10

11

12

13

14

15

16

17

18

19

20

21

22
23
24

Spatial Heterogeneity of the Respiratory Health Impacts of Wildfire Smoke PM, 5 in

California
V. Do'*, C. Chen?*, T. Benmarhnia®?®, and J. A. Casey™*

'Department of Environmental Health Sciences, Columbia University Mailman School of Public
Health, New York, NY, USA 2Scripps Institution of Oceanography, UC San Diego, La Jolla,
CA, USA. ®Irset Institut de Recherche en Santé, Environnement et Travail, UMR-S 1085,
Inserm, University of Rennes, EHESP, Rennes, France. “Department of Epidemiology,
University of Washington, Seattle, WA, USA.

*Authors contributed equally to this manuscript.

Corresponding author: Chen Chen (chc048@ucsd.edu)

Author contribution:
Conceptualization: CC, TB, JAC
Methodology: CC, TB

Formal analysis: CC
Investigation: VD, CC, TB, JAC
Visualization: VD, CC, JAC
Supervision: TB, JAC
Writing—original draft: VD, CC

Writing—review & editing: VD, CC, TB, JAC

ORCID ID: VD (0000-0001-6127-4361); CC (0000-0002-0632-946X); TB (0000-0002-4018-
3089); JAC (0000-0002-9809-4695).


mailto:chc048@ucsd.edu

25

26
27

28
29

30
31

Key points

Statewide, exposure to wildfire PM, 5 is associated with increased odds of respiratory

acute care utilization in California.

The wildfire PM, s-health association varies spatially across air basins, counties, and ZIP

Code Tabulation Areas.

Areas with higher proportions of Black and Pacific Islander populations and less

affluence had worse wildfire PM, s-related outcomes.
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Abstract (word limit 250)

Wildfire smoke fine particles (PM. ) are a growing public health threat as wildfire events
become more common and intense under climate change, especially in the Western United
States. Studies assessing the association between wildfire PM, s exposure and health typically
summarize the effects over the study area. However, health responses to wildfire PM, s may vary
spatially. We evaluated spatially-varying respiratory acute care utilization risks associated with
short-term exposure to wildfire PM, s and explored community characteristics possibly driving
spatial heterogeneity. Using ensemble-modelled daily wildfire PM, s, we defined a wildfire
smoke day to have wildfire-specific PM. s concentration >15 pg/m®. We included daily
respiratory emergency department visits and unplanned hospitalizations in 1,396 California ZIP
Code Tabulation Areas (ZCTAs) and 15 census-derived community characteristics. Employing a
case-crossover design and conditional logistic regression, we observed increased odds of
respiratory acute care utilization on wildfire smoke days at the state level (odds ratio [OR] =
1.06, 95% confidence interval [Cl]: 1.05, 1.07). Across air basins, ORs ranged from 0.88 to 1.57,
with the highest effect estimate in San Diego. A within-community matching design and spatial
Bayesian hierarchical model also revealed spatial heterogeneity in ZCTA-level rate differences.
For example, communities with a higher percentage of non-Hispanic Black or Pacific Islander
residents had stronger wildfire PM;s-outcome relationships, while more air conditioning and tree
canopy attenuated associations. We found an important heterogeneity in wildfire smoke-related
health impacts across air basins, counties, and ZCTAs, and we identified characteristics of
vulnerable communities, providing evidence to guide policy development and resource

allocation.
Keywords:

Wildfire, smoke, acute care utilization, spatial heterogeneity, vulnerability, environmental justice



56

57
58
59
60
61
62
63
64
65
66
67
68
69
70
71

Plain language summary (word limit 200)

Wildfire smoke is a growing public health threat, one becoming more pressing as climate change
progresses. People are exposed to different levels of wildfire smoke. People also have different
abilities to protect themselves from smoke exposure based on their job, housing quality, or other
factors. In addition, people have different physiological responses to wildfire smoke. Therefore,
the relationship between wildfire smoke and health could vary across the state of California. We
conducted a study using modeled daily wildfire smoke fine particle concentrations and daily
respiratory acute care utilizations from 2006-2019 in California. We estimated area-specific
wildfire smoke and acute care utilization associations at state, air basin, county, and ZIP Code
Tabulation Areas levels. We found different associations across the state, with the strongest
association in San Diego air basin. San Francisco Bay air basin had the highest number of acute
care utilizations attributable to wildfire smoke due to their large population. We identified
several community characteristics that may have explained the observed spatial differences,
including higher proportions of Black and Pacific Islander populations and less community
affluence. Our findings support the allocation of scarce resources to areas and communities more

vulnerable to wildfire smoke to improve population health in a changing climate.



72

73
74
75
76
77
78
79
80
81
82
83
84
85
86
87

88
89
90
91
92
93
94
95
96
97
98
99
100
101
102

1 Introduction

Wildfire PM_ 5 is a growing threat to public health. Drier conditions and warmer
temperatures in the Western United States (US) contribute to wildfire events that are more
common, intense, and expansive in scope (Abatzoglou, 2013; Littell et al., 2009; Mueller et al.,
2020; Westerling et al., 2006). The resulting wildfire PM; s has increased overall trends in
ambient air pollution, counteracting policy efforts to improve air quality (Burke et al., 2023;
Ford et al., 2018). Wildfire PM, s can infiltrate the lungs and precipitate respiratory events
through inflammation and oxidative stress (Xing et al., 2016). In previous epidemiological
studies, exposure to wildfire smoke has been linked to a variety of adverse health effects,
particularly for respiratory conditions (Aguilera et al., 2020, 2021; Gould et al., 2024; Kondo et
al., 2019; Reid & Maestas, 2019). Recent toxicologic and epidemiologic studies found that
wildfire PM, s can have a higher adverse health impact on the pulmonary system than PM, s from
other sources (Aguilera et al., 2021; Kim et al., 2018; Wegesser et al., 2009), and disregarding
the differential dose-response of wildfire PM; s led to an underestimation of PM, s related health
burden (Darling et al., 2023), which warrants independent studies of wildfire PM, 5 health

impacts.

