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Editor: Kai Zhang Wildland fire smoke risks are not uniformly distributed across people and places, and the most vulnerable
communities are often disproportionately impacted. This study develops a county level community health
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Adaptive capacity Quality data (2008-2018), to develop CHVI. Finally, we conducted several analyses with the derived indices to:
Sensitivity 1) explore associations between the level of fine particulate matter from wildland fires (fire-PMj 5) and the sub-
indices/CHVI; 2) measure the impact of fire-PMjy 5 on the increase in the annual number of days with 12-35 pg/
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m® (moderate) and >35 pg/m° (at or above unhealthy for sensitive groups) based on the US EPA Air Quality
Index categories, and 3) calculate population size in different deciles of the sub-indices/CHVI. This study has
three main findings. First, we showed that the counties with higher daily fire-PMjy 5 concentration tend to have
lower adaptive capacity and higher sensitivity and vulnerability. Relatedly, the counties at high risk tended to
experience a greater increase in the annual number of days with 12-35 pg/m® and >35 pg/m® than their
counterparts. Second, we found that 16.1, 12.0, and 17.6 million people out of 332 million in CONUS reside in
the counties in the lowest adaptive capacity decile, highest sensitivity decile, and highest vulnerability decile,
respectively. Third, we identified that the US Northwest, California, and Southern regions tended to have higher
vulnerability than others. Accurately identifying a community's vulnerability to wildfire smoke can help in-
dividuals, researchers, and policymakers better understand, prepare for, and respond to future wildland fire

events.

1. Introduction

Climate change has increased favorable conditions for wildfires
(Goss et al., 2020; Jones et al., 2020), and humans have directly
increased the risk of wildfires through decades of fire suppression efforts
and exclusion of Indigenous cultural burning (Taylor et al., 2016),
alteration of ecosystems and introduction of exotic species such as
invasive annual grasses (Lambert et al., 2010), and rapid expansion of
residential and recreational areas into the wildfire and wildland urban
interface (Radeloff et al., 2018). The increased frequency of wildfires has
led to a rise in wildfire smoke over the past few decades (Wilkins et al.,
2018), with an estimated 27-fold increase in the number of people who
have experienced at least one day of wildfire fine particulate matter
(PMy.5) above 100 pg/m> per year in the past decade (Childs et al.,
2022). The substantial release of PMj 5 into the atmosphere has led to an
increase in human mortality and morbidity. Roberts and Wooster (2021)
estimated that the average annual global premature mortality attribut-
able to landscape fire smoke exposure is 677,745, which corresponds to
0.52 % of total global mortality.

To date, a growing body of evidence suggests that the most vulner-
able communities are often disproportionately impacted by wildland
fire smoke (Rappold et al., 2017; Tessum et al., 2021, 2019), which
exacerbates existing social and environmental injustices (e.g., Reid
et al., 2016; Tessum et al., 2021, 2019). The impact of wildland fire
smoke in a region is determined not only by the biophysical aspects of
wildland fires such as frequency, intensity, and duration, but also by the
demographic and socioeconomic factors in the region (Davies et al.,
2018; Haikerwal et al., 2015; Ye et al., 2021). As a result, there is a need
to identify where communities are most vulnerable and/or dispropor-
tionately impacted by wildland fire smoke, as well as transdisciplinary
approaches to tackle such challenges (D'Evelyn et al., 2022).

We are aware of two efforts that have developed a vulnerability
index to wildland fire smoke to identify vulnerable and/or dispropor-
tionately impacted communities. Rappold et al. (2017) introduced a
county level community health vulnerability index (CHVI) based on
wildland smoke simulated through the Community Multiscale Air
Quality (CMAQ) model for the contiguous United States (CONUS) for the
period between 2008 and 2012. This study identified that the counties
along the western slope of the Appalachian Mountains have the highest
vulnerability, with 10.3 million people experiencing >10 days/year
with >35 pg/m> PMy 5 as a result of wildland fires. They also found that
the most vulnerable counties tend to experience more smoke exposures
compared to less vulnerable communities. Another study done by Vai-
dyanathan et al. (2018) developed an online tool for identifying at-risk
populations to wildfire smoke using historical locations of fires and burn
severity, air quality, health data, and information on vulnerable
populations.

Here, we build upon these wildland fire vulnerability studies in three
respects. First, we incorporate adaptive capacity, the ability of a region
to adapt to natural hazards to reduce potential damages, in the
vulnerability assessment, which is crucial for accurately reflecting the
actual vulnerability of a natural system, region, or community (Rappold
et al., 2017; Smit and Pilifosova, 2003). Second, we conduct a regional

assessment, which complements existing vulnerability assessments (e.g.,
Rappold et al., 2017) that conduct national level analyses. Third, we use
a longer time series of wildfire smoke exposure data and update all
variables in the study with recent datasets. The former study was based
on only 5 years of data (e.g., Rappold et al., 2017), which did not capture
the recent years of record wildfire activity in the Western US
(https://www.nifc.gov). By addressing these gaps in previous research,
the present study seeks to enhance the understanding of vulnerability to
wildland fire smoke exposure. With these improvements, we address
three questions in this study:

Q1: Which counties are more or less vulnerable to PM; 5 exposures
solely from wildfires and prescribed fires (fire-PMj 5) at the national and
regional level?

Q2: How are fire-PMj; 5 exposures associated with the adaptive ca-
pacity and sensitivity sub-indices, as well as the overall vulnerability
expressed by CHVI?

Q3: How many people reside in counties in the lowest adaptive ca-
pacity decile, highest sensitivity decile, and highest CHVI decile? Do the
counties experience a greater increase in the annual number of days with
12-35 pg/m3 (moderate) or >35 pg/m3 (at or above unhealthy for
sensitive groups) due to wildland fires than their counterparts?

2. Data and method
2.1. Vulnerability assessment

Vulnerability assessments are commonly used to measure the po-
tential damage and life loss from hazardous events and disasters (Cutter,
1996). The assessments often refer to social vulnerability (Wang et al.,
2022). Social vulnerability can be measured with the characteristics of a
person or community that influence their capacity to anticipate,
confront, repair, and recover from the adverse impacts of disasters
(Cutter et al., 2012; Flanagan et al., 2011). Vulnerability assessments
can help identify, compare, and quantify vulnerable geographic areas,
subpopulations, and industrial sectors through the application of various
analytical frameworks (Fuchs et al., 2012). Such frameworks can pro-
vide a tool for decreasing population vulnerability, increasing adaptive
capacity, building resilience to cope with disasters, and preparing
effective disaster prevention and reduction (Du et al., 2015). Because of
their practicality, a number of studies have adapted this framework with
different settings depending on the purpose of the studies to investigate
vulnerability to multiple natural disasters such as heat waves (e.g., Reid
et al., 2009), floods (e.g., Kazmierczak and Cavan, 2011), hurricanes (e.
g., Burton, 2010), and wildfires (e.g., Chuvieco et al., 2014; Davies et al.,
2018).

Vulnerability assessments provide insight into a region's vulnera-
bility to hazards (Adger, 2006). In this study, we define vulnerability as
a function of exposure, sensitivity, and adaptive capacity following
existing literature (Fiissel and Klein, 2006; IPCC, 2007; Yoo et al., 2014).
Exposure is “the degree, duration, and extent in which a system (region)
is in contact with, or subject to, the perturbation” (Kasperson et al.,
2005), sensitivity is “the degree to which a system (region) is affected,
either adversely or beneficially by natural hazards” (IPCC, 2014), and
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adaptive capacity is “the ability of a system (region) to adjust to natural
hazards to moderate potential damages” (Gallopin, 2006). Functionally,
vulnerability is inversely related to adaptive capacity and positively
associated with exposure and sensitivity.

Based on the definitions and former literature (see Sections 2.2
through 2.4 below), we systematically collected a total of one exposure,
nine sensitivity, and twenty adaptive capacity variables to estimate
vulnerability at the national and regional level. For the aims of our
analysis, we limited variables to those that come from secondary data-
sets, are nationally representative, have national coverage, and consis-
tently contain adequate spatial (i.e., county) and temporal (i.e., annual
average) resolutions. We derived variables from four sources: 1) US
Census Bureau American Community Survey, 2) Centers for Disease
Control and Prevention (CDC) National Environmental Public Health
Tracking (https://www.cdc.gov/nceh/tracking/index.html), and 3)
American Lung Association (https://www.lung.org/research/sota).
More information on the choice of exposure, sensitivity, and adaptive
capacity variables can be found below.

