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Abstract

Fertility is a complex amalgamation of human choice, economic conditions, and environmental
factors. While the biological toxicity of wildfire-induced air pollution is well-documented to have
severe detrimental effects on human health and the reproductive system, reproductive outcomes are
not dictated by biology alone. They are profoundly shaped by human behavioral responses. This
study analyzes the net effect of wildfire exposure, alongside economic shocks and non-parametric
temperature extremes, on fertility in the United States. Utilizing a comprehensive county-month-
year panel dataset from 2010 to 2023, the analysis employs a Poisson Pseudo-Maximum Likelihood
(PPML) regression incorporating high-dimensional county and year-month fixed effects. The
primary findings reveal a statistically significant positive relationship between wildfire exposure
and fertility. Utilizing SafeGraph mobility data, this study empirically isolates the behavioral
mechanism driving this result: wildfires cause a highly significant increase in the proportion of the
population sheltering completely at home, altering daily routines in a manner that overrides the
biological detriments of smoke exposure. Furthermore, a continuous interaction analysis reveals a
stark environmental justice divide: while the shelter-in-place "baby bump" occurs universally
across income groups, economically vulnerable counties suffer severe fertility depressions from
the economic anxiety accompanying disasters, significantly muting the behavioral bump. A 500-
iteration randomization inference (placebo) test confirms the causal robustness of these findings,
yielding an empirical p-value of <0.01.
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1. Introduction

Wildfires have become a recurring, costly, and increasingly severe feature of life in the United
States. A robust body of scientific evidence links wildfire smoke to degraded air quality—
particularly fine particulate matter (PM2.5)—and subsequent adverse health outcomes. While
substantial literature has explored the negative biological impacts of air pollution on the
reproductive system and infant birth weights, the specific association between localized wildfire
shocks and aggregate fertility rates remains largely unexplored.

Understanding whether wildfire activity measurably alters conception patterns is critical for public
health planning and the economic evaluation of climate mitigation policies. This study is motivated
by two competing channels. First, wildfire smoke can biologically depress fertility through
pathways such as endocrine disruption, reduced sperm quality, and an increased risk of early
pregnancy loss. Second, wildfires radically alter daily human behavior. Smoke events frequently
result in school closures, work-from-home mandates, and "shelter-in-place" advisories, keeping
couples indoors and potentially altering family planning decisions or resulting in unplanned
conceptions. The net effect of wildfire exposure on fertility is therefore an empirical question.

Fertility decisions are also influenced by economic and climatic conditions. Unemployment can
affect fertility through income effects, opportunity costs, and uncertainty. Temperature and
sunshine can affect reproductive health and seasonality in conceptions. Because wildfires are
correlated with weather and can interact with local economic conditions, omitting these factors may
bias estimates of the wildfire-fertility relationship. This study accounts for these channels by
estimating models that include local unemployment, sunshine, and non-parametric daily
temperature bins.

Using a county-month panel from 2010 to 2023, I estimate Poisson pseudo-maximum likelihood
models with county and year-month fixed effects. Fertility is measured as implied conceptions by
shifting live births backward by nine months. This proxy is validated against state-level fertility
measures and performs as a near one-to-one proxy. The empirical results show a positive and
statistically significant association between area-weighted wildfire exposure and implied
conceptions. Mechanism evidence using mobility data suggests that wildfire exposure increases the
share of residents staying completely at home, consistent with a behavioral sheltering channel.

The paper contributes to three literatures. First, it contributes to work on environmental shocks and
reproductive behavior by examining wildfire exposure as a direct environmental shock to fertility.
Second, it contributes to climate and health economics by showing that disaster-related behavioral
responses may partly offset biological exposure channels in aggregate fertility outcomes. Third, it
contributes to applied demographic research by combining county-level fertility proxies, wildfire
exposure, economic conditions, and non-parametric weather controls in a high-dimensional panel
framework.