Wildfire PM_ s concentrations vary across space and time, and so do the corresponding
health effects. Proximity to wildfires, wind direction, and social factors determine levels of
wildfire PM, s exposure (Casey et al., 2023; Reid & Maestas, 2019). For example, in the past few
years, several cities experienced the worst 24-hour average PM; s levels recorded on Earth
because of nearby wildfires (Masters, 2018; Osaka, 2022). Additional spatially-varying factors
including meteorologic and topographic conditions such as the Santa Ana winds (Gershunov et
al., 2021) may shape the spatial distribution of wildfire PM, s and health outcomes (Leibel et al.,
2020). Furthermore, the toxicity of wildfire PM, s could change across space as the PM, s ages
when traveling (O’Dell et al., 2020). Few studies have accounted for the spatial dependence in
wildfire PM, s exposure on health and those that did focused on a single wildfire event affecting
a small geographical area (i.e., San Diego air basin) (Aguilera et al., 2020) or only accounted for
spatial autocorrelation among areas closely located(Reid et al., 2016). Evaluating how health
effects related to wildfire PM, 5 are distributed across larger geographical areas involving more
wildfire events could inform future mitigation efforts to target specific areas and shape

regulations to better prepare for wildfire PM, s-related health burden.
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Community characteristics like socioeconomic status and racial/ethnic composition can
drive spatial differences in the health impacts of wildfire PM, s through both exposure disparities
and differential response. For example, due to historical discriminatory practices, disparities in
housing quality exist such that communities of color tend to have lower-quality, substandard
housing (Hernadndez & Swope, 2019; Jacobs, 2011). Given wildfire PM,s's ability to easily
infiltrate the home (Mendoza et al., 2021), communities of color may be more exposed to
wildfire PM,s. Differences in community characteristics could also lead to spatially varying
physiological response and behavioral adaptations towards wildfire PM, 5. Lower-income
communities have more constraining choices to protect themselves from wildfire PM, s (Burke et
al., 2022). Minoritized groups with worse baseline health conditions due to social
marginalization and systemic racism will likely have worse health responses to wildfire PM; s
(Berberian et al., 2022; Smith et al., 2022). Moreover, the effects of wildfire PM,5 may be worse
in communities that already experience a disproportionately high burden of other environmental
exposures due to the potential synergistic effects of compound exposures (C. Chen et al., 2023).
Taken together, there is a need for further research on community characteristics as drivers of the

spatially varying health effects of wildfire PM,s (Marlier et al., 2022).

Here, we aimed to investigate the spatially-varying relationship between wildfire PM; 5
exposure and respiratory acute care utilizations and to examine whether various community
characteristics explained the observed spatial heterogeneity in impact of wildfire PM25 on
respiratory acute care utilization. We used ZIP Code Tabulation Area (ZCTA)-level ensemble-
modelled daily wildfire PM, s concentrations and daily respiratory acute care utilizations in
California from 2006-2019 to estimate spatially-varying health effects across four spatial units:
state, air basin, county, and ZCTA. We also examined community vulnerability factors of such
health effects at the ZCTA level.

2 Materials and Methods

2.1 Data sources and study population

We restricted all analyses to 1,396 ZCTAs in California satisfying two criteria: 1) having
a population >1,000 in the 2010 US Decennial census for statistical power consideration

(Bureau, 2021a); and 2) having at least one wildfire smoke day during the study period (2006-

6
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2019). The second criterion was a requirement for this study because unexposed ZCTAs do not
contribute information to the case-crossover or within-community matched designs (Mittleman
& Mostofsky, 2014; Schwarz et al., 2021). We chose ZCTA as the main spatial unit in our

analyses because of the spatial resolution of health outcome.

2.1.1 Wildfire smoke day

We utilized a previously developed time-series dataset for daily wildfire-specific PM,s
concentration at the ZCTA level (Aguilera et al., 2023) to identify smoke days. Briefly, Aguilera
et al. (2023) first generated the ZCTA-specific daily PM, s concentrations (all sources) from a
stacked ensemble model using several data-adaptive algorithms and many predictors (e.g., air
monitor data, satellite-derived aerosol properties, meteorological conditions, and land-use
information). Then, they identified ZCTA-days exposed to smoke plumes using validated NOAA
Hazard Mapping Systems (HMS) products. Next, they applied a chained random forest algorithm
to impute counterfactual non-wildfire PM; s concentrations in ZCTA-days with wildfire smoke
(expected PM, 5 concentrations in the absence of the smoke) (Aguilera et al., 2023). The
wildfire-specific PM, s is the difference between the estimated daily PM, s concentrations from
the ensemble model and the imputed non-wildfire smoke PM; s concentrations in each ZCTA.
For each ZCTA, we defined a wildfire smoke day as a day with wildfire-specific PM, s
concentration >15 pg/m®, a threshold based on the World Health Organization guideline for 24-
hour PM; 5 (Organization, 2021).

2.1.2 Health outcomes

We used the Patient Discharge Data and Emergency Department Data collected by the
California Department of Health Care Access and Information (CA.gov, 2023). This dataset
contains all acute care utilizations that are not prearranged in the general population of
California, including unscheduled hospitalizations and emergency department visits. Emergency
department visits that led to hospitalizations were recorded as unscheduled hospitalizations only.
For each ZIP code, we identified daily respiratory acute care utilizations with primary diagnosis
codes recorded as diseases of the respiratory system (see the list of included International
Classification of Diseases codes in supplementary Text S1). The ZIP code was based on the

patients’ residential address at the time of the visit. Since the US Census Bureau created ZCTAS
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to represent populated areas of the ZIP code service area, with the latter being a sum of service
routes by the United States Postal Service, we treated them as the same in analysis and used

ZCTA in the remainder of this manuscript.

2.1.3 Community characteristics

To explore whether the effects of wildfire smoke days varied by community
characteristics, we used 15 ZCTA-level variables. Communities of color have a greater risk for
wildfire-related health outcomes possibly due to disproportionate cumulative environmental
burden and systemic discrimination (Berberian et al., 2022), so we obtained the proportions of
self-reported race/ethnicity (separate proportions of non-Hispanic white, Black, Asian, American
Indian or Alaska Native, Native Hawaiian or Other Pacific Islander, and Hispanic residents)
from the 2010 US Decennial Census. We also collected population density from the same data
source (2010 Census, 2023). Additional variables were obtained from the Public Health Alliance
of Southern California Healthy Places Index report version 3.0 (Healthy Places Index, 2023;
Maizlish et al., 2019), which are mostly based on averages of the American Community Survey
data from 2015 to 2019. Included variables are the proportion of employment among those ages
20 to 64, the proportion of 25 and older with a bachelor’s degree or higher, the proportion of
insured among those aged 18-64, the proportion of the population with an income that is greater
than 200% of the federal poverty level, per capita income in the US. dollars, the percentage of
households with access to an automobile, and the population-weighted percentage of area with
tree canopy. We also obtained the ZCTA-level percentage of households with access to central
air conditioning (A/C) from the California Residential Appliance Saturation Study survey
(KEMA, Inc., 2010) because air conditioning access may buffer against air pollution exposure
(Liang et al., 2021). Table S2 provided detailed descriptions and sources for each variable of
community characteristics. All variables other than race/ethnicity and population density were
coded such that a higher value corresponds to a higher proportion of economically advantaged

subpopulations.

