking deaths in the early 1960s—and not comprehensively until the mid-1970s (Finlay and Genadek, 2021)—rates of death-by-age are understated,
particularly for our earliest cohorts. To correct for this, we constructed adjusted death rates that
scale death rates per the Numident by death rates from the Social Security Administration’s Cohort
Life Tables (“SSA Cohort Life Tables”), a process that is discussed in greater detail in Appendix
Section A.3. As demonstrated by Appendix Figure A8, the adjusted death rates provide a much
better approximation to expected cohort death rates than the unadjusted values. Additionally, adjusted death rates for earlier cohorts (those born in the 1930s and 1940s) are more comparable with
rates for cohorts born from 1950-1960, further suggesting that adjusted rates are more appropriate
as the primary outcome. Nonetheless, we demonstrate in our Section 6 analysis that results are
robust to using unadjusted rates.
22
23

We include this sample restriction because individuals who obtain Social Security numbers later in life may be subject
to survival bias.
Longitude and latitude relate to the centroid of each place. A potential concern with utilizing city centroids is that the
location of these centroids could drift over time as city boundaries change. However, as demonstrated by Appendix
Figure A7 and discussed in the accompanying notes, this is likely not an issue because boundaries are quite stable
over time.
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3.4

Other Data

In addition to our longitudinal data linking early-life wildfire smoke exposure to long-run mortality and survey outcomes, we also utilize several data sources for the purpose of supplemental and
validation analyses, which we briefly outline here.
Restricted Decennial Census Full Count Data, 2000 and 2010. These data are drawn from
the “short form” questionnaire that is received by all households in a given Census year and accordingly cover nearly the entire U.S. population. The Full-Count Census files are then linked to
early-life smoke exposure measures in the same manner discussed in the previous subsection. We
utilize the linked data to perform supplemental analysis of neighborhood characteristics as well as
certain family formation and long-run migration analyses, all of which are discussed in Section 9.
Environmental Protection Agency (“EPA”) Monitoring Data, 2004-2019. The EPA collects
daily monitor readings for a variety of pollutants. In order to relate this monitoring data to smoke
exposure, we generate modeled smoke plumes using 2004-2019 wildfire data from CAL FIRE and
the techniques discussed in Section 3.2. These data are incorporated into the analysis in Section
4 which demonstrates that the modeled smoke measures are highly predictive of ground-level
pollution.
Control Variable and Heterogeneity Data. We also utilize a variety of other variables—namely
county-level aggregates, historical hospital data, and climate measures—to include in our robustness and in heterogeneity analyses (Section 8 and Section 9, respectively). The data sources from
which these variables were derived, and our method for incorporating them into our main analysis
data set, are discussed further in Appendix Section A.4.

4

Validation of Smoke Measures

Because modeled smoke exposure discussed in Section 3.2 will form the basis for our treatment
variable, we show in this section that it strongly predicts ground-level air pollution in a modern
context.24 In order to do so, we estimate the following distributed leads-and-lags regression model:
Yit = γy(t),i + ηm(t),i +

4
X

βj AnySmokei,t−j + εit ,

(1)

j=−4

where the unit of analysis is a monitor i with associated pollution reading observed in year-month t.
To control for time-varying and seasonality-specific trends for each monitor, monitor-by-year fixed
effects (γy(t),i ) and monitor-by-calendar-month fixed effects (ηm(t),i ) are included in the regression.
The treatment variable, AnySmokei,t−j , is equal to one a monitor was exposed to smoke during
period t − j. Specifically, we consider a monitor to be “exposed” if the modeled smoke plume
spatially intersects with the monitor’s geocoordinates. We include leads and lags of the treatment
variable to (1) account for serial correlation in smoke exposure and (2) trace out the effect of smoke
24

We do not validate our measure in a historical context because monitor data does not exist for long-ago periods.
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exposure on pollution over time. The coefficients of interest on these leads and lags, βj {j ∈ −4...4},
represent the marginal effect of smoke coverage during relative month j on a monthly pollution
measure during month t.
The main results of this analysis are displayed in Figure 3, which shows the impact of predicted
wildfire smoke plumes on mean daily PM2.5 and max daily PM2.5 in Panels A and B, respectively.
Within the figure, the estimated impact of smoke coverage during relative month j is presented
with 95% confidence intervals. The estimated impact on pollution during the month in which the
fire occurs (β0 ) is presented in the upper-right-hand corner of each panel, along with the associated
standard error and baseline mean.
We find that our modeled smoke exposure predicts meaningful increases in ground-level PM2.5
during the month in which the fire occurs: mean daily pollution increases by 1.26 µg/m3 (13% over
the mean) and max daily pollution by 3.58µg/m3 (18% over the mean). These effects decay over the
two months after the start of the fire, as fine particulates remain in the air for weeks at a time.25 In
addition to the impacts on PM2.5 , smoke exposure has an impact on a range of other pollutants. As
displayed in Appendix Figure A9, we find increases in mean and maximum for larger particulate
matter (PM10 ) of 9% and 15%, respectively, alongside 2-5% increases over the mean for Carbon
Monoxide (CO), Ozone (O3 ), and Nitrogen Dioxide (NO2 ). Taken together, these results support
the assertion that our modeled wildfire smoke measure is an effective predictor of pollution.

5

Methodology

To evaluate the long-run effects of early childhood wildfire smoke exposure, we estimate the following cohort distributed lags and leads model:
Ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a +

5
X

δk Smokec,b+k + εcba ,

(2)

k=−5

where the unit of analysis is a birth cohort born in a city c in year-month b and observed at survey
year a. The treatment variable, Smokec,b+k , and its associated leads and lags detail the number
of months with any smoke exposure at age k, where a month of smoke exposure is defined as
any spatial intersection between a smoke plume and a child’s city of birth during that month (see
Appendix Figure A10 for an example of how treatment is defined). The coefficients of interest
on these treatment variables, δk {k ∈ −5...5}, provide the marginal effect of an additional smoke
month during age k. The δ coefficients for the in utero period through age 5 (δIU . . . δ5 ) allow
us to trace out the dynamic effects of additional smoke exposure at various ages. Meanwhile,
the coefficients for the years leading up to conception (δ−5 . . . δ−1 ) measure the impact of smoke
25

The slow decay of the effects is also likely due to the fact that some fires, particularly in recent years, can last for a very
long time (>1 month). However, because wind direction is autocorrelated over short periods, our modeled smoke
measure is still able to capture these lagged pollution effects, even though we are unable to explicitly incorporate the
duration of the fire into our model.
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exposure that occurs before a child could be conceived. Accordingly, these estimates collectively
serve as a placebo test, since no effect is expected from air pollution exposure during these periods.
We include city-of-birth fixed effects (µc ) to control for time-invariant factors related to individuals born in the same city.26 Additionally, we include year-of-birth × region-of-birth fixed effects
(λy(b),r(c) ) where region of birth is defined in our baseline specification as Northern or Southern
California.27 These fixed effects capture time-varying differences by regions of California that may
differ in terms of smoke exposure, climate, and economic activity. Further, because both birth outcomes (Buckles and Hungerman, 2013) and wildfires are highly seasonal, we include calendarmonth-of-birth fixed effects, αm(b) .28 Finally, when utilizing non-mortality outcomes as the dependent variable, we include year-of-birth by age-at-survey fixed effects (ψy(b),a ) to ensure comparisons are made between individuals who were both born and surveyed in the same pair of years.
Standard errors for estimates from this equation are clustered at the county level.29
In addition to our model detailed in Equation 2, we also estimate an equation that collapses the
effects of childhood wildfire smoke exposure into a single variable:
IU-Age 4

Ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a + δ · Smokec
IU-Age 4

The treatment variable, Smokec

+ εcba .

(3)

is a single continuous variable equal to the number of months

with any smoke exposure from the in utero (“IU”) period through age 4.30 For notational convenience, estimates from this equation are referred to as our “summary estimates,” “IU-Age 4 estimates,” or “δIU-Age 4 ” throughout the remainder of this paper.
We focus on the in utero through age 4 period primarily for two reasons. First, as discussed
extensively in Currie and Almond (2011) and Almond et al. (2018), the years prior to age 5 are
a particularly important time of development and shocks during that period have been shown to
have particularly meaningful later-life impacts. Second, as will be demonstrated by the results in
Sections 6 and 7, the age-of-exposure effects largely dissipate by age 5 (consistent with the existing
literature) and thus we focus on the impact of smoke exposure that occurs before that age.
Our research design relies on the assumption that the intensity of wildfire smoke exposure
during the first years of life are uncorrelated with other factors, conditional on our fixed effect
controls. Because we control for time-invariant factors specific to a given place of birth (via our
city-of-birth fixed effects, µc ) as well as region-specific, time-varying factors (via λy(b),r(c) , our vector of year-of-birth × region-of-birth fixed effects), potentially confounding factors would need to
26
27

28
29
30

Cities with fewer than 100 births are grouped together with their nearest neighbors until each combined city group
has at least 100 associated births during the sample period.
The counties grouped into either Northern or Southern California a displayed in Appendix Figure A11, Panel A. In
our robustness checks in Section 8, we instead utilize State Economic Areas—precursors to modern-day commuting
zones—and find similar results. These areas are illustrated in Appendix Figure A11, Panel B.
Seasonality in wildfires is demonstrated Appendix Figure A12, which shows that 90.3% of acres are burned during
the months of July through November.
This is true for all other regression estimates presented in this paper, unless noted otherwise.
Because we do not observe actual gestation period in our data, the in utero period is assumed to begin nine months
prior to birth.
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be time-varying at a sub-regional (e.g., city or county) level. The leads in our distributed leads
and lags model (δk for k ∈ {−5... − 1} in Equation 2) provide a useful diagnostic test as to whether
or not such confounding issues exist. If such confounders exist, then these coefficients will likely
be economically and statistically different from zero. Additionally, in Section 8, we consider different fixed effect and control variable configurations to address the possibility of unobserved confounders that are also conditionally correlated with wildfire smoke exposure and find that results
are robust to these alternate specifications.

6

Long-Run Mortality Effects

The first outcome we estimate is the long-run impact of childhood wildfire smoke exposure on
longevity, specifically survival to age 55, which is the oldest age that we observe all of the cohorts
in our sample. (Recall that all analyses are conditional on surviving past childhood, as it is necessary to obtain a Social Security number to be included in the data.) The results of this analysis are
displayed in Panel A of Figure 4 where each point represents a value of δk from Equation 2 along
with associated 95% confidence intervals. Each point estimate represents the marginal effect of an
additional smoke month during age k, where the in utero age (k = IU) represents the nine months
preceding birth and negative ages (k ≤ −1) represent years prior to the in utero period. Additionally, our measure summarizing the marginal impact of an additional month with exposure during
the in utero through age 4 period (described by Equation 3) is presented in the upper-right-hand
corner along with the associated standard error.
The results in Figure 4 demonstrate a clear effect of air pollution from wildfires during early
childhood: our summary estimates show that an additional month of smoke exposure during the
in utero through age 4 period (δIU-Age4 ) results in 0.34 additional deaths before age 55 per 1,000
individuals. Moving from the 25th to the 75th percentile—an increase of 5 months—results in 1.7
additional deaths before age 55 per 1,000 (for conciseness, the effect of moving from the 25th to
the 75th percentile will henceforth be denoted as p25 → p75 ). This effect is a 1.8% increase over the
age 55 cumulative death rate within our sample. The leads and lags coefficients, which show the
age-specific exposure effects, demonstrate when childhood smoke exposure matters the most. We
find that the effects of exposure are largest around age 2 and have dissipated by age 5.31 We do not,
however, find any effects for our placebo estimates of smoke exposure before conception (relative
periods -5 through -1), supporting the assertions that exposed areas are not differentially trending
prior to exposure or subject to changing birth composition in anticipation of future wildfire smoke
shocks (see Section 8 for further discussion).
While studies of the contemporaneous effects of air pollution find the strongest impacts when
children are in utero or infants, our age-specific effects imply that the most sensitive period for se31

There are some concerns that the attenuation of effects by age 5 could be due to measurement error, since treatment
is assigned based on city of birth and thus may incorrectly assigned due to migration. We bound this measurement
error using migration data from the 1940 Complete-Count Census (Ruggles et al., 2021) and find that it does not
qualitatively affect the results. See Section 8 for details.
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vere, transitory wildfire smoke shocks occurs when children are slightly older (ages 1-2). This
could be for two primary reasons. First, slightly older children are likely exposed to much higher
levels of wildfire smoke because they spend more time outside and have higher lung capacity.
Time outside matters a great deal because smoke exposure is substantially higher outdoors—for
instance, Burke et al. (2021) find that outdoor PM2.5 can be approximately 10 to 20 times higher
than indoor measures during periods of heavy wildfire smoke. Further, because wildfire smoke
tends to be transitory, this ratio is much higher than for persistent pollution sources that have time
to infiltrate homes (Liang et al., 2021). Accordingly, it is reasonable that children who are still
young enough to be vulnerable—but are old enough to spend more time outdoors during periods
of elevated air pollution—have more pronounced responses to wildfire smoke. Second, because
our result is conditional on surviving past childhood, it excludes deaths that occur very early in
life. Accordingly, insofar as individuals die before obtaining a social security number—something
which occurs at age 14, on average, in our sample—they will be excluded from this mortality calculation. We consider this by estimating cohort-level infant mortality in Appendix Section B.1 and
adding this mortality into our estimates. While these added deaths increase the response to air
pollution in early life, our effects are still most pronounced for slightly older children.
We further explore the effects of wildfire air pollution on cumulative mortality across a variety
of ages in Figure 4, Panel B. Specifically, we estimate summary coefficients (δIU-Age4 ) for regressions
where the outcome is cumulative mortality by age a (where a ∈ {30, 35, ...80}). The results of these
separate regressions are displayed in Panel B of Figure 4 along with 95% confidence intervals. We
find that small effects manifest relatively early (age 30) and return to zero by age 80.32 Note that age
effects for any estimate of cumulative mortality must mechanically “fade” to zero as all members of
the counterfactual group eventually die of old age. In our context, it appears that wildfire pollution
shocks do not appreciably affect mortality after age 80, although the estimates are highly imprecise.
To aggregate these mortality effects, we calculate the life years lost between ages 30 to 80 and find
that an additional month of wildfire smoke exposure results in 9.2 life years lost per 1,000 persons
(p25 → p75 = 46 per 1,000).33 As discussed in Section 3.3, our mortality data are adjusted to better
match aggregate death patterns in our sample period. We re-estimate the analyses detailed above
using the unadjusted rates and obtain similar estimates—8.1 life years lost per additional smoke
month compared to 9.2 life years when using adjusted death rates. See Appendix Figure A13 for
more detail.
To further contextualize our mortality estimates, we compare the cohort-level life years lost
due to smoke-induced infant mortality to the reduction in life years attributable to decreased adult
longevity. As detailed in Appendix Section B.1, we calculate the effects of wildfire pollution on infant mortality using California vital statistics data and a cohort distributed leads-and-leads model
in a similar spirit to the one specified in Equation 2. From our estimates, we calculate that moving
from the 25th to 75th percentile of smoke exposure results in 11.7 life years lost per 1,000 births due
32
33

Tabular data on point estimates and associated standard errors are presented in Appendix Table A2, Panel A.
Standard errors for this value were obtained using bootstrap (100 iterations).
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to infant mortality, as compared a reduction of 46 years per 1,000 due to shorter adult life spans,
as shown above. Decreased longevity results in a larger number of life years primarily because the
critical period where wildfire smoke can reduce adult longevity is substantially longer than the
period where infants are at high risk of death from wildfire smoke. That is, there are simply more
opportunities for air pollution from fires to reduce adult longevity. Given that reductions in infant
mortality are a staple of cost-benefit analyses for environmental policy, our finding that early-life
air pollution has even larger effects through the channel of reduced adult longevity underscores
the importance of incorporating long-run effects of early-life harms into policy calculations.