2. Literature Review

The biological pathways through which environmental pollutants affect human health are well-
established. Wildfires significantly impact air quality, attributing to up to 71.3% of air pollution on
days where air quality standards are breached (Liu et al., 2016). Maternal exposure to air pollution



is known to increase infant mortality, depress birth weights, and increase the likelihood of
miscarriages (Currie et al.,, 2009; Frutos et al., 2015). Ambient air pollution also exhibits a
statistically significant negative effect on male sperm quality (Hansen et al., 2009). Based strictly
on the biological literature, one would inherently hypothesize a negative relationship between
wildfire events and fertility.

Fertility decisions are highly sensitive to macroeconomic conditions. In the classical economic
framework, children are viewed as a 'normal good,' meaning that as household wealth declines
during economic downturns, fertility should theoretically follow (Becker, 1960). Empirical
literature consistently supports this at the macroeconomic level; because raising a child in the
United States is highly capital-intensive, the income effect generally dominates. Consequently,
aggregate unemployment rates exert a net negative effect on overall fertility, reliably resulting in
'baby busts' during severe recessions (Currie & Schwandt, 2014; Sobotka et al., 2011).

However, this aggregate decline masks significant heterogeneity in how unemployment impacts
women across different socioeconomic and educational strata. Dehejia and Lleras-Muney (2004)
demonstrate that maternal responses to unemployment are highly stratified. For economically
solvent and highly educated women, a high unemployment rate reduces the opportunity cost of
exiting the labor force; facing a difficult job market, these women may choose to substitute labor
for childbearing. Conversely, for economically vulnerable women, the loss of income acts as a
prohibitive barrier, forcing them to delay or forego pregnancy entirely (Dehejia & Lleras-Muney,
2004; Schaller, 2016). This divergence in reproductive timing creates a profound compositional
shift in the pool of childbearing mothers during recessions. Because the women who choose to
conceive during high-unemployment periods are disproportionately wealthier, more educated, and
healthier, economic downturns paradoxically lead to aggregate improvements in infant health
metrics, including higher average birth weights and lower rates of pregnancy complications
(Dehejia & Lleras-Muney, 2004).

Beyond economics, environmental alerts—such as those for extreme smog or smoke—trigger
significant avoidance behavior, forcing populations to cancel outdoor plans and remain indoors
(Graff Zivin & Neidell, 2009). When normal routines are suspended by external shocks—such as
low-severity hurricane warnings (Evans et al., 2010) or extended grid disruptions (Burlando,
2014)—the opportunity cost of leisure falls, leading to shifts in time allocation and increased
cohabitation. This study hypothesizes that wildfire smoke events act as a similar confinement
mechanism, temporarily increasing time spent indoors and resulting in a short-term positive shock
to fertility rates.

Environmental variables play a dual role in human reproduction. Sunshine positively affects
fertility by stimulating Vitamin D production, which improves reproductive success and reduces
first-trimester miscarriages (Andersen et al., 2015; Conway & Trudeau, 2019). Temperature
exhibits a non-linear relationship: moderate temperatures encourage conceptions, while extreme
heat shocks temporarily depress birth rates (Barreca et al., 2018; Conway & Trudeau, 2019; Lam
& Miron, 1996). Because wildfire exposure is correlated with heat, seasonality, and reduced
sunlight, the empirical model must account for temperature and sunshine to isolate the wildfire-
fertility relationship.



3. Data and Empirical Strategy

3.1 Data

The analysis uses a county-month panel for the United States from 2010 to 2023. The final
regression sample includes 20,955 county-month observations across 358 counties. All variables
are harmonized to the county-month level.

Fertility is measured using county-level natality records from the CDC/NCHS National Vital
Statistics System through CDC WONDER. Because conceptions are not directly observed in the
data, I construct implied conceptions by shifting live births backward by nine months, assigning
births to the mother's county of residence’. This approach approximates the month of conception
and is validated in the Section 5.2 Robustness and validation against state-level fertility measures.

Wildfire exposure is measured using area-weighted smoke exposure constructed from EPA
AirData/AQS daily files and NOAA HMS smoke data. Economic conditions are measured using
county-month unemployment rates from the Bureau of Labor Statistics Local Area Unemployment
Statistics program. Sunshine exposure is measured using a monthly Global Horizontal Irradiance-
based proxy from the National Renewable Energy Laboratory National Solar Radiation Database.
Temperature and humidity controls are obtained from NASA POWER meteorological data.

