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Abstract

Wildfires in the U.S. are increasing in frequency and severity, with California experiencing the most
significant impacts. While much research focuses on direct damage and health effects, this study examines
how wildfire smoke influences household migration and firm performance. Using temporal variation in
smoke exposure from the 2018 California wildfires, we analyze migration and economic outcomes using
PMs, 5 data, demographic data and mobility at the household level, and employment, revenue, and
survival data at the firm level from 2013 to 2019. A difference-in-differences approach shows that the
wildfires caused a net out-migration of 68,000 households, with older adults and families with children
being the most affected. Property values declined by 4.4%, amounting to a $20 billion loss. The residential
sorting model estimates a mean marginal willingness to pay (MWTP) of -2.2% of property value to avoid
a one ug/ m? increase in smoke exposure, with older adults exhibiting the highest MWTP. We find that
the 2018 wildfire smoke led to a 2.9% drop in employment, a 4.3% decline in sales, and a 6.8% reduction
in operating firms, disproportionately affecting small businesses. We plan to examine how smoke-induced
migration disrupts labor markets and firm dynamics, as household relocation reduces labor supply, shifts
consumer demand, and forces firms to adapt. To understand these mechanisms, we propose a model

linking smoke-induced migration to firm performance and location decisions.
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1 Introduction

Climate change has amplified the frequency and intensity of wildfires across the United States, with California
experiencing the brunt of these changes Brown et al. (2023); Jolly et al. (2015); Parks et al. (2018); Westerling
et al. (2006). According to the National Interagency Fire Center, the number of acres burned annually by
wildfires in the U.S. has grown by approximately 4% per year from 1983 to 2022. In 2020 alone, over 58,000
wildfires scorched more than 10 million acres of land (nif). The immediate destruction of landscapes is only
the tip of the iceberg; wildfires also impose profound social and economic costs, including property damage,
firefighting expenses, and adverse health effects from polluted air. In California alone, the estimated capital
damage costs from fires are USD 27.7 billion, while health-related costs reach USD 32.2 billion Wang et al.
(2021). Existing research shows that wildfire smoke increases hospital admissions Heft-Neal et al. (2023);
Kochi et al. (2016); Moeltner et al. (2013), lowers birth weights Jones and Berrens (2021), raises the risk of
preterm births Heft-Neal et al. (2022), and reduces labor market earnings Borgschulte et al. (2024).

While much research has focused on the direct effects of wildfires, such as capital damage and health
impacts, fewer studies explore the long-term consequences of persistent smoke exposure, particularly human
adaptation and migration. Knittel and Krebs (2024) use county-level migration data to study the causal
relationship between wildfire smoke and migration in California. Wang (2024) further examines this issue,
finding that wildfire smoke exposure significantly increases out-migration, with higher-income households
and younger individuals being more likely to relocate, while lower-income households exhibit greater inertia
due to financial constraints.

Wildfires and their smoke have significant direct and indirect impacts on firms. Directly, firms face
challenges such as infrastructure damage, utility disruptions, and rising insurance costs. Indirectly, they
suffer revenue losses, labor shortages, and reduced productivity as workers relocate to avoid prolonged
smoke exposure. While much of the existing literature focuses on the immediate destruction caused by
wildfires, less attention has been paid to the lingering effects of smoke, which impose longer-term economic
and social costs. This study shifts the focus to the indirect effects of wildfire smoke, exploring how it drives
household migration and, in turn, reshapes local labor markets and firm outcomes. As households relocate,
their decisions can profoundly alter the economic landscape firm dynamics.

The literature on firm-household dynamics underscores how household behavior and location influences
firm location decisions and local economies. George and Waldfogel (2003) show that firms adapt to di-
verse household preferences, as seen in gentrifying neighborhoods where an influx of young, college-educated
households leads to a rise in bars and restaurants and a decline in mom-and-pop stores. Ferreira and Wong

(2020) and Qian and Tan (2021) further illustrate how household preferences and firm entry reshape labor



markets and housing demand, while Diamond and Gaubert (2022) highlight how spatial sorting exacer-
bates economic inequality. Almagro and Dominguez-Iino (2024) examine how households’ preferences for
amenities influence firm locations. Their study leverages variation in Amsterdam’s tourist distribution as a
demand shifter, revealing significant heterogeneity in residents’ preferences for amenities and in how ameni-
ties respond to changes in demand composition. Together, these studies emphasize the interconnectedness of
household behavior, firm decisions, and local economic outcomes, providing a foundation for understanding
how environmental stressors like wildfire smoke can disrupt these dynamics.