7

Long-Run Effects on Economic, Educational, and Disability Outcomes

In this section, we build on the literature that examines the long-run effects of childhood air pollution by exploring economic, educational, and disability outcomes at older ages (35-59) than have
previously been considered. The results of our analyses are displayed in Figure 5. Within the figure, each panel presents an event study for the main index (to the left) as well as the summary
coefficients (from Equation 3) for the index and each of its components (to the right). As discussed in Section 3.3, these variables have been standardized (z-scored) so that their mean is 0 and
standard deviation is equal to 1. This procedure allows us to combine many results into a single
index. Further, we scale these coefficients such that the estimates presented can be interpreted as
a percent of a standard deviation (henceforth, “%-SD”). In the following sub-sections, we discuss
each index and provide more detail regarding the index components.34

7.1

Economic Achievement

The results relating to economic achievement are presented in Panel A of Figure 5. Within the figure, we observe a clear decrease in economic achievement in later life, with effects largely persisting
through age 3 and subsiding by age 5, a pattern that is qualitatively similar to the mortality results
discussed above. Aggregating across the in utero through age 4 period, we find that the average
impact of an additional month of smoke exposure in is equal to 0.29%-SD (p25 → p75 =1.45%).
Upon examining the index components, we find that these effects are consistent across outcomes:
there are decreases in income, extensive-margin employment, home ownership, and home value.
Further, there are increases in the likelihood of being in poverty and requiring use of the social
safety net.35
Our “headline” economic achievement outcome—i.e., the outcome that typifies our results—is
the decrease in earned income (defined as wages plus self-employment income). As indicated by
Panel A of Appendix Figure A17, we find that an additional month with smoke exposure reduces
age 35-59 earned income by $178 per year (p25 → p75 = $890).36 We calculate the cumulative
34
35
36

Tabular data on point estimates and associated standard errors for this figure are presented in Appendix Table A2,
Panel B.
Poverty and social safety net variables have been reverse coded so that lower values indicate worse outcomes.
These dollar values, along with all dollar values for the remainder of the paper, are in 2010 dollars.
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impact of these lost earnings and discount them back to birth using a 3% discount rate. After
incorporating the evolution of our treatment effects over the life cycle—which are discussed in detail in Section 9.1—we find the p25 → p75 effect of childhood wildfire pollution exposure reduces
discounted earnings over the age ranges in our sample by $4,710. This suggests that wildfire pollution can have substantial long-run effects on earnings and economic productivity.37 The earnings
effects appear to be partially driven by decreases in labor force participation (p25 → p75 = -0.45 percentage points). To evaluate the degree to which reductions in labor force participation affect our
earnings estimates, we perform a back-of-the-envelope calculation which suggests that the effects
on extensive-margin labor supply accounts for roughly 27% of the effect on earned income.38
We also consider the degree to which the decrease in economic activity, and specifically earnings, may contribute to the reduction in longevity by performing an additional back-of-the-envelope
calculation. We utilize data from Chetty et al. (2016) to calculate the association between income
and life expectancy, and we find that a $1,000 increase in income is associated with an increase
in life expectancy of 0.030 years.39 Accordingly, our $890 decrease in earnings may be associated
with a reduction of 0.027 life years per person, which suggests that the reduction in earnings could
explain as much as 59% of the reduction in life expectancy that we find.40
In addition to highlighting our earnings outcome, we also briefly discuss the degree to which
early childhood wildfire smoke exposure increases use of the social safety net, which is defined as
any use of the Supplemental Nutrition Assistance Program, Medicaid, Supplemental Security Income, or public assistance income. We find that an additional month with any exposure increases
social safety net use by 0.09 percentage points (0.66% over the mean; p25 → p75 = 0.45).41 To quantify the effect of this increased use, we utilize the Current Population Survey provided by IPUMS
(Flood et al., 2021), which quantifies the household- or person-level cost of each of these programs. Using these data, we calculate that a person using at least one of these programs increases
government expenditures by $7,958 annually, on average. Multiplying this cost by our estimates
and discounting back to birth, we find that moving from the 25th to the 75th percentile of childhood
37
38

To provide further context, we contrast these magnitudes with earlier-life estimates from the existing literature in
Appendix Section B.2.
Specifically, within our sample, a 1 percentage point increase in labor force participation is associated with a $530
increase in earned income. Using this relationship, we can roughly calculate the fraction of the earned income effect
“explained” by labor force participation effects as follows:
0.45pp × $530
≈ 26.8%
$890

39
40

41

We exclude the top income percentile when calculating this slope, as that is consistent with our winsorized income
measures.
We view this calculation as placing an upper bound on the degree to which early life shocks affect mortality through
the income channel. This is because the relationship from Chetty et al. (2016) is not causal, and so the degree to
which our economic results “explain” life expectancy reductions may be overstated. This overstatement will depend
on the degree to which reduced health is driving lower income (rather than vice versa). Nonetheless, in the absence
of causal estimates of income on life expectancy, we view bounding the income-mortality mechanism in this way to
be a useful exercise.
See Appendix Figure A18, Panel A, for event-study graph.
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smoke exposure results in an additional $229 of government expenditures per person.42

7.2

Educational Attainment

We next consider the effect of smoke exposure on educational attainment, which is displayed in
Figure 5, Panel B. As with previous outcomes, there is a pronounced effect on educational attainment: an additional month with smoke exposure decreases the educational attainment index by
0.27%-SD (p25 → p75 = 1.35%). Moreover, there is a similar pattern in the outcome dynamics, with
effects peaking at ages 1-2 and effectively trending back to zero by age 5.
We begin our discussion of index components with our “headline” outcome: high school completion. As displayed in Appendix Figure A17, Panel B, we find that a marginal smoke month
results in a 0.08 percentage point decrease in high school completion (p25 → p75 = 0.40pp). These
effects generally persist across levels of higher education attainment, with estimated reductions in
4-year college (p25 → p75 = 0.50pp) and graduate degree completion (p25 → p75 = 0.30pp).
When estimating the effects on years of schooling, rather than degree completion, we estimate
a p25 → p75 reduction of roughly 0.05 years of education. Using this estimate, we can conduct a
back-of-the-envelope exercise to assess how much of the earnings effect (from Section 7.1) could
potentially be explained by this impact on education. Specifically, we utilize a 10% of return per
year of schooling (Card, 1999), which translates into a back-of-the-envelope decrease in earnings
of 0.5%, or roughly 25% of the earnings effect.43 This suggests that early-life pollution shocks
may be transmitted to earnings primarily via mechanisms other than education, such as shocks to
underlying ability, non-cognitive skills, later-life cognitive decline, and/or physical health.
It is also useful to consider how much of the increases in mortality, discussed in Section 6,
could be explained by decreases in education. To do so, we utilize estimates from Clark and Royer
(2013) and Meghir et al. (2018)—two papers that leverage substantial, sharp variation in years
of schooling and high-quality administrative data. While these studies do not find statistically
significant decreases in mortality due to higher education, they able to rule out meaningful effects.
Applying their estimated bounds on the education-mortality relationship, we calculate that the
estimated decreases in education could explain no more than 30% to 51% of the mortality effects
that we find.44
42
43

44

Specifically, we calculate the
cost as $7, 958 × 0.45pp ≈ 36. We then discount this value back to birth
P average annual
−a
using a 3% discount rate: 59
[1.03
×
36]
= $229
a=35
The wage effects found in the previous subsection translate to 2% of wages. This approximation of the educationearnings pathway is consistent with Isen et al. (2017b) who calculate that educational attainment explains approximately 20% of the earnings increases from the Clean Air Act Amendments of 1970.
Clark and Royer (2013) rule out reductions in mortality larger than 5% from a 0.315 to 0.464 increase in years of
education. We apply this bound to our estimates to calculate the upper bound of mortality than can be explained by
education as:
0.05
0.05
× 5%
× 5%
0.315
0.464
= 30%
= 44%.
1.8%
1.8%
Where the numerator in each equation scales the years-of-education effect that we find (0.05) by the 5% bound in the
Clark and Royer (2013) estimates. This effect is then divided by the percentage reduction in age 55 mortality that we
discuss in Section 6. Alternatively, we can use estimates from Meghir et al. (2018), who find than a 0.25 increase in
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7.3

Disability

The last set of “index” outcomes we evaluate includes all disability measures available in the American Community Surveys and 2000 Decennial Census. The leads-and-lags coefficients for our disability index—displayed in Figure 5, Panel C—show that early-life wildfire smoke exposure causes
individuals to have worse later-life disability outcomes, but that these effects are small and statistically imprecise. (Recall that all disability outcomes are reverse coded so that lower values indicate
worse outcomes.) However, as displayed in the summary components on the right-hand side of
Panel C, the combined effect for the in utero through age 4 period achieves statistical significance
(t = −2.13) with a 0.16%-SD reduction (p25 → p75 = 0.80%). In addition to our disability index,
another potentially useful measure of adult health is whether an individual reports any disability.
We find that an additional smoke month results in a 0.06 percentage point reduction (t = 1.66) in
individuals reporting at least one disability, or a 0.4% increase over the mean. However, because
of the noisiness in the event-study estimates, these results are merely suggestive.
When evaluating individual index components, we find that only one outcome—Difficulty Remembering, Concentrating, or Making Decisions (henceforth, “cognitive difficulty”)—achieves
statistical significance at the 95% level. The leads-and-lags graph for cognitive difficulty, displayed
in Panel C of Appendix Figure A17, includes a clearer and more convincing pattern than the overall index, with effects following a similar trajectory as other outcomes. The summary coefficient,
δIU-Age4 , implies a marginal effect of 0.06 percentage points (p25 → p75 = 0.30pp). The finding that
childhood air pollution exposure causes adult cognitive difficulty is consistent with the medical
literature that finds associations between child neuropsychological issues, such as attention deficit
hyperactivity disorder and autism spectrum disorder, and air pollution in pre- and post-natal periods (e.g., Suades-González et al., 2015) as well as recent economic studies linking sustained later
life pollution to dementia (Bishop et al., 2018). However, to the best of our knowledge, this is the
first paper to causally link early-life air pollution exposure to such difficulties in later life.

8

Robustness

We conduct a variety of robustness tests to ensure that our estimates do not qualitatively change
when we (1) evaluate the direct effects of the fires themselves; (2) vary our specification or choose
alternative treatment definitions; (3) consider the effects of mortality selection; (4) adjust for migrationrelated measurement error; or (5) employ alternate estimation methods. We discuss each of these
exercises below.
years of education results in at most 1.0-1.4 month increase in life expectancy (0.083-0.117 years):
0.05
0.25

0.05
0.25

× 0.083
= 51%
0.046

× 0.117
= 36%.
0.046

Where the numerator in each equation scales the years-of-education effect that we find (0.05) by the life expectancy
bound in the Meghir et al. (2018) estimates. This effect is then divided by the decrease in our per-person life expectancy estimate from Section 6.
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8.1

Controlling for Proximity to Fires

This paper has thus far attributed the later-life harms of wildfire exposure to the substantial increases in air pollution that stem from these fires. However, wildfires sometimes cause physical
damage to populated lands and may also necessitate evacuation or other responses that could result in childhood trauma. Accordingly, it is worth evaluating the degree to which our treatment
may capture effects of wildfire-induced trauma, rather than harms purely from early-life air pollution exposure. To do so, we re-estimate our leads and lags specifications and include controls for
fires that are within 10 miles of an individual’s city of birth—specifically, individuals are assigned
direct fire exposure if any part of the fire is within 10 miles of the city centroid. As shown by Figure
6, controlling for proximity to fires does not materially affect our estimates, suggesting that wildfire smoke—and not trauma or economic damage from the direct effects of the fire—are driving
results.45

8.2

Changes to Specification

In this subsection, we include a variety of controls and vary the configuration of fixed effects in
our baseline specification. Before detailing the results of these modifications, it is worth briefly discussing primary threats to internal validity and how these threats are either addressed by our main
specification or can be diagnosed via our leads-and-lags coefficients. The two primary threats to internal validity would be if: (1) wildfire smoke was spuriously correlated with other characteristics
and trends in a given area; or (2) wildfire smoke was co-determined with other weather-related
factors—such as temperature, precipitation, or wind—that affect long-run outcomes. Our main
specification addresses the first potential threat to identification by including detailed city of birth
fixed effects (that finely control for time-invariant factors), along with year-of-birth × region-ofbirth effects (which control for cohort-varying factors that are specific to Northern and Southern
California, respectively). However, in the event that these controls do not adequately adjust for
spuriously correlated time-invariant or time-varying factors, our lead coefficients (δ−5 , δ−4 , . . . , δ−1 )—
which capture the marginal effect of an additional month of smoke exposure prior to conception—
provide useful tests. If these placebo coefficients display pre-trends or are consistently and significantly different than zero, then that would indicate potential issues with our analysis.46 However,
45

46

Given that loss and displacement from fires are serious events that have been shown to have lasting consequences
(Schwank, 2021), it is worth considering why we don’t see effects when controlling for these estimates. One simple explanation is that, since fires tend to occur away from population centers, very few fires are sufficiently near
to people to cause lasting harm. Anecdotal evidence from historical newspaper records, which were reviewed to
supplement missing information on wildfire dates, is consistent with this assertion. We noted only sparing reports
of large evacuations or towns that were lost to wildfires, and even these locations tended to be sparsely populated
resort or logging towns. However, it is worth noting that in recent years there have been several notable incidents
where fires directly affected population centers. This is attributable, in part, to the rapid growth of the number of
individuals living in the wildland urban interface (Radeloff et al., 2018), which both increases the exposure of populated places to naturally occurring wildfires—such as those caused by lightning strikes—and increases the risk that
population-adjacent wildfires will be caused by human activity.
To provide specific examples, if there are time-varying trends (i.e., if areas with high propensity for smoke exposure are trending in a different manner than low-propensity areas), we would expect to see trends in our placebo
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we neither observe level shifts or trends in the placebo coefficients displayed in Sections 6 and 7 (or
their related appendix figures), supporting the idea that time-invariant and time-varying factors
are not confounding our analysis.
In addition to the credibility added by our placebo tests, we also further address potential
threats to internal validity by adding various controls and modifying our fixed effect specifications. The results of these tests are shown in Figure 7, which displays summary estimates for our
baseline specification (on the top row) along with summary estimates of alternative specifications
(on other rows and described by the in-figure text). We briefly discuss each of these robustness
specifications below.
Additional Controls
Our first specification includes controls for climate variables, which have been shown to be both
a strong determinant of wildfires and also human health in the short- and long-run (e.g., Barreca
et al., 2016; Isen et al., 2017a). Specifically, we include controls for the number of days above 32
degrees Celsius during the in utero period through the first six months of life—i.e., the critical
period in which temperature strongly affects long-run earnings, as shown by Isen et al. (2017a).
We also control for (a) the mean of monthly precipitation and (b) the fraction of days in cardinal
wind direction bins interacted with an individual’s county of birth. Both sets of these controls
are calculated over the in utero through age 4 period.47 However, as displayed in the Figure 7,
controlling for these outcomes does not qualitatively affect our estimates.
Next, in order to better control for granular time trends, we follow a standard practice in
the early-life determinants literature by interacting baseline county-level characteristics with time
trends (recent examples include Bailey et al., 2020, 2021; Hoynes et al., 2016). Specifically, we interact 1930 county-level data with a decade-varying-linear spline in time.48 We find that inclusion
of these interacted splines does not meaningfully change our estimates.
Last, we control for the possibility that more-and-less smoke prone areas are trending differently by dividing overall smoke propensity (defined over the entire period) into quartiles and

