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Abstract
Climate change poses a grave threat to human health with disparate impacts across society. While
populations with high social vulnerability generally bear a larger burden of exposure to and impact
from environmental hazards; such patterns and trends are less explored at the confluence of social
vulnerability and rural–urban gradients. We show that in rural regions in Idaho, low vulnerability
populations had both the highest long-term average and the highest increase rate of exposure to
heatwaves from 2002–2020, coincident with a higher population density in low—as compared to
high—vulnerability rural census tracts. In urban areas, however, high vulnerability populations
accounted for the highest long-term average and increase rate of heatwave exposure; they also
accounted for highest population density. Contrary to regional warming trends,
population-weighted maximum summer land surface temperature (LST-Max) showed a negative
trend across Idaho in the past two decades coincident with increasing neighborhood greenness.
Our results show that increasing population density in southern Idaho with a Mediterranean
climate and hot summers is correlated with increasing greenness—associated with development of
barren land and growing trees planted in former developments—and declining LST-Max.
Furthermore, we show that while ambient air quality in the past two decades improved in southern
Idaho—consistent with national trends—it worsened in northern Idaho. Wildfire smoke
concentrations also increased across Idaho, with pronounced trends in northern Idaho. Our
findings indicate that while climatic extremes continue to increasingly threaten human lives,
nature-based solutions—such as neighborhood greening, where allowed by environmental and
social factors—can mitigate some of the adverse impacts of climate change.

1. Introduction

Climatic changes have increasingly impacted human lives and livelihood across the globe in recent decades
[1]. The western US, for example, faces a variety of climate-related extremes, including drought, heatwaves,
wildfires, and wildfire smoke [2]. Specifically, heatwaves’ intensity, frequency, magnitude, and geographical
extent of impact have been increasing in recent decades [3], resulting in a multitude of human impacts
ranging from agricultural failure [4, 5] and electric grid disruptions [6] to increased human morbidity and
mortality [7]. Heatwaves are indeed one of the deadliest natural hazards, which claimed more than 166 000
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deaths globally (likely an underestimation) between 1998 and 2017 [8]. Wildfires also increasingly threaten
humans and infrastructure across the western US [9]. While the immediate threat of wildfires to human lives
is grave, smoke spreads wildfire impacts to millions of people hundreds-to-thousands of kilometers away
from the burned areas and extend the impacts for days-to-weeks [10].

Climate-related extremes differentially impact various strata of population, with a disproportionately
larger burden on the poor, elderly, and other socially vulnerable individuals and communities [11]. A recent
study, for example, showed that the lowest income quartile population of the world have already observed
30% larger heatwave exposure than the highest income quartile [12]. Moreover, the compounding impacts of
intensifying heatwaves, limited adaptation capacity and higher population growth rates of low-income
countries are expected to further widen this gap in vulnerability and inequality by the end of the century [12,
13]. Similar trends and patterns are observed in the exposure of socially vulnerable populations and
communities to various extremes across the US [14–17]. Social vulnerability refers to the susceptibility of
individuals, communities, and societies to negative impacts from hazards [18].

Adapting to climate change is crucial for safeguarding communities, economies, and ecosystems against
increasingly severe impacts of climate extremes [19, 20]. Historical and contemporary social, economic, and
institutional factors, however, influence the ability of communities to prepare for, respond to, and recover
from disasters [21]. Studies have endeavored to represent these factors in proxies such as social vulnerability
indices, and summarize them into a readily available metric. Various studies have used these indices to
investigate the differential impacts of environmental hazards and disasters on communities [22]. Social
vulnerability indices, however, may not entirely represent challenges faced by urban versus rural populations
with respect to climatic extremes [23]. While urban populations face pronounced extremes due to
biophysical traits of built-up areas—e.g. decreased green areas and diminished evaporative cooling, heat
entrapment and urban heat islands (UHIs)—rural areas also face unique challenges due to their elevated
dependence on natural resources, geographic and demographic challenges in preparing for and responding
to extremes, and challenges associated with infrastructure availability and access—including transportation,
health care and emergency response systems [24]. Climate impact assessments should factor in all these
considerations to accurately inform community resilience efforts [25].