This study addresses three key research questions. First, how does wildfire smoke influence household
migration patterns? We examine the extent to which households relocate in response to persistent smoke ex-
posure, exploring heterogeneity in migration responses across demographic groups (e.g., income, age, family
composition). Second, what are the economic and welfare consequences of smoke-induced migration? Using
a sorting model, we estimate the distributional welfare effects of smoke-induced migration, considering how
households and firms adapt to changing environmental conditions and how these adaptations reshape local
economies. We also explore heterogeneity in marginal willingness to pay (MWTP) to avoid smoke across
demographic groups, asking: do demographic attributes, such as income, age, or education, determine differ-
ences in MWTP? Third, how do household migration decisions affect firm location choices and performance?
We examine how smoke-induced migration affects firm performance and location decisions, highlighting the
indirect link between environmental hazards and economic outcomes.

Using novel data on individual household characteristics and relocation from 2013 to 2019, we estimate
the causal effect of wildfire smoke on migration. We analyze how migration rates vary across demographic
groups—such as age, family composition, and socioeconomic status—to shed light on environmental justice
implications. Using the novel firm-level data, we study the impact of wildfire smoke on the firms’ performance.
This includes information on the firm employment, revenue, and survival data.

The analysis in this paper can be divided into four parts. First, we conduct a Difference-in-Differences
(DiD) analysis at the tract level to examine the impacts on household migration. Second, we conduct DiD
analysis on the firm performance like employment, sales, firms operating status, We also do the analysis
by the size and sector of the firm. Third, we estimate a residential sorting model, presenting results from
a representative county to understand how households relocate in response to wildfire smoke. Finally, we
propose a model incorporating firm sorting, which helps us understand the mechanism of the indirect effects
of smoke-induced household migration on firms’ location decisions and performance. This approach allows
us to disentangle how household relocation influences firms’ sorting behavior and, ultimately, their economic
outcomes.

This paper contributes to the growing literature on the impact of wildfires on households, including



studies such as Wang et al. (2021), Moeltner et al. (2013), Kochi et al. (2016), Heft-Neal et al. (2022),
Knittel and Krebs (2024), Ang (2024), and Wang (2024). While much of this literature focuses on health
and economic outcomes, fewer studies examine migration patterns. Knittel and Krebs (2024) uses aggregate
migration flow data at the county level, whereas we leverage individual-level household data, similar to Wang
(2024). However, our study differs in two key ways: First, we explicitly focus on the effects of wildfire smoke
rather than the wildfires themselves, and second, we employ a residential sorting model to estimate welfare.
This approach allows us to quantify heterogeneity in the marginal willingness to pay (mWTP) to avoid
smoke, incorporate sorting behavior, and generate counterfactual scenarios to assess welfare impacts.

On the firm side, we contribute to a smaller but emerging literature, including Borgschulte et al. (2024)
and Luo (2023), as well as studies on the relationship between firm location and household sorting, such
as George and Waldfogel (2003), Ferreira and Wong (2020), Qian and Tan (2021), Diamond and Gaubert
(2022), and Almagro and Dominguez-lino (2024). Our contributions are threefold: first, we use firm-level
data to analyze performance; second, we propose a firm-sorting model to understand how firms adjust their
location decisions in response to environmental changes; and third, we explore the mechanisms linking smoke-
induced household migration to firm performance. By integrating household and firm responses, we provide
a comprehensive understanding of how wildfire smoke disrupts local economic dynamics through both direct
and indirect channels.