47

48

coefficients prior to the conception date. Additionally, the lead coefficients will also detect if there is a compositional
response in anticipation of a wildfire smoke shock. Consider if, for instance, wealthier or more educated parents—
who are expected to have wealthier and more educated children—move away from an area just before their child is
born. In this case, we would expect to see a preconception trend since the composition of the children born in a given
area is changing over time. However, we see no trends that would suggest this is occurring. (Regarding the specific
threat of anticipatory migration, we also do not find any evidence that wildfire smoke exposure induces migration,
as indicated in the last column of Appendix Table A4. This is also consistent with findings from Borgschulte et al.
(2020) who do not detect smoke-induced migration behavior in a modern context.)
Precipitation could affect children primarily via agricultural income shocks. Additionally, we control for county-bywind direction bins because it is possible that wildfire smoke could blow in exclusively from an otherwise “good” or
“bad” direction, i.e., a direction that has little or lots of pollution from non-wildfire sources (Deryugina et al., 2019).
If this is the case, then we would systemically under (over) state the effects of wildfire smoke on long-run outcomes.
These characteristics include: (1) the fraction of children in school; (2) the percent immigrant population; (3) the relative share of manufacturing and agricultural employment; (4) the average age at first marriage; and (5) the average
family income. All characteristics were obtained from the 1930 Census 100% Sample (Ruggles et al., 2021), except
for family income, which was obtained from the 1934 IRS Statements of Income. (No income-related questions were
asked during the 1930 Census.)
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interacting these quartiles with birth year fixed effects. Inclusion of these additional fixed effect
controls do not significantly affect our estimates.
Different Fixed Effect Specifications
We next consider different fixed effect specifications that increase the granularity of controls along
time and spatial dimensions. First, we replace our year-of-birth by region-of-birth fixed effects—
where region is defined as Southern California or Northern California—with more detailed yearmonth-of-birth by region-of-birth fixed effects. If there are short-lived shocks that are contemporaneous with wildfires—such as regional temperature spikes or other extreme weather—they will be
captured by these controls. Next, we instead increased the granularity of our region-of-birth fixed
effects to be based on State Economic Areas (precursors to modern-day commuting zones), rather
than a South-North distinction.49 These controls will capture relatively local trends that may not
be common to the larger region. As displayed in Figure 7, modifications to these fixed effects yield
highly similar estimates to our baseline specification.
Different Treatment Definition
Our treatment definition implicitly assumes that each additional month of exposure during a given
age range has the same marginal effect—i.e., that the dose-response function is linear in the number
of months with any smoke exposure from the in utero period through age 4. To relax this assumption, we redefine our treatment variable to be an indicator variable equal to one if an individual is
exposed to an above-median amount of smoke and zero otherwise. Specifically, for an in-sample
median smoke measure m̄, we estimate:
IU-Age 4

Ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a + τ · I Smokec

(4)


> m̄ + εcba ,

which is the same specification as Equation 3 with a transformed treatment variable. To facilitate
IU-Age 4

comparison with our estimated treatment, we also estimate a separate equation with Smokec

as the dependent variable to obtain the average number of additional smoke months for those with
above-average exposure:
IU-Age 4

Smokec

IU-Age 4

= µc + λy(b),r(c) + αm(b) + ψy(b),a + κ · I Smokec


> m̄ + εcba .

(5)

We then scale the effects from Equation 4 (τ̂ ) by those from Equation 5 (κ̂) to generate a comparable
estimate to our main results. The scaled estimates from this exercise, presented in the final row of
Figure 7, are qualitatively very similar to the effects estimated from our baseline, although they are
less precise, consistent with the decreased variation in the treatment variable.
In addition to this exercise, we also provide evidence supporting the linearity of the doseresponse function using residualized scatter plots. These plots, which are displayed in Appendix
49

See Appendix Figure A11 for illustration of State Economic Areas.
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Figure A19, generally support the choice of a linear functional form for our analysis. See accompanying notes to these figures for further information on how plots were constructed and additional
discussion of interpretation.

8.3

Mortality Selection

Because Section 6 demonstrates mortality effects from early childhood wildfire smoke, a potential
concern, particularly for the outcomes discussed in Section 7, is that mortality selection could lead
to bias in observed long-run outcomes. Put differently, it is possible that more highly exposed children will not be present in later-life surveys because they died before the survey date—either as
infants or in adulthood—creating potential compositional deviations from the implied counterfactual at later ages.
To evaluate the degree to which this selection may affect estimates, we perform a bounding
exercise in the same spirit as Lee (2009). This exercise is explained in detail in Appendix Section
B.3, but we discuss the general method here. First, we estimate the death rate at a given age a using
the same methods employed in Section 6. Then, using these estimates, we predict the number
of deaths for each birth cohort (defined by city and year-month of birth) by age a.50 We then
assign extreme values—equal to either the within-sample 1st percentile of the outcome distribution
(for a lower bound) or the 99th percentile of the outcome distribution (for an upper bound)—
to impute the outcome of the deceased individuals as of the survey date. We then create a new
outcome variable by averaging these values into the values of other individuals observed in that
birth cohort.51 The results of this exercise are displayed in Appendix Figure A21. As demonstrated
by the figure, our estimates are not sensitive to mortality selection.

8.4

Measurement Error

Because our estimates use place of birth to assign treatment, our treatment will be mis-measured to
some degree for any individuals who migrate away from where they were born within the first four
to five years of life. This is of particular concern when interpreting our age-specific estimates, as
estimates at older ages will mechanically have higher rates of migration away from their birthplace
and thus have higher degrees of measurement error. To assess the potential impact of measurement
error on our main result, we utilize the 1940 Census 100% Sample to determine where children
live at age five and how it compares to their place of birth, which is inferred using their 5-year
50
51

These estimates also include infant mortality, discussed in Appendix Section B.1.
To give a simplified example, suppose we observe 1,000 individuals of a given cohort at age 55 with an earnings average of $44,000. Additionally, assume that, based on their childhood wildfire exposure, an additional two individuals
died before age 55 who would have survived had they not been exposed to wildfire smoke. We then bound the effects
of these two missing individuals by assuming that they were at the 1st percentile of the earnings distribution ($0) or
at the 99th percentile of the earnings distribution ($286,000). Then the new cohort averages are as follows:
Lower :

(1, 000 × $44, 000) + (2 ∗ $0)
= $43, 920
(1000 + 2)

Upper :

(1, 000 × $44, 000) + (2 ∗ $286, 000)
= $44, 483
(1000 + 2)

These upper and lower bound averages are then used as outcome variables in our regressions.
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migration status.52 With these data, we restrict our sample to children age five who were born in
California and utilize information on their counties of birth and residence to calculate measures
of “true” exposure and exposure based solely on place of birth (i.e., assigned in the same way as
our main analyses). Then, using these assigned treatments, we calculate how much our estimates
have potentially been attenuated due to measurement error, under the assumption that error in
assignment is classical. A more detailed description of this approach, as well as support for the
assumption of classical measurement error, are discussed in detail in Appendix Section B.4.
The results of this exercise, where we adjust our estimates for the calculated attenuation factors, are displayed in Appendix Figure A22. Within the figure, we present the attenuation-adjusted
leads-and-lags coefficients for our main outcomes from Sections 6 and 7 alongside the original estimates. As demonstrated by the figure, the measurement-error-adjusted estimates are nearly indistinguishable from our baseline estimates, likely due in part to the relatively low rates of migration
among small children (only 14% of children had migrated by age 5 within the sample).

8.5

Issues with Two-Way Fixed Effect Estimates and Alternative Estimation

This paper utilizes two-way fixed effects (“TWFE”) controls in our estimation of long-term outcomes. However, as discussed in a fast-growing literature (e.g., Callaway and Sant’Anna, 2021;
de Chaisemartin and D’Haultfœuille, 2020; Goodman-Bacon, 2021a; Sun and Abraham, 2021),
TWFE models may be difficult to interpret due to the unintuitive way in which they weight different observations across time. This can be particularly problematic if there is staggered timing,
time-varying treatment effects, and/or dynamic treatment effects. Recently, several papers—such
as Cengiz et al. (2019) and the previously referenced studies—have proposed methods for handling these issues in commonly used difference-in-difference and event-study frameworks where
a policy is enacted and remains in effect.
However, the existing literature has not settled on the best way to deal with these weighting
issues for continuous treatments that turn on and off, which is the case for our research design.53
To address potential weighting issues, we estimate an alternate regression specification that is separately estimated for each year-of-birth cohort and we then combine these estimates by simple average
to ensure intuitive weighting. Specifically, we estimate:
IU-Age4

Ycba = λy(b),r(c) + αm(b) + ψy(b),a + δ · Smokecb

+ Y c + f (Xcb ) + εcba ,

where the above equation is very similar to our summary specification (Equation 3), but differs
in key ways to allow separate estimation for each year-of-birth cohort. Because we are estimating
52

53

The 1940 Census is best-suited for this analysis because it asked 5-year migration questions of all individuals in the
100% sample. This contrasts with later Decennial Censuses where migration was asked only of a smaller sub-sample
and/or was asked only about 1-year migration. In this context, the larger sample size is particularly useful as we are
looking at relatively small sub-sample of individuals, i.e., those who were five years old in 1940 and were also born
in California.
Very recent work by Callaway et al. (2021) provide alternative estimation strategies for difference-in-differences designs with continuous treatment. Future versions of this paper will consider the applicability of these methods to
our setting.
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each regression using only within year-of-birth cohort (cross-sectional) variation, we are unable to
utilize our city-of-birth fixed effects (µc ) that are present in Equation 3. To increase precision and
control for potential differences across places that may be correlated with both wildfire smoke and
long-run outcomes, we instead include long-run city-of-birth averages of the outcome variable
(Yc ) as well as indicators for quartiles of smoke propensity, county-level demographic controls,
and climate controls discussed earlier in this section. The results of this exercise are presented in
Appendix Figure A24. Within the figure, the estimates from our alternative estimation are qualitatively similar, though less precise—although our results pertaining to longevity, economic achievement, and educational attainment all exceed traditional levels of statistical significance.54

9

Supplemental Results

We have established that early-childhood wildfire exposure results in adverse long-run impacts
to longevity, economic achievement, educational attainment, and disability in later life. In this
section, we provide further evidence on (1) how effects evolve as individuals age, (2) what extent
smoke exposure reshapes the distribution of outcomes, (3) potential additional mechanisms for
our mortality results, and (4) other heterogeneity and outcomes that may be affected by childhood
air pollution exposure.

9.1

Effects on Earnings and Disability Grow More Severe with Age

As discussed earlier in this paper, a key advantage of our setting is that we are able to observe the
effects of childhood air pollution shocks for adults in later life, which enables us to better understand how early-life harms evolve throughout the life cycle. It is not ex-ante clear how treatment
effects evolve as individuals age: the impact of childhood shocks may “fade” when transitioning
from early adulthood to mid-life if, for instance, they simply accelerate the manifestation of an
underlying condition that would have otherwise impacted an individual a few years later. On the
other hand, it is possible that the impacts of early-life harms, mitigated by the higher “health stock”
of younger individuals, increase proportionally as individuals age.
To assess which of these scenarios holds empirically, we evaluate the two “headline” outcomes
with the potential to vary as individuals age: earnings and cognitive difficulty. Specifically, we
estimate the following equation:
Ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a +

X

IU-Age 4

δj · (AgeBinj × Smokec

) + εcba ,

(6)

j∈J

where J is the set of age bins in 5-year increments. The results of this equation are displayed in
Figure 8. Within the figure, each point represents a separate estimate of δj with associated 95%
confidence intervals. For further context, the effect as the percent of the age-specific mean is also
presented, along with a line of best fit for the coefficients.
54

We obtain standard errors through 100 cluster bootstrap iterations.
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While the individual coefficients from this exercise are somewhat imprecise, taken together
they tell a clear story: the adverse impact of childhood air pollution exposure on earnings and
cognitive difficulty is growing with age, both in levels and proportionally. The earnings effect (as
a percent of the age-specific mean) for the youngest age bin is less than one third the effect for the
oldest age bin; the impact of cognitive difficulty is less than one half.55 As discussed in Section
7.1, we utilize these life-cycle earnings dynamics to arrive at a discounted earnings loss of $4,710
in response to a p25 → p75 increase in wildfire smoke exposure. To underscore the importance
of incorporating these age-specific effects into our earnings loss computation, we calculate the discounted loss of earnings using an alternative method. Due to data constrains, the existing literature
has assumed that the reductions in early-adulthood earnings persist proportionally throughout the
life cycle (i.e., that a 1% reduction in age 30 earnings will translate to a 1% reduction in earnings at
ages 35, 45, 55, etc.). We follow this method by using the proportional reduction in earnings that
we observe at our earliest age bin (aged 40 and under; p25 → p75 = 1.0%) and assume that this
effect is constant as people age. Such an exercise would result in a discounted cost of air pollution
that is 44% lower than our estimate—a substantial understatement. Indeed, these findings also
suggest that there could also be considerable value in investigating longer-run impacts of early-life
shocks from sources aside from air pollution.

9.2

Childhood Smoke Exposure Affects the Entire Distribution of Economic Achievement and Earnings

While we establish that childhood exposure to smoke reduces economic achievement and earnings
on average (Section 7.1), it is not clear how this exposure is reshaping the earnings distribution. To
assess this, we calculate the in-sample quintiles of the economic index and earnings distribution.
We then estimate separate regressions where the outcome variable is equal to one if an individual
is in a given quintile bin and zero otherwise.
The results of this exercise are displayed in Figure 9 where each bar represents the coefficient
from a separate regression and associated 95% confidence intervals. Both Panels A and B tell a
similar story: early-life exposure to wildfire pollution meaningfully increases the probability that
individuals are in the worst quintile of the economic achievement and earnings distribution (p25 →
p75 = 0.6 to 0.7 percentage points) and that impact is almost completely offset by reductions in
the best quintile (p25 → p75 = 0.5 to 0.6pp). These results are consistent with a left shift of the
distribution of outcomes. Our findings also draw an interesting contrast with those of Isen et al.
(2017b) who perform a very similar exercise to ascertain the distributional impact of the Clean Air
Act Amendments of 1970 (“CAAA”). While they find substantial improvements to the bottom of
the income distribution (which is analogous to our findings), their effect is largely displaced by
55

Appendix Figure A25 presents qualitatively similar results for labor force participation, economic index, and disability index outcomes. Notably, our impact on labor force participation is almost completely driven by the effects in the
oldest age bin: a p25 → p75 = 1.07 percentage points. When we assess how much of the later-life earnings could be
attributable to labor force participation (performing a back-of-the-envelope in the same manner as was discussed in
Section 7.1), we find that reduced LFP “explains” 43.7% of the late-life earnings effect.
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increases in mass among the middle quantiles.