Here we focus on Idaho in the northwest US which has the fastest growing population in the nation [26],
and is one of the most rural states with 80% of counties classified as rural [27]. The U.S. Census Bureau
defines a rural area as any geographic area not categorized as urban, meaning rural areas consist of open land
and communities with fewer than 5000 residents and less than 2000 housing units. Idaho accounted for 14%
of all burned areas in the contiguous US from 2000 to 2019—second only to California [28]. The continental
and xeric climate of Idaho drives drought, heatwaves and other climate extremes, with maximum daily
temperatures in summer in southern Idaho frequently exceeding 37.8 ◦C (100) in summer. In addition,
easterly winds frequently blanket Idaho in smoke from wildfires in western states [29]. It is important to
note, however, that Idaho also benefits from unique availability of natural resources; for example, ranking
first in water withdrawal per capita in the US [30]. Given these unique, and understudied, social and
environmental conditions in Idaho, we leveraged meteorological data, satellite data and products, and census
and population data, along with geospatial and statistical methods to answer:

1. What are the trends of heat and wildfire smoke indicators, and associated social and environmental
factors, across Idaho in recent decades?

2. How is the ‘equity-scape’ of climate extremes across social vulnerability and rural–urban gradients over
Idaho?

2. Materials andmethods

2.1. Study area
Our study domain is the state of Idaho (figure 1(a)), with distinct environmental and social gradients.
Idaho’s vast expanse of approximately 216 430 sq·km stretches across the northwest US. Its unique geography
is characterized by diverse landscapes ranging from rugged mountains to vast plains, and its latitudinal and
elevational features create diverse climates [26]. Idaho’s population nearly doubled from 1990 to 2022, with
most of its population living in a limited number of urban centers in the south (figures 1(b) and (c)). Due to
their distinct features, we analyze northern and southern Idaho separately (figure 1(a)), and further focus on
urban vs rural populations in each region. Table 1 lists the ecoclimatic and population differences between
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Figure 1.Map of study area divided into northern and southern parts (a), and color coded based on rural fraction of its
population in 2000 (b) and 2010 (c). Borders on the maps indicate census tracts.

Table 1. Ecoclimatic and population characteristics of northern versus southern Idaho.

Northern Idaho (NID) Southern Idaho (SID) References

Annual precipitation
(2002–2020)

839 mm 409 mm [28]

Summer daily average
temperature
(2002–2020)

16 ◦C 19 ◦C [28]

Average elevation (range) 1599 m (216–3822) 1587 m (550–3711) [29]
Forest cover in 2010 34% 6% [30]
Total population in 2010 351 223 1217 698 [31–34]

the two regions. We conducted all our analyses at the census tract level and defined a census tract as ‘rural’, if
more than 50% of its population are classified as rural in the decennial census data (2000, 2010, 2020).

2.2. Social and environmental variables
2.2.1. Air temperature
We used the GridMET dataset [28] which is a gridded meteorological dataset covering the contiguous US. It
provides high-resolution (4 km) historical interpolated data from 1979–present, including variables such as
temperature, precipitation, solar radiation, and humidity. This dataset is widely used for studying climate
trends, modeling, and impact assessments [28]. We used daily air temperature from GridMET for the period
of 2002–2020 to derive heatwaves (details later). We selected this period as a common timeline between
different variables used in this study.

2.2.2. Land surface temperature (LST)
LST refers to the temperature of the Earth’s surface as measured from a satellite or ground-based instrument.
LST helps determine heat impacts of local microclimates that may not be captured in mesoscale
meteorological data such as GridMET [35, 36]. We used the MODIS satellite’s daily LST product
(MOD11A1.061) with a spatial resolution of 1 km available from 2000–present [37]. We derived maximum
June–August (summer) daily LST for each grid—i.e. single hottest LST during summer in each gridcell—and
averaged them for each census tract annually during 2002–2020.

2.2.3. UHI
An UHI refers to the phenomenon where urban areas experience higher temperatures compared to their
rural surroundings. This effect is primarily caused by built up areas such as buildings, roads, and
infrastructure that absorb and retain heat, altering the local climate [38, 39]. We used the Global UHIs
dataset of [38] with a spatial resolution of 300 m, available from 2003–2018. This dataset was developed
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using the Surface UHI algorithm which, in simple terms, estimates the difference in LST between urban
centers and surrounding rural areas [38, 39]. We adopted the annual average daytime UHI intensity (in ◦C)
and averaged all grids in each census tract annually.