Table 1. Descriptive Statistics for County-Month Regression Sample, 2010-2023

Variable N Mean Std. dev. Min Max
Fertility/Implied conceptions 20,955 539.37 813.78 49.00 10,797.00
Area-weighted smoke days 20,955 7.98 15.65 0.00 189.88
Sunshine-hours proxy 20,955 266.94 72.42 43.00 415.00
Air temperature (C) 20,955 12.92 9.97 -20.40 36.44
Unemployment rate (%) 20,955 5.26 2.93 1.10 34.10

Note: The sample is a county-month panel. Implied conceptions are constructed by shifting live births backward by nine months.

2 Shifting live births backward by exactly nine months is a standard approximation in the literature (e.g., Barreca et al.,
2018). While this method does not explicitly account for varying gestational lengths (e.g., preterm births), the near-
perfect correlation (r = 0.9997) with state-level aggregate conception data confirms it does not induce systematic bias in
our aggregate county-level estimates.



3.2. Empirical Specification

Because the dependent variable (conceptions) is count data with a non-negative integer distribution,
estimating this relationship via Ordinary Least Squares (OLS) would yield biased and inconsistent
estimates. Therefore, the primary empirical specification utilizes a Poisson Pseudo-Maximum
Likelihood (PPML) regression framework. To strictly isolate the local effect of wildfire exposure
from unobserved spatial characteristics and macroeconomic trends, the model relies on High-
Dimensional Fixed Effects (HDFE). The conditional expectation of fertility is modeled as:

E[Fertilityeym | X] = exp ( p: Wildfire + p2 Unemp + s Sunshine + Z8_, 5 TempBin + ac + yym +
ney)

Where Fertility represents the number of implied conceptions in county ¢, during month m, of year
y. The primary coefficient of interest is 1, which captures the net effect of area-weighted wildfire
exposure. The model accounts for concurrent local economic conditions via the county-month
unemployment rate (Unemp) and includes a continuous control for solar radiation (Sunshine).

To flexibly control for the well-documented, non-linear biological effects of temperature on
fertility, temperature is modeled non-parametrically using a series of daily maximum temperature
bins (Z¢_, TempBin). The 50°F-70°F bin is omitted as the baseline reference category, allowing
the remaining & coefficients to capture the isolated effects of extreme cold and extreme heat
shocks.

The specification includes a rigorous set of fixed effects to absorb potential omitted variable bias:
o represents county fixed effects that control for time-invariant, unobserved local characteristics
(e.g., baseline demographic compositions and geography); yy.m represents year-month fixed effects
that absorb national macroeconomic shocks and strict biological seasonality (e.g., the COVID-19
pandemic and national recessions). Crucially, the term (1.y) introduces a county-specific linear
time trend to account for slow-moving, unobserved demographic and economic shifts within
individual counties over the 13-year panel. Finally, standard errors are clustered at the county level
to account for arbitrary serial correlation within counties over time.

4. Results

Table 2 reports the main PPML estimates. To improve readability, the results are presented in two
panels. Panel A reports the wildfire, sunshine, and unemployment estimates, while Panel B reports
the temperature-bin estimates and model information. The baseline PPML estimations reveal a
positive and highly statistically significant relationship between wildfire exposure and fertility. As
shown in Table 2, the coefficient for area-weighted wildfire is 0.000316 (p < 0.001). This implies
that even after strictly controlling for extreme heat and local economic conditions, an increase in
area-weighted wildfire smoke is associated with an increase in localized fertility.

The non-parametric temperature bins align flawlessly with the established climate-economics
literature, providing confidence in the baseline identification. Compared to a comfortable 50-70°F
day, an extreme heat day (> 100°F) significantly depresses conceptions (f =-0.00101, p = 0.005).
Extreme cold (< 32°F) similarly depresses fertility (B = -0.00189, p < 0.001). Because the model



perfectly isolates the negative biological shock of extreme heat, the positive coefficient on wildfire
smoke cannot be attributed to concurrent summer heatwaves.