9.3

Early-Life Exposure to Wildfire Smoke Induces Individuals to Sort into HigherMortality Occupations and Neighborhoods

Our analyses in Section 7 of this paper suggest that a substantial portion of the mortality effects
that we find could be attributable to reductions in economic achievement and educational attainment. One potential way in which this could occur is if individuals are induced into occupations or
neighborhoods that increase their risk of death via environmental exposures, occupational safety
hazards, increased levels of stress, higher rates of violent crime, or other factors. To further explore this possibility, we examine the additional mortality risk that is associated with individuals’
choice of occupation and neighborhood. Specifically, we utilize the full Numident file (i.e., without restricting to Californian births) and link it to both the full American Community Surveys and
2000/2010 Decennial Censuses. Using these data, we then restrict to the same age ranges that are
covered within this paper and calculate 10-year mortality rates for each occupation and Census
tract.56 We then assign occupation-specific mortality rates to individuals based on their observed
occupation in the ACS and assign tract-specific mortality rates to individuals based on their residence in the Decennial Census.
Having constructed these ten-year mortality measures, we utilize them as outcome variables
to assess whether childhood smoke exposure causes individuals to sort into higher-mortality occupations and neighborhoods. The results of these regressions, displayed in Figure 10, clearly
demonstrate that more exposed individuals sort into occupations and neighborhoods with greater
mortality risk. While this result does not conclusively show that longevity is increasing due to
occupation and neighborhood choice—after all, lower socioeconomic status exposes individuals
to a number of increased mortality risks that could also be correlated with these choices—it does
provide suggestive evidence as to the channels that could contribute to premature mortality.57

9.4

Wildfire Shocks Are Not Transmitted to Children Via Local Economic Channels
and Long-Run Effects Do Not Meaningfully Vary Across Person and Place Characteristics

We perform two other supplemental analysis, both of which are discussed further in Appendix
Section B.5 but are briefly summarized here. First, we perform an analysis of contemporaneous
economic outcomes (e.g., employment and family income) and net migration to ascertain if wildfire smoke shocks could be transmitted to children via local economic channels (see Appendix
Table A4). We do not find any statistically significant evidence of reductions in economic activity.
Further, the reductions that we do find are also economically small and cannot explain a substantial
56
57

Occupation-specific mortality rates are also within sex and 5-year age bin, while tract-specific mortality rates are
within sex.
Appendix Figure A18, Panel B, also considers the 10-year mortality rate of an individual’s industry and finds qualitatively similar findings to those discussed here.
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portion of the longevity results that we find.
Second, we consider heterogeneity across individual-level and place-level characteristics, including sex, race/ethnicity, urban status, county-level income, hospital access, and county-level
economic dependence on lumber (i.e., places that could be more sensitive to loss of timber due
to wildfire). The results of this analysis, shown in Appendix Figure A26, display little-to-no heterogeneity. Out of our twenty-four regressions (six groups × four outcomes), there are only three
that have statistically different interaction effects.

9.5

The Effect of Childhood Wildfire Exposure on Family Formation, Institutionalization, and Other Outcomes

In addition to the wide set of outcomes explored in previous sections, we briefly discuss certain
outcomes here that do not fall into one of our three indices but are of interest. These outcomes,
along with their scaled coefficients (as a percent of the mean), are presented in Appendix Figure
A27. As demonstrated by the figure, the effects that we estimate for family formation outcomes
(whether a person has ever been married and the number of children they have living with them
at the time of survey) and migration are either statistically insignificant, economically insignificant, or both. Likewise, we estimate the effect of early-childhood wildfire smoke on two placebo
outcomes—sex and race/ethnicity—which should not be affected by air pollution. As expected,
we do not detect any impact on these outcomes.
We do, however, see increases in the number of individuals who are held in institutional group
quarters—i.e., correctional or nursing facilities—as of the 2010 Decennial Census.58 Specifically, we
find that moving from the 25th to 75th percentile of exposure increases institutionalization by 0.025
percentage points, a 2.1% increase over the mean. This finding is consistent with the literature
finding early-life-exposure impacts of lead (e.g., Reyes, 2007; Aizer and Currie, 2019; Grönqvist
et al., 2020) and other particulate matter (Voorheis, 2017) on incarceration and behavioral issues.
Further, it underscores the ability of wildfire pollution exposure to cause the sort of degradation
in health and non-cognitive skills that ultimately leads to institutionalization.

10
10.1

Discussion and Conclusion
The Cost and Fiscal Burden of Childhood Wildfire Smoke Exposure

We end our analysis by calculating the cost of wildfires to children in our sample by multiplying
our estimates by the average exposure of each child, which gives the per-person benefit of “shutting
off” wildfire pollution. Additionally, we also quantify the fiscal burden by estimating the amount
58

This variable is not available in the Restricted 2000 Decennial Census. Note that correctional and nursing facilities are
grouped together because the Census Bureau did not permit RDC researchers to disclose results using sub-categories
of the institutional group quarters variable during the time period in which these results were disclosed. However,
as approximately 85.2% of institutionalized persons in our sample age range were in correctional facilities, it is reasonable to interpret these effects as primarily pertaining to incarceration.
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of lost tax revenue as well as increases in social safety net costs and incarceration costs as a result
of wildfires.
The results of this exercise are presented in Table 1. The left half of the table (Panel A) details
our estimates of the individual cost of wildfire pollution in two areas: earnings and life years lost in
adulthood. Using the same discounting method discussed in Sections 7.1 and 9.1, we calculate the
discounted losses for the average amount of in utero through age 4 wildfire smoke exposure within
our sample (10.5 months) and find a reduction of approximately $9,900 per person. Added to this
amount is the estimated cost of lost life years in adulthood, calculated in Section 6. Specifically, we

9.2 life years lost
estimate the number of lost life years 1,000 persons × 10.5 smoke months by the estimated value of

a statistical life year of $130,000 to obtain a per-person mortality cost of roughly $12,600.59 Taken
together, these estimates imply per-person losses of $22,450 due to wildfire smoke exposure. To
provide further perspective on the magnitude of these losses, we multiply them by 500,000 persons,
which is roughly the size of a single California birth cohort. The exercise yields losses of $11.22
billion dollars for every single “cohort” subjected to this average level of exposure. These estimates,
while large, conservatively omit several components. First, because of this paper’s focus on later
life outcomes, we omit any earnings losses before age 35 and any losses due to infant mortality.
While we do not find statistically significant early-adult earnings effects, incorporation of infant
mortality costs would increase the estimate by $1.6 or $2.5 billion dollars. Additionally, we do not
attempt to quantify the reduced quality of life from increased disability and the lost non-pecuniary
benefits due to lower educational attainment (Oreopoulos and Salvanes, 2011).
In addition to the direct, person-level costs of wildfire smoke exposure, there are also increased
fiscal burdens on governments via lower tax revenue, increased use of the social safety net, and increased incarceration. These fiscal burdens are displayed in Panel B of Table 1. The first row, which
is concerned with lower tax revenue, takes the decreased earnings (from Panel A) and multiplies
them by the average federal marginal tax rate from 2000-2019 of 13.2% (Tax Policy Center, 2021)
to arrive at the lost tax revenue.60 The cost impact of increased social safety net use is taken from
Section 7.1 and scaled by the average exposure of 10.5 months to arrive at a discounted burden
of $482 per person. Finally, we utilize the increases in incarceration from the previous section to
calculate the burden of housing inmates. Using costs from Vera Institute of Justice (2015, 2012),
Bureau of Justice Statistics (2016), and Sawyer and Wagner (2020), we calculate the per-year cost
of incarceration and discount back to birth.61 This exercise yields an average discounted cost of $99
59

60
61

The value of a statistical life year (“VLSY”) was obtained from Cutler and Richardson (1999) and inflated to 2010
dollars. Alternatively, we could utilize the methods employed by Carleton et al. (2020) and Bailey et al. (2020).
To determine the VLSY, these studies use the age-invariant value of statistical life estimates from the Environmental
Protection Agency and divide them by median life expectancy in the United States to arrive an approximate value of
$200,000 (in 2010$). If we instead utilized these estimates, the life years lost would be valued at $19,320.
This exercise abstracts away from losses in state and local tax revenue, but these could also be substantial as lower
earnings likely also translate into reduced sales taxes via decreased consumption.
Specifically, we gather incarceration costs for local jails (Vera Institute of Justice, 2015), state prisons (Vera Institute of
Justice, 2012), and federal prisons (Bureau of Justice Statistics, 2016), converting them to 2010 dollars. We then weight
them by the relative number of individuals in each level of incarceration (Sawyer and Wagner, 2020) to obtain the cost
per incarceration year. We further adjust this estimate to reflect that we use the “institutionalized group quarters”
variable from the Census, which also includes individuals in nursing facilities. (As discussed in the previous section,
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per person. When combined, we calculate that these factors impose an additional cost of $1,887
per person, or $0.94 billion per 500,000 individuals.
These impacts were estimated using historical birth cohorts from the 1930s through 1960s.
However, it is worth considering whether these effects are expected for children born in most recent years. On one hand, there are substantial advances in medical technology available to modern
children that were not available during our sample period, and there is an increased ability to avoid
air pollution due to indoor air filtration. However, the degree to which these technologies are able
to offset the lasting effects of early-life shocks is unknown: insofar as impacts to childhood health
are not salient—which might be the case for mild cognitive impairment or exposures that increase
long-run cancer risk, for example—it is unclear whether modern technology provides substantial
protection from long-run harms. Furthermore, it is possible that any improvements in our ability
to lessen or avoid the impacts of childhood wildfire smoke may be more than offset by the increasing severity of wildfire seasons (Figure 1), which subject children to more frequent and more
severe smoke exposure.62 Because the net effect of these countervailing factors are unclear, we believe that more research on the early childhood impacts of wildfire smoke in a modern context is
needed. A potential advantage in studying wildfire pollution is that, unlike industrial pollution
sources such as coal power plants, the emissions profile has likely not substantially changed over
time. Accordingly, any studies that determine the medium-run effects of early-life smoke exposure
within a more recent context (using outcomes such as education or early-adult earnings) will be
able to compare findings to estimates in this paper. Such comparisons may improve our ability to
understand how the impacts of these childhood shocks have evolved over time.

10.2

Conclusion

In this paper, we contribute to the understanding of the long-term effects of childhood air pollution exposure by leveraging variation in an increasingly important source: smoke from wildfires.
Specifically, we examine longevity, a previously unstudied outcome in the literature. We also provide a deeper understanding of the impact of early-life exposure across the life cycle by evaluating
economic, education, and disability outcomes at later ages. Specifically, we find that moving from
the 25th to the 75th percentile of smoke exposure results in 46 life years lost per 1,000 persons and reduces annual earnings by $890. We further find that this level of exposure reduces the probability of
completing high school (by 0.40 percentage points) and increases the probability of cognitive difficulty (by 0.30 percentage points). Further investigation of these later-life harms demonstrates that
they grow proportionally worse as individuals age and that failure to incorporate these later-life
dynamics can potentially cause large understatements in the discounted damages from early-life

62

we cannot separately disclose incarceration results due to disclosure restrictions.) Accordingly, we down-weight our
cost estimate by the fraction of institutionalized 35-59 year-olds that were in prison (85.2%). We then use this downweighted incarceration cost measure and discount back to birth, using the conservative assumption that individuals
are equally likely to be incarcerated at any given year in this age range.
Future iterations of this paper will quantify the degree to which present-day children are more exposed to wildfire
smoke than their historical counterparts in our sample period.
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shocks.
Because the findings in this paper demonstrate that childhood exposure to wildfire pollution
has substantial long-term costs, there are potentially larger benefits than previously understood
from policies which abate, ameliorate, or defend against the harms from wildfire smoke. We conclude by briefly discussing these policies. First, because worsening wildfires—and the amounts
of related air pollution—are exacerbated by the warming climate (Vose et al., 2012; IPCC, 2021;
Zhuang et al., 2021), any policy that slows or reverses the trend of higher temperatures will have
an associated benefit of improved health from decreased wildfire smoke. However, absent a reversal of warming temperatures, it is possible that improved forest management practices could
reduce the air pollution from wildfires. A substantial amount of resources in fire prevention and
containment are devoted to protecting homes and other structures (Plantinga et al., 2020); however, the costs of wildfire pollution suggest that minimizing the biomass burned is important even
when fires occur in remote areas.
One potential policy that could abate the occurrence of large wildfires is an increased use of prescribed burns, a technique that has potentially been underutilized in California and other western
states (Boxall, 2021; Sommer, 2021). Traditionally, local and state authorities have had substantial
responsibility for enacting prescribed burns. However, because wildfire smoke can create meaningful interstate health externalities, it is possible that Federal regulators should take a larger role
in encouraging forest management practices that prevent large fires. Schultz et al. (2019) suggests
that adequate funding and incentives are key barriers to sufficient use of prescribed burns, two
areas that could benefit from an increased role by the Federal government.63
While abatement of wildfires could be an important policy lever, it is not the only option for reducing harms of childhood pollution. Because the impacts of wildfire smoke on indoor air quality
are much lower (Burke et al., 2021), policies that encourage indoor behavior and improve indoor
air filtration in homes, schools, and workplaces may be beneficial. Although more research on the
effectiveness of filtration against wildfire smoke is needed, existing studies suggest that improving general air filtration, especially in schools, is very cost-effective (e.g., Gilraine, 2020; Stafford,
2015).64 Finally, we note that it may be possible to mitigate injury from childhood pollution shocks
even after children are exposed (Billings and Schnepel, 2018). Absent interventions to reduce or
avoid wildfire smoke through other methods, understanding ways to reduce the harms of air pollution through medical treatment, social programs, or other means is an important area for future
research.