The paper is structured as follows. Section 2 describes the data sources, including household-level mi-
gration data, firm-level performance metrics, and environmental data on wildfire smoke exposure. Section
3 outlines the empirical estimation strategy, detailing the difference-in-differences (DiD) approach used to
identify the causal effects of smoke on household migration and firm outcomes. Section 4 presents the res-
idential sorting model, which estimates household relocation patterns in response to smoke exposure and
quantifies heterogeneity in willingness to pay to avoid smoke. Section 5 discusses the results, highlighting the
economic and welfare implications of smoke exposure for households and firms. Section 6 introduces the firm
sorting model (without the results), examining how firms adjust their location decisions and performance
in response to smoke-induced household migration. Finally, Section 7 concludes by summarizing the key

findings, discussing policy implications, and suggesting directions for future research.

2 Data

Our analysis combines multiple datasets to provide a comprehensive understanding of the impacts of wildfire
smoke. For wildfire smoke exposure, we use PMs 5 data developed by prior studies Childs et al. (2022),

calculating the annual mean and median smoke levels for each census tract. To analyze household demo-



graphics and locations, we utilize consumer data from DataAxle, focusing on residents of California from
2013 to 2019. This dataset comprises approximately 100 million observations and includes demographic
attributes such as the age of the household head, presence of children, marital status, income, and home
value. Crucially, it allows us to track household relocations within the United States.

In addition to these primary datasets, we will incorporate two additional sources: (1) wildfire data
from the California Department of Forestry and Fire Protection (CAL FIRE), which provides detailed
information on wildfire incidents, and (2) property characteristics and transactions data, which will enhance
our understanding of housing market dynamics and relocation patterns.

Currently, the data is aggregated at the census tract level to identify migration trends and analyze
demographic patterns. Preliminary analyses answer the question of who moves, while future work will
investigate where these households relocate. By incorporating individual-level analyses, we aim to provide a
more nuanced understanding of migration and its broader implications.

Figure 1 illustrates the annual median smoke levels at the census tract level in California between 2013
and 2019, showing stable pre-period levels (2013-2016) and a marked increase in 2018. Our identification
strategy relies on this temporal variation in smoke exposure caused by the significant wildfires of 2018. For
the difference-in-differences (DiD) analysis, census tracts are classified as “treated” if their median smoke
levels exceeded 6 pg/m? in 2018. Figure 2 highlights the temporal variation in treatment intensity, with a
substantial increase in affected tracts in 2018, representing 12% of all tracts.

Figure 3 from Wang (2024) illustrates the increasing frequency of wildfires and mega-fires in California
over the past three decades. Based on data from CAL FIRE, the graph highlights a notable rise in the
number and severity of fires since 1990. Figure 4 from Knittel and Krebs (2024) presents the average
annual wildfire smoke concentration (PMs ;) categorized by quintiles of the overall distribution from 2006 to
2019. The figure shows how wildfire smoke exposure varies across regions, with higher quintiles experiencing
significantly greater smoke concentrations.

Figure 5 presents the spatial distribution of household attributes at the tract level for 2017. The top
two maps show the total household count per tract and the average age of residents, with urban areas
tending to have a lower mean age. The bottom two maps illustrate the percentage of households with
children and the percentage of owner-occupied households, highlighting variations in household composition
and homeownership across different regions. Figure 6 displays tract-level firm attributes for 2017. The top
two maps show the total number of firms per tract and the average number of employees per firm, indicating
firm size. Most tracts comprise smaller firms, with an average of fewer than 28 employees. The bottom
two maps compare firm counts in the education and manufacturing sectors. While both sectors have similar

median and mean firm counts, education-related firms are more evenly distributed, whereas manufacturing
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Figure 1: Annual median smoke at census tract level: 2013 to 2019

Note: These figures show the annual median smoke levels at the census tract level in California from 2013 to 2019, measured
in pg/m3. The progression of smoke levels is visually represented by a gradient of colors, ranging from yellow (lower levels)
to orange and red (higher levels). While very tracts experienced smoke levels exceeding 6 ug/m> between 2013 and 2016, the
situation changed dramatically in 2017 and 2018. In these years, particularly in 2018, more than one-third of the geographic
area recorded smoke levels above 6 ug/m3. By contrast, smoke levels in 2019 were markedly lower.

firms are more concentrated, with distinct clusters appearing in certain regions.