2.2. Exposure

Our main exposure variable is PMj 5 originating from wildland fires
(fire-PM5 5) which cover both wildfire and prescribed fire. Using the
same method of Wilkins et al. (2018), we estimated PM3 5 concentra-
tions from 2008 to 2018 using the CMAQ modeling system with and
without wildfires and prescribed fires. The difference between the two
model products is the contribution of fire emissions (i.e., fire-PM5 5) to
the ambient PM; 5 levels. Inputs to CMAQ included gridded meteoro-
logical fields, emissions data, and boundary conditions. For regional
CMAQ model simulations, we used annual CONUS Weather Research
and Forecasting model (WRF) simulations utilizing 12 km horizontal
grid spacing and 35 vertical layers from the surface to 50 hPa at varying
thickness for meteorological fields (Wilkins et al., 2022). The North
American Mesoscale Model from the National Centers for Environmental
Prediction provided initial and boundary conditions for WRF. We based
input emissions on a 12 km CONUS domain with speciation for the
Carbon-Bond 05/6r3 chemical mechanisms. We used version 5.0.1-5.3
of the CMAQ modeling system (Appel et al., 2021, 2017, 2013; Byun and
Schere, 2006). In this study, we excluded the pandemic years as they
represent highly skewed outliers for many air quality studies (e.g., Deng
et al.,, 2022; Vichova et al., 2021). Details on the general model
configuration can be found in Wilkins et al. (2018) and for the additional
years summarized in Supplementary Material and Supplementary
Table S1.

With the simulated fire-PM, 5 concentrations, we calculated the
average of all grid cell values within each county at the daily level from
2008 to 2018. For this, we used the extract function in the raster package
in R. This function returns the average values of the cells of a raster
object that are covered by a polygon (i.e., county boundary), excluding
cells that are only partly covered by the polygon. The daily values were
then averaged to determine the daily average PM; 5 concentration for
each county during the research period.

2.3. Sensitivity

We measured the county's sensitivity based on the proportion of nine
subpopulation groups that are highly sensitive to fire-PMj 5 within the
county: 1) young population (<5 years), 2) elderly population (>65
years), 3) agricultural and construction workers, 4) those with diabetes,
5) obesity, 6) hypertension, 7) adult asthma, 8) pediatric asthma, and 9)
chronic obstructive pulmonary disease (COPD). Previous studies have
demonstrated that there is a greater adverse impact of smoke on those
under 5 years (Ye et al., 2021) due to their smaller airways and higher
ventilation rate compared with adults (Jacobson et al., 2012), and over
65 years (Haikerwal et al., 2015) due to the gradual decline in physio-
logical processes over time and a higher prevalence of preexisting
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conditions among them (Sacks et al., 2011). We also included the pro-
portion of workers (agricultural and construction workers) who are
more likely to be exposed to PMy s through outdoor work and an
increased respiratory rate associated with physical labor (Liu et al.,
2021). Furthermore, we considered those having pre-existing health
problems which are associated with higher risk of adverse health
outcome following PMy s exposures, such as diabetes (Bateson and
Schwartz, 2004; Mahsin et al., 2022), obesity (Siregar et al., 2022),
hypertension (Reid et al., 2016), asthma (Stowell et al., 2019), and
COPD (Bateson and Schwartz, 2004). Additional details (e.g., unit,
source, data year) and the explanatory summary (e.g., mean, standard
deviation, maximum, minimum) of these variables can be found in
Supplementary Tables S2 and S3 respectively.

2.4. Adaptive capacity

We capture adaptive capacity by examining variables associated
with a county's ability to either mitigate or exacerbate the impacts of
fire-PM, 5 exposures on population vulnerability. For this, we selected
twenty variables consisting of six demographic, nine socioeconomic,
and five infrastructure variables derived from the literature and con-
strained by data availability.

For demographic variables, we included five different demographic
subpopulation groups which are commonly considered as vulnerable
subpopulation groups during wildfire events: 1) disabled, 2) Black, 3)
Hispanic, 4) American Indian and Alaska Native, 5) single parent
households (Davies et al., 2018; Hwang and Meier, 2022). These groups
are relatively more likely to have a limited adaptive capacity possibly
due to their physical (Gaskin et al., 2017) or financial constraints (Cox
and Kim, 2018). Hispanics and African Americans may be more likely to
have higher reluctance toward fire mitigation practices due to their
cultural, historical, or political experiences (Bowker et al., 2008; Davies
et al., 2018; Nagler, 2017), which could in turn reduce their adaptive
capacity. In addition to the five vulnerable subpopulation groups, we
included the percentage of the population in the workforce to determine
how many people would be available to participate in response to
wildfire events, such as assisting with community evacuations (Smith,
2016).

For socioeconomic variables, we chose nine socioeconomic subpop-
ulation characteristics which are highly associated with vulnerability to
fire-PMy5: 1) income, 2) poverty, 3) unemployment rate, 4) English
proficiency, 5) education, 6) mobile home, 7) multi-housing unit, 8)
households without car, and 9) population without health insurance.
Communities characterized by low income, high poverty, and high un-
employment rates have comparatively limited financial capacity to
cover the costs of fire mitigation services (e.g., tree thinning), fire in-
surance, rebuilding, and community firefighting resources required to
extinguish fires (Collins and Bolin, 2009; Davies et al., 2018; Mercer and
Prestemon, 2005), which reduces a community's adaptive capacity. We
also include English proficiency and education (high school diploma), as
those with limited English proficiency and low education attainment are
more likely to have difficulties in accessing relevant information,
recovering from disasters, and communicating/networking with others
(Flanagan et al., 2011; Fothergill and Peek, 2004; Muttarak and Lutz,
2014). In addition, we added housing types (mobile home, multi-unit
house) and vehicle ownership. Better housing quality and trans-
portation access could provide more smoke-resistant indoor environ-
ments and reliable transportation to evacuate from high smoke areas
(Brodie et al., 2006; Fatemi et al., 2017). Furthermore, we included the
percentage of population with health insurance, which is assumed to be
associated with adaptive capacity of people for mitigating the negative
health impacts of fire-PMs 5 (Vo and Van, 2019).

Finally, we selected five infrastructure variables which could be used
to effectively respond to a hazard by providing evacuation routes (road
density), supporting health care services (number of hospitals, Phar-
macies, and drug stores, healthcare support occupations), and supplying
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protective services (firefighters and other protective service workers).
These could hypothetically be used by those communities exposed to
fire-PMy 5. Additional details (e.g., unit, source, data year) and the
explanatory summary (e.g., mean, standard deviation, maximum, min-
imum) of the variables can be found in Supplementary Tables S4 and S5
respectively.

2.5. Analytic methods

Our analytic framework is divided into two parts: 1) developing a
CHVI and 2) evaluating the calculated adaptive capacity and sensitivity
sub-indices, as well as CHVI, alongside fire-PM, 5 exposures. To develop
the CHVI, we employed a deductive method. Unlike the inductive
method, which is based on statistical relationships, the deductive
method is built on prior theory and knowledge from previous studies
without any additional rationale for the selection of those variables
(Yoon, 2012). Because of the method's flexibility, each study has a
different set of variables for assessing the degree of vulnerability
depending on research purpose and subject (e.g., Mucke, 2012; Shepard
et al,, 2012). Compared to inductive methods based on statistical
methods (e.g., principal component analysis), our approach better helps
communities by directly identifying what components (exposure,
sensitivity, adaptive capacity) are elevating or lowering the degree of
vulnerability.

Our study generated a vulnerability index specifically for wildland
fire smoke. We achieved this by selecting variables that have been
previously reported to be highly associated with wildland fire smoke and
fire-related health outcomes, instead of using a pre-existing index such
as the CDC/ATSDR Social Vulnerability Index (SVI) which focuses on
broader and general emergency events (https://www.atsdr.cdc.gov/
placeandhealth/svi/index.html). After collecting a total of one expo-
sure, nine sensitivity, and twenty adaptive capacity variables, we
assigned each variable's direction based on the relationship between
vulnerability and the variable. If a unit increase (e.g., percent) of the
variable (e.g., proportion of households below poverty) elevates the
degree of vulnerability, we assign plus (+) as its direction. On the other
hand, if a unit increase (e.g., percent) of the variable (e.g., proportion of
population in workforce) lowers the degree of vulnerability, we assign
minus (—) as its direction. Each variable is then standardized to a scale
between 0 and 1 because each variable has its own unit and direction
(Eq. 1). Here, a score of 0 means the lowest exposure, the lowest
sensitivity, and the highest adaptive capacity, and a score of 1 represents
the highest exposure, the highest sensitivity, and the lowest adaptive
capacity. Note that a low value on the “adaptive capacity sub-index”
actually indicates a high level of adaptive capacity, whereas a high value
on the “adaptive capacity sub-index” signifies a low level of adaptive
capacity. After standardization, if the direction of variables is minus (e.
g., proportion of population in workforce), we subtracted the stan-
dardized values from 1 to match the adaptive capacity scale with the
highest adaptive capacity being 0 and the lowest adaptive capacity
being 1.