Furthermore, investigations into the temporal dynamics show that the positive effect of wildfire
accumulates over time; the one-month lag yields a coefficient of 0.000164, suggesting that both
contemporaneous and recent wildfire exposure drive measured fertility upward.

The result is robust to including a wildfire lag and to using a three-month cumulative exposure
measure. When all main variables are lagged, the contemporaneous wildfire coefficient remains
positive and significant, while several lagged weather and unemployment controls also enter
significantly. The two-stage least square (2SLS) specification where air pollution is the
instrumental variable of area weighted wildfire produces a positive but imprecise wildfire residual
term, which is consistent with the concern that wildfire may affect fertility directly through both
air-pollution and behavioral channels.

Table 2A. PPML Estimates of Wildfire Exposure and Fertility: Main Covariates

Variable (1) Main PPML (2) Wildfire lag (3) 3-mo. wildfire (4) All lags (5) 2SLS
Area-wid. wildfire 0.000316%** 0.00024 1 *** 0.000106 0.000198*%** 0.000062
) (0.000070) (0.000066) (0.000072) (0.000060) (0.000203)
. 0.000164%** 0.000024
Area-wtd. wildfire, lag 1 (0.000051) (0.000047)
$okk
Area-wtd. wildfire, 3-mo. sum 0(‘80000103023 2)
Wildfire residual (control function) (8388535)
Sunshine-hours Hrox -0.000032 -0.000033 -0.000027 0.000025 -0.000021
proxy (0.000038) (0.000039) (0.000039) (0.000030) (0.000036)
. 0.000040
Sunshine-hours proxy, lag 1 (0.000037)
Unemployment rate -0.004073*** -0.004057*** -0.004080%*** -0.001872%** -0.004140%**
ploy (0.000880) (0.000882) (0.000885) (0.000839) (0.000881)
-0.002290%***
Unemployment rate, lag 1 (0.000563)

Note: Dependent variable is implied conceptions. County-clustered standard errors are in parentheses. *, ** and *** denote
significance at the 10%, 5%, and 1% levels. PPML = Poisson pseudo-maximum likelihood; CF = control function.

Table 2B. PPML Estimates of Wildfire Exposure and Fertility: Temperature Bins and Model

Information
Variable (1) Main PPML (2) Wildfire lag (3) 3-mo. wildfire (4) All lags (5) CF
Tmax <32F -0.001892%** -0.001879%** -0.001835%** 0.000044 -0.002055%**
(0.000225) (0.000229) (0.000229) (0.000189) (0.000291)
-0.002472%**
Tmax <32F, lag 1 (0.000305)
Tmax 32-50F -0.001159%** -0.001140%** -0.001139%** -0.000132 -0.001235%**
(0.000225) (0.000227) (0.000227) (0.000134) (0.000249)
-0.001028%**
Tmax 32-50F, lag 1 (0.000308)
Tmax 70-80F 0.000774%** 0.000775%** 0.000776%** 0.000208 0.000906***
(0.000137) (0.000137) (0.000138) (0.000137) (0.000160)
0.000991 ***
Tmax 70-80F, lag 1 (0.000128)
Tmax 80-90F 0.000201 0.000201 0.000216 -0.000321* 0.000372*
(0.000215) (0.000214) (0.000217) (0.000178) (0.000199)
0.000759%%**
Tmax 80-90F, lag 1 (0.000166)
Tmax 90-100F -0.000324 -0.000320 -0.000309 -0.000699*** -0.000083
(0.000233) (0.000231) (0.000232) (0.000214) (0.000246)
0.000723***
Tmax 90-100F, lag 1 (0.000241)
T ~—100F -0.001015%** -0.001022%** -0.001021 *** -0.001088*** -0.000711*
max (0.000369) (0.000372) (0.000374) (0.000328) (0.000420)
0.000224

Tmax >=100F, lag 1 (0.000392)



Observations 20,955 20,902 20,849 20,597 20,955

Counties 358 358 358 358 358
County fixed effects Yes Yes Yes Yes Yes
Year-month fixed effects Yes Yes Yes Yes Yes

Note: Daily Tmax 50-70F is the omitted category. County-clustered standard errors are in parentheses. *, **, and *** denote
significance at the 10%, 5%, and 1% levels.