2.2 Statistical analyses

We estimated the health impacts of wildfire PM, 5 concentrations on respiratory acute

care utilizations at four geographical levels: state, air basin, county, and ZCTAs. The California
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Air Resources Board designates 15 air basins, geographies with distinct meteorological
conditions to regionally distribute resources to address emissions. Each air basin contains
between one and 11 counties (California Air Resources Board, 2023). We assigned ZCTAs to a
county and an air basin based on the location of their population-weighted centroids. Counties
and air basins with no ZCTAs that had a population > 1000 and experienced a wildfire smoke
day were excluded from analyses (Figure 1). In meta-regression to investigate the influence of
community characteristics on ZCTA-specific effect estimates, we further excluded 100 ZCTAs
without complete community characteristics data. All analyses were conducted in R version
4.1.0 (R Core Team, 2021) and the analytic code is available at GitHub:
https://github.com/benmarhnia-lab/cal_wildfire_spatial.qgit.

| 1774 ZCTAs I

y

Excluded:
1 ZCTA due to lack of health data
« 361 ZCTAs with a population < 1000
16 ZCTAs without any wildfire day based on 15ug/m3 threshold

1396 ZCTAs
State 15 Air basins 57 éounties 1396 ZCTAs
Case-crossover Case-crossover ase- Within-community matched design +
design design C'E:zg’:r Bayesian spatial hierarchical model

Excluded:
+ 100 ZCTAs due to lack of
community characteristics data

[ 1296 ZCTAS' ]

Meta-regression

Figure 1. Flowchart of the California study population and exclusion criteria (black boxes) and

method utilized in each set of analyses (blue boxes).

“For analysis of air conditioning prevalence, we further excluded 274 ZCTAs (1122 in meta-

regression) due to data missingness.
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2.2.1 Case-crossover design for health analyses at state-, air basin-, and county-level

We implemented the time-stratified case-crossover design to evaluate the effects of
wildfire PM, s on daily respiratory acute care utilization at the state level, air basin level, and
county level (Maclure, 1991; Mittleman, 2005). In the time-stratified case-crossover design, we
matched each day when an acute care utilization occurred (case) to other days of the same
weekday during other weeks of the same month in the same ZCTA (controls). This study design
compared exposures of a case to themselves at different times and accounts for individual-level
confounders (e.g., age, race/ethnicity and sex) and temporal trends of the exposure beyond a
month (Maclure, 1991; Mostofsky et al., 2018). For state-level analysis, we ran a weighted
conditional logistic regression to account for the matching procedure and included matched case
and control sets from all 1,396 ZCTAs to estimate the odds ratio (OR) of exposure to wildfire
smoke and respiratory acute care utilizations, with weight equal to the number of acute care
utilizations in the case day. For air basin-level and county-level analyses, we ran the same
conditional logistic regressions using only the matched sets in ZCTAs whose population-
weighted centroids fall within the corresponding air basin or county. These stratified analyses
assume that wildfire smoke has the same effect across all ZCTAs within the same air basin or
county. We used the “survival” package for conditional logistic regression (Therneau et al.,
2023).

To incorporate the total acute care utilization counts during wildfire smoke days and
provide estimates of the health burden, we calculated the population attributable number of acute
care utilizations due to wildfire PM, s during the study period at the county, air basin, and state
levels. For each geographical area, we calculated the population attributable number as the
product of area-specific attributable fraction (one minus the inverse of area-specific OR) (Lash et
al., 2021) and the area-specific total number of acute care utilizations among all wildfire smoke

days during the study period.
2.2.2 Within-community matched design coupled with spatial Bayesian hierarchical model
for ZCTA-level health analyses

To explore finer scale spatially varying effects, we used a previously developed within-
community matched design to estimate the ZCTA-specific effect of wildfire PM, s on the risk of

daily respiratory acute care utilization (C. Chen et al., 2023). Specifically, we identified matched
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controls for each day exposed to wildfire smoke as non-wildfire smoke days of the same year
and ZCTA, and within the window of 30 calendar days before or after the wildfire smoke day.
We excluded days within the window of 3 calendar days before or after any wildfire smoke day
from the controls to avoid spillover effects from other wildfire days. To estimate rate differences,
we calculated the difference between the acute care utilization rate on the exposed case day and
the weighted averages of acute care utilization rates among non-exposed control days. Acute care
utilization rates on exposed case days were the count of acute care utilizations divided by ZCTA
population size from the 2010 US Decennial Census. Weighted averages for non-exposed control
days were weighted acute care utilization rates based on inverse temporal distance to exposed
day (i.e., one divided by number of days to the matched exposed day). We used the average rate
difference of all exposed days within a ZCTA to represent the ZCTA-specific rate difference and
scaled the rate difference to per 100,000 person-day.

Since ZCTAs closer together might exhibit similar effects from a wildfire smoke day
compared to ZCTAs farther away, we used a spatial Bayesian hierarchical model (BHM) to
leverage this spatial autocorrelation and increase the precision of our rate difference estimates
(Schwarz et al., 2021). We included a covariance structure to leverage this spatial autocorrelation
across ZCTAs and used an empirical semivariogram to identify the shape and starting values of
the covariance structure (spherical shape and 2, 16, and 8 for sill, nugget, and range parameters
respectively) (Bivand et al., 2013). We also used flat priors to introduce minimal prior
information into the Bayesian model: inverse gamma distribution with scale and shape equal to
0.001 for the sill and nugget parameters, and uniform distribution from 0.001 to 6 for the range
parameter. We used 10,000 Monte Carlo Markov chain samples with 75% burn-in to estimate the
ZCTA-specific rate differences after spatial pooling. Additionally, we calculated the signal-to-
noise ratio to represent the precision of the estimates, which is equal to the ratio between the
mean of the rate differences in the recovered samples and the corresponding standard deviation.
The signal-to-noise ratio allows us to have a mappable measure of statistical precision and values
higher than 2 are considered precise. We used the “spBayes” package in R for the spatial BMH
(Finley et al., 2015).

11
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2.2.3 Effect modification by community characteristics at the ZCTA level

We evaluated potential effect modification by community characteristics on the effect of
a wildfire smoke day on acute care utilization at the ZCTA level using meta-regression. For each
community characteristic, which was selected a priori, we ran a meta-regression of the pooled
ZCTA-specific rate difference on the community characteristic. To preserve statistical power, we
excluded 100 ZCTAs without compete data for 14 community characteristics other than A/C
prevalence, and we excluded 274 ZCTAs for meta-regression of the A/C prevalence. Our
estimates are reported as rate difference per interquartile range increase of the community

characteristic. We used the “meta” package for meta-regression (Balduzzi et al., 2019).

2.3 Sensitivity analyses

Since atmospheric aridity might affect the probability of wildfire occurrence and ambient
temperature is a known risk factor for respiratory acute care utilization, we conducted sensitivity
analyses for the state-level case-crossover analyses by including two forms of daily ambient
temperature as a linear term or a natural cubic function with six degrees of freedom. We
calculated daily ambient temperature at the population-weighted centroid of each ZCTA based
on an existing 4kmx4km temperature surface (Daly et al., 2008). We also evaluated the
individual 1-day lagged effect of wildfire smoke on acute care utilization in a case-crossover

analysis.