(Xy — MinX;)
Ty T YT TAY (€)]
(MaxX; — MinX;)
where Vj; is the standardized value associated with the ith county for
variable j; X;; is the initial value of the ith county for variable j; MaxX;
and MinX; represent the maximum and minimum value of variable j.
Next, the three sub-indices were separately calculated for exposure,
sensitivity, and adaptive capacity by averaging all variables within each
component (i.e., exposure, sensitivity, adaptive capacity). In this pro-
cess, we weighted each variable equally. Unequal weight could be
derived from statistical (e.g., factor analysis, regression coefficients) or
participatory approaches (e.g., focus group discussions, surveys), but in
practice neither approach has achieved primacy when determining
weights, and unequal and subjective weighting could bring more
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uncertainty and errors than the equal weighting (Tate, 2013). For these
reasons, many studies have applied equal weights in index calculations
(e.g., Aubrecht and Ozceylan, 2013; Chow et al., 2012; Vescovi et al.,
2005).

Finally, the exposure, sensitivity, and adaptive capacity sub-indices
were multiplied to generate a composite overall CHVI after being stan-
dardized to a scale between 0 and 1 with the same weight (Eq. (2)).
Here, we used a multiplicative method instead of an additive method
because it integrates the interplay of the three components in the
vulnerability index. For example, if a county has no fire-PM, 5 exposure,
that county should have the least vulnerability, as there is no environ-
mental exposure and risk. However, with the additive method, the
counties with high sensitivity and low adaptive capacity could have high
vulnerability regardless of exposure levels, as the vulnerability is the
sum of sensitivity, adaptive capacity, and exposure indices. We also
conducted the same analysis with the additive method as a sensitivity
analysis.

Vulnerability = Exposure x Sensitivity x Adaptive capacity (2)

We repeated the same procedures to calculate regional level CHVI
which is based on the interagency geographic areas for wildland fire
management made by National Interagency Fire Center (https://gacc.
nifc.gov/) (Fig. 1). With these designations, the US is divided into 9
distinct geographic areas with the purpose of effective incident man-
agement and mobilization of resources such as people, aircraft, and
ground equipment. For simplicity, we merged the Northern California
region with the Southern California region in this paper. The calculated
CHVI can aid in the development of region-specific strategies and the
implementation of measures to mitigate vulnerability effectively. All
processes for developing the overall CHVI are summarized in Supple-
mentary Fig. S1.

Note that the method adopted in this paper does not need to consider
multicollinearity among the variables. Multicollinearity is often prob-
lematic when statistical regression models are used. In this case, mul-
ticollinearity would flip the sign of regression coefficients or inflated the
coefficients, which weakens the statistical power of the regression
model. Our method, however, does not use statistical regression models.
Instead, we employ the average of standardized variables following the
method the CDC/ATSDR SVI adopted. The advantage of this method is
that the presence of strong correlations among variables could poten-
tially lead to an implicit weighting within an equal weighting system
(Tate, 2013).

For the second part of the analysis, we first examined the association
of the level of fire-PM; 5 exposure with the adaptive capacity sub-index,
sensitivity sub-index, and CHVI using Spearman correlation coefficients.
In this process, we also tabulated the statistical summary (i.e., mean,
max, min, and standard deviation) of daily fire-PM5 5 and the number of
counties corresponding to certain daily fire-PM; 5 levels (i.e., 0.00-0.15,
0.15-0.75, 0.75-1.50, >1.50 pg/m>) by decile for each index. We then
investigated the inequality in the derived sub- and overall indices with
the Gini coefficients (Gini, 1912) to understand which index is distrib-
uted more evenly or less evenly. Gini coefficients range from zero to one,
with zero referring to perfect equality in the sub- and overall indices,
which means the index values of all counties are the same. On the other
hand, one indicates perfect inequality in the indices.

Next, we calculated the impact of fire-PMs 5 on the increase in the
annual number of days with 12-35 pg/m® (moderate) and >35 pg/m? (at
or above unhealthy for sensitive groups), following the US Environ-
mental Protection Agency (EPA) Air Quality Index (AQI) categories,
categorized by the deciles of the sub-indices and CHVI. For this, we
separately counted the annual number of days between 12 and 35 pg/m>
(moderate air quality days) and >35 pg/m° (at or above unhealthy air
quality days for sensitive groups) for both all-sources PM, s and all-
sources PMy s excluding wildland fires. The difference between the
two model products lies in the extent to which fire-PMj 5 contributes to
the increase in the number of moderate and at or above unhealthy air
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Fig. 1. The interagency geographic areas for wildland fire management made by the National Interagency Fire Center.
130°W 120°W MOW  100W 80w 80°w oW 130°W 120°W MW 100°W  90°W 80°W 70°W
a) All-sources-PMzs(ng/m®) b) Fire-PMzs(ng/m°)
X\
L S
7
40°N- F40°N
30°N- : - [30°N
[1.92-3] [0.06-0.50]
(36 [ 1(0.50-1.00]
I (5-9] [ (1.00-1.50]
I (9-19] - I (1.50-5.96] Y
¢) Annual number of days between 12 and 35 PMzs(ug/m°)
40°N F40°N
30°N- ~_ | Lags
o1 - 30°N
-
I (5-10] I (5-10]
I (10-18] I (10-13]
oW 100°W 20w 80w 10w 100°W 90°W

Fig. 2. (a) Daily averaged all-sources PMj 5 (ug/m>) by county from 2008 to 2018, (b) Daily averaged fire-PM, 5 (ug/m>) by county from 2008 and 2018, (c) Annual
number of days between 12 and 35 fire-PM, 5 (ug/m?), (d) Annual number of days above 35 fire-PM 5 (pg/m>).
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quality days/year for sensitive groups. Finally, we calculated population
size at risk, categorized by fire-PMy 5 levels, adaptive capacity sub-
index, sensitivity sub-index, and CHVI's decile.

3. Results
3.1. Spatial patterns of the calculated indices

We estimated daily PMy 5 exposure from 2008 to 2018 using the
CMAQ model with (i.e., all-sources-PM> 5) and without (i.e., fire-PMj s5)
wildfires and prescribed fires. The difference between the two model
products is the contribution of wildfires and prescribed fires to the
ambient PMy 5 levels (i.e., fire-PMy 5). All-sources-PM, 5 (Fig. 2a) and
fire-PM; 5 (Fig. 2b) showed different spatial patterns. All-sources-PMj 5
exhibited higher PM, 5 concentrations in the Eastern (7.90 pg/m?’) and
Southern (7.49 pg/m®) regions, while we observed higher fire-PM 5
concentrations in the California (1.97 pg/mB), Northwest (1.35 pg/m?’),
and Southern (1.16 pg/m°>) regions. Fig. 2¢ and d respectively represent
the annual number of days between 12 and 35 pg/m® (moderate air
quality days) and >35 pg/m?® (at or above unhealthy air quality days for
sensitive groups) due to wildland fire PM; 5. The annual number of days
between 12 and 35 pg/m?> (Fig. 2¢) tend to show a similar spatial pattern
with fire-PM; 5 concentrations (Fig. 2b). On the other hand, we observed
a distinct spatial pattern in the annual number of days with fire-PM3 5
>35 pg/m?> (Fig. 2d). Most counties having a high number of days >35
pg/m® were concentrated in the California (3.62 days/year) and
Northwest (1.88 days/year) regions. More details on the average con-
centration levels and the number of days between 12 and 35 pg/m°® and
>35 pg/m> by region can be found in Supplementary Table S6.

We separately calculated adaptive capacity (Fig. 3a) and sensitivity
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(Fig. 3b) sub-indices. Note that a low value on the adaptive capacity sub-
index implies a strong adaptive capacity, while a high value indicates a
weak adaptive capacity. Overall, we observed higher adaptive capacity
sub-index values in the Southwest (0.49) and Southern (0.43) regions
compared to the Eastern (0.25), Northern Rockies (0.26), and Rocky
Mountain (0.28) regions. The spatial pattern of the sensitivity sub-index
differed from the adaptive capacity sub-index. The Southern (0.52) re-
gion tended to have higher sensitivity sub-index values than other re-
gions. We especially observed higher sensitivity in the states of
Mississippi, Louisiana, Alabama, Oklahoma, and West Virginia. For
CHVI, we found two clusters (Fig. 3c). One is in the Southern (0.24)
region covering Georgia, Alabama, Mississippi, Louisiana, and Okla-
homa. The other is in the Northwest (0.16) and California (0.18) regions
covering Washington, Oregon, California, and Idaho. Readers can find
more information on descriptive summaries of sensitivity and adaptive
capacity sub-indices and CHVI by region in Supplementary Table S7.
As a sensitivity analysis, we also tested the additive method to
examine if there is a large difference between the multiplicative method
and additive method. The result shows that there were no large differ-
ences in high vulnerability areas we are interested in within this paper
(Supplementary Figs. S2 and S3). However, there were significant dif-
ferences in low vulnerability areas. The differences in low vulnerability
areas may result from the different methods we used. The multiplicative
method represents areas with no exposure as zero, while the additive
method represents the same areas with the sum of the adaptive capacity
sub-index and sensitivity sub-index. For more information, we also
compared the top one hundred most and least vulnerable counties using
both multiplicative and additive methods, respectively. Results show
that 75 out of the top 100 most vulnerable counties and 58 out of the top
100 least vulnerable counties were consistently identified by both
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Fig. 3. Sub- and overall indices classified into five categories using the natural Jenks method.
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Fig. 4. Eight regions' community health vulnerability index classified into five categories using the natural Jenks method.

methods (Supplementary Tables S8-S11).