63
64

Of course, pollution from controlled burns can be harmful as well. However, controlled burns consume much smaller
amounts of biomass and can be planned on days when pollution would be blown away from densely-populated areas.
Less is known about the impact of air filtration in homes. Burke et al. (2021) note that there is substantial dispersion
in the degree of smoke infiltration among different homes, but that household characteristics, such as income, do not
explain much of the variation.
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Figure 1 – Descriptive Statistics: There is Substantial Variation in Year-to-Year Acres Burned, but
Intensity has Increased Sharply over the Last 30 Years
(A) Sample Period: Acres Burned (1930-1969)

(B) Historical Context: Acres Burned (1930-2021)
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Notes: The purpose of this figure is to display the substantial over-time variation in wildfires during the sample period (Panel A) and
the stark increase in wildfire acreage burned over the last thirty years (Panel B). See Section 3.1 for further discussion.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018) and 2021
fire data from fire.ca.gov/incidents/ (updated through October 11, 2021).
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Figure 2 – Identifying Variation: Smoke Exposure Varies Over Time and Geography

Months with Any Exposure
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Notes: The purpose of this figure is to display the identifying variation utilized in our analysis. Panel A displays how the birth-weighted
months of smoke plume exposure from an individual’s in utero period through age 4 (“IU-Age 4”) varies across birth cohorts. Within
this panel, the mean and various quantiles are plotted for each cohort with the overall mean and interquartile range (“IQR”) plotted
in the upper-right corner. Panel B displays the spatial variation in smoke exposure according to the percentage of months in a given
decade that experienced smoke exposure.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), the Pubic-version Numident (Goldstein et al., 2021).
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Coefficient Estimate

Figure 3 – Validation of Treatment: Modeled Wildfire Smoke Exposure Increases Monthly PM2.5
(A) Mean Daily PM2.5 During Month

(B) Max Daily PM2.5 During Month
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Notes: The purpose of this figure is to display the impact of modeled smoke plume coverage on monthly pollution levels. Each point
represents a coefficient from the regression detailed by Equation 4 with corresponding 95% confident intervals. The point estimate for
the impact on pollution during the month in which the fire occurs (β0 ), along with the standard error and baseline mean are presented
in the upper right-hand corner of the graph.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), and Daily Summary Data Files from the EPA Data Mart.
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Figure 4 – Main Results: Early-Life Wildfire Exposure Reduces Longevity in Adulthood

(A) Adjusted Death by Age 55 (per 1,000)
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(B) Adj. Death by Various Ages (per 1,000)
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Notes: The purpose of this figure is to display the impact of wildfire smoke exposure on longevity in adulthood. Within Panel A, each
point represents a δk coefficient from the regression detailed by Equation 2 with corresponding 95% confident intervals, representing
the marginal effect of an additional month of smoke exposure during the stated period. The upper right-hand corner displays the
summary coefficient for an additional month of exposure during the in utero period through Age 4 (Equation 3), along with the
associated standard error. Panel B displays the summary coefficients from Equation 3 and associated 95% confidence intervals for the
effect of an additional month of exposure on at death by various ages (30 through 80).
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), and Restricted Census Numident.
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Figure 5 – Main Results: Early-Life Wildfire Exposure Reduces Long-Run Economic and
Educational Achievement; Increases Disability
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Indicates that measure has been reverse coded so that higher values correspond with better outcomes (and v.v.).

Notes: The purpose of this figure is to display the impact of wildfire smoke exposure on long-run measures of economic achievement,
educational attainment, and disability. Within the figure, each panel represents a different index of outcomes with leads-and-lags
coefficients (from Equation 2) plotted on the left side of each panel, while summary estimates (from Equation 3) of the effect over the
in utero through Age 4 period are plotted on the right. These summary coefficients are present for the applicable index and each of its
components and are accompanied by the actual coefficient values (in the “δ × 100” column). All estimates in this figure should be
interpreted as the percentage-of-a-standard-deviation change in response to an additional month of smoke exposure during a given
period.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure 6 – Robustness: Controlling for Nearby Fires Does Not Affect Estimates, Implying that
Smoke Exposure is Driving Effects
(A) Economic Index
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Notes: The purpose of this figure is to demonstrate that smoke exposure, rather than proximity to wildfires themselves, are driving
for estimates. To do so, the figure compares our baseline estimates from our leads-and-lags specification to those when we re-estimate
the specification with controls for fires that are within 10 miles of an individual’s city of birth. See the text of Section 8.1 for further
discussion.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure 7 – Robustness to Additional Controls and Specifications
(A) Adj. Death by 55 (B) Economic Index (C) Education Index

(D) Disability Index
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Notes: The purpose of this figure is to display the robustness of results to differing specifications. Within the figure, our summary
coefficients (Equation 3) for our preferred specification are presented on the top line, with estimates for differing specifications (due
to added controls, changes to fixed effect structure, or modifications of functional form) included in the rows below. See Section 8 for
further description.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure 8 – Supplemental Results: The Effects Early-Life Wildfire Exposure Increase
Proportionally with Age for Key Time-Varying Outcomes
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Notes: The purpose of this figure is to display how the effects of childhood wildfire smoke exposure evolve as individuals age. Within
the figure, each point represents a separate estimate of δj with associated 95% confidence intervals, from the following equation:
X
IU-Age 4
δj · (AgeBinj × Smokec
Ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a +
) + εcba ,
(7)
j∈J

For further context, the effect as a percent of the age-specific mean is also presented, along with a line of best fit for the coefficients.
As demonstrated by the figure, the effects of early life wildfire pollution shocks increase proportionally with age, a finding which is
discussed further in Section 9.1.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure 9 – Supplemental Results: Early-Life Wildfire Exposure Impacts the Entire Distribution of
Economic and Earnings Outcomes
(A) Economic Index

(B) Earnings
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Notes: The purpose of this figure is to display the distributional impacts of wildfire smoke exposure. Within the figure, each bar
represents the coefficient from a separate regression where the outcome is whether or not an individual falls into that quantile (see
Section 9.2 for more detail). Estimates are associated with 95% confidence intervals.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure 10 – Supplemental Results: Individuals Exposed to Higher Levels of Early-Life Wildfire
Exposure Sort into Higher-Mortality Occupations and Neighborhoods
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Notes: The purpose of this figure is to display the how early childhood wildfire exposure induces individuals to sort into highermortality occupations and neighborhoods. See notes to Figure 4 for discussion of graph construction and the text of Section 9.3 for
more detail regarding construction of the outcome variable.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, Restricted American
Community Surveys, and Restricted Full-count Decennial Censuses.
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Table 1 – The Cost and Fiscal Burden of Early-Life Wildfire Smoke Exposure
(A) Lost Earnings and Life Years

(B) Fiscal Burden

Earnings Loss (Discounted)

$

9,892

Life Years Lost (Longevity)

$

12,558

Loss per Person

$

Loss per 500,000 Persons (in $B)

$

*****************************************

22,450
11.22
*********

***********

Lost Federal Tax Revenue (Discounted)

$

1,306

Additional Social Safety Net Costs

$

482

Additional Incarceration Costs

$

99

Fiscal Cost per Person

$

1,887

Fiscal Cost per 500,000 Persons (in $B)

$

*************************************************

0.94
*********

Notes: The purpose of this table is to translate our estimates from Sections 6, 7, and 9 into a measure of the total costs. Within the figure,
there are two panels. Panel A summarizes the total per-person costs of lost earnings and lost life years, while Panel B summarizes
the total per-person fiscal burden from lost tax revenue and government expenditures. Additionally, both panels scale these results
by 500,000 persons, which is the approximate size of a single California birth cohort. See Section 10 for further discussion of how this
table was calculated.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, Restricted American
Community Surveys, and Restricted Full-count Decennial Censuses.
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Appendix: Data Construction

A

Data Construction

A.1

Matching Fire Dates to Meteorologically Similar Days for HYSPLIT Analysis

As discussed in Section 3.1, the available dates for HYSPLIT smoke generation only extend back
to 1948, which is in the middle or our sample period. Accordingly, for each fire date, we selected
a proxy date that exhibited similar meteorological characteristics as the original day of the fire.
Specifically, the following algorithm was performed:
1. Wind vectors—u-wind and v-wind—were obtained from the NOAA/CIRES/DOE 20th Century Reanalysis dataset (“NCDR data”), which covers the period from 1836-1980, and thus
covers days from our original sample as well as days covered by HYSPLIT.1 Specifically, we
obtained data for 3-hour increments of surface wind as well as daily wind vectors for at differing heights above the surface (50 meters, 100 meters, 200 meters, and 500 meters). Days
that match along these characteristics are likely to have similar plume dynamics, since both
surface and higher-elevation winds determine particulate trajectories. The set of all wind
vectors is denoted by V , where v(d) is the value of an arbitrary wind vector on a given day d.
2. The NCDR data is on a 1-degree latitude by 1-degree longitude grid. To assign more weight
to nearby fires, inverse distance weighting was utilized with observations further than 100
miles from the fire centroid receiving no weight. These weights are denoted by ω.
3. Finally, for some fire date f , the proxy date d∗ is chosen from the set of dates between 1948
and 1980 (the dates of NCDR and HYSPLIT overlap, denoted by D) to minimize the distanceweighted Euclidean distance between the set of wind vectors (V ):
#1/2

"
X

d∗ = argmind∈D

ω(v(f ) − v(d))2

v∈V

4. In order to have consistency across the sample of fires, this procedure is performed for all
fires, not just those occurring prior to 1948.

A.2

Place of Birth String Matching Algorithm

As discussed in Section 3.3, the vast majority (over 99%) were hand-matched to a GNIS location
or had a perfect text match. Hand-matching was performed for any unique place of birth string
that had more than 3 responses in the Public-version Numident or more than 10 responses in the
restricted Numident. For the remaining observations, we used a bigram matching method to compare the place of birth string to both (a) names of GNIS locations and (b) POB strings that had
already been hand-matched, where the best match was retained. Match similarity was calculated
using Jaccard similarity scores; only matches with a score of at least 0.5 were retained. To further
1

Wind vectors can be utilized to calculate both the angle at which the wind is blowing, as well as wind speed.
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Appendix: Data Construction
validate our algorithmic match, we utilized the place-of-birth-string-to-county-of-birth crosswalk
from Bailey et al. (2020) and Isen et al. (2017b) (see those papers for more details). Then, using
our hand-matched sample, we estimated a predicted probability of correct match based on the Jaccard similarity score and whether the county of the algorithmically matched GNIS location agreed
with the county per the Bailey et al. (2020) and Isen et al. (2017b) crosswalk. Matches that had a
predicted correct probability of 80% or more were retained in the final sample. As noted in Section
3.3, we matched 99.5% of individuals to a GNIS location.

A.3

Creation of Adjusted Numident Death Rates

Because the Numident omits potential deaths during the 1930s through mid-1970s, adjustment of
the Numident death rates is necessary for our analysis of longevity. To create adjusted rates, the
following procedure was implemented:
1. Conditional death rates—e.g., the rate of death by age 75, conditional on surviving to age 14—
ssa where b
were calculated using the SSA Cohort Life Tables. These rates are denoted as rbf
sd

denotes the year of birth, f denotes a person’s sex, s denotes the “survived-to” age (14 in our
example), and d notes the “death-by” age (75 in our example).
2. Similar rates were calculated for all individuals born in the United States from 1930-1969 that
are included in the Numident (not just those born in California). For these cohorts, the age at
which they received their SSN was used as the “survived-to” age, s. These rates are denoted
num .
by rbf
sd

3. Since Numident includes a number of individuals with improperly missing deaths, we also
utilized the 2000 and 2010 Decennial Full-Count Censuses and the 2005-2019 American Community Surveys to identify individuals that were (a) missing death information in the Numident and (b) did not appear in any of these Census products. Given that an individual
should theoretically appear in each Decennial and has roughly a 22.5% chance of appearing
in at least 1 American Community Survey, individuals who are not included are at a high risk
of having an unrecorded death.2 Let the measure of missingness for each cohort-sex-SSN age
cell be denoted as ηbf s .
4. Then, using this national-level information, an “adjustment factor” to scale cohort death rates
is as follows:

abf sd =

ssa
rbf
sd
num + η
rbf
bf s
sd

.

In words, this adjustment rate scales up the deaths per the Numident (plus the number
2

While it is possible that there are other reasons for exclusion (e.g., migration out of the United States, homelessness),
omitted death is likely the most plausible explanation, particularly for older cohorts.

55

Appendix: Data Construction
of individuals likely missing death information) to match national birth cohort-by-sex-bysurvival age-by-death age moments per the SSA cohort tables.
5. Finally, this rate is applied to death rates for given cells in our underlying data, such that the
adjusted death rate at age d for cohorts in a given birthdate-city of birth-race-sex-SSN age cell
will be:
adj
unadj
rbcf
rsd = rbcf rsd × abf sd .

While these rates are used for the primary mortality analyses in this paper, as discussed in Section 6,
use of the unadjusted dates results in very similar estimates of life years lost due to smoke exposure.

A.4

Data Construction for Control Variables and Heterogeneity Analysis

As discussed in Section 3.4, we utilize a variety of datasets to obtain control variables (used in
Section 8) as well as variables for supplemental and heterogeneity analysis (Section 9). These
additional datasets are described below:
Aggregate County-Level Data, 1930-1970. County-level data are obtained from three primary
sources: (1) 1930 and 1940 Full-Count Decennial Censuses (Ruggles et al., 2021), (2) County
Books from 1944-1970 (U.S. Census Bureau, 2012)—used to provide county averages for post-1940
outcomes—and (3) the 1934 Internal Revenue Service Statistics of Income (“IRS SOI”). We digitized the IRS SOI data to obtain information on family incomes, which is otherwise not available
on the county level until the 1950 Census.3
American Hospital Association Data, 1947-1973 Hospital-level data are obtained from historical American Hospital Association data surveys which were transcribed by Finkelstein (2007).4 We
standardized hospital names over time and also mapped city and state location strings to features
in the GNIS database with associated geocoordinates. We then generated measures of hospital
capacity by calculating the number of beds in general hospitals, pediatric hospitals, and labor and
delivery hospitals within the 25 miles of an individual’s city and state of birth, which were divided
by the number of births within 25 miles (as proxied by the number of individuals in the Numident
file). Bed counts were taken from 1947, which is both the earliest year of data and roughly the
mid-point for our analysis period.
Climate Data, 1930-1969. These data are obtained from three data sources made available
by the NOAA: (1) the Global Historical Climatology Network Daily (“GHCND”) files, which
provides daily temperature variables at the observation station-level; (2) the NOAA-CIRES-DOE
Twentieth Century Reanalysis file, which provides daily gridded (1◦ latitude × 1◦ longitude) wind
direction and speed information; and (3) the University of Delaware Precipitation file (Willmott
3
4

The 1940 Census includes only wage income, which is top coded at $5,000 (roughly $78,000 in 2010 dollars).
Many thanks to Amy Finkelstein for generously providing the data.
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and Matsuura, 2001), which provides monthly gridded (0.5◦ latitude × 0.5◦ longitude) precipitation data. Station-level GHCND temperature data was aggregated to the county level by first creating tract-level temperature variables (using inverse-distance weighting to stations within 100 kilometers of the tract) and then aggregating population-weighted tract-level measures to the county
level. Gridded wind and temperature data were aggregated to the county level via a simple average
of all grid points within a county or within 1◦ of the county’s border.
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B

Additional Results and Robustness

B.1

Infant Mortality

As discussed in Sections 6 and 8, we perform analyses on infant mortality to compare magnitudes
against the reductions in adult longevity and to assess the degree of mortality selection. In the
paragraphs that follow, we briefly discuss the data, methods, and regression results for our infant
mortality analysis.
Data
Our primary data for the analysis of infant mortality come from birth and death indexes provided
by the California Department of Public Health. The birth index provides full name, date of birth,
and county of birth, while the death index provides full name, date of birth, date of death, and
county. These data cover our entire sample period of 1930-1969.
To create infant mortality rates, we generated counts of births and deaths for each year-month
birth cohort (defined based on date and county of birth) from the underlying vital statistics data.
One challenge in using these data is that the death records did not include date of birth for deaths
occurring prior to 1940. To adjust for this issue, we matched observations from the birth data
using name and county information to construct cohort-level rates for these periods. These rates
were then adjusted so that annual period infant mortality matched aggregated annual vital statistics
tabulations from Bailey et al. (2018). However, our results are robust to omitting observations from
the 1930s that were constructed in this manner.
Methods
We estimate cohort infant mortality using a method that is similar in spirit to our long-run cohort
leads-and-lags estimation (Equation 2):
IM RCb = µC + λr(C),b +