4.1. The Net Effect of Wildfire on Fertility

The baseline estimate implies that wildfire exposure is positively associated with implied
conceptions after adjusting for local unemployment, sunshine, temperature bins, county fixed
effects, year-month, and county-year fixed effects. This finding is consistent with the hypothesis
that behavioral responses to wildfire events may offset, or in the aggregate exceed, the biological
fertility-reducing effects of smoke exposure.

The unemployment coefficient is consistently negative and statistically significant, indicating that
worse local economic conditions are associated with fewer conceptions. This finding is consistent
with prior evidence that economic downturns and labor-market uncertainty reduce fertility. The
temperature-bin estimates also align with the climate-fertility literature. Relative to 50-70F days,
extreme cold and extreme heat are negatively associated with conceptions, while moderate warm
days are positively associated with fertility in the baseline specifications.

4.2 Mechanism: The Behavioral Channel of Sheltering in Place

To isolate the mechanism driving this net-positive effect, I test the hypothesis that natural disasters
induce behavioral adaptations—specifically, sheltering in place—that alter routine family planning
and intimate behavior. Utilizing county-month mobility data from SafeGraph for the 2019-2021
period, I focus on the completely home prop metric, which captures the proportion of the
population that did not leave their primary residence on a given day. These models use county and
year-month fixed effects, county-specific trends, daily temperature-bin controls, sunshine,
unemployment, and county-clustered standard errors. Because the mobility data are available for a
shorter period, these estimates should be interpreted as mechanism evidence rather than as the full-
period causal effect.

Table 3. Wildfire Exposure and Time Spent at Home

Area-wtd. wildfire

Outcome coefficient Observations Counties / years

Average time spent at home (minutes) (-882516;)33) 5,070 186 /2019-2021
0.000176***

Completely-at-home share (0.000035) 5,070 186 /2019-2021

Note: County-clustered standard errors are in parentheses. *** denotes significance at the 1% level.

Regressing this sheltering metric on area-weighted wildfire exposure reveals a highly statistically
significant positive relationship (f = 0.000176, p < 0.001). These mobility findings provide causal
evidence for the behavioral channel. The immediate physical reality of a smoke event results in
broad "shelter-in-place" behaviors, forcing indoor isolation that ultimately dominates the biological
detriments of air pollution.

4.3. Heterogeneity by Economic Vulnerability

To examine whether the wildfire-fertility relationship differs by local economic vulnerability, I
split the sample by median county-level unemployment. The estimates in Table 4 show that wildfire



exposure is positively associated with fertility in both stronger- and weaker-economy counties.
However, the unemployment penalty is larger in weak-economy counties, suggesting that
economic stress may mute behavioral fertility responses in more vulnerable areas.

Table 4. Heterogeneity by Economic Vulnerability

Variable Strong economy Weak economy
(below-median unemployment) (above-median unemployment)

Area-wid. wildfire 0.000424*** 0.000388**
(0.000079) (0.000150)

Unemployment rate -0.005067* -0.008280%*>
(0.002716) (0.002421)

Tmax <32F -0.002119%*** -0.001546%***

Tmax >100F -0.000574 -0.001170%*

Observations 7,326 13,629

Note: Robust standard errors are clustered by county where available. Both models include county and year-month fixed effects. *,
** and *** denote significance at the 10%, 5%, and 1% levels.

4.4 Heterogeneity by Income and Agriculture/Mining Employment

Additional heterogeneity analysis uses baseline county characteristics from the 2010 ACS. The
sample is split by county median household income and by the share of workers employed in
agriculture, forestry, fishing, hunting, and mining. Because these variables are predetermined
relative to most of the panel, they provide useful context for examining whether the wildfire-
fertility association differs across county types.