The reliability of consumer data has driven its increasing use in recent research. For instance, Christensen
and Timmins (2023) employed DataAxle (formerly InfoUSA) consumer data, which offers detailed insights
into household demographics and migration patterns. Similarly, Infutor data, another prominent consumer
dataset, has been extensively utilized in studies such as Diamond et al. (2019), Diamond et al. (2020),
Elliott and Wang (2023), and Wang (2024). A similar level of reliability is likely to hold for Data Axle firm
data as well. Figure 7 from Cao et al. (2024) evaluates the reliability of Data Axle firm data by comparing
county-level store counts for NAICS code 452 with corresponding store counts from the U.S. Census Bureau’s
County Business Patterns (CBP) data in 2019. The results indicate a high degree of consistency between

Data Axle and CBP, reinforcing the credibility of Data Axle as a reliable source for firm-level analysis.

3 Empirical Estimation

First, we conduct a Difference-in-Differences (DiD) analysis at the tract level to examine the impacts of
wildfire smoke on household migration and firm performance. The 2018 wildfires serve as an exogenous

source of variation in smoke exposure, with treated tracts defined as those with a median smoke level
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Figure 2: Treatment dummy variation at census tract level: 2013 to 2019

Note: These figures display the treatment dummy at the census tract level in California from 2013 to 2019. Treatment is
assigned a value of one if the annual median smoke level exceeds 6 j1g/m3, represented in red. While the smoke levels in 2018
are used to define the treatment group across years, these maps illustrate the variation in the smoke over time. Only a small
number of tracts experienced high smoke levels in earlier years (2013 to 2016), and these are excluded from our analysis. In
2018, there was a significant increase in the treatment dummy, with 12% of the tracts being affected.

exceeding 6 ug/m? in 2018.

The DiD specification is given by the following equation:

Y = Bo + piTreatment; + BoPost, + Bs(Treatment; - Posty) + Yeity.t + €it

Here, (3 is our coefficient of interest, capturing the causal effect of wildfire smoke on the outcomes
of interest. On the household side, the dependent variables include the count of households (overall and
disaggregated by demographic attributes such as age and marital status), as well as property value, wealth,
and income. On the firm side, the dependent variables include employment, sales, and firms’ operating
status, further disaggregated by firm size and sector. This approach allows us to estimate the causal effects
of wildfire smoke on both household and firm outcomes, providing a comprehensive understanding of its

economic impacts.



4 Residential Sorting Model

4.1 Why Use a Model?

We employ a residential sorting model to address several key questions. Non-marginal changes in amenities,
such as wildfire smoke, require a structural approach to understand their impacts. The model allows us to
analyze how externalities, like smoke, affect housing markets, consumer choices, and firm performance. It
also helps us uncover the mechanisms driving household and firm behavior. Furthermore, the model enables

counterfactual analysis with sorting and price adjustments, providing insights into welfare implications.

4.2 Model Framework

We develop a static residential sorting model based on Bayer et al. (2007) to analyze household location
decisions. Each household, denoted by i, derives utility U}, from choosing housing type h in time period ¢.

The utility function is specified as:

max Up, = o'y Xpt + ol Flyy + 5 Sht + O‘;pht + Ent + €y (1)

The utility depends on several observed and unobserved components. The observed components include
Xpt, which represents the characteristics of the property and neighborhood; pp:, the price of property h at
time t¢; Fjs, amenities provided by firms in the area; and Sy, the level of smoke exposure at property h
during or after the event. The unobserved components include &p;, which captures unobserved utility from
the property type and neighborhood at time ¢, and €}, an idiosyncratic taste shock for household i at time

t.

4.3 Heterogeneity in Preferences

Household preferences are allowed to vary with demographic characteristics, denoted by zi. The preference

parameters oz;- for each choice characteristic j (where j € {X,p, F,S}) are modeled as:

K
i . )
ai = agj + g Ol 21t (2)
k=1

Here, ap; represents the mean preference for characteristic j, while oy, captures the heterogeneity in
preferences based on household characteristics z,it. For example, households with senior citizens may place
a higher value on cleaner air compared to other households. The utility function can then be decomposed

into mean utility (05;) and deviations from the mean utility (A¢,):



Ufipt = Ont + )‘;n + Ezt (3)

mean utility  deviation from mean utility

The idiosyncratic preference shocks, eﬁlt, are assumed to be independently and identically distributed

(iid) and drawn from a Type 1 Extreme Value (T1EV) distribution.