To evaluate the robustness of the within-community matched design and spatial BHM,
we conducted a sensitivity analysis using informative priors employed in previous studies for
the sill and nugget in the spatial BHM, which are inverse gamma distributions (2 for shape and
1/starting value for scale) (C. Chen et al., 2023). This sensitivity analysis tested the robustness of
the spatial BHM towards prior specification and the informative priors used here give more
weight to our interpretation of the empirical semivariogram while the flat priors in main analysis
were more data-driven. We also used community-level socioeconomic information from the
Healthy Places Index report version 2.0 in the meta-regression, which is based on averages of
2011 to 2015, earlier than the averages of 2015 to 2019 in the main analysis (Delaney et al.,
2018).

12



293

294

295
296
297
298
299
300
301
302
303
304

305

3 Results

3.1 Characteristics of ZCTAs, wildfire smoke days, and respiratory acute care utilizations

Our study spanned 2006-2019 and included 1,396 California ZCTAs (99.1% of
California population) that had a population >1,000 people and experienced at least one wildfire
smoke day (wildfire PM, s concentrations > 15 pg/m?®). In total, we observed 40,065 wildfire
smoke ZCTA-days in the 1,396 ZCTAs (0.6% of all ZCTA-days) during the study period. The
median number of ZCTA wildfire smoke days was 17 (1% and 3" quartiles: 6 and 43), with
higher numbers in the Central Valley and Northern California (Figure 2). Most of the wildfire
smoke days occurred between June and November (96.7%), with more wildfire smoke days in
2007, 2008, 2017 and 2018 (Figure S1). We observed 18,049,797 non-scheduled respiratory
acute care utilizations in the study area between 2006 and 2019, with 75,175 occurring in

wildfire smoke days.

Count of wildfire
smoke days,
2006-2019

1t05
5to7
7t010
10 to 26

B 261039
B 30t055
Bl 550024

Excluded
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Figure 2. Spatial distribution of total ZCTA-level wildfire days in septiles between 2006-2019
among 1,396 ZCTAs included in the study. We considered wildfire days to be days with wildfire

PM, 5 concentrations > 15 ug/m3.

3.2 Spatial heterogeneity of wildfire smoke day effects

We first conducted a state-level analysis that did not consider spatial heterogeneity and
observed increased odds of respiratory acute care utilizations on wildfire smoke days (OR =
1.06, 95% confidence interval (Cl): 1.05, 1.07), corresponding to 4122 (95% CI: 3491, 4747)
counts of acute care utilizations attributed to wildfire smoke between 2006 and 2019 (Table S1).
We then conducted three analyses considering spatial heterogeneity. In our air basin-level
analysis, the median OR point estimate was 1.09 (minimum and maximum: 0.88, 1.57) across
the 15 air basins (Table S1). We observed higher point estimates in San Diego as well as Great
Basin Valley, and lower point estimates in Salton Sea and North Central Coast (Figure 3). After
incorporating total acute care utilization counts during wildfire smoke days, air basins
experienced the highest acute health burden are San Francisco Bay and Sacramento Valley, with
1616 (95% CI: 1325, 1901) and 798 (95% CI: 490, 1099) counts of acute care utilizations
attributed to wildfire smoke between 2006 and 2019, respectively (Figure S2 and Table S1). In
our county-level analysis, the median point estimate for ORs was 1.06 (minimum and maximum:
0.45, 1.57) across 57 counties (Table S1). The direction of point estimates for air basins were
similar to those in their respective counties with a few exceptions (Kings County in the San
Joaquin air basin, Plumas County in Mountain Counties air basin) (Figure S3). San Diego
County and Los Angeles County experienced the highest acute care utilizations attributed to
wildfire smoke between 2006 and 2019 (Figure S4).

In the third analysis, we used a within-community matched design coupled with a spatial
Bayesian hierarchical model to assess spatial heterogeneity at the ZCTA level. We observed the
median point estimates for rate differences was -0.07 (minimum and maximum: -19.87, 29.61)
across 1,396 ZCTAs after accounting for spatial autocorrelation. We observed more spatial
heterogeneity in the ZCTA-level point estimates than across air basin or county, with higher and
more precise values observed in coastal metropolitan areas of San Diego, Mojave Desert, and
Great Basin Valleys, and lower and more precise values observed in the Salton Sea, North Coast
and Central Coast (Figure S5).

14
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Figure 3. The air basin specific effect estimates (odds ratio) of wildfire smoke day on same-day
respiratory acute care utilization, 2006-2019. Left: spatial distribution of the point estimates;
Right: point estimates and 95% confidence intervals. We employed conditional logistic
regressions in a time-stratified case-crossover design, matching on ZCTA, day of week, month,

and year.

3.3 Effect modification of wildfire smoke day effects by community characteristics

We evaluated effect modification by community characteristics as measured by 14
variables in 1,296 ZCTAs with rate difference and complete community characteristics (Figure
1). Analysis of A/C prevalence was only available in 1,122 ZCTAs. We found that a higher
proportion of Black residents and Pacific Islander residents was associated with higher rate
differences for respiratory acute care utilizations between wildfire smoke days and non-wildfire
smoke days. ZCTAs with a higher proportion of white residents and Asian residents were
associated with lower rate differences (Figure 4). Communities with a higher proportion of
economically advantaged subpopulations were associated with lower rate differences for
respiratory acute care utilizations between wildfire and non-wildfire smoke days. Effect
modification was more pronounced for proportions of automobile ownership, tree canopy, and

AJC prevalence (Figure 4).
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3.4 Sensitivity analyses

At the state level, adding daily ambient temperature as a potential confounder in the
evaluation of wildfire smoke day effect did not meaningfully change effect estimates, regardless
of the form of temperature in the model (linear or nonlinear) (Figure S6). Our ZCTA-specific
effect estimates were also robust to the choice of priors in spatial BHM (Figure S7). The effect
modification results did not change meaningfully when utilizing ZCTA-level sociodemographic
information from earlier years (2011-2015) among 1,235 ZCTAs (Figure S7).

% Black 1 ——
* % Pacific Islander ————
O Population density per 10k 1 °
® % employed- &
_|<T_.g % HispanicH *
S % Native ——
S Per capita income- -
S % bachelor's edu- ®
> % above poverty ®
g % Asian ®
£ % automobile ownership+ ——
= % White 1 °
8 % tree canopy ——

% insured @
% air conditioning™ ®
0.4 0.2 0.0

Increase in rate difference per IQR
increase in community characteristics

Type —®— Race/Ethnicity —e— Socioeconomic status

Figure 4. Effect modification of community characteristics on the effect of wildfire smoke (i.e.,
days with wildfire PM, s > 15 pg/m®) on same-day respiratory acute care utilization rate among
1,296 CA ZCTAs. Race/ethnicity data was obtained from the 2010 US Decennial Census and
socioeconomic information was obtained from the Healthy Place Index 3.0, and air conditioning

was obtained from the California Residential Appliance Saturation Study survey.