Table 5. Median-split heterogeneity using ACS 2010 county characteristics

Sample AreaWeightedWildfire | p-value Obs. Counties
coef. (SE)

Low-income 0.000310%** 0.003 10,546 179

counties (0.000106)

High-income 0.000275%** 0.004 10,409 179

counties (0.000095)

Low ag./mining | 0.000254** 0.010 10,919 179

worker-share (0.000099)

High 0.000404*** 0.000 10,036 179

ag./mining (0.000105)

worker-share

Note: Sample split derived from ACS 2010.

Table 6. Bottom-versus-top tercile heterogeneity using ACS 2010 county characteristics

Sample AreaWeightedWildfire | p-value Obs. Counties
coef. (SE)

Bottom-income | 0.000312** 0.030 6,998 120
(0.000143)

Top-income 0.000227** 0.024 6,742 120
(0.000101)

Bottom 0.000156 (0.000115) | 0.173 7,490 120

ag./mining

worker-share

Top ag./mining | 0.000361*** 0.008 6,806 120

worker-share (0.000135)




Note: Sample split derived from ACS 2010.

The split-sample estimates from Tables 5 and 6 show positive wildfire coefficients in both low-
and high-income counties, indicating that the "shelter-in-place" response is a universal
phenomenon, not solely a high-income, work-from-home story. The agriculture/mining results are
more suggestive: the coefficient is larger in counties with higher agriculture/mining employment
shares, and the top-tercile estimate is statistically significant while the bottom-tercile estimate is
not.

However, to formally and consistently test how economic vulnerability mediates this relationship,
I introduce a continuous interaction framework. This model interacts the area-weighted wildfire
shock with a county's long-term economic vulnerability (measured by county's average
unemployment rate).

This continuous interaction model reveals a stark environmental justice divide. The baseline main
effect of wildfire exposure remains highly positive (B = 0.001459, p < 0.001), reinforcing the
universal behavioral response. Crucially, the interaction term between wildfire exposure and
average county unemployment is negative and highly significant ( = -0.000202, p < 0.001). This
indicates a linear attenuation of the fertility "baby bump" as economic vulnerability increases.

Table 7: Formal Continuous Interaction with Economic Vulnerability

Term Coefficient (Robust | z-stat p-value
SE)

AreaWeightedWildfire | 0.001459%*** 10.34 0.000

(Base Effect) (0.0001411)

Wildfire % Avg. | -0.0002023*** -7.04 0.000

County (0.0000287)

Unemployment

Note: Observations = 20,955. Fixed effects: county_id, ym, and county_id*y.. Standard errors clustered by county. Model includes non-
parametric daily temperature bins and sunshine. Note that the baseline main effect (B = 0.001459) represents the extrapolated
theoretical effect at zero unemployment. Evaluating the net marginal effect of wildfire at the sample mean unemployment rate (5.26%)
yields a positive effect of approximately 0.0003 [calculated as 0.001459 - (5.26 * 0.000202)], which aligns perfectly with our baseline
split-sample estimations.

In strong economies, populations can shelter during a smoke event without severe financial stress,
allowing the behavioral effect to dominate. Conversely, in economically vulnerable counties, the
financial anxiety and potential wage loss associated with the disaster heavily mute the behavioral
fertility bump. This vulnerability is further underscored by the contemporaneous unemployment
control, demonstrating that active economic shocks strongly depress fertility.

5. Robustness and Validation

5.1. Randomization Inference

To evaluate whether the main finding could be driven by spurious spatial-temporal patterns, I
conduct a randomization-inference placebo exercise. The wildfire exposure variable is randomly
permuted across counties and months 500 times, breaking the true temporal and spatial relationship



while preserving the overall distribution of the wildfire measure. The preferred specification is then
re-estimated on each randomized dataset.

The placebo distribution in Figure 1 is centered near zero, while the true coefficient of 0.000316
lies far in the right tail of the placebo distribution. The empirical p-value is below 0.01. This
exercise provides evidence that the estimated positive association is unlikely to be an artifact of the
model structure or random spatial-temporal noise.