X

δj SmokeC,b+j + f (XCb ) + εCb ,

j=−18,−15,...,9

where the unit of analysis is a birth cohort born in a county C in year-month b. The treatment
variable, SmokeExposureC,b+j , and its associated leads and lags detail the number of months
with any smoke exposure in three-month bins relative to birth. As in our long-term analyses,
the coefficients on the leads and lags give us insight into the critical periods of pollution exposure
(for j ∈ {−9, −6, ..., 9}) and also provide placebo estimates to support our research design (for
j ∈ {−18, −15, −12}).
We include county-of-birth fixed effects (µC ) and include region-of-birth × birth cohort fixed
effects (λr(C),b ) where region of birth is defined as Northern or Southern California. Within our
controls, f (XCb ), we also include county by birth cohort trends to increase precision. All standard
errors for this analysis are clustered at the county level.
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Regression Results
The results of this analysis are displayed in Appendix Figure A14. Within the figure, each point
(with associated 95% confidence intervals) represents the marginal effect of an additional month of
smoke exposure within a given three-month bin (e.g., the coefficient at “0” represents the marginal
effect in the three months following birth). Based on the leads and lags coefficients, the critical
period for exposure appears to be in the three months preceding and following birth (indicated
by δ−3 and δ0 , respectively). The average coefficient across these two bins, along with the standard
error, is presented in the upper-right corner, while the mean is presented in the lower right for
context. We find that an additional month smoke exposure in the last trimester or first three months
of life results in 0.36 additional infant deaths per 1,000 births.
To facilitate comparisons between the results discussed in Section 6, we calculate the life years
lost due to these additional infant deaths when moving from the 25th to 75th percentile of smoke
exposure during the critical period. As discussed in the main text, moving from the 25th to 75th
percentile of smoke exposure during the in utero through age 4 period results in 5 additional
months of wildfire pollution exposure. A similar increase of smoke exposure would result in an
increase of 0.43 smoke months during the much shorter critical period for infant mortality. Assuming that the typical infant death would have counterfactually lived to age 75 (roughly the life
expectancy at birth for cohorts in our sample), then a p25 → p75 increase in exposure results in 11.7
life years lost per 1,000 persons. For comparison, a single month of exposure—which is close to the
average level exposure within our sample (0.91 months)—results in 27.0 years of life lost per 1,000.
See Section 6 for further discussion of how this compares to reductions in adult longevity.
Finally, in Section 6, we discuss the fact that our adult longevity estimates omit childhood mortality, since they are conditional on obtaining a Social Security Number. (The average age of SSN
receipt was 14.4 in our sample.) Accordingly, Appendix Figure A16 adds the infant mortality results into the coefficient estimates from Figure 4, Panel A to provide further context.

B.2

Comparison of Results with Existing Literature

In this section, we discuss how our findings compare to results from papers that examine the longrun effects of the Clean Air Amendments of 1970 (“CAAA”), which substantially reduced total
suspended particulate (“TSP”) emissions. These papers find that, in response to a reduction of 10
µg/m3 in TSPs, there was an increase of approximately 1.4% in wage earnings by ages 28-32 (Isen
et al., 2017b) and a 0.7 to 0.9 to percentage point increase in high school completion (Voorheis,
2017). These papers measure effects primarily in TSPs, which do not translate directly to changes
in fine particulate matter pollution (PM2.5 ), which we measure in this paper, and which is generally
seen as a better indicator of the potential of air pollution to harm human health.5 However, based
on comparisons for monitors that have contemporaneous measurements of both TSPs and PM2.5 ,
we note that a 1 µg/m3 increase in PM2.5 is associated with a 4-5 µg/m3 increase in TSP. Accordingly,
5

Measurements of PM2.5 were not available for the study periods in these papers.
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the estimates from the CAAA papers stem from a reported decrease that is equivalent to ∼2 µg/m3
of PM2.5 . Given that we find that a single month of wildfire exposure increases mean monthly PM2.5
by 1.26 µg/m3 (with some effects in the following months), our stated first stage—even for the 5month (p25 → p75 ) effects presented in most of the paper—is substantially smaller. Despite this,
we find larger effects on earnings (p25 → p75 ≈ 2%) than Isen et al. (2017b) but smaller effects
on high school completion (p25 → p75 = 0.4pp) than Voorheis (2017). However, as discussed
below, while these studies provide compelling causal evidence of the reduced-form impact of the
CAAA, comparing their instrumental variable effects (noted above) to the results that we find is
challenging for several reasons.
The first set of challenges relates to contextual differences for these papers that may result in
meaningfully different results. We begin by noting that the pollution sources that we study are
compositionally different. While there is no direct evidence (absent this paper) that childhood
wildfire pollution shocks result in worse long-term outcomes, there is a growing body of evidence
focusing on contemporaneous outcomes that suggest wildfire pollution could cause larger adverse
impacts than an equivalent amount of pollution from other sources. See Section 2 for further discussion. Next, as detailed in Section 9.1, our effects grow substantially over time: the effect for our
oldest age group is three times as large (in percentage terms) as the youngest. If we had instead
estimated effects using only our youngest age group, we would find percentage wage reductions
closer to 1% for our p25 → p75 effects, which are smaller than those found by Isen et al. (2017b)
(though they are still larger relative to our measured reductions in pollution). These age effects
also help to explain why we find smaller effects on educational outcomes than Voorheis (2017)
(since education is largely determined by age 30 and invariant thereafter), whereas we find larger
effects than Isen et al. (2017b) (because we focus on later ages). It is also worth noting that, as
discussed in Section 9.2, wildfire smoke appears to have different effects across the outcome distribution than the CAAA did. Whereas we find that childhood wildfire smoke exposure shifts the
entire earnings distribution to the left, Isen et al. (2017b) finds that the left tail is compressed into
the middle of the distribution.
The next set of challenges concerns the measured pollution effects of the CAAA and the excludability of the Clean Air Act Amendments as an instrument. First, as acknowledged by Isen
et al. (2017b) and Voorheis (2017), the CAAA induced decreases in economic activity (Greenstone, 2002; Walker, 2013). While these economic shocks are widely regarded as small, they could
meaningfully down-bias the long-run impacts of air pollution, especially if they are concentrated
among vulnerable populations. Next, since the completion of Isen et al. (2017b) and Voorheis
(2017), there have been several studies that critically examine the role of “gaming” pollution regulations. One such paper (Gibson, 2019) notes that pollution reductions from later Clean Air Act
Amendments are limited to industrial activity around non-attainment monitors, suggesting that
the average county-wide pollution reductions stemming from the CAAA of 1970 could be meaningfully lower than previously thought. Gibson (2019) additionally finds that regulation from later
Clean Air Act Amendments led to increases in water pollution due to the substitution of firms to
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different pollution types. Given that industrial water pollution has been shown to negatively impact infant health (e.g., Flynn and Marcus, 2021), this will further offset the benefits found by the
CAAA. Lastly, recent research has shown that the monitors readings themselves are subject to manipulation behavior, and so observed reductions in pollution may not reflect true improvements
in air quality. For instance, Zou (2021) finds that firms displace their emissions from days where
monitors are active to days in which monitoring does not occur. This displacement results in a 7%
reduction in measured pollution (relative to baseline levels) for counties near regulatory thresholds.
Additionally, Grainger et al. (2017) find that regulators in counties near or above regulatory thresholds strategically place new monitors in “clean” areas to reduce the average monitored pollution
in these counties.
Taken together, these factors make it highly difficult to make reasonable comparisons between
our findings in this paper and other papers which utilize Clean Air Act Amendment variation to
identify long-run effects. Accordingly, further research is needed to understand the causal chain
that leads from early-life air pollution exposure in later life outcomes.

B.3

Bounding Mortality Selection

As discussed in Section 8, we implement a procedure to bound the impact of mortality selection
on our estimates. While that exercise is described generally in the text, we discuss it in detail here.
We begin by estimating age-of-exposure effects for death by age a using the techniques described
in the text. Explicitly, for a ∈ {30...59}, we estimate:
a
= µc + λy(b),r(c) +
Mcb

5
X

δka Smokec,b+k + εcb ,

k=−5

where M a is the cumulative mortality by age a, conditional on surviving past childhood.
Using the estimates recovered from the previous step, we predict the fraction of individuals
that would have died by the age we observe at a given survey (ra ) for each cohort (defined on the
city × year-month of birth level):
a
rcb

=

5
X

δ̂ka × Smokec,b+k

k=−5

This exercise also incorporates the infant mortality estimates from Appendix Section B.1, which
are calculated by multiplying the number of smoke months within the 3 months on either side of
birth by the summary coefficient over that period (0.36 per 1,000).
We then use the death-by-age rate to construct an upper and lower bound. To do so, we create
new cohort-level outcome measures by combining the observed average of the outcome (ȳcba )—
weighted by the observed individuals in that cohort (ncba )—with an extreme value (g) that is
weighted by the estimated number of individuals who died before the survey date (calculated
a ):
using rcb
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g
ycba

=

(ȳcba × ncba ) + (g ×
ncba ×

a
rcb
a
1−rcb

× ncba )

1
a
1−rcb

.

ra

In the equation above, the term 1−rcba ×ncba captures the number of individuals who are predicted to
cb

1
have died before the survey, while the denominator ncba × 1−r
equals the number of individuals
a
cb

who are observed, plus those who have died. The value of g that is selected is equal to either the
99th in-sample percentile of the outcome distribution (for the upper bound) or the 1st in-sample
percentile (for the lower bound).
Finally, using these revised outcome measures, we re-estimate the following equation for the
upper and lower values of g to obtain our bounded estimates:
g
ycba

= µc + λy(b),r(c) + αm(b) + ψy(b),a +

5
X

δk Smokec,b+k + εcba .

k=−5

The results of this procedure are presented in Appendix Figure A21. As displayed by the figure,
the bounded estimates are highly similar to our original estimates.6 We further note that, of the
two bounds presented in the figure, the lower bound is likely more representative of the “true”
estimate, because individuals who are in poor health (and thus are more likely to die before we
can observe them) also tend to have poor outcomes in other areas as well.

B.4

Migration-Related Measurement Error

We perform exercises to assess the impact of measurement error on our estimates, particularly
those in the leads-and-lags specification detailed by Equation 2. While this procedure is discussed
generally in Section 8, we describe it in greater detail here. We begin by utilizing the 1940 Census 100% Sample. These data are used because they ask the entire population what county they
lived in on April 1, 1935, and thus allow us to accurately assign both county of birth and county
of residence—and their corresponding smoke exposure measures—for 5-year-olds in our sample.7
Additionally, the sample size allows us to restrict to children aged 5 that were also born in California.
Using this sample of children, we then simulate smoke exposure by fixing a child’s birth place
and residence at age 5 but assigning smoke as-if that child was born in different periods in our sample. (This exercise implicitly assumes that the migratory behavior of children in 1940 is applicable
to all cohorts.) Using the measures of smoke based on place of birth and place of age 5 residence,
we then construct “true” measures at each age, where the correct measure of smoke exposure in
the in utero period and the first year of life (age 0) is equal to the county-of-birth measure. For
6

7

A careful review of the figure will show that, while the upper and lower bounds for our economic and education
outcomes are generally symmetrical around the baseline estimate, this is not the case for the disability index. This is
because the best possible outcome for the disability index is to have no disabilities at all, which is the case for 84% of
our sample. Thus, the upper bound is essentially identical to the baseline and only the lower bound differs.
Children moving out of state were assumed to have no smoke exposure.
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other ages (k), we calculate the “true” smoke measure as:


 

Smokebirth × (5 − k) + Smokeres × k
for k ≤ 5,
T rueSmokek =
5
where Smokebirth and Smokeres represent smoke measures based on an individual’s county of
birth and residence at age 5, respectively. Note that this exercise that effectively assumes equal
likelihood of migration in any given year. Using this true smoke measure, we can calculate the
amount of bias under the assumption that the measurement error is classical—an assumption that
we revisit below.
For each age, we calculate the measurement error as uk = Smokebirth − T rueSmokek to represent the difference in exposure calculated based on place of birth versus our best estimate of the
2 )
true exposure calculated above. We then compute the variance of the measurement error (σu,k
2
and the “true” age-specific smoke measure (σsmoke,k
) to calculate the measurement-error adjusted

estimate for each exposure age:
δk
σu2

δkadj =
1−

.

2
+ σu2
σsmoke,k

As displayed in Appendix Figure A22 these adjusted estimates are almost identical to our baseline
estimates. We conclude this section by briefly revisiting our assumption of classical measurement
error. While we can’t validate all the conditions necessary for this assumption, we do note that,
P
P
within our data, n1 i uk,i ≈ 0 and n1 i T rueSmokek,i × uk,i ≈ 0. Accordingly, the use of classical
measurement error assumptions appears to be appropriate.

B.5

Other Supplemental Results

In this appendix section, we discuss further supplemental analyses that were only briefly referenced in the text. Specifically, we consider: (1) the degree to which our main results—particular
our results concerning mortality—could be explained instead by local economic conditions; and
(2) the degree to which there is treatment effect heterogeneity across individual- and place-specific
characteristics.
The Effects of Wildfire Smoke Do Not Appear to Be Primarily Transmitted through Local Economic Shocks
As demonstrated by Borgschulte et al. (2020), wildfire smoke has the ability to affect labor market
conditions, particularly for older workers. Accordingly, it is possible that the impacts of wildfire smoke on later life outcomes are due, in part, to degraded local economic conditions which
could then lead to lower levels of childhood investment. To investigate this possibility, we utilize
county-level data from 1930-1970 Decennial Censuses and 1934 IRS Statements of Income Data
(see Appendix Section A.4) to estimate the following specification:
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0

∆YCt = α + τ · SmoketC,t + λt + εCt ,

(B1)

where the unit of analysis is a county, C, observed at time t. The outcome variable is a longdifference (typically of a decade) between time t and the previous period, t0 . The use of a longdifference specification effectively nets out any time-invariant characteristics, while the time fixed
0

t ,t
effect, λt , controls for changes common to all areas of California. The treatment variable, SmokeC

represents the number of months with any smoke between time t0 and t. In addition to our interest
in local economic conditions, we also utilize these data to assess the impact of wildfire air pollution
on net migration, which we define as:
0

M igrateCt

0

P opCt − P opCt0 − BirthstC,t + DeathstC,t
=
P opCt0

The results from this equation are displayed in Appendix Table A4. Within the table, which
presents the marginal effect of an additional smoke month during the period, we do not find any
statistically significant results. We also note that results are economically small, suggesting that
contemporaneous economic do not play a large role in the long-run effects we find and do not induce migratory behavior. However, to provide further context to these results, we relate our (statistically insignificant) effect on family income to estimates from Aizer et al. (2016), who estimate the
impact of large (∼25%) increases in family income on children’s longevity. To do so, we calculate
the p25 → p75 effect on income as a percent of the underlying mean (0.4%) and use this estimate to
scale the Aizer et al. (2016) finding of a 1-year increase in life expectancy. This procedure yields an

estimate of approximately 16 life years lost per thousand individuals 0.4%
×
1
life
year
×
1000
, or
25%
35% of our estimate. We should further note that this figure is likely an upper bound of the degree
to which income shocks could affect longevity, because the effects that Aizer et al. (2016) estimate
are within the context of very poor mothers with dependent children. Accordingly, the returns on
income they find are likely much larger than would be true for the population study.8
The Effects of Wildfire Smoke Have Little Heterogeneity Across Groups
Next, we consider how the effects of wildfire smoke varies across groups. Specifically, for each
group, we estimate:
IU-Age 4