There was substantial variation within the US for the vulnerability
index, which we show for eight regions where we separately calculated
CHVI for each region (Fig. 4). Note that vulnerability index is a relative
value that is not directly comparable between regions in Fig. 4. In other
words, identical values in two distinct regions do not necessarily indi-
cate equivalent levels of vulnerability as we have independently
computed the vulnerability index for each region. We have thus used
different breakpoints for each region which effectively represent the
spatial patterns of vulnerability. Vulnerable areas that emerge include
the southwestern and northeastern part of the Northwest region; west-
ern part of the Northern Rockies region; southern part of the Eastern
region; northern and middle part of the California region; northwestern
part of the Great basin region; northern and southeastern parts of the
Rocky Mountain region; central part of the Southwest region; and cen-
tral part of the Southern region.

3.2. Associations between exposure and the calculated indices and
inequality in the indices

We investigated the relationships between fire-PMj 5 exposure and
the calculated sub- and overall indices (i.e., adaptive capacity, sensi-
tivity, and CHVI) using Spearman correlation coefficient. All of the
indices were significantly associated with fire-PMy s exposure. The
adaptive capacity sub-index (r = 0.45, 95 % CI: 0.41-0.48), the sensi-
tivity sub-index (r = 0.47, 95 % CI: 0.45-0.50), and the CHVI (r = 0.87,
95 % CI: 0.86-0.88) were all positively associated with fire-PMs 5
exposure. This suggests that counties with lower adaptive capacity
(higher adaptive capacity sub-index), higher sensitivity, and higher
vulnerability tend to have higher fire-PM; 5 exposure. Figures on the

relationships between exposure/CHVI and each sensitivity/adaptive
capacity variable are in Supplementary Figs. S4 through S7.

We also tabulated the statistical summary of daily fire-PMjy 5 expo-
sures by each index's decile (Supplementary Table S12). We overall
observed that the counties with higher adaptive capacity (lower adap-
tive capacity sub-index), lower sensitivity, and lower vulnerability
tended to have lower fire-PM; 5 exposure. In addition, we found that a
higher percentage of counties were categorized into the highest daily
fire-PM, 5 category (>1.50 pg/m>) when the adaptive capacity is low
(when the adaptive capacity sub-index is high), sensitivity is high, and
vulnerability is high. Here, unlike the sensitivity and adaptive capacity
sub-indices, the vulnerability index was based on the exposure, which in
turn, makes the association between them strong by the study design. A
more detailed interpretation of this table can be found in Supplementary
Material. In addition, we checked the inequality of the derived indices
with Gini coefficients. Results show that the exposure sub-index (Gini
coefficients: 0.35) and CHVI (0.54) were not evenly distributed
compared to the adaptive capacity (0.23) and sensitivity sub-index
(0.18).

3.3. Increases in unhealthy air quality days due to fire-PMa 5

We separately counted the annual number of days between 12 and
35 pg/m> (moderate air quality days) and >35 pg/m? (at or above un-
healthy air quality days for sensitive groups) with both all-sources PMj 5
and all-sources PM; 5 except wildland fires, categorized by each index's
decile. The difference between the two model products is the contribu-
tion of fire-PMj; 5 to the increases in the number of moderate and at or
above unhealthy air quality days/year for sensitive groups.

Generally, counties with lower adaptive capacity (higher adaptive
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Fig. 5. Increases in the number of days per year between 12 and 35 pg/m® and >35 pg/m® by decile of adaptive capacity sub-index, sensitivity sub-index, and

community health vulnerability index due to wildland fires.

capacity sub-index), higher sensitivity, and higher vulnerability tend to
have a greater increase in the number of moderate and at or above
unhealthy air quality days/year for sensitive groups (Fig. 5). For
example, the increases in annual number of days between 12 and 35 pg/
m® and >35 pg/m° respectively increased from 9.6 days (1st decile) to
20.0 days (10th decile) and from 0.5 days (1st decile) to 1.1 days (10th
decile) with the increase in adaptive capacity sub-index. For the sensi-
tivity sub-index, we also observed the increases in the annual number of
days between 12 and 35 pg/m® and >35 pg/m® increased from 9.2 days
(1st decile) to 25.1 days (10th decile) and from 0.7 days (1st decile) to
1.0 days (10th decile). For the CHVI, the increases in annual number of
moderate air quality days and at or above unhealthy air quality days for
sensitive groups respectively increased from 5.9 days (1st decile) to 32.2
days (10th decile) and from 0.3 days (1st decile) to 2.3 days (10th
decile). More information on the number of days between 12 and 35 pg/
m® and >35 ug/m3 for all-sources PMy s, all-sources PM, s without
wildland fires, and the difference between the two data sets (impact of
fire-PM5 5 on the increases in the number of moderate and at or above
unhealthy air quality days/year for sensitive groups) can be found in
Supplementary Tables S13-15.

3.4. Population size at risk

Fig. 6 shows the number of people at risk by daily fire-PMjy 5 con-
centration and decile for multiple sub- and overall indices. Overall,
counties with lower adaptive capacity (higher adaptive capacity sub-
index), higher sensitivity, and higher vulnerability have small pop-
ulations compared to their counterparts. More importantly, the counties
with lower adaptive capacity (higher adaptive capacity sub-index),
higher sensitivity, and higher vulnerability have a higher proportion
of high daily fire-PMy 5 concentrations (i.e., 0.75-1.50, 1.50 ug/mB).
Approximately, 44.9 million people have the highest adaptive capacity
(1st decile) while 14.9 million people have the lowest adaptive capacity
(10th decile). Among the 14.9 million people with the lowest adaptive
capacity, 2.1 million people were also exposed to high daily fire-PMy 5
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Fig. 6. Population size by daily fire-PM, 5 concentrations threshold and decile
for each index (adaptive capacity, sensitivity, and community health vulnera-
bility index).

exposure (>1.50 pg/m>). For the sensitivity sub-index, 86.2 million
people have the lowest sensitivity sub-index (1st decile) while 12.0
million people have the highest sensitivity (10th decile). One fourth of
the 12.0 million people also experienced high daily fire-PMj 5 exposure
(>1.50 pg/m®). For the CHVI, 73.3 million people have the lowest
vulnerability index (1st decile) and 11.5 million people have the highest
vulnerability (10th decile). Seventy-five percent of 11.5 million people
were also exposed to high daily fire-PM, 5 concentration (>1.50 pg/m>).
More details can be found in Supplementary Table S16. As a separate
analysis, we further detected the counties experiencing high daily fire-
PMy 5 concentration (>1.50 pg/ms), lowest adaptive capacity (>99th
percentile), and highest sensitivity (>99th percentile). The results show
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that a total of five counties located in Alabama (Greene, Dallas Counties)
and West Virginia (Boone, Logan, Mingo Counties) States correspond to
these conditions, representing the highest risk (Supplementary Fig. S8).

4. Discussion

This study developed a measure of county-level community vulner-
ability for fire-PM; 5 based on adaptive capacity, sensitivity, and expo-
sure at the national and regional level. This is one of several important
extensions compared to other fire risk studies that do not focus on
smoke/health and use CHVI broadly. We showed that the counties with
higher daily fire-PM, 5 exposure tend to have lower adaptive capacity,
higher sensitivity, and higher vulnerability at the county level. Our re-
sults complement previous studies that separately examined the impact
of PMy 5 exposure (Kondo et al., 2022; Liu et al., 2015; Reid et al., 2016)
and wildland fire smoke vulnerability (Rappold et al., 2017). These
studies presented evidence that communities with higher PMs 5 expo-
sure and higher vulnerability could be at higher risk of health risks
resulting in increased smoke-related mortality and morbidity. Our re-
sults further described the relationships between fire-PM; 5 exposure
levels and adaptive capacity, sensitivity, and CHVI. We found that
counties with high fire-PM5 5 exposure may also be at higher risk as a
result of corresponding low adaptive capacity and high sensitivity. This
study bolsters recommendations that have argued for a multifaceted
approach that addresses not only exposure, but also adaptive capacity
and sensitivity, to reducing impacts from wildland fire smoke.

Relatedly, we discovered that counties with higher vulnerability are
more likely to face a heightened risk of experiencing poor air quality
during wildland fires compared to their counterparts. Previous studies
have highlighted environmental inequality, asserting that marginalized
communities, often characterized by low-income and minority pop-
ulations, disproportionately bear the impact of natural disasters (Cutter,
1995; Institute of Medicine, 1999). Environmental inequality has been
already identified in many vulnerability studies focusing on various
environmental disasters such as heat waves (e.g., Estoque et al., 2020),
floods (e.g., Maantay and Maroko, 2009), wildfires (e.g., Davies et al.,
2018), and hurricanes (e.g., Bodenreider et al., 2019). These studies
generally support the concept that socially and economically vulnerable
communities are more likely to be exposed to higher risks of environ-
mental hazards, such as air and water pollution and extreme weather
events. Environmental inequality and environmental justice have
recently garnered significant attention within the environmental
discourse as efforts to mitigate the unequal distribution of exposure to
environmental hazards (Whitehead, 2015). Multiple governments and
agencies, including the EPA, CDC, and National Institute of Environ-
mental Health Sciences (NIEHS), persist in their efforts to address dis-
parities in environmental health through tools, collaborations, and
public health initiatives. A vulnerability assessment could serve as an
effective tool for identifying environmental inequality issues.