*We included 1,122 ZCTAs for % air conditioning meta-regression because of data missingness.

16



368

369

370
371
372
373
374
375
376
377
378
379
380

381
382
383
384
385
386
387
388
389
390
391
392

393
394
395
396
397

4 Discussion

It is imperative to determine areas that experience the worse health outcomes after
wildfire PM; s exposure to reduce their associated burden. In our study, we found that wildfire
smoke days (i.e., days with wildfire PM,s > 15 pg/m®) were associated with increased same-day
respiratory acute care utilizations in a statewide California model. However, the amplitude of
this relationship differed spatially across air basins, counties, and ZCTAs. Additionally, we
found that the impact of wildfire smoke days was worse for ZCTAs with higher proportions of
Black and Pacific Islander residents and less pronounced in more affluent areas with buffering
resources like tree canopy and A/C. Taken together, our study found that the health
consequences of wildfire PM, 5 exposure vary across space and community characteristics,
providing valuable evidence to guide the development of effective policies and the allocation of

resources.

Identifying areas experiencing the worse health effects is crucial for resource allocation,
public health response, and preparedness directives. In California, we observed higher health
impacts from wildfire PM, s in certain air basins including San Diego, Great Basin Valleys, and
Lake Tahoe. As air basins were created to originally manage and control non-wildfire pollution
emissions, wildfire PM, s and its health impacts may still differ within these air basins. As
climate change progresses, an estimated 82 million individuals in the Western US are predicted
to experience some wildfire smoke waves (at least two consecutive days with >98" quantile of
wildfire-specific PM,s) by the middle of the 21% century (Liu et al., 2016), making wildfire an
increasingly important source of total PM,s. Prior work found that PM, s-related health burdens
are under-estimated when wildfire PM;s is not explicitly considered in health impact
assessments (Darling et al., 2023). Thus, it is critical to revisit air pollution problems with an eye

to wildfire PM, 5 and to consider spatial differences in these exposures and effects.

When considering community characteristics, we found that the effects of wildfire PM;s
were worse for historically marginalized racial groups and less-resourced communities. These
community characteristics may also be key drivers of the observed spatial heterogeneity of
health effects. Prior work evaluating health disparities in the context of wildfire smoke observed

that socially and economically disadvantaged subgroups faced worse health effects (H. Chen et
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al., 2021; Reid et al., 2016, 2023). In our study, we identified Black and Pacific Islander
residents as minoritized racial groups experiencing worse consequences at the same level of
exposure. Structural racism has given rise to disparities in environmental exposures, quality of
housing stock, access to economic and material resources, and baseline health (Bailey et al.,
2017). Such racially patterned disparities may worsen the health effects of exposure to wildfire
PM,s. We also found that ZCTAs with greater material resources had a dampened health
response to wildfire PM, s exposure. Access to material resources may indicate greater wealth,
which has been linked to improved capacity to mitigate and cope with wildfire PM, s (Burke et
al., 2022; deSouza & Kinney, 2021). Our findings contribute to prior research focused on
examining vulnerability to wildfire PM, s across subgroups (Vargo et al., 2023). Additionally,
current air quality management plans can make an effort to protect the most vulnerable. For
example, clean air centers in California may be expanded to serve additional communities of
color and economically disadvantaged areas (Bay Area Air Quality Management District, 2021;
US EPA, 2021).

This study had a few limitations. First, the modeled wildfire-specific PM, s (Aguilera et
al., 2023) may underestimate extreme exposure values given the training sample. However, our
use of a binary exposure definition dichotomized at >15 pg/m?® would correctly classify extreme
values as wildfire smoke days. The binary definition meant that we assumed health risks were
the same for any exposure level exceeding the threshold, and thus we could not capture any
exposure-response relationships that may occur particularly at the higher wildfire PM, 5 values
(Heft-Neal et al., 2023). Second, we utilized spatial units based on administrative borders, which
may not be the most relevant unit to assess spatial heterogeneity in the effect of wildfire PM; 5
exposure. In addition, these units are of irregular shapes and sizes, with uneven population
densities across them. However, we centered our exposure estimates to the population-weighted
centroids of ZCTAs to improve the spatial alignment of health outcome and exposure. Another
limitation is that we assigned wildfire PM; s exposure at individuals’ residential ZCTAs but
people may move across ZCTAs, which can result in exposure misclassification. However, for
days with high wildfire PM, s, individuals who can stay home would likely remain at indoors and

reduce the possibility of exposure misclassification.

With the increasing severity of wildfires, it is crucial to improve our understanding of

wildfire PM,s-related health impacts. We have a few recommendations for future research
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endeavors in the area. First, we only evaluated spatial variation in the health impacts of wildfire
PM3s in California, and future studies should extend to other US states and countries. Such
consideration could facilitate early identification of vulnerable areas and populations, and it can
guide subsequent targeted intervention efforts. Second, given the heterogeneity that we and
others have observed by community characteristics, future studies should identify the most
salient characteristics that modify the relationship between wildfire PM, 5 and health. We tested
how community characteristics in isolation modified the effect of wildfire PM, s on health but
these characteristics likely act synergistically, and future studies should endeavor to identify the
combination of characteristics that leads to the highest vulnerability. Third, we evaluated short-
term associations between wildfire PM, s and health but climate change will likely lead to
increases in repeated wildfire PM, 5 exposure and thus we must improve our understanding of the
health impacts of long-term wildfire PM, s exposure. Last, we summarized ZCTA community
characteristics using a combination of Decennial Census Survey data and American Community
Survey-based Healthy Places Index data, which may miss important sub-populations. For
example, although the 2010 Census enumerated people in emergency and transitional shelters
(Bureau, 2021b), those experiencing homelessness—Iikely a highly vulnerable group (Ramin &
Svoboda, 2009)—may still be missed. We encourage an inclusive future research agenda that

prioritizes potentially vulnerable and understudied populations.

Most previous wildfire epidemiological studies assume that the effect of wildfire PM; s is
consistent across geographies and populations. Our results suggest that instead, spatial
heterogeneity exists in the relationship between short-term wildfire PM, s exposure and
respiratory acute care utilizations in California. We identified several community characteristics
that may have explained the differences observed; these included higher proportions of Black
and Pacific Islander populations and more affluent community. Allocating scarce resources

based on differential response to wildfire PM, s could help reduce health disparities.

19



456
457
458
459
460
461
462
463
464
465
466
467
468
469
470

471

472

473
474
475
476

Acknowledgment: We want to express our gratitude to Dr. Rosana Aguilera for her support and
expertise in the wildfire smoke-related fine particulate matter dataset.