Ycba = µc +λy(b),r(c) +αm(b) +ψy(b),a +δ0 ·Smokec



IU-Age 4
+δ1 · Smokec
×I(g(i) = g) +εcba , (B2)

where the indicator variable, I(g(i) = g), is equal to one if an individual is in the interaction group
and zero otherwise. Accordingly, the coefficient on the interaction term, δ1 , captures the additional
effect on a month of wildfire pollution relative to the omitted group.
We present results from this equation in Appendix Figure A26. Within the figure, there are
8

However, we utilize these estimates because they are, to the best of our knowledge, the only causal estimates of an
early-life income shock on longevity.
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two sets of estimates presented for each regression, the baseline effect (δ0 ) and the combined effect
(δ0 + δ1 ) which captures the total effect on the interaction category. Both the baseline effect and
combined effect are presented with their 95% confidence intervals. Additionally, estimate pairs
that are statistically distinct from each other—i.e., where the interaction term, δ1 , achieves statistical
significance—are denoted with one or more “*” indicating the level of that significance.
As demonstrated by the figure, there is very little heterogeneity among groups: only three of
the twenty-four regressions have a statistically significant effect. Accordingly, we conclude that
wildfire smoke generally has homogeneous effects across a wide variety of groups. See Appendix
Section A.4 for further discussion on how these heterogeneity groups were constructed.
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Figure A1 – Motivating Figure: Wildfires are a Growing Source of PM2.5 Pollution
Wildfires (29.2%)

Tons of PM2.5 (in Millions)

6

4
Fuel Combustion (11.6%)
Industrial (10.4%)

2

Vehicles (4.0%)

0
2005-07

2008-10

2011-13

2014-16

2017-20

Notes: The purpose of this figure is to detail trends in the share of fine particulate matter (PM2.5 ) attributable to wildfires and other
major sources tracked by the Environmental Protection Agency (“EPA”). The connected points represent trends in total tons of pollution
emitted while the percentages to the right of the graph represent the share of PM2.5 attributable to each source in the most recent period.
Percentages do not add up to 100% due to omission of the EPA’s “miscellaneous” category. Years are grouped into bins because the
EPA only includes certain pollutant measures as multi-year averages within these data.
Source: Author calculations using National Emissions Inventory Data from the Environmental Protection Agency.
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Figure A2 – Illustration of Conceptual Framework: Wildfire Smoke Could Affect Long-Run
Health through Multiple Channels
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Notes: The purpose of this figure is to illustrate the channels by which wildfire smoke exposure during childhood could affect long-run
outcomes. Each box in the figure represents a different part of the life cycle, as discussed in Section 2, with the text inside the box
describing the ways in which childhood pollution could affect outcomes during that stage. The red text associated with each arrow
(and the first box) represent the applicable components of the mathematical model described in Section 2—i.e., they describe how the
effects are transmitted from one stage to the next.
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Figure A3 – Graphical Illustration of Data Construction for Primary Data Sets
California Wildfire Data (from
CAL FIRE):
• Exact date of fire (some missing)
• Shapefile of burned area
(location + acres burned)

Supplement missing dates by handcoding with ~450 historical
newspaper records

Smoke Data (NOAA HYSPLIT):
• Utilize exact location, date, and
acres burned from wildfire data
• Input into HYSPLIT model to
obtain smoke plume shapefiles

Geographic Names Information
System (GNIS):
• Places/features/areas with
latitude/longitude centroids

Spatially intersect smoke plume
shapefiles with GNIS
longitude/latitude coordinates
(GNIS ID-to-exposure crosswalk)

Social Security Administration
(SSA) Administrative Data
Individual-level data containing:
• City+state of birth (strings*)
• Date of birth
• Date of death (if applicable)
• Person-level unique IDs (PIK)

Convert place-of-birth strings into
GNIS places with longitude and
latitude (~99% hand-coded)

Merge exposure measures into SSA
admin. data using GNIS IDs
2000 Decennial Census 1-in-6
Sample and American
Community Survey, 2005-2019
(Census Bureau):
• Large-scale survey data
• Wide set of economic,
educational, and disability
outcomes
• Person-level unique IDs (PIK)

Merge administrative birth data and
exposure measures using personlevel unique ID

Adjust death measures**
Standardize (z-score) outcomes and
create indices

Index/Survey Outcomes
Analysis File

Mortality Outcomes
Analysis File

Notes: The purpose of this figure is to illustrate the process by which final datasets constructed, which is further discussed in Section 3.
Note that this flow chart is not intended to account for all data sources constructed in this paper, only the primary analysis data sets.
*

As discussed in Section 3.3, the place of birth data in the administrative SSA data (the Numident file) has not been standardized and
is instead presented as a string variable entailing what was originally written on an individual’s Social Security application (e.g., an
individual born in San Francisco, California might write their city of birth as “San Francisco,” “San Fran,” or simply “SF”). Accordingly,
it was necessary to convert into standardized GNIS places or features.
The SSA Numident is a nearly comprehensive source of deaths occurring after the mid-1970s but may be missing deaths from earlier
years. As further discussed in Section 3.3 and Appendix Section A, we therefore adjusted death rates to account for Numident’s
propensity to undercount these early deaths.
**
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Figure A4 – Descriptive Statistics: Location of Fires

1930s

1940s

1950s

1960s

Major City

Fire Perimeter

Notes: The purpose of this figure is to display spatial trends in wildfire occurrence. Wildfires occur across the state, although the exact
location where they occur varies substantially from year to year.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018).
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Figure A5 – Illustration of Modeled Smoke Plumes Under Different Conditions
(A) Strong Winds, Large (10k-Acre) Fire

(B) Strong Winds, Small (1k-Acre) Fire

158 miles

419 miles
201 miles

← Smoke Plume

•

Fire
Location

(C) Light Winds, Large (10k-Acre) Fire

•

•

Notes: The purpose of this figure is to illustrate different smoke plumes generated by HYSPLIT under different conditions. Panel A
illustrates a smoke plume from a hypothetical large (10,000-acre) fire on a day when there are strong winds (around the 90th percentile
of wind speed). Under such conditions, there is a substantial amount of smoke generated, and it can travel for several hundred miles.
Panel B illustrates a smoke plume from an alternate small (1,000-acre) fire in the same location and under the same wind conditions.
In contrast with Panel A, there is a substantially lower amount of smoke predicted. Finally, Panel C illustrates a large fire under calmer
wind conditions (around the 10th percentile of wind speed). While there is a substantial amount of smoke generated, as is the case
in Panel A, it is spatially distributed in a diffuse mass surrounding the fire. These figures underscore the importance of incorporating
both fire size and wind speed into the modeling of wildfire pollution.
Source: Author simulations using HYSPLIT model output (Stein et al., 2015).
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Figure A6 – Descriptive Statistics: Changes in Wind Direction and Intensity Provide Plausibly
Exogenous Variation

(C) Daily Wind Speed Distributions
Relative to Monthly Average
1930-1969
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Wind Speed (m/s)
Notes: The purpose of this figure is to illustrate the variation in wind direction and speed. Within the figure, Panel A displays the prevailing wind direction from 1930-1969 (i.e., the modal wind direction calculated over the entire period) for various points of longitude
and latitude in California (state boundary lines have been omitted for visual clarity). Panel B performs a similar exercise, except that
the modal direction is calculated for each year-month and plotted in the figure using semi-transparent arrows, so that darker arrows
indicate more frequent modal directions. Panel C presents the kernel densities of wind speeds for California (maroon line) and for
each of the longitude/latitude points plotted in Panels A and B (semi-transparent gray lines). All speeds are relative to the average
speed at that point in that month (calculated over the 1930-1969 period) to emphasize variation in average wind speeds. All panels
restrict observations to July through November, as that is when the overwhelming majority of fires occur (and therefore when wind
direction is relevant) – see Appendix Figure A12 for more detail.
Source: Author calculations using the NOAA-CIRES-DOE Twentieth Century Reanalysis File.
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Figure A7 – Major City Borders Are Stable Over Time, Suggesting Little Risk of Measurement
Error from Changing Longitude / Latitude Centroids
(B) Oakland

(A) Los Angeles

(C) San Francisco

1980 Map
1930 Map

Notes: The purpose of this figure is to provide evidence that borders for major cities are not changing substantially over time. Given
that the longitude and latitude of each birth place is assigned based on city/place centroids, substantially changing borders over time
could introduce time-varying measurement error via centroids that are inaccurate for certain birth cohorts. However, this concern is
mitigated by the fact that these city borders—presented for all California cities with available GIS data dating back to 1930—are highly
similar. (Note that 1980 was chosen as a comparison year as it is the closest year to the end of our sample period for which there was
place shapefile data). Instead of changing borders of principal cities, as these major metropolitan areas grew, they simply created new
cities and municipalities with their own associated centroids. Accordingly, time-varying measurement error due to changing centroids
is likely not an issue.
Source: Author calculations using shapefile data obtained from the Urban Transition Historical GIS Project (Logan and Zhang, 2020)
and IPUMS NHGIS (Manson et al., 2021).
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Figure A8 – Descriptive Statistics: Comparison of Adjusted and Unadjusted Death Rates per
Numident to Expected Cohort Death Rates
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Notes: The purpose of this figure is to contrast how unadjusted and adjusted death rates per the Numident file compare with death
rates from SSA Cohort Life Tables. As displayed in the figure, adjusted death rates are much closer to expected values and are more
consistent over different cohorts. All values less than 0.5 are bottom coded for disclosure avoidance purposes. See Section 3.3 and
Appendix Section A for further discussion.
Source: Author calculations using Restricted Census Numident file and SSA Cohort Life Tables.
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Figure A9 – Validation of Treatment: Modeled Wildfire Smoke Exposure Increases Monthly
Measures of Various Pollutants
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Notes: The purpose of this figure is to display the impact of modeled smoke plume coverage on monthly pollution levels across a range
of pollutants (described on the y-axis). Each point represents the β0 coefficient from the regression detailed by Equation 4 which has
been scaled by the mean of the given pollutant for comparability across different pollution types. Each scaled estimate is presented
with corresponding 95% confident intervals.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), and Daily Summary Data Files from the EPA Data Mart.
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Figure A10 – Illustration of Treatment Definition

Smoke Plume

Los Angeles

San Bernardino
Riverside

Long Beach
Exposed Cities

Unexposed Cities

San Diego

Notes: The purpose of this figure is to illustrate how treatment is assigned. A hypothetical/modeled smoke plume is presented in the
figure. The cities that are considered to be treated—those that spatially intersect with the smoke plume—are colored maroon, while
the unexposed cities—those that are outside of the smoke plume—are colored in black/gray.
Source: Author simulations using HYSPLIT model output (Stein et al., 2015).
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Figure A11 – Illustration of Regional Definitions
(A) North/South Regions

(B) State Economic Areas

Note: Different Colors
Denote Different SEAs

North

South

Notes: The purpose of this figure is to display different regional definitions used in our analysis. As discussed in Section 5 our core
specification utilizes year-of-birth by region (Northern and Southern California) fixed effects. The counties included in Northern and
Southern California are included in Panel A. In our robustness checks (Section 8), we instead utilize year-of-birth by State-EconomicArea fixed effects. The counties included in the different State Economic Areas are included in Panel B.
Source: Author calculations using data from the U.S. Census Bureau and Ruggles et al. (2021).
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Figure A12 – Descriptive Statistics: Fire Seasonality
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July
August
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90.3% of total
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30%

Percentage of Total Acres Burned
Notes: The purpose of this figure is to display seasonality in wildfire acres burned.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018).
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Figure A13 – Robustness: Unadjusted and Adjusted Mortality Measures Display Similar Effects

Coefficient Estimate (IU-Age 4)

Adj. and Unadj. Death by Various Ages (per 1,000)
1.00
0.50
0.00
-0.50

Unadjusted Rates (Life Years Lost per 1K = 8.11)
Adjusted Rates (Life Years Lost per 1K = 9.20)

-1.00
30

40

50

60

70

80

Age
Notes: The purpose of this figure is to show similarities in death-by-age results when using unadjusted and adjusted measures. See
Figure 4 and accompanying text for further information on figure construction and discussion of results.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), and Restricted Census Numident.
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Figure A14 – Additional Results: Wildfire Smoke Exposure Increases Infant Mortality

Cohort Infant Mortality per 1,000
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Notes: The purpose of this figure is to assess the impact of wildfire smoke on cohort infant mortality. Within the figure, each coefficient
displays the effect of an additional smoke month within three-month bins, along with 95% confidence intervals. In the upper righthand corner, the average effect during the critical period—considered to be the three months before (δ−3 ) and after (δ0 ) birth—is
presented alongside its standard error. The mean is presented in the lower left-hand corner for reference.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), California Department of Health Vital Statistics, and Natality/Mortality data from Bailey et al. (2018).
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Figure A15 – Additional Results: There is No Detectable Effect of Wildfire Smoke Exposure on
Fertility Timing or Overall Fertility

Births per 1,000 Women Aged 15-44
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3.00

Coefficient

1.50
0.00
-1.50
µ = 90.05

-3.00

-21 -18 -15 -12 -9

-6

-3

0

3

6

9

3-Month Bin of Smoke Exposure Relative to Month
Notes: The purpose of this figure is to estimate the effect of wildfire smoke exposure on fertility, as measured by births per 1,000 women
aged 15-44. To do so, we estimate the following equation:
X
BirthsP er1000Cb = µC + λr(C),b +
δj SmokeC,b+j + εCb ,
j=−21,−18,...,9

which is very similar to the equation used to estimate infant mortality in Appendix Section B.1 (see text of that section for more details).
Within the figure, coefficients from this equation are plotted with accompanying 95% confidence intervals. The mean of the outcome
variable is presented in the bottom-left corner for reference. As displayed by the figure, there do not appear to be any statisticallydetectable effects on fertility timing or overall fertility.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), California Department of Health Vital Statistics, and Natality/Mortality data from Bailey et al. (2018).
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Figure A16 – Additional Results: Reductions in Longevity with Infant Mortality Added
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Notes: The purpose of this figure is to display the coefficients from Figure 4 Panel A with infant mortality results (discussed in Appendix
Section B.1) added in. Confidence intervals are omitted from this figure for clarity of presentation.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, California Department of Health Vital Statistics, and Natality/Mortality
data from Bailey et al. (2018).
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Figure A17 – Additional Results: Early-Life Wildfire Smoke Exposure Reduces Earnings and
High School Completion; Increases Cognitive Difficulty
(A) Earnings (in 2010$)
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(C) Difficulty Remembering (in p.p.)
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Notes: The purpose of this figure is to display the impact of childhood air pollution exposure from wildfires on a selected group of
long-run outcomes. See notes to Figure 4 for more detail on graph construction and Section 7 for further discussion.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure A18 – Additional Results: Early-Life Wildfire Smoke Exposure Increases Use of Social
Safety Net; Induces Sorting into Higher-Mortality Industries
(A) Any Social Safety Net (in p.p.)
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Notes: The purpose of this figure is to display the impact of childhood air pollution exposure from wildfires on a selected group of
long-run outcomes. See notes to Figure 4 for more detail on graph construction and Sections 7 and 9 for further discussion.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, Restricted American
Community Surveys, and Restricted Full-count Decennial Censuses.
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Figure A19 – Robustness: Residual Plots Demonstrate that Impacts of Wildfire Exposure are
Generally Linear
(A) Adjusted Death by Age 55 (per 1,000)
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Notes: The purpose of this figure is to show how each of our main outcomes varies with our treatment. To do so, we residualize our
baseline fixed effect controls from both the outcome and our summary treatment measure as follows:
ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a + cba
IU-Age4

Smokecb

= µc + λy(b),r(c) + αm(b) + ψy(b),a + ξcba .