4.4 Econometric Implementation
The econometric implementation of the model combines Equations (2) and (3) to estimate the parameters

of interest. The probability that household i chooses housing type h at time ¢ is given by:

exp (8nt + Aiy)
>k €XP (5kt + )‘Zt)

i
Pht_

The likelihood function for the model is constructed as:

L=3"3"5" (nm(r) (5)
T I H

Estimation proceeds in two steps. In the first step, maximum likelihood estimation (MLE) and contraction
mapping are used to estimate the heterogeneous parameters in )\;lt and the mean indirect utilities (d5). In

the second step, the mean indirect utilities are regressed on the observed characteristics of the property

types:

One = ox Xnt + aopPhe + cor Fne + 05 She + Ene (6)

This step estimates the mean preference parameters (ag;) while addressing endogeneity concerns through

property type fixed effects and instrumental variables (IVs).

4.5 Challenges in Estimation

The second stage of estimation faces two primary challenges. First, smoke exposure (Sp:) is likely correlated
with unobserved utility (£,¢). To address this, we use temporal variation in smoke exposure, which is assumed
to be quasi-random. Second, property prices (pp:) may also be correlated with &x;. To mitigate this, we
employ donut instrumental variables (IVs) that exploit spatial variation in prices while excluding nearby

properties that may share unobserved characteristics.



5 Results

5.1 Household Migration and Property Values

Our DiD analysis reveals significant impacts of the 2018 wildfire smoke on household migration and property
values. The smoke caused approximately 68,000 households to relocate, with older households and fami-
lies with children being the most sensitive to smoke exposure. Disaggregating by age groups reveals that
households with the oldest heads of family are the most sensitive group, causing 20,000 households to move
out. Households with children move out more as well. We also observe a capitalization effect, with property
values declining by 4.5%, amounting to a total loss of USD 20 billion, consistent with findings from Wang
et al. (2021).

Table 1 presents the regression results for the count of households by age group. The coefficient of
interest, 3, shows a significant decline in household counts across all age groups, with the largest effect
observed for households aged 65 and above. Table 2 further disaggregates the results by household status,
showing significant declines for homeowners and households with children. Finally, Table 3 highlights the

impact on property values, wealth, and income, with significant declines in home values and wealth.

Table 1: Regression Results: Count of Households by Age

Count of HH
All Less than 35 35 to 50 50 to 64 More than 65

Coef. -70.11%* -6.16 -21.86%  -23.14 -18.95%*
(31.57) (7.72) (11.70)  (12.27) (6.0345)
Observations 54,110 54,110 54,110 54,110 54,110
Adj R-sq 0.86 0.89 0.82 0.80 0.92
Perc. 100% 28% 30% 21% 20%

Table 2: Regression Results: Households by Status

Count of HH Log count of HH
Owner HH with child Owner HH with child
Coef. -72.99%** -31.48%** -0.0169** -0.0195%*
(8.78) (4.61) (0.0083) (0.0080)
Observations 54,110 54,110 54,110 54,110
Adj R-sq 0.98 0.95 0.99 0.98

Figure 8 presents the pre-intervention parallel trends for the household data used in the difference-in-

differences (DiD) regression. The graphs display trends in the total household count, household distribution
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by age group, and key economic indicators such as mean income, mean wealth, and mean home value. The

consistency of these trends before the intervention supports the validity of the DiD approach.

Table 3: Regression Results: Household Property Value and Wealth

Absolute measure (‘000) Log measure
Income Home value Wealth Income Home value Wealth

Coef. -0.60 -10.35%  -16.32%  -0.0153  -0.0423***  -0.0104*
(0.80) (5.67) (8.99) (0.0107)  (0.0162)  (0.0060)

Observations 54,110 54,110 54,110 54,110 46,227 54,110

Adj R-sq 0.96 0.92 0.98 0.96 0.89 0.97

5.2 Firm Performance

The 2018 wildfire smoke also had significant adverse effects on firms. Total employment, total sales, and the
number of operating firms declined by 2.9%, 4.3%, and 6.8%, respectively. Smaller firms, defined as those
with fewer than 9 employees or less than USD 10 million in revenue, were disproportionately affected.
Table 4 presents the regression results for firm employment and sales. The coefficient of interest, s,
indicates significant declines in total employment and sales, as well as the count of operating firms. Table 5
and Table 6 further disaggregate these results by firm size and sector, respectively. Smaller firms and sectors

such as education, finance, and retail experienced the largest declines.