Availability statement: the ZCTA-level wildfire-specific PM, s data used to identify wildfire

smoke days in the study are available at https://github.com/benmarhnia-

lab/Wildfire_ PM25_California_ZIP. The ZCTA-level community characteristics are available

from the Public Health Alliance of Southern California Healthy Places Index report version 3.0
(https://www.healthyplacesindex.org) and the 2010 Census
(https://web.archive.org/web/20100320084325/http://2010.census.gov/2010census/). The

respiratory acute care utilization data is not publicly available to protect patients’ privacy but
access of the health outcome data could be requested directly at the California Department of

Health Care Access and Information website (https://hcai.ca.gov/data-and-reports/research-data-

request-information/). The analytic code is available at GitHub: https://github.com/benmarhnia-

lab/cal wildfire spatial.qit.

Competing interest: None declared

Funding: This project is supported by the National Institute on Aging RF1AG071024 (JAC, TB,
and VD) and 1RF1AG080948-01 (TB and CC).

20


https://github.com/benmarhnia-lab/Wildfire_PM25_California_ZIP
https://github.com/benmarhnia-lab/Wildfire_PM25_California_ZIP
https://www.healthyplacesindex.org/
https://web.archive.org/web/20100320084325/http:/2010.census.gov/2010census/
https://hcai.ca.gov/data-and-reports/research-data-request-information/
https://hcai.ca.gov/data-and-reports/research-data-request-information/
https://github.com/benmarhnia-lab/cal_wildfire_spatial.git
https://github.com/benmarhnia-lab/cal_wildfire_spatial.git

477
478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

Bibliography
2010 Census. (2023). 2010 Census.

https://web.archive.org/web/20100320084325/http://2010.census.gov/2010census/

Abatzoglou, J. T. (2013). Development of gridded surface meteorological data for ecological
applications and modelling. International Journal of Climatology, 33(1), 121-131.
https://doi.org/10.1002/joc.3413

Aguilera, R., Corringham, T., Gershunov, A., & Benmarhnia, T. (2021). Wildfire smoke impacts
respiratory health more than fine particles from other sources: Observational evidence
from Southern California. Nature Communications, 12(1), Article 1.
https://doi.org/10.1038/s41467-021-21708-0

Aguilera, R., Hansen, K., Gershunov, A., llango, S. D., Sheridan, P., & Benmarhnia, T. (2020).
Respiratory hospitalizations and wildfire smoke: A spatiotemporal analysis of an extreme
firestorm in San Diego County, California. Environmental Epidemiology, 4(5).
https://doi.org/10.1097/EE9.0000000000000114

Aguilera, R., Luo, N., Basu, R., Wu, J., Clemesha, R., Gershunov, A., & Benmarhnia, T. (2023).
A novel ensemble-based statistical approach to estimate daily wildfire-specific PM2.5 in
California (2006-2020). Environment International, 171, 1077109.
https://doi.org/10.1016/j.envint.2022.107719

Bailey, Z. D., Krieger, N., Agénor, M., Graves, J., Linos, N., & Bassett, M. T. (2017). Structural
racism and health inequities in the USA: Evidence and interventions. The Lancet,
389(10077), 1453-1463. https://doi.org/10.1016/S0140-6736(17)30569-X

Balduzzi, S., Rucker, G., & Schwarzer, G. (2019). How to perform a meta-analysis with R: A
practical tutorial. BMJ Ment Health, 22(4), 153-160. https://doi.org/10.1136/ebmental-

2019-300117

21



501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

Bay Area Air Quality Management District. (2021). Clean Air Centers.
https://www.baagmd.gov/funding-and-incentives/public-agencies/clean-air-centers

Berberian, A. G., Gonzalez, D. J. X., & Cushing, L. J. (2022). Racial Disparities in Climate
Change-Related Health Effects in the United States. Current Environmental Health
Reports, 9(3), 451-464. https://doi.org/10.1007/s40572-022-00360-w

Bivand, R. S., Pebesma, E., & Gomez-Rubio, V. (2013). Interpolation and Geostatistics. In R. S.
Bivand, E. Pebesma, & V. Gomez-Rubio (Eds.), Applied Spatial Data Analysis with R
(pp. 213-261). Springer. https://doi.org/10.1007/978-1-4614-7618-4_8

Bureau, U. C. (2021a). Decennial Census of Population and Housing Datasets. Census.Gov.
https://www.census.gov/programs-surveys/decennial-census/data/datasets.html

Bureau, U. C. (2021b). The Emergency and Transitional Shelter Population: 2010. Census.Gov.
https://www.census.gov/library/publications/2012/dec/c2010sr-02.html

Burke, M., Childs, M. L., de la Cuesta, B., Qiu, M., Li, J., Gould, C. F., Heft-Neal, S., & Wara,
M. (2023). The contribution of wildfire to PM2.5 trends in the USA. Nature, 622(7984),
Avrticle 7984. https://doi.org/10.1038/s41586-023-06522-6

Burke, M., Heft-Neal, S., Li, J., Driscoll, A., Baylis, P., Stigler, M., Weill, J. A., Burney, J. A,
Wen, J., Childs, M. L., & Gould, C. F. (2022). Exposures and behavioural responses to
wildfire smoke. Nature Human Behaviour, 6(10), Article 10.
https://doi.org/10.1038/s41562-022-01396-6

CA.gov. (2023). HCAI - Department of Health Care Access and Information. HCAL.
https://hcai.ca.gov/

California Air Resources Board. (2023). Emissions by Air Basin.

https://ww2.arb.ca.gov/applications/emissions-air-basin

22



524  Casey, J., Kioumourtzoglou, M.-A., A, P., DJX, G., H, E., Aguilera, R., AJ, N,, SY, T., ER, M,,

525 Braun, D., F, D., Eisen, E., Morello-Frosch, R., & Benmarhnia, T. (2023). Measuring
526 Long-Term Exposure to Wildfire PM2.5 in California: Time-Varying Inequities in
527 Environmental Burden. https://doi.org/10.21203/rs.3.rs-2866201/v1

528  Chen, C., Schwarz, L., Rosenthal, N., Marilier, M., & Benmarhnia, T. (2023, July 7). Spatial

529 Heterogeneity in Population Health Impacts and Vulnerability to Compound Climate
530 Hazards: Extreme Heat and Wildfire Smoke in California.
531 https://doi.org/10.21203/rs.3.rs-3131787/v1

532 Chen, H., Samet, J. M., Bromberg, P. A., & Tong, H. (2021). Cardiovascular health impacts of
533 wildfire smoke exposure. Particle and Fibre Toxicology, 18(1), 2.
534 https://doi.org/10.1186/s12989-020-00394-8