Alarge number of people are likely vulnerable to impacts of wildland
fire smoke at least along one dimension of concern: 14.9, 12.0, and 11.5
million people have the lowest adaptive capacity (10th decile), the
highest sensitivity (10th decile), and the highest vulnerability (10th
decile), respectively. We showed that the spatial distribution of these
populations was clustered: for example, five counties (total population:
127,285) located in Alabama (Greene, Dallas Counties) and West Vir-
ginia (Boone, Logan, Mingo Counties) experienced high average daily
fire-PM, 5 concentrations (>1.5 pg/m®) and had the lowest adaptive
capacity (>99th percentile), and the highest sensitivity (>99th
percentile). Furthermore, the counties with lower adaptive capacity,
higher sensitivity, and higher vulnerability often had a higher increase
in the number of days between 12 and 35 pg/m® (moderate air quality
days) and >35 pg/m?> (at or above unhealthy air quality days for sen-
sitive groups) due to fire-PMj 5 concentrations. For example, in the least
vulnerable group (1st decile of the CHVI), fire-PM; s-induced increases
in the number of days between 12 and 35 pg/m® and >35 pg/m® were
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5.9 and 0.3 days/year, respectively. On the other hand, the most
vulnerable group (10th decile of the CHVI) experienced substantially
higher increases of 32.2 and 2.3 days/year, which corresponds to
approximately 5 to 6 times more days compared to the 1st decile of the
CHVI.

Our results show additional vulnerable areas that were not captured
with CHVI methods of Rappold et al. (2017). While Rappold et al. (2017)
suggest that the Southern US had the highest vulnerability, our study
showed two hot spots of high vulnerability: Northwestern (the North-
west and California regions) and Southern US. We suspect that this
difference comes from at least two factors. First, while Rappold et al.'s
(2017) vulnerability index is based on five years of data from 2008 to
2012, our study is based on eleven years of data from 2008 to 2018.
Recent wildfires that occurred in the Western US could have potentially
changed this pattern. Second, we surmise that a significant difference is
that Rappold et al. (2017) did not incorporate adaptive capacity into
their analysis. We believe presented work advances Rappold et al.'s
(2017) CHVI by including the adaptive capacity. The rapidly changing
nature of wildfires in the last decade alone in the western US (Dennison
et al., 2014; Kramer et al., 2018) suggests employing longer time series
could elucidate significant and important differences in vulnerable
areas. Given this trend in wildfires is likely to continue in the future
(Neumann et al., 2021), there will be a need to continually revisit and
update vulnerability assessments to inform public health, fire manage-
ment, and other decisions and priorities.

Our results also align with some of Rappold et al.'s (2017) results. We
found the western US had longer and higher smoke PMy 5 exposure
while the Eastern US experienced shorter and lower smoke PMj 5
exposure. Both Rappold et al. (2017) and our study observed high
concentrations over mesic and dry mixed-conifer forested regions of
Northern California and Pacific Northwest; within hardwood, pine and
southern mixed forests; as well as in the wetlands across the Southeast.
These spatial patterns are associated with the type of fires in these
contexts: the majority of the emissions in the Southeast were smaller and
more localized wildland fires (e.g., agricultural burning and prescribed
burning), while wildland fires in the Western US are larger and longer
lasting and can therefore increase the number of moderate and at or
above unhealthy air quality days/year for sensitive groups (Rappold
et al., 2017). This result suggests the potential benefits of applying tools
such as prescribed burning and ecological thinning as options for man-
aging fuels in the presence of inevitable wildfires (D'Evelyn et al., 2022).

Finally, our results support the broader literature showing the
Southern US tends to have lower adaptive capacity to wildland fire
smoke than the Northern US due to the distribution of race/ethnicity
and socioeconomic status variables. Casey et al. (2017) showed similar
spatial patterns representing higher proportions of non-White in-
dividuals, of individuals without a high school diploma, and of house-
holds below the federal poverty level in the Southern US. Jbaily et al.
(2022) also reported that a higher proportion of non-White and low-
income ZIP Code Tabulation Areas are concentrated in the Southern
US. Our findings support the idea that communities with limited adap-
tive capacity should be supported in implementing protective measures
to enhance resilience and reduce the negative health impacts of wildland
fire smoke. These measures include both improved community fire
mitigation practices and smoke risk communication (D'Evelyn et al.,
2022; Rappold et al., 2017; Treves et al., 2022; Van Deventer et al.,
2021; Wood et al., 2022).

We note several limitations that can be addressed by future analyses.
Our analysis presents a critical first step in the analysis of vulnerability
as it relates to broader societal well-being. However, the derived indices
were not validated in this study, as the validation process is beyond the
current scope of our research. Future work could examine the degree to
which CHVI, as well as its sub-indices, are associated with relevant
health outcomes. Previous vulnerability studies have used total property
damage or the number of deaths/illness as a proxy for vulnerability to
validate their indices (e.g., Ortega et al., 2019; Tellman et al., 2020). For
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our study, an ideal analysis would examine associations between the
sub- and overall vulnerability indices and mortality or morbidity
outcomes.

Second, CMAQ data, similar to most models, contains inherent biases
(see, Appel et al., 2021; Wilkins et al., 2018). As those biases impact
CHVI, our results indicate similar findings as Rappold et al. (2017) re-
ported: 1) high biases at low PM; 5 concentrations which may come from
too dispersive plumes and too high emission from small fires, 2) over-
estimated small fire PM5 5 concentrations across all seasons, 3) limited
model ability which does not simulate the smoldering aspects of peat
fires well, and 4) incomplete emission data which excluded misspecified
emissions in the emission inventory. Wilkins et al. (2018) also pointed
out that the CMAQ model represents a low bias at higher emissions and a
high bias at lower emissions. The model performs better for larger
sources, meaning that our results for areas experiencing vulnerability
from smaller fires could be biased lower than in reality. Further, how the
model captures plume rise and dispersion could also alter the accuracy
of this analysis due to incorrect placement of emissions.

Third, several uncertainties exist in the process of: 1) variable se-
lection; 2) variable weighting; 3) variable standardization; 4) vulnera-
bility calculation methodology; and 5) selecting the spatial resolution of
variables. These and other uncertainties common in vulnerability as-
sessments are further described in Tate (2013, 2012). Finally, variables
estimated for different years and obtained from different sources could
contribute uncertainty in the analysis. In particular, some variables
based on the estimates such as adult asthma, pediatric asthma, and
COPD could have high uncertainty and error.

5. Conclusions

The results presented here point to at least two practical implica-
tions. As fire-PMy 5 can travel over thousands of miles and adversely
impact people living far from the fire origins (Matz et al., 2020; Sapkota
et al., 2005), regional maps of spatial patterns of fire-PMjy 5 exposure,
adaptive capacity, sensitivity, and vulnerability indices can provide
critical, localized information to state and county officials. This infor-
mation may be utilized in making decisions regarding land manage-
ment, public health, occupational health, and preparedness
interventions and provide other services to vulnerable populations.
Second, CHVI can raise awareness about risks to public health by
providing information about the annual average number of moderate
and at or above unhealthy air quality days for sensitive groups at the
county level. Knowledge about the health risk of wildfire or prescribed
fire smoke through effective outreach and communication could be
especially useful for counties where fire smoke is less common. Local or
state governments could use the information for promoting evidence-
based and culturally tailored health interventions or individual protec-
tive behaviors (e.g., using a mask, low-cost home air filters) to avoid the
adverse impact of fire smoke. The results can help broader efforts to
more efficiently allocate resources and reduce exposure inequities.

Given that wildland fires and smoke are likely to continue to increase
in the future, we would expect future increases in morbidity and mor-
tality caused by wildland fire smoke exposure without additional pre-
vention/mitigation (Neumann et al., 2021). Identifying counties that are
more vulnerable to wildland fire smoke, and the drivers of these vul-
nerabilities, is an important step in helping researchers and practitioners
better understand, prepare for, and respond to future wildfire events.