Table 4: Regression Results: Firm Employment and Sales

Log Employment Log Sales Count of Firms
Total Mean Total Mean
Coef -0.0287***  0.0023  -0.0428*%**  _0.0165 -0.0683***
(0.0090) (0.0075) (0.0129) (0.0116) (0.0062)
Observations 16,038 16,038 16,038 16,038 16,038
Adjusted R-squared 0.98 0.91 0.96 0.88 0.98

Table 5: Regression Results: Firm Performance by Size

Firm Size Coeflicient
Small (less than 9 employees) -0.0944%%*
Medium (9-50 employees) -0.0507#%*

Large (more than 50 employees) -0.0165
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Table 6: Regression Results: Firm Performance by Sector

Sector Coef \ \ Sector Coef
Accommodation/Food  -0.0208** Manufacturing ~ -0.0037
Construction -0.0399*** Other Services -0.0098
Education -0.0693*** Prof/Sci/Tech  -0.0763***
Finance -0.0692*** Real Estate -0.0290**
Health 0.0166 Retail -0.0366%**
Management/Admin  -0.0944*** Wholesale -0.0507#**

5.3 Household side Residential Sorting Model Estimation Details

The model is estimated using data from San Joaquin County for the years 2016 and 2019. Property types
are defined at the census tract level, resulting in 115 distinct property types. The dataset includes over
500,000 households, with demographic characteristics such as age groups (4 categories) and the presence of
children (2 categories). Smoke exposure is measured using mean PM; 5 values. The estimation involves 75

taste parameters and 7,580 mean utilities.

5.4 Household side Residential Sorting Mode Results

The results of the residential sorting model are presented in Table 7, which shows the mean marginal
willingness to pay (MWTP) to avoid smoke exposure. The mean MWTP is estimated to be —2.8%, indicating
that households are willing to pay 2.8% of their property value to avoid an increase of 1 microgram per cubic
meter (ug/m3) of PMys. This translates to approximately $7,000 for the average property. There is
significant heterogeneity across demographic groups, with MWTP ranging from —11% for households with

seniors to 3% for younger households.

Table 7: Model Results: Mean MWTP (Log Price)

All By Age By Children
All  -0.0282 | Less than 35 0.031 | 0 -0.017
35 to 50 -0.006 | 1 -0.056
50 to 65 -0.029
More than 65 -0.116

The results highlight the varying sensitivity of households to smoke exposure. Older households and those
with children are more likely to pay a premium to avoid smoke, while younger households are less affected.
These findings underscore the importance of considering demographic heterogeneity in policy design and

welfare analysis.
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6 Firm Sorting Model

6.1 Why Focus on Firms?

Wildfires and their smoke significantly impact firms’ performance, both directly and indirectly. Direct
impacts include infrastructure damage, utility interruptions, hindered operations, and higher insurance pre-
miums. Indirectly, firms face revenue losses, reduced employee availability, and lower productivity due to the
effects of smoke and wildfires on households. However, much of the existing literature focuses on the ”wild-
fire” itself—the immediate destruction—rather than the ”smoke,” which represents the lingering, pervasive,
and often overlooked consequences. This study shifts the focus to the smoke, examining how its indirect

effects ripple through households and firms, shaping long-term economic and social outcomes.

6.2 Model Framework

We develop a firm sorting model to analyze how smoke-induced household migration affects firms’ location
decisions and performance. Each firm, denoted by f, chooses to locate at location j in time period ¢ or not

operate at all. The profit function for firm f is specified as:

max wl =Y "alCoj+> alCuj+> alCui+alpj Ay + arLy + & + &, (7)
O u S

The profit depends on several observed and unobserved components. The observed components include
Coj+, which represents the count of households with observed demographics o within a radius d miles of
location j at time t; Cj:, the count of firms in sector s within a radius d miles of location j at time t; pj,
the price per square foot of location j at time ¢; Lj;, the labor availability at location j and time ¢; and Ay,
the square footage area required by firm f. The unobserved components include C,;¢+, which captures the
count of households with unobserved demographics u within a radius d miles of location j at time ¢; £, the

=f

unobserved desirability of location j at time ¢; and €j¢, an idiosyncratic profit shock for firm f at time ¢.