535  Daly, C., Halbleib, M., Smith, J. I., Gibson, W. P., Doggett, M. K., Taylor, G. H., Curtis, J., &

536 Pasteris, P. P. (2008). Physiographically sensitive mapping of climatological temperature
537 and precipitation across the conterminous United States. International Journal of
538 Climatology, 28(15), 2031-2064. https://doi.org/10.1002/joc.1688

539  Darling, R., Hansen, K., Aguilera, R., Basu, R., Benmarhnia, T., & Letellier, N. (2023). The

540 Burden of Wildfire Smoke on Respiratory Health in California at the Zip Code Level:
541 Uncovering the Disproportionate Impacts of Differential Fine Particle Composition.
542 GeoHealth, 7(10), e2023GH000884. https://doi.org/10.1029/2023GH000884

543  Delaney, T., Dominie, W., Dowling, H., Maizlish, N., Chapman, D., Hill, L., Orndahl, C., Sabo,

544 R., Snellings, L., Blackburn, S., & Woolf, S. (2018). Healthy Places Index (HPI 2.0).

23



545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

deSouza, P., & Kinney, P. L. (2021). On the distribution of low-cost PM2.5 sensors in the US:
Demographic and air quality associations. Journal of Exposure Science & Environmental
Epidemiology, 31(3), Article 3. https://doi.org/10.1038/s41370-021-00328-2

Finley, A. O., Banerjee, S., & Gelfand, A. E. (2015). spBayes for Large Univariate and
Multivariate Point-Referenced Spatio-Temporal Data Models. Journal of Statistical
Software, 63, 1-28. https://doi.org/10.18637/jss.v063.i13

Ford, B., Val Martin, M., Zelasky, S. E., Fischer, E. V., Anenberg, S. C., Heald, C. L., & Pierce,
J. R. (2018). Future Fire Impacts on Smoke Concentrations, Visibility, and Health in the
Contiguous United States. GeoHealth, 2(8), 229-247.
https://doi.org/10.1029/2018GH000144

Gershunov, A., Guzman Morales, J., Hatchett, B., Guirguis, K., Aguilera, R., Shulgina, T.,
Abatzoglou, J. T., Cayan, D., Pierce, D., Williams, P., Small, 1., Clemesha, R., Schwarz,
L., Benmarhnia, T., & Tardy, A. (2021). Hot and cold flavors of southern California’s
Santa Ana winds: Their causes, trends, and links with wildfire. Climate Dynamics, 57(7),
2233-2248. https://doi.org/10.1007/s00382-021-05802-z

Gould, C. F., Heft-Neal, S., Prunicki, M., Aguilera, J., Burke, M., & Nadeau, K. (2024). Health
Effects of Wildfire Smoke Exposure. Annual Review of Medicine, 75(1), null.
https://doi.org/10.1146/annurev-med-052422-020909

Healthy Places Index. (2023). About the HPI. https://www.healthyplacesindex.org/about-hpi
[Dataset]

Heft-Neal, S., Gould, C. F., Childs, M. L., Kiang, M. V., Nadeau, K. C., Duggan, M., Bendavid,

E., & Burke, M. (2023). Emergency department visits respond nonlinearly to wildfire

24



567 smoke. Proceedings of the National Academy of Sciences of the United States of

568 America, 120(39), €2302409120. https://doi.org/10.1073/pnas.2302409120

569  Hernandez, D., & Swope, C. B. (2019). Housing as a Platform for Health and Equity: Evidence
570 and Future Directions. American Journal of Public Health, 109(10), 1363.

571 https://doi.org/10.2105/AJPH.2019.305210

572 Jacobs, D. E. (2011). Environmental Health Disparities in Housing. American Journal of Public
573 Health, 101(Suppl 1), S115-S122. https://doi.org/10.2105/AJPH.2010.300058

574  KEMA, Inc. (2010). 2009 California Residential Appliance Saturation Study Volume 1:

575 Methdology.

576  Kim, Y. H., Warren, S. H., Krantz, Q. T., King, C., Jaskot, R., Preston, W. T., George, B. J.,

577 Hays, M. D., Landis, M. S., Higuchi, M., DeMarini, D. M., & Gilmour, M. 1. (2018).
578 Mutagenicity and Lung Toxicity of Smoldering vs. Flaming Emissions from Various
579 Biomass Fuels: Implications for Health Effects from Wildland Fires. Environmental
580 Health Perspectives, 126(1), 017011. https://doi.org/10.1289/EHP2200

581  Kondo, M. C., De Roos, A. J., White, L. S., Heilman, W. E., Mockrin, M. H., Gross-Davis, C.

582 A., & Burstyn, 1. (2019). Meta-Analysis of Heterogeneity in the Effects of Wildfire
583 Smoke Exposure on Respiratory Health in North America. International Journal of
584 Environmental Research and Public Health, 16(6), Article 6.

585 https://doi.org/10.3390/ijerph16060960

586  Lash, T., VanderWeele, T., Haneuse, S., & Rothman, K. (2021). Modern Epidemiology. In
587 Modern Epidemiology (4th ed.). Wolters Kluwer.
588  Leibel, S., Nguyen, M., Brick, W., Parker, J., llango, S., Aguilera, R., Gershunov, A., &

589 Benmarhnia, T. (2020). Increase in Pediatric Respiratory Visits Associated with Santa

25



590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

Ana Wind-Driven Wildfire Smoke and PM2.5 Levels in San Diego County. Annals of
the American Thoracic Society, 17(3), 313-320.
https://doi.org/10.1513/AnnalsATS.201902-1500C

Liang, Y., Sengupta, D., Campmier, M. J., Lunderberg, D. M., Apte, J. S., & Goldstein, A. H.
(2021). Wildfire smoke impacts on indoor air quality assessed using crowdsourced data
in California. Proceedings of the National Academy of Sciences, 118(36), e2106478118.
https://doi.org/10.1073/pnas.2106478118

Littell, J. S., McKenzie, D., Peterson, D. L., & Westerling, A. L. (2009). Climate and wildfire
area burned in western U.S. ecoprovinces, 1916-2003. Ecological Applications, 19(4),
1003-1021. https://doi.org/10.1890/07-1183.1

Liu, J. C., Mickley, L. J., Sulprizio, M. P., Dominici, F., Yue, X., Ebisu, K., Anderson, G. B.,
Khan, R. F. A., Bravo, M. A., & Bell, M. L. (2016). Particulate air pollution from
wildfires in the Western US under climate change. Climatic Change, 138(3), 655-666.
https://doi.org/10.1007/s10584-016-1762-6

Maclure, M. (1991). The Case-Crossover Design: A Method for Studying Transient Effects on
the Risk of Acute Events. American Journal of Epidemiology, 133(2), 144-153.
https://doi.org/10.1093/oxfordjournals.aje.a115853