CRediT authorship contribution statement

Conceptualization, J.J., J.L.W., C.L.S., Y.J.M., J.C.F., J.T.S.; Meth-
odology; J.J.; J.L.W., C.L.S.; Formal analysis; J.J.; Investigation; J.J.; J.L.
W., C.L.S.; Data curation, J.J.; Writing — original draft, J.J.; Writing —
review & editing: J.J., J.L.W., C.L.S., Y.J.M,, J.C.F,, R.E.C, S.M.D., E.B,,
A.G.R,, R.D.H.,, M.E.M,, J.T.S.; Visualization, J.J.; Supervision, J.L.W.,
M.E.M., J.T.S. Funding acquisition; J.T.S., J.L.W., M.E.M. All authors

10

Science of the Total Environment 906 (2024) 167834

have read and agreed to the published version of the manuscript.

Declaration of competing interest
The authors declare there are no competing or conflicts of interest.
Data availability

The data used in the paper is all public data. All links for data
downloads are in the manuscript.

Acknowledgments

The study was supported by Science for Nature and People Part-
nerships, California Air Resources Board (Grant#19RD006), National
Aeronautics and Space Administration (NASA)
(Grant#80NSSC22K1684 & 80NSSC22K1480). We also especially thank
the California Air Resources Board (CARB) staff and Research Com-
mittee Members for their guidance and support during the project. With
a special thanks to our colleagues from the United States Environmental
Protection Agency and United States Forest Service for their valued in-
puts and support (W. Appel for AMET; G. Pouliot and K. Baker CMAQ
Model; Susan O'Neill Forest and Health Modeling). Additional Funding
and Support was provided by the Department of Energy (DOE-BER)
Award Research Development and Partnership (RDPP) (Grant #DE-
S$C0023511) and (Grant #DE-SC0022931). Finally, we graciously thank
our fellow colleagues with the Science for Nature and People Partner-
ship Partners (SNAPP) Team: Wildfires and Human Health.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2023.167834.

References

Adger, W.N., 2006. Vulnerability. Glob. Environ. Chang. 16 (3), 268-281.

Appel, K.W., Pouliot, G.A., Simon, H., Sarwar, G., Pye, H.O.T., Napelenok, S.L.,
Akhtar, F., Roselle, S.J., 2013. Evaluation of dust and trace metal estimates from the
Community Multiscale Air Quality (CMAQ) model version 5.0. Geosci. Model Dev. 6,
883-899.

Appel, K.W., Napelenok, S.L., Foley, K.M., Pye, H.O.T., Hogrefe, C., Luecken, D.J.,
Bash, J.O., Roselle, S.J., Pleim, J.E., Foroutan, H., 2017. Description and evaluation
of the community multiscale air quality (CMAQ) modeling system version 5.1.
Geosci. Model Dev. 10, 1703-1732.

Appel, K.W., Bash, J.O., Fahey, K.M., Foley, K.M., Gilliam, R.C., Hogrefe, C., Hutzell, W.
T., Kang, D., Mathur, R., Murphy, B.N., 2021. The community multiscale air quality
(CMAQ) model versions 5.3 and 5.3. 1: system updates and evaluation. Geosci.
Model Dev. 14, 2867-2897.

Aubrecht, C., @zccylun, D., 2013. Identification of heat risk patterns in the US National
Capital Region by integrating heat stress and related vulnerability. Environ. Int. 56,
65-77.

Bateson, T.F., Schwartz, J., 2004. Who is sensitive to the effects of particulate air
pollution on mortality? A case-crossover analysis of effect modifiers. Epidemiology
15, 143-149.

Bodenreider, C., Wright, L., Barr, O., Xu, K., Wilson, S., 2019. Assessment of social,
economic, and geographic vulnerability pre-and post-Hurricane Harvey in Houston,
Texas. Environ. Justice 12, 182-193.

Bowker, J.M., Lim, S.H., Cordell, H.K., Green, G.T., Rideout-Hanzak, S., Johnson, C.Y.,
2008. Wildland fire, risk, and recovery: results of a national survey with regional and
racial perspectives. J. For. 106, 268-276.

Brodie, M., Weltzien, E., Altman, D., Blendon, R.J., Benson, J.M., 2006. Experiences of
Hurricane Katrina evacuees in Houston shelters: implications for future planning.
Am. J. Public Health 96, 1402-1408.

Burton, C.G., 2010. Social vulnerability and hurricane impact modeling. Nat. Hazards
Rev. 11, 58-68.

Byun, D., Schere, K.L., 2006. Review of the governing equations, computational
algorithms, and other components of the Models-3 Community Multiscale Air
Quality (CMAQ) modeling system. Appl. Mech. Rev. 59, 51-77.

Casey, J.A., Morello-Frosch, R., Mennitt, D.J., Fristrup, K., Ogburn, E.L., James, P., 2017.
Race/ethnicity, socioeconomic status, residential segregation, and spatial variation
in noise exposure in the contiguous United States. Environ. Health Perspect. 125,
077017.


https://doi.org/10.1016/j.scitotenv.2023.167834
https://doi.org/10.1016/j.scitotenv.2023.167834
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf2400
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0005
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0005
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0005
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0005
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0010
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0010
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0010
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0010
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0015
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0015
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0015
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0015
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0020
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0020
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0020
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0025
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0025
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0025
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0030
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0030
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0030
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0035
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0035
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0035
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0040
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0040
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0040
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0045
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0045
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0050
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0050
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0050
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0055
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0055
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0055
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0055

J. Jung et al.

Childs, M.L., Li, J., Wen, J., Heft-Neal, S., Driscoll, A., Wang, S., Gould, C.F., Qiu, M.,
Burney, J., Burke, M., 2022. Daily local-level estimates of ambient wildfire smoke
PM2. 5 for the contiguous US. Environ. Sci. Technol. 56, 13607-13621.

Chow, W.T.L., Chuang, W.-C., Gober, P., 2012. Vulnerability to extreme heat in
metropolitan Phoenix: spatial, temporal, and demographic dimensions. Prof. Geogr.
64, 286-302.

Chuvieco, E., Martinez, S., Roman, M.V., Hantson, S., Pettinari, M.L., 2014. Integration
of ecological and socio-economic factors to assess global vulnerability to wildfire.
Glob. Ecol. Biogeogr. 23, 245-258.

Collins, T.W., Bolin, B., 2009. Situating hazard vulnerability: people’s negotiations with
wildfire environments in the US Southwest. Environ. Manag. 44, 441-455.

Cox, K., Kim, B., 2018. Race and income disparities in disaster preparedness in old age.
J. Gerontol. Soc. Work 61, 719-734.

Cutter, S.L., 1995. Race, class and environmental justice. Prog. Hum. Geogr. 19,
111-122.

Cutter, S.L., 1996. Vulnerability to environmental hazards. Prog. Hum. Geogr. 20,
529-539.

Cutter, S.L., Boruff, B.J., Shirley, W.L., 2012. Social vulnerability to environmental
hazards. In: Hazards Vulnerability and Environmental Justice. Routledge,
pp. 143-160.

Davies, I.P., Haugo, R.D., Robertson, J.C., Levin, P.S., 2018. The unequal vulnerability of
communities of color to wildfire. PloS One 13, e0205825.

Deng, M., Lai, G., Li, Q., Li, W., Pan, Y., Li, K., 2022. Impact analysis of COVID-19
pandemic control measures on nighttime light and air quality in cities. Remote Sens.
Appl. 27, 100806.

Dennison, P.E., Brewer, S.C., Arnold, J.D., Moritz, M.A., 2014. Large wildfire trends in
the western United States, 1984-2011. Geophys. Res. Lett. 41, 2928-2933.

D’Evelyn, S.M., Jung, J., Alvarado, E., Baumgartner, J., Caligiuri, P., Hagmann, R.K.,
Henderson, S.B., Hessburg, P.F., Hopkins, S., Kasner, E.J., 2022. Wildfire, smoke
exposure, human health, and environmental justice need to be integrated into forest
restoration and management. Curr. Environ. Health Rep. 9, 366-385.

Du, Y., Ding, Y., Li, Z., Cao, G., 2015. The role of hazard vulnerability assessments in
disaster preparedness and prevention in China. Mil. Med. Res. 2, 1-7.

Estoque, R.C., Ooba, M., Seposo, X.T., Togawa, T., Hijioka, Y., Takahashi, K.,
Nakamura, S., 2020. Heat health risk assessment in Philippine cities using remotely
sensed data and social-ecological indicators. Nat. Commun. 11, 1581.

Fatemi, F., Ardalan, A., Aguirre, B., Mansouri, N., Mohammadfam, I., 2017. Constructing
the indicators of assessing human vulnerability to industrial chemical accidents: a
consensus-based Fuzzy Delphi and Fuzzy AHP approach. PLoS Curr. 9.

Flanagan, B.E., Gregory, E.W., Hallisey, E.J., Heitgerd, J.L., Lewis, B., 2011. A social
vulnerability index for disaster management. J. Homel. Secur. Emerg. Manag. 8.

Fothergill, A., Peek, L.A., 2004. Poverty and disasters in the United States: a review of
recent sociological findings. Nat. Hazards 32, 89-110.

Fuchs, S., Birkmann, J., Glade, T., 2012. Vulnerability assessment in natural hazard and
risk analysis: current approaches and future challenges. Nat. Hazards 64,
1969-1975.