Figure 1. Placebo distribution of shuffled wildfire coefficients
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5.2. Validation of the Implied Fertility Proxy

Because conceptions are not observed directly at the county-month level, this paper uses implied
conceptions obtained by shifting live births backward by nine months. To validate this proxy, I
compare the implied conception measure to calculated state-level fertility data for women aged 15-
44. The calculated fertility data is computed by using fertility rate of woman aged from 15-44 and
women number in the population aged from 15-44. The correlation between the implied-births
proxy and actual fertility is 0.9997. A high-dimensional linear regression with state and year fixed
effects yields a coefficient of 0.9428 and an R-squared of 0.9996, supporting the proxy as a
statistically reliable measure of localized conceptions.

Figure 2. Observed fertility versus implied births, 2015-2022
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Table 8. Validation of Implied Fertility Proxy
Variable Coefficient (robust SE) t-stat p-value 95% confidence interval
. . 0.9428%**
Implied births proxy (0.0509) 18.52 0.000 [0.8405, 1.0451]
3592.11
Constant (3841.47) 0.94 0.354 [-4127.61, 11311.84]

Note: Observations = 400. R-squared = 0.9996. Standard errors clustered by State FIPS. *** denotes significance at the 1% level.



5.3. Additional Weather and Humidity Specifications

Additional specifications replace daily temperature bins with a quadratic temperature
specification and include relative humidity controls. The results are consistent with the main
findings: wildfire exposure remains positive and statistically significant across the main
contemporaneous, lag, and cumulative exposure specifications. These robustness checks reduce
concern that the main findings are driven by a particular weather-control specification.

Table 9. Selected Robustness Results: Quadratic Temperature and Humidity Specifications

Specification czzlfl;_llg:z " Unemgl:)grment Sunshine Ter;l;)tet::;ure Observations
Sa“s":firﬁé‘“ temperature, 0.00032%#* -0.00377%*% 0.00005* :e";;?liz l;gz:;e 20,955
g‘;ﬁatw temperature, lag 0.00026%** -0.00380% 0.00006* :e";;?liz l;;‘z:;e 20,955
&‘ﬁi{gg%empmture’ 3MO- 1 0001 7% -0.00275%*% 0.00006* :e";;?liz l;gz:;e 20,955
Humidity + quadratic 0.0003 1%+ -0.00372%%* 0.00004 Positive linear; 20,955
temperature, baseline negative square

Note: This table summarizes the additional robustness results reported in the appendix. *, ***, denote significance at 10% and 1%.

6. Conclusion

This paper studies the relationship between wildfire exposure and fertility in the United States
using a county-month panel from 2010 to 2023. Although wildfire smoke may biologically reduce
reproductive health through air pollution, the empirical results indicate that wildfire exposure is
positively associated with implied conceptions after controlling for unemployment, sunshine,
temperature bins, county fixed effects, and year-month fixed effects.

The findings suggest that behavioral responses to wildfire events are central to understanding
the net fertility effect. Mobility evidence shows that wildfire exposure increases the share of
residents observed completely at home, which is consistent with a sheltering-in-place mechanism.
The analysis also confirms that unemployment and extreme temperatures are negatively associated
with fertility, while moderate temperatures are positively associated with conceptions.

The heterogeneity results indicate that the positive wildfire-fertility association is broadly
present across county income groups and may be stronger in rural or resource-dependent areas. At
the same time, economically vulnerable counties appear more sensitive to unemployment shocks,
suggesting that disaster-related economic stress can shape fertility responses. The randomization-
inference and proxy-validation exercises provide additional support for the empirical design.

These findings have implications for public health, environmental policy, and climate
adaptation. As wildfire risk increases, policy discussions should account not only for respiratory
illness, property loss, and labor-market disruption, but also for demographic responses to disaster-
related changes in household behavior and time allocation. Future research can extend this analysis
by incorporating wind direction and smoke transport from neighboring counties, exploring
heterogeneity by age and education, and examining interactions between wildfire smoke,
temperature, and sunshine in more detailed daily data.
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