6.3 Heterogeneity in Preferences

Firms’ preferences for location characteristics are allowed to vary with their own characteristics, denoted by

th . The preference parameters @/ for each observed demographic group o are modeled as:

K
al = oo+ Y Gro, (8)
k=1

Here, ag, represents the mean preference for demographic group o, while ay, captures the heterogeneity
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in preferences based on firm characteristics th. For example, firms in the retail sector may place a higher
value on locations with a high density of households. The profit function can then be decomposed into mean

profit (6;;) and deviations from the mean profit (j\ft):

= &+ 5\;; + Eé‘ft (9)

mean profit  deviation from mean profit

The idiosyncratic profit shocks, &l are assumed to be independently and identically distributed (iid)

Jt?

and drawn from a Type 1 Extreme Value (T1EV) distribution.

6.4 Econometric Implementation

The econometric implementation of the model combines Equations (8) and (9) to estimate the parameters

of interest. The probability that firm f chooses location j at time t is given by:

f_ exp (Sjt + 5\;;)
" > exp (dke + th)

The likelihood function for the model is constructed as:

(10)

L= ZZZ(IfIn ) (11)

Estimation proceeds in two steps. In the first step, maximum likelihood estimation (MLE) and contraction
mapping are used to estimate the heterogeneous parameters in 5\; and the mean indirect profits (5jt). In

the second step, the mean indirect profits are regressed on the observed characteristics of the locations:

85t = 000Cojt + QouCujt + G0sClji + Qophjt + dorLje + &t (12)
This step estimates the mean preference parameters (ag;) while addressing endogeneity concerns through
location-fixed effects and instrumental variables (IVs).
6.5 Estimation

6.5.1 Two Approaches to Estimation

The model can be estimated in two ways. The first approach involves solving the household and firm sorting
markets separately, as described in the previous sections. The second approach involves solving the household

and firm sorting markets jointly, which allows us to account for the interdependence between household and
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firm location decisions.

6.5.2 Joint Estimation of Household and Firm Sorting

In the joint estimation approach, the likelihood function combines the probabilities of household and firm

choices:

L:%:(Z:%:(Ihtln Pht>+ZZ(Ifln )) (13)

Here, P}, and ijt are the probabilities of household ¢ choosing housing type h and firm f choosing

location j, respectively. These probabilities are defined as:

€Xp (5ht + )‘Zt)
D) €Xp (5kt + /\}:ct)

Piit = (14)
exp (Sjt + 5\;;)
D) €XDP (gkt + j‘lﬁt)

The joint likelihood function captures the interdependence between household and firm decisions, allowing

Pl = (15)

us to estimate the parameters of both models simultaneously.

6.5.3 Challenges in Joint Estimation

A key challenge in joint estimation is the potential correlation between household preferences (o) and firm
preferences (af). For example, young households may prefer to live near cafes, while cafes may prefer to
locate in areas with a high density of young households. This interdependence creates endogeneity, as the

location decisions of households and firms are mutually reinforcing.

6.5.4 Potential Solution: Joint Distribution

To address this challenge, we model the joint distribution of household and firm preference parameters.

Specifically, we assume that the preference parameters o’ and o follow a bivariate normal distribution:

.

Qg Ooo Oos
) NN((L ) (16)
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Here, 0,, and o, are the variances of oz{ and o', respectively, and o, is the covariance between the
two. By estimating the joint distribution, we can account for the interdependence between household and

firm preferences, addressing the endogeneity issue.
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6.5.5 Advantages of Joint Estimation

The joint estimation approach provides several advantages. First, it allows us to capture the feedback loop
between household and firm location decisions, providing a more accurate representation of the sorting
process. Second, it enables us to estimate the covariance between household and firm preferences, which can
shed light on the mechanisms driving location choices. Finally, it improves the efficiency of the estimates by

leveraging the interdependence between the two markets.