Fiissel, H.-M., Klein, R.J.T., 2006. Climate change vulnerability assessments: an evolution
of conceptual thinking. Clim. Change 75, 301-329.

Gallopin, G.C., 2006. Linkages between vulnerability, resilience, and adaptive capacity.
Glob. Environ. Chang. 16, 293-303.

Gaskin, C.J., Taylor, D., Kinnear, S., Mann, J., Hillman, W., Moran, M., 2017. Factors
associated with the climate change vulnerability and the adaptive capacity of people
with disability: a systematic review. Weather Clim. Soc. 9, 801-814.

Gini, C., 1912. Variabilita e mutabilita: contributo allo studio delle distribuzioni e delle
relazioni statistiche.[Fasc. I.]. Tipogr. di P. Cuppini.

Goss, M., Swain, D.L., Abatzoglou, J.T., Sarhadi, A., Kolden, C.A., Williams, A.P.,
Diffenbaugh, N.S., 2020. Climate change is increasing the likelihood of extreme
autumn wildfire conditions across California. Environ. Res. Lett. 15, 094016.

Haikerwal, A., Akram, M., Del Monaco, A., Smith, K., Sim, M.R., Meyer, M., Tonkin, A.
M., Abramson, M.J., Dennekamp, M., 2015. Impact of fine particulate matter (PM
2.5) exposure during wildfires on cardiovascular health outcomes. J. Am. Heart
Assoc. 4, e001653.

Hwang, S.N., Meier, K., 2022. Associations between wildfire risk and socio-economic-
demographic characteristics using GIS technology. J. Geogr. Inf. Syst. 14, 365-388.

Institute of Medicine, 1999. Toward Environmental Justice: Research, Education, and
Health Policy Needs.

IPCC, 2007. Climate Change 2007-impacts, Adaptation and Vulnerability: Working
Group II Contribution to the Fourth Assessment Report of the IPCC. Cambridge
University Press.

IPCC, 2014. Climate Change 2014-impacts, Adaptation and Vulnerability: Global and
Sectoral Aspects. Cambridge University Press.

Jacobson, L. da S.V., de Souza Hacon, S., de Castro, H.A., Ignotti, E., Artaxo, P., de
Leon, A.C.M.P., 2012. Association between fine particulate matter and the peak
expiratory flow of schoolchildren in the Brazilian subequatorial Amazon: a panel
study. Environ. Res. 117, 27-35.

Jbaily, A., Zhou, X., Liu, J., Lee, T.-H., Kamareddine, L., Verguet, S., Dominici, F., 2022.
Air pollution exposure disparities across US population and income groups. Nature
601, 228-233.

Jones, M.W., Smith, A., Betts, R., Canadell, J.G., Prentice, I.C., Le Quéré, C., 2020.
Climate change increases the risk of wildfires. Sci. Brief Rev. 116, 117.

Kasperson, R.E., Dow, K., Archer, E., Céceres, D., Downing, T., Elmqvist, T., Eriksen, S.,
Folke, C., Han, G., Iyengar, K., 2005. Vulnerable peoples and places. Ecosystems and
human wellbeing: current state and trends, 1, 143-164.

Kazmierczak, A., Cavan, G., 2011. Surface water flooding risk to urban communities:
analysis of vulnerability, hazard and exposure. Landsc. Urban Plan. 103, 185-197.

11

Science of the Total Environment 906 (2024) 167834

Kondo, M.C., Reid, C.E., Mockrin, M.H., Heilman, W.E., Long, D., 2022. Socio-
demographic and health vulnerability in prescribed-burn exposed versus unexposed
counties near the National Forest System. Sci. Total Environ. 806, 150564.

Kramer, H.A., Mockrin, M.H., Alexandre, P.M., Stewart, S.I., Radeloff, V.C., 2018. Where
wildfires destroy buildings in the US relative to the wildland-urban interface and
national fire outreach programs. Int. J. Wildland Fire 27, 329-341.

Lambert, A.M., D’antonio, C.M., Dudley, T.L., 2010. Invasive species and fire in
California ecosystems. Fremontia 38, 29-36.

Liu, J.C., Pereira, G., Uhl, S.A., Bravo, M.A., Bell, M.L., 2015. A systematic review of the
physical health impacts from non-occupational exposure to wildfire smoke. Environ.
Res. 136, 120-132.

Liu, Y., Austin, E., Xiang, J., Gould, T., Larson, T., Seto, E., 2021. Health impact
assessment of the 2020 Washington state wildfire smoke episode: excess health
burden attributable to increased PM2. 5 exposures and potential exposure
reductions. Geohealth 5, e2020GH000359.

Maantay, J., Maroko, A., 2009. Mapping urban risk: flood hazards, race, &
environmental justice in New York. Appl. Geogr. 29, 111-124.

Mabhsin, M.D., Cabaj, J., Saini, V., 2022. Respiratory and cardiovascular condition-
related physician visits associated with wildfire smoke exposure in Calgary, Canada,
in 2015: a population-based study. Int. J. Epidemiol. 51, 166-178. https://doi.org/
10.1093/ije/dyab206.

Matz, C.J., Egyed, M., Xi, G., Racine, J., Pavlovic, R., Rittmaster, R., Henderson, S.B.,
Stieb, D.M., 2020. Health impact analysis of PM2. 5 from wildfire smoke in Canada
(2013-2015, 2017-2018). Sci. Total Environ. 725, 138506.

Mercer, D.E., Prestemon, J.P., 2005. Comparing production function models for wildfire
risk analysis in the wildland-urban interface. For. Policy Econ. 7, 782-795.

Mucke, P., 2012. World Risk Report 2012: Environmental Degradation Increases Disaster
Risk Worldwide Alliance Development Works.

Muttarak, R., Lutz, W., 2014. Is education a key to reducing vulnerability to natural
disasters and hence unavoidable climate change? Ecol. Soc. 19.

Nagler, E., 2017. Filling the gaps: inequitable emergency preparedness and disaster relief
policies serving immigrant and refugee communities. Int. Undergrad. J. Serv. Learn
Leadersh. Soc. Chang. 6, 10-22.

Neumann, J.E., Amend, M., Anenberg, S., Kinney, P.L., Sarofim, M., Martinich, J.,
Lukens, J., Xu, J.-W., Roman, H., 2021. Estimating PM2. 5-related premature
mortality and morbidity associated with future wildfire emissions in the western US.
Environ. Res. Lett. 16, 035019.

Ortega, J., Vasconcelos, G., Rodrigues, H., Correia, M., Ferreira, T.M., Vicente, R., 2019.
Use of post-earthquake damage data to calibrate, validate and compare two seismic
vulnerability assessment methods for vernacular architecture. Int. J. Disaster Risk
Reduction 39, 101242.

Radeloff, V.C., Helmers, D.P., Kramer, H.A., Mockrin, M.H., Alexandre, P.M., Bar-
Massada, A., Butsic, V., Hawbaker, T.J., Martinuzzi, S., Syphard, A.D., 2018. Rapid
growth of the US wildland-urban interface raises wildfire risk. Proc. Natl. Acad. Sci.
115, 3314-3319.

Rappold, A.G., Reyes, J., Pouliot, G., Cascio, W.E., Diaz-Sanchez, D., 2017. Community
vulnerability to health impacts of wildland fire smoke exposure. Environ. Sci.
Technol. 51, 6674-6682.

Reid, C.E., O’neill, M.S., Gronlund, C.J., Brines, S.J., Brown, D.G., Diez-Roux, A.V.,
Schwartz, J., 2009. Mapping community determinants of heat vulnerability.
Environ. Health Perspect. 117, 1730-1736.

Reid, C.E., Brauer, M., Johnston, F.H., Jerrett, M., Balmes, J.R., Elliott, C.T., 2016.
Critical review of health impacts of wildfire smoke exposure. Environ. Health
Perspect. 124, 1334-1343.

Roberts, G., Wooster, M.J., 2021. Global impact of landscape fire emissions on surface
level PM2. 5 concentrations, air quality exposure and population mortality. Atmos.
Environ. 252, 118210.

Sacks, J.D., Stanek, L.W., Luben, T.J., Johns, D.O., Buckley, B.J., Brown, J.S., Ross, M.,
2011. Particulate matter—induced health effects: who is susceptible? Environ. Health
Perspect. 119, 446-454.

Sapkota, A., Symons, J.M., Kleissl, J., Wang, L., Parlange, M.B., Ondov, J., Breysse, P.N.,
Diette, G.B., Eggleston, P.A., Buckley, T.J., 2005. Impact of the 2002 Canadian forest
fires on particulate matter air quality in Baltimore City. Environ. Sci. Technol. 39,
24-32.

Shepard, C.C., Agostini, V.N., Gilmer, B., Allen, T., Stone, J., Brooks, W., Beck, M.W.,
2012. Assessing future risk: quantifying the effects of sea level rise on storm surge
risk for the southern shores of Long Island, New York. Nat. Hazards 60, 727-745.