Maizlish, N., Delaney, T., Dowling, H., Chapman, D. A., Sabo, R., Woolf, S., Orndahl, C., Hill,
L., & Snellings, L. (2019). California Healthy Places Index: Frames Matter. Public
Health Reports (Washington, D.C.: 1974), 134(4), 354-362.
https://doi.org/10.1177/0033354919849882

Marlier, M. E., Crnosija, N., & Benmarhnia, T. (2022). Wildfire smoke exposures and adult

health outcomes [Preprint]. Health Sciences. https://doi.org/10.1002/essoar.10510602.1

26



613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

Masters, J. (2018). Smoke From Camp Fire Making Sacramento the Most Polluted City on
Earth. https://www.wunderground.com/cat6/Smoke-Camp-Fire-Making-Sacramento-
Most-Polluted-City-Earth

Mendoza, D. L., Benney, T. M., & Boll, S. (2021). Long-term analysis of the relationships
between indoor and outdoor fine particulate pollution: A case study using research grade
sensors. Science of The Total Environment, 776, 145778.
https://doi.org/10.1016/j.scitotenv.2021.145778

Mittleman, M. A. (2005). Optimal Referent Selection Strategies in Case-Crossover Studies: A
Settled Issue. Epidemiology, 16(6), 715.
https://doi.org/10.1097/01.ede.0000183170.92955.25

Mittleman, M. A., & Mostofsky, E. (2014). Exchangeability in the case-crossover design.
International Journal of Epidemiology, 43(5), 1645-1655.
https://doi.org/10.1093/ije/dyu081

Mostofsky, E., Coull, B. A., & Mittleman, M. A. (2018). Analysis of Observational Self-matched
Data to Examine Acute Triggers of Outcome Events with Abrupt Onset. Epidemiology,
29(6), 804. https://doi.org/10.1097/EDE.0000000000000904

Mueller, S. E., Thode, A. E., Margolis, E. Q., Yocom, L. L., Young, J. D., & Iniguez, J. M.
(2020). Climate relationships with increasing wildfire in the southwestern US from 1984
to 2015. Forest Ecology and Management, 460, 117861.
https://doi.org/10.1016/j.foreco.2019.117861

O’Dell, K., Hornbrook, R. S., Permar, W., Levin, E. J. T., Garofalo, L. A., Apel, E. C., Blake, N.
J., Jarnot, A., Pothier, M. A., Farmer, D. K., Hu, L., Campos, T., Ford, B., Pierce, J. R., &

Fischer, E. V. (2020). Hazardous Air Pollutants in Fresh and Aged Western US Wildfire

27



636 Smoke and Implications for Long-Term Exposure. Environmental Science & Technology,
637 54(19), 11838-11847. https://doi.org/10.1021/acs.est.0c04497

638  Organization, W. H. (2021). WHO global air quality guidelines: Particulate matter (PM2.5 and
639 PM10), ozone, nitrogen dioxide, sulfur dioxide and carbon monoxide. World Health

640 Organization. https://iris.who.int/handle/10665/345329

641  Osaka, S. (2022, October 21). Why Seattle currently has the worst air quality in the world.

642 Washington Post. https://www.washingtonpost.com/climate-

643 environment/2022/10/20/seattle-air-quality-worst-in-world/

644 R Core Team. (2021). R: A language and enviromment for statistical computing.

645  Ramin, B., & Svoboda, T. (2009). Health of the Homeless and Climate Change. Journal of

646 Urban Health, 86(4), 654—664. https://doi.org/10.1007/s11524-009-9354-7

647  Reid, C. E., Considine, E. M., Watson, G. L., Telesca, D., Pfister, G. G., & Jerrett, M. (2023).

648 Effect modification of the association between fine particulate air pollution during a

649 wildfire event and respiratory health by area-level measures of socio-economic status,
650 race/ethnicity, and smoking prevalence. Environmental Research: Health, 1(2), 025005.
651 https://doi.org/10.1088/2752-5309/acc4el

652  Reid, C. E., Jerrett, M., Tager, I. B., Petersen, M. L., Mann, J. K., & Balmes, J. R. (2016).

653 Differential respiratory health effects from the 2008 northern California wildfires: A
654 spatiotemporal approach. Environmental Research, 150, 227-235.
655 https://doi.org/10.1016/j.envres.2016.06.012

656  Reid, C. E., & Maestas, M. M. (2019). Wildfire smoke exposure under climate change: Impact
657 on respiratory health of affected communities. Current Opinion in Pulmonary Medicine,

658 25(2), 179. https://doi.org/10.1097/MCP.0000000000000552

28



659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

Schwarz, L., Hansen, K., Alari, A., llango, S. D., Bernal, N., Basu, R., Gershunov, A., &
Benmarhnia, T. (2021). Spatial variation in the joint effect of extreme heat events and
0zone on respiratory hospitalizations in California. Proceedings of the National Academy
of Sciences, 118(22), e2023078118. https://doi.org/10.1073/pnas.2023078118

Smith, G. S., Anjum, E., Francis, C., Deanes, L., & Acey, C. (2022). Climate Change,
Environmental Disasters, and Health Inequities: The Underlying Role of Structural
Inequalities. Current Environmental Health Reports, 9(1), 80—89.
https://doi.org/10.1007/s40572-022-00336-w

Therneau, T. M., until 2009), T. L. (original S.->R port and R. maintainer, Elizabeth, A., &
Cynthia, C. (2023). survival: Survival Analysis (3.5-7) [Computer software].
https://cran.r-project.org/web/packages/survival/index.html

US EPA, 0. (2021, October 25). Schools as Community Cleaner Air and Cooling Centers
(Arizona, California, Oregon, Washington) [Overviews and Factsheets].
https://www.epa.gov/arp/schools-community-cleaner-air-and-cooling-centers

Vargo, J., Lappe, B., Mirabelli, M. C., & Conlon, K. C. (2023). Social Vulnerability in US
Communities Affected by Wildfire Smoke, 2011 to 2021. American Journal of Public
Health, 113(7), 759-767. https://doi.org/10.2105/AJPH.2023.307286

Wegesser, T. C., Pinkerton, K. E., & Last, J. A. (2009). California Wildfires of 2008: Coarse and
Fine Particulate Matter Toxicity. Environmental Health Perspectives, 117(6), 893-897.
https://doi.org/10.1289/ehp.0800166

Westerling, A. L., Hidalgo, H. G., Cayan, D. R., & Swetnam, T. W. (2006). Warming and Earlier
Spring Increase Western U.S. Forest Wildfire Activity. Science, 313(5789), 940-943.

https://doi.org/10.1126/science.1128834

29



682

683

684

685

686
687

Xing, Y.-F., Xu, Y.-H., Shi, M.-H., & Lian, Y.-X. (2016). The impact of PM2.5 on the human
respiratory system. Journal of Thoracic Disease, 8(1), E69-E74.

https://doi.org/10.3978/j.issn.2072-1439.2016.01.19

30