We then collapse the residualized summary treatment (ξ̃) into deciles and plot it against the residualized outcome (ε̃). The fitted
line between ξ̃ and ε̃ gives the coefficient for our treatment. The general shape of the points within the figure supports our choice of
functional form—the dots generally follow a linear pattern, underscoring that the dose-response for our treatment is linear in months
of smoke exposure. The only meaningful deviations from this trend occur at the very tails of the distribution. However, as illustrated
by Appendix Figure A20, removal of these points does not materially change the estimates.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.

84

Appendix Figures and Tables

Figure A20 – Robustness: Residual Plots Demonstrate that Impacts of Wildfire Exposure are Not
Driven by the Tails of the Distribution
(A) Adjusted Death by Age 55 (per 1,000)
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Notes: The purpose of this figure is to further support the analysis displayed in Appendix Figure A19 and discussed in the accompanying notes. Specifically, we modify the figure to fit lines and calculate slopes using only the points in the 2nd through 9th deciles (the
“interdecile slope”) to demonstrate that our estimates are not driven by extreme points in the distribution. See Appendix Figure A19
for more detail, including information regarding the construction of the graphs.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure A21 – Robustness: Adjusting for Mortality Selection Does Not Qualitatively Affect
Estimates
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Notes: The purpose of this figure is to display the bounded estimates for mortality selection discussed in Section 8 and Appendix
Section B.3. Within the figure, upper- and lower-bounds of the potential impact of mortality selection are presented, alongside baseline
estimates (i.e., those from Figure 5). See the text of the referenced sections for further description.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, Restricted American
Community Surveys, California Department of Health Vital Statistics, and Natality/Mortality data from Bailey et al. (2018).
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Figure A22 – Robustness: Adjusting for Migration-Specific Measurement Error Does Not
Qualitatively Affect Estimates
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Notes: The purpose of this figure is to compare our original estimates with those that have been adjusted for migration-specific measurement error. Within the figure, the gray estimates display the baseline estimates whereas the maroon estimates display the estimates
when they have been adjusted for measurement error using the techniques described in Section 8 and Appendix Section B.4. See the
text of those sections for further detail.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys, 1940 Census 100% Sample (Ruggles et al., 2021).
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Figure A23 – Robustness: Using Alternative Estimation Strategies Do Not Result in Materially
Different Estimates
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Notes: The purpose of this figure is to display our estimates from the alternative estimation strategy discussed in Section 8 as compared
to our original estimates. This alternative estimation strategy involves separately estimating wildfire smoke effects for each year-ofbirth cohort and combining these estimates via simple average. Standard errors are calculated using 100 cluster bootstrap iterations.
As further discussed in the text, estimates are qualitatively similar, although the alternative estimates are substantially less precise.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure A24 – Robustness: Multiple Hypothesis Testing Does Qualitatively Affect Conclusions
About Statistical Significance for Index Components
(A) Economic Index Components

(B) Education Index Components
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(C) Disability Index Components
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Difficulty Working at a Job*
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≥0.15
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Notes: The purpose of this figure is to contrast the p-values for our estimates with sharpened q-values (Benjamini and Yekutieli, 2001;
Benjamini et al., 2006; Anderson, 2008) that adjust for multiple hypothesis testing. As noted by Anderson (2008), the q-values can
be smaller than unadjusted p-values when there are many true rejections of the null hypothesis. In this case, then the method can
“tolerate” some false rejections as well. Note that this tends to occur for estimates with large p-values, such as those in Panel C, which
do not achieve traditional levels of statistical significance even after adjustment.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure A25 – Supplemental Results: The Effects of Early-Life Wildfires Smoke Data on Labor
Force Participation, Economic Index, and Disability Index are Increasing Proportionally with Age
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Notes: The purpose of this figure is to display how the effects of childhood wildfire smoke exposure evolve as individuals age. Within
the figure, each point represents a separate estimate of δj with associated 95% confidence intervals, from the following equation:
X
IU-Age 4
) + εcba ,
(B3)
Ycba = µc + λy(b),r(c) + αm(b) + ψy(b),a +
δj · (AgeBinj × Smokec
j∈J

For further context, a line of best fit for the coefficients, along the effect as a percent of the age-specific mean is also presented. (Note
that the percent of the age-specific mean is not presented for the indexes, as they are created to have a mean of zero in the aggregate.)
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Figure A26 – Supplemental Results: There Are Few Statistically Significant Differences in the
Effect of Early-Life Wildfire Smoke Across Groups
(A) Adj. Death by 55
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Notes: The purpose of this figure is to display the results of our heterogeneity analysis across groups. Within the figure, there are
two sets of estimates presented for each regression detailed by Equation B2: the baseline effect (δ0 ) and the combined effect (δ0 + δ1 )
which captures the total effect on the interaction category. Both the baseline effect and combined effect are presented with their 95%
confidence intervals. Additionally, estimate pairs that are statistically distinct from each other—i.e., where the interaction term, δ1 ,
achieves statistical significance—are denoted as follows:
* Significant at 90% level
** Significant at 95% level
*** Significant at 99% level
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, Restricted American
Community Surveys, 1930 Census 100% Sample (Ruggles et al., 2021), and American Hospital Association Data (Finkelstein, 2007).
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Figure A27 – Supplemental Results: Early-Life Wildfire Smoke Exposure Does Not Significantly
Affect Family Formation, Migration, or Placebo Outcomes, but Does Increase Institutionalization

(A) Family Formation Outcomes
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(B) Other Long-Term Outcomes
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Notes: The purpose of this figure is to display the impact of childhood air pollution exposure from wildfires on outcomes that do not
fall into the index categories discussed in Section 7. Within the figure, estimates—scaled to represent the effect as a percent of the
mean—are presented alongside 95% confidence intervals. The tabular effect as a percent of the mean is presented to the first column
on the right-hand size of the figure, along with the mean and level (non-scaled) estimate in the second and third columns, respectively.
The outcomes considered fall into three groups. First, we consider family formation outcomes, i.e., whether an individual was ever
married (source: ACS) and the number of own children in the household at the time of survey (source: 2000 and 2010 Decennial
Censuses). The outcomes in this group are either statistically or economically insignificant. The next group includes outcomes includes
whether an individual lives out of state in adulthood (source: 2000 and 2010 Decennial Censuses), their veteran status (source: ACS), or
whether they reside in institutional group quarters, the majority of which are correctional or nursing facilities (source: 2010 Decennial
Census only; this variable is not available in the Restricted 2000 Decennial Census). Note that correctional and nursing facilities are
grouped together because the Census Bureau did not permit RDC researchers to disclose results using sub-categories of the institutional
group quarters variable during the time period in which these results were disclosed. The final group includes placebo outcomes—i.e.,
outcomes which should not be affected by early-childhood wildfire smoke. We do not find any effect on these outcomes, as expected.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT
model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, Restricted American
Community Surveys, and Restricted Full-count Decennial Censuses.
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Table A1 – Summary Statistics

Mean

Variable

Standard
Deviation

Economic Outcomes (American Community Survey, Ages 35-59)
Household Income
Earned Income*
Social Safety Net**
Is In Labor Force
Is Employed
Household Poverty Status
Home Rent
Home Value
Home Owner

$ 99,367
$ 44,087
14%
76%
71%
11%
$ 1,176
$ 418,807
73%

$ 87,043
$ 54,488
34%
43%
45%
31%
$ 614
$ 340,128
45%

Education Outcomes (American Community Survey, Ages 35-59)
At Least High School Degree
At Least Bachelor’s Degree
Graduate Degree
Years of Education

94%
29%
10%
14.80

24%
45%
30%
2.62

84%
5%
10%
3%
6%
5%
11%
0.32

37%
23%
30%
18%
24%
21%
31%
0.85

27.22
50.19
94.96
176.27
321.90
xxxxxxxxxxxx

xxxxxxxxxxxx

Disability Outcomes (American Community Survey, Ages 35-59)
No Disabilities***
Difficulty Going Out (Doing Errands Alone)
Physical Difficulty (Walking or Climbing Stairs)
Difficulty Dressing or Bathing
Difficulty Remembering, Concentration or Making Decisions
Vision or Hearing Difficulty
Difficulty Working at a Job
Number of Disabilities***
Mortality per 1,000 (Numident)
Adjusted Deaths by Age 35
Adjusted Deaths by Age 45
Adjusted Deaths by Age 55
Adjusted Deaths by Age 65
Adjusted Deaths by Age 75

Notes: The purpose of this table is to detail means and standard deviations for key outcome variables included in our analysis.
Variable is equal to wages + self-employment income.
Variable is equal to 1 if an individual has any utilization of SNAP, Medicaid, SSI, or public assistance.
∗∗∗ These variables are not included in the disability index and are only provided for context.
∗

∗∗

Source: Public-Use American Community Surveys (Ruggles et al., 2021) and SSA Numident.
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Table A2 – Main Results: Table of Estimates
Standard
Error

t-Statistic

0.10
0.14
0.19
0.24
0.27
0.34
0.20
0.14
0.26
0.11
-0.25

(0.06)
(0.07)
(0.08)
(0.10)
(0.12)
(0.13)
(0.16)
(0.17)
(0.23)
(0.22)
(0.41)

1.73
1.99
2.25
2.33
2.23
2.59
1.31
0.84
1.14
0.50
-0.60

Economic Index
Household Income
Earned Income
Social Safety Net*
Is In Labor Force
Is Employed
Household Poverty Status*
Home Rent
Home Value
Home Owner

-0.29
-0.34
-0.38
-0.33
-0.22
-0.19
-0.23
-0.38
-0.31
-0.26

(0.08)
(0.13)
(0.10)
(0.14)
(0.09)
(0.10)
(0.14)
(0.27)
(0.10)
(0.09)

-3.46
-2.55
-3.73
-2.33
-2.34
-1.84
-1.70
-1.43
-2.96
-2.75

Education Index
At Least High School Degree
At Least Bachelor’s Degree
Graduate Degree
Years of Education

-0.27
-0.32
-0.22
-0.19
-0.35

(0.08)
(0.09)
(0.09)
(0.10)
(0.10)

-3.57
-3.54
-2.42
-1.81
-3.63

-0.16
-0.12
-0.08
-0.12
-0.30
-0.26
0.16
*********

(0.08)
(0.10)
(0.13)
(0.09)
(0.12)
(0.14)
(0.15)
*********

-2.13
-1.30
-0.65
-1.38
-2.55
-1.87
1.11
*********

Outcome

Estimate
Panel A: Mortality Outcomes (per 1,000)

Adjusted Death by Age 30
Adjusted Death by Age 35
Adjusted Death by Age 40
Adjusted Death by Age 45
Adjusted Death by Age 50
Adjusted Death by Age 55
Adjusted Death by Age 60
Adjusted Death by Age 65
Adjusted Death by Age 70
Adjusted Death by Age 75
Adjusted Death by Age 80
Panel B: Index Outcomes (δ × 100)

Disability Index*
Difficulty Going Out (Doing Errands Alone)*
Physical Difficulty (Walking or Climbing Stairs)*
Difficulty Dressing or Bathing*
Difficulty with Remembering/Concentrating/Decisions*
Vision or Hearing Difficulty*
Difficulty Working at a Job*

Notes: The purpose of this table is to detail coefficient estimates presented in Figures 4 and 5, along with standard errors and t-statistics.
* Indicates that variable has been reverse coded so that higher coefficient values correspond with “better” outcomes.
Source: Author calculations using the Fire Perimeter Database (California Department of Forestry and Fire Protection, 2018), HYSPLIT model output (Stein et al., 2015), Restricted Census Numident, Restricted 2000 Decennial Census 1-in-6 Sample, and Restricted
American Community Surveys.
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Table A3 – Context for Main Results: Level Estimates

Outcome
Economic Outcomes
Household Income
Earned Income
Social Safety Net
Is In Labor Force
Is Employed
Household Poverty Status
Home Rent
Home Value
Home Owner

Estimate

Mean

Effect as
% of Mean

Unit

Note

-$280
-$178
0.09
-0.10
-0.09
0.07
-$2
-$1,044
-0.12

$99,367
$44,087
13.62
76.01
71.40
10.73
$1,176
$418,807
72.78

-0.28%
-0.40%
0.66%
-0.13%
-0.12%
0.66%
-0.20%
-0.25%
-0.16%

Dollars
Dollars
Percentage Points
Percentage Points
Percentage Points
Percentage Points
Dollars
Dollars
Percentage Points

*
*
*
*

Education Outcomes
At Least High School Degree
At Least Bachelor’s Degree
Graduate Degree
Years of Education

-0.08
-0.10
-0.06
-0.01

93.94
28.57
10.35
14.80

-0.09%
-0.34%
-0.55%
-0.06%

Percentage Points
Percentage Points
Percentage Points
Years

*

Disability Outcomes
Difficulty Going Out
Physical Difficulty
Difficulty Dressing
Difficulty Remembering
Vision or Hearing Difficulty
Difficulty Working at a Job

0.03
0.02
0.02
0.06
0.06
-0.05

5.48
9.65
3.24
6.23
4.70
10.81

0.51%
0.25%
0.68%
1.01%
1.17%
-0.47%

Percentage Points
Percentage Points
Percentage Points
Percentage Points
Percentage Points
Percentage Points

*

Notes: The purpose of this table is to provide level coefficients for the components of the indices displayed in Figure 5 (which displays
coefficients that are scaled to be in terms of a percentage of the outcome’s standard deviation). Within this table, most level estimates
are obtained by multiplying the coefficient estimate by the applicable standard deviation. However, outcomes denoted with a “*” are
outcomes for which the level effect has been separately estimated and disclosed.
Source: Author calculations using the Restricted and Public-Use (Ruggles et al., 2021) American Community Surveys.

95

Appendix Figures and Tables

Table A4 – Supplemental Results: Wildfire Smoke Does Not Have Detectable Effects on
Contemporaneous Local Economic Conditions or Net Migration

0

Smoket ,t

95% CI: Upper Bound
95% CI: Lower Bound
Outcome Mean
Observations

(1)

(2)

(3)

(4)

(5)

(6)

% in
Labor Force

%
Employed

% Home
Owners

Home
Value

Family
Income

Net
Migration

0.00
(0.04)

0.02
(0.04)

-0.04
(0.06)

-$125
(106)

-$35
(51)

-0.07
(0.63)

0.09
-0.08
60.60
232
***********

0.09
-0.06
55.90
232
***********

0.09
-0.16
54.40
172
***********

$83
-$332
$93,056
170
***********

$65
-$135
$43,619
169
***********

1.16
-1.31
24.30
232
***********

Notes: The purpose of this table is to demonstrate the impact of an additional smoke month on a variety of outcomes that are contemporaneous to the smoke exposure. Each column in the figure represents a different outcome variable estimated from Equation B1, with
associated standard errors clustered at the county level. Note that columns 1-3 and 6 are in percentage points, while columns 4 and 5
are denominated in 2010 dollars. See the text of Appendix Section B.5 for more detail.
Source: Author calculations using the 1930-1970 Decennial Census (Ruggles et al., 2021), Census County Book Data (U.S. Census
Bureau, 2012), and 1934 IRS Statistics on Income.
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