Siregar, S., Idiawati, N., Pan, W.-C., Yu, K.-P., 2022. Association between satellite-based
estimates of long-term PM2.5 exposure and cardiovascular disease: evidence from
the Indonesian family life survey. Environ. Sci. Pollut. Res. 29, 21156-21165.
https://doi.org/10.1007/s11356-021-17318-4.

Smit, B., Pilifosova, O., 2003. From adaptation to adaptive capacity and vulnerability
reduction. In: Climate Change, Adaptive Capacity and Development. World
Scientific, pp. 9-28.

Smith, J.C., 2016. Inmate Populations in a Disaster: A Labor Force, a Vulnerable
Population, and a Hazard. Louisiana State University and Agricultural & Mechanical
College.

Stowell, J.D., Geng, G., Saikawa, E., Chang, H.H., Fu, J., Yang, C.-E., Zhu, Q., Liu, Y.,
Strickland, M.J., 2019. Associations of wildfire smoke PM2. 5 exposure with
cardiorespiratory events in Colorado 2011-2014. Environ. Int. 133, 105151.

Tate, E., 2012. Social vulnerability indices: a comparative assessment using uncertainty
and sensitivity analysis. Nat. Hazards 63, 325-347.

Tate, E., 2013. Uncertainty analysis for a social vulnerability index. Ann. Assoc. Am.
Geogr. 103, 526-543.


http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0060
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0060
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0060
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0065
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0065
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0065
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0070
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0070
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0070
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0075
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0075
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0080
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0080
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0085
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0085
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0090
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0090
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0095
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0095
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0095
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0100
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0100
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0105
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0105
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0105
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0110
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0110
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0115
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0115
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0115
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0115
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0120
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0120
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0125
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0125
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0125
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0130
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0130
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0130
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0135
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0135
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0140
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0140
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0145
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0145
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0145
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0150
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0150
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0155
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0155
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0160
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0160
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0160
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0165
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0165
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0170
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0170
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0170
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0175
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0175
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0175
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0175
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0180
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0180
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0185
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0185
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0190
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0190
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0190
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0195
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0195
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0200
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0200
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0200
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0200
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0205
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0205
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0205
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0210
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0210
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0215
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0215
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0215
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0220
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0220
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0225
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0225
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0225
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0230
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0230
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0230
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0235
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0235
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0240
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0240
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0240
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0245
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0245
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0245
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0245
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0250
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0250
https://doi.org/10.1093/ije/dyab206
https://doi.org/10.1093/ije/dyab206
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0260
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0260
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0260
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0265
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0265
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0270
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0270
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0275
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0275
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0280
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0280
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0280
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0285
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0285
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0285
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0285
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0290
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0290
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0290
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0290
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0295
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0295
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0295
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0295
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0300
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0300
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0300
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0305
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0305
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0305
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0310
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0310
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0310
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0315
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0315
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0315
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0320
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0320
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0320
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0325
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0325
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0325
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0325
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0330
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0330
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0330
https://doi.org/10.1007/s11356-021-17318-4
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0340
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0340
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0340
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0345
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0345
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0345
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0350
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0350
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0350
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf2405
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf2405
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0355
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0355

J. Jung et al.

Taylor, A.H., Trouet, V., Skinner, C.N., Stephens, S., 2016. Socioecological transitions
trigger fire regime shifts and modulate fire—climate interactions in the Sierra
Nevada, USA, 1600-2015 CE. Proc. Natl. Acad. Sci. 113, 13684-13689.

Tellman, B., Schank, C., Schwarz, B., Howe, P.D., de Sherbinin, A., 2020. Using disaster
outcomes to validate components of social vulnerability to floods: flood deaths and
property damage across the USA. Sustainability 12, 6006.

Tessum, C.W., Apte, J.S., Goodkind, A.L., Muller, N.Z., Mullins, K.A., Paolella, D.A.,
Polasky, S., Springer, N.P., Thakrar, S.K., Marshall, J.D., 2019. Inequity in
consumption of goods and services adds to racial-ethnic disparities in air pollution
exposure. Proc. Natl. Acad. Sci. 116, 6001-6006.

Tessum, C.W., Paolella, D.A., Chambliss, S.E., Apte, J.S., Hill, J.D., Marshall, J.D., 2021.
PM2. 5 polluters disproportionately and systemically affect people of color in the
United States. Sci. Adv. 7, eabf4491.

Treves, R.J., Liu, E., Fischer, S.L., Rodriguez, E., Wong-Parodi, G., 2022. Wildfire smoke
clean air centers: identifying barriers and opportunities for improvement from
California practitioner and community perspectives. Soc. Nat. Resour. 1-20.

Vaidyanathan, A., Yip, F., Garbe, P., 2018. Developing an online tool for identifying at-
risk populations to wildfire smoke hazards. Sci. Total Environ. 619, 376-383.

Van Deventer, D., Marecaux, J., Doubleday, A., Errett, N., Isaksen, T.M.B., 2021. Wildfire
smoke risk communication efficacy: a content analysis of Washington State’s 2018
statewide smoke event public health messaging. J. Public Health Manag. Pract. 27,
607-614.

Vescovi, L., Rebetez, M., Rong, F., 2005. Assessing public health risk due to extremely
high temperature events: climate and social parameters. Climate Res. 30, 71-78.

Vichova, K., Veselik, P., Heinzova, R., Dvoracek, R., 2021. Road transport and its impact
on air pollution during the COVID-19 pandemic. Sustainability 13, 11803.

12

Science of the Total Environment 906 (2024) 167834

Vo, T.T., Van, P.H., 2019. Can health insurance reduce household vulnerability?
Evidence from Viet Nam. World Dev. 124, 104645. https://doi.org/10.1016/j.
worlddev.2019.104645.

Wang, S., Zhang, M., Huang, X., Hu, T., Sun, Q.C., Corcoran, J., Liu, Y., 2022.
Urban-rural disparity of social vulnerability to natural hazards in Australia. Sci. Rep.
12, 13665.

Whitehead, L., 2015. The road towards environmental justice from a multifaceted lens.
J. Environ. Health 77, 106.

Wilkins, J.L., Pouliot, G., Foley, K., Appel, W., Pierce, T., 2018. The impact of US
wildland fires on ozone and particulate matter: a comparison of measurements and
CMAQ model predictions from 2008 to 2012. Int. J. Wildland Fire 27, 684-698.

Wilkins, J.L., Pouliot, G., Pierce, T., Soja, A., Choi, H., Gargulinski, E., Gilliam, R.,
Vukovich, J., Landis, M.S., 2022. An evaluation of empirical and statistically based
smoke plume injection height parametrisations used within air quality models. Int. J.
Wildland Fire 31, 193-211.

Wood, L.M., D’Evelyn, S.M., Errett, N.A., Bostrom, A., Desautel, C., Alvarado, E., Ray, K.,
Spector, J.T., 2022. “When people see me, they know me; they trust what I say™
characterizing the role of trusted sources for smoke risk communication in the
Okanogan River Airshed emphasis area. BMC Public Health 22, 2388.

Ye, T., Guo, Y., Chen, G., Yue, X., Xu, R., Coélho, M. de S.Z.S., Saldiva, P.H.N., Zhao, Q.,
Li, S., 2021. Risk and burden of hospital admissions associated with wildfire-related
PM2.: 5 in Brazil, 2000-15: a nationwide time-series study. Lancet Planet Health 5,
€599-e607.

Yoo, G., Kim, A.R., Hadi, S., 2014. A methodology to assess environmental vulnerability
in a coastal city: application to Jakarta, Indonesia. Ocean Coast. Manag. 102,
169-177.

Yoon, D.K., 2012. Assessment of social vulnerability to natural disasters: a comparative
study. Nat. Hazards 63, 823-843.


http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0360
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0360
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0360
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0365
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0365
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0365
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0370
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0370
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0370
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0370
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0375
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0375
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0375
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0380
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0380
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0380
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0385
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0385
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0390
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0390
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0390
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0390
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0395
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0395
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0400
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0400
https://doi.org/10.1016/j.worlddev.2019.104645
https://doi.org/10.1016/j.worlddev.2019.104645
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0410
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0410
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0410
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0415
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0415
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0420
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0420
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0420
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0425
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0425
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0425
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0425
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0430
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0430
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0430
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0430
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0435
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0435
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0435
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0435
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0440
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0440
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0440
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0445
http://refhub.elsevier.com/S0048-9697(23)06461-6/rf0445

	Advancing the community health vulnerability index for wildland fire smoke exposure
	1 Introduction
	2 Data and method
	2.1 Vulnerability assessment
	2.2 Exposure
	2.3 Sensitivity
	2.4 Adaptive capacity
	2.5 Analytic methods

	3 Results
	3.1 Spatial patterns of the calculated indices
	3.2 Associations between exposure and the calculated indices and inequality in the indices
	3.3 Increases in unhealthy air quality days due to fire-PM2.5
	3.4 Population size at risk

	4 Discussion
	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments
	Appendix A Supplementary data
	References