7 Conclusions

Wildfires in the U.S., particularly in California, are becoming more frequent and severe, with significant
social and economic consequences. While much of the existing literature focuses on the direct impacts of
wildfires, such as property damage and health effects, this study shifts the focus to the indirect effects
of wildfire smoke on household migration and firm performance. Using detailed data on smoke exposure,
household demographics, and firm-level outcomes, we analyze how smoke influences location decisions and
economic activity.

Our findings highlight the importance of considering both households and firms when assessing the
impacts of wildfire smoke. Households, particularly older adults and families with children are highly sensitive
to smoke exposure, leading to significant migration patterns and changes in property values. On the firm
side, smoke exposure reduces employment, sales, and the number of operating businesses, with small firms
being the most vulnerable. These results underscore the pervasive and interconnected nature of wildfire
smoke’s economic impacts.

A key contribution of this study is the development of a firm sorting model, which complements our
residential sorting model for households. By examining how smoke-induced household migration affects firm
location and performance, we provide a more comprehensive understanding of the feedback loop between
households and firms. The joint estimation of these models allows us to address endogeneity concerns and
capture the interdependence between household and firm decisions.

In conclusion, this study demonstrates that wildfire smoke has far-reaching consequences beyond the
immediate destruction caused by fires. By focusing on the indirect effects of smoke, we provide new insights
into the long-term economic and social costs of wildfires. These findings emphasize the need for policies that
address both the direct and indirect impacts of wildfires, particularly for vulnerable populations and small

businesses.
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A Appendix Figures

A.1 Wildfire Trends

Number of California Fires and Megafires:

1990-2021
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Figure 3: Count of California fires and megafires in the last three decades

Source: Wang (2024)
Note: The original data source is CAL FIRE. The graph shows an increase in the instances of both fires and mega-fires in

California since 1990.
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Figure 4: Average annual smoke by quintile of overall distribution

Source: Knittel and Krebs (2024)
Note: Annual average wildfire smoke PMs 5 concentration in pg/m? for five quintiles of the 2006-2019 average smoke concen-
tration.
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A.2 Spatial Distribution
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(6834,24385]
(3635,6620]
(2390,3629]

(1524,2389]
[152,1523]

I (49,55]
(47,49]
(46,47]

(0.92,1.00]
(0.75,0.92]
(0.58,0.75]

(0.37,0.58]
[0.00,0.37)

(0.31,0.45]
(027,0.31]
(0.23,0.27)

(0.18,0.23]
[0.01,0.18]

Figure 5: Tract level household attributes in 2017

Note: The set of maps shows tract-level household attributes for 2017. The top two maps depict the total household count per
tract and the average age of residents. The mean age tends to be lower in and around urban areas. The bottom two maps show
the percentage of households with children and the percentage of owner-occupied households.

Source of the data is DataAxle Consumer Data
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A. Total Count of Firms B. Mean Count of Employees in the Firm:
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Figure 6: Tract level firm attributes in 2017

Note: The set of maps shows tract-level firm attributes for 2017. The top two maps depict the total number of firms per
tract and the average number of employees per firm, which measures firm size. Most tracts are dominated by smaller firms,
with an average of fewer than 28 employees. The bottom two maps compare firm counts in the education and manufacturing
sectors. While the median and mean firm counts for these sectors are similar, the education sector is more evenly distributed,
as indicated by consistent shades of green. In contrast, manufacturing firms are more clustered, with tracts exhibiting a mix of
light and very dark green shades.

Source of the data is DataAxle Firm Data
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A.3 Data Reliability
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Figure 7: Count of stores from Data Axle and County Business Patterns (CBP) in 2019.

Source: Cao et al. (2024)

Note: To assess the reliability of the DataAxle firm data, Cao et al. (2024) compare county-level store counts derived from Data
Axle for NAICS code 452 with the corresponding store counts from the U.S. Census Bureau’s County Business Patterns (CBP)
data. The results show that the county-level store counts from Data Axle are highly consistent with those from the CBP.
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A.4 Parallel Trends
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Figure 8: Pre-intervention parallel trends for the DiD regression using household data

Note: This set of graphs illustrates the pre-intervention parallel trends for the household data. It includes the total count of
households, the count of households by attributes such as age group, and other census tract-level variables. These variables
include mean income, mean wealth, and mean home value.
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