2.2.4. Greenness
We derived Normalized Difference Vegetation Index—NDVI; a proxy for vegetation health—for each
blockage-free 30 m pixel in Landsat satellite images (revisit time of 16 d) over Idaho during June–August
(summer) from 2002–2020. We averaged NDVI for each pixel, and then averaged them over summer.
Through extensive trial-and-error, we adopted a threshold of 0.3 for summer average NDVI (see figure S1 for
more details), above which the urban green areas—irrigated in southern Idaho—can be separated from
background vegetation. We then estimated the percentage of each census tract that was ‘green’ in each year.

2.2.5. Ambient air quality, PM2.5
We used the daily, gridded surface PM2.5 data by Swanson et al [40] that is available at a 1 km resolution
from 2003–2020. This data was developed for the western US through a geographically weighted regression
algorithm using MODIS aerosol optical depth and meteorological data, and was also informed by inversion
potential/strength [40]. We averaged PM2.5 estimates at the census tract level.

2.2.6. Wildfire smoke
We used the daily estimates of wildfire smoke from Childs et al [41] who used a machine learning model
informed by a combination of ground, satellite, and reanalysis data sources, including satellite-based aerosol
optical depth, meteorological data, topography, atmospheric circulation trajectories, wildfire data, and
ground observations of PM2.5 and smoke. This data is available daily at a 10 km resolution from 2006–2020
for contiguous US. We averaged smoke estimates at the census tract level.

2.2.7. Social Vulnerability Index (SVI)
We used the nested hierarchical SVI from the US Centers for Disease Control and Prevention that
amalgamates sixteen variables (e.g. income, employment, disability, seniority, minority) into four
dimensions of ‘Socioeconomic Status’, ‘Household Composition and Disability’, ‘Minority Status and
Language’, and ‘Housing Type and Transportation’. These four dimensions are then aggregated to the ‘Overall
Vulnerability’ status. The overall vulnerability and its dimensions and subdimensions are normalized
between 0 and 1 for Idaho, with 0 corresponding to least vulnerability and 1 associating with highest
vulnerability across the state [42, 43]. We used available data from years 2000, 2010, 2014, 2016, 2018, 2020
for the periods 2002–2009, 2010–2013, 2014–2015, 2016–2017, 2018–2019, and 2020, respectively. We used
census tract level overall SVI—finest resolution available—and assigned the SVI value to all residents of the
census tract, acknowledging within tract heterogeneity. We also acknowledge that census tract boundaries
can change between decennial census that can in turn impact the reported results.

2.2.8. Rural–urban fraction
We used Decennial Demographic and Housing Characteristics (P2) data from 2000 (for years 2000–2009),
2010 (for years 2010–2019) and 2020 (for year 2020) to estimate the fraction of rural population in each
census tract.

2.2.9. Population
We used the annual gridded population data fromWorldPop [33] that disaggregates census-reported
population to 92 m grids using a machine learning model, informed by a variety of covariates including
roads, land cover, built structures, cities or urban areas, night-time lights, infrastructure, environmental data,
protected areas, and water bodies [44]. Using this gridded dataset is specifically helpful for collocating
populations with climate-related extremes to accurately estimate exposure to hazards.

2.3. Methods
2.3.1. Heatwave exposure
We defined heatwave events as a prolonged period of hot weather with maximum daily temperatures
exceeding 90 ◦F (32.22 ◦C) for at least three consecutive days. This definition is aligned with moderate
impacts of heatwaves on human health and infrastructure [45]. We also used a spatiotemporally localized
approach to define heatwaves, using the 95th percentile of the long-term daily temperature time series of
each day and each grid as the threshold. A 3 d consecutive exceedance is a requirement in the localized
heatwave definition as well. We developed daily binary heatwave maps, which we then overlaid on
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population maps to estimate daily heatwave exposures. We down-sampled the 4 km binary heatwave grids to
the 92 m population grids, and estimated the number of people exposed to heatwaves in each 92 m grid-cell.
We subsequently aggregated (through a summation) daily heatwave exposures at the census tract and annual
scales, returning the annual number of person-days exposure to heatwave. Heatwave exposure trends can be
driven by trends in the number of heatwave days and trends in population.

2.3.2. Spatial aggregation
We aggregated all environmental and social variables to the census tract level. In doing so, all grid-cells with
center points within the shapefile of the census tract were aggregated—i.e. summed in the case of heatwave
exposure and averaged for all other variables. Census tracts can change from one decennial census to
another, and we adopted the shapefiles associated with each census tract for the year of analysis. We
recognize that not only the source data are associated with uncertainty, but also the overlaying of various
raster and shapefile data can introduce additional uncertainties.

2.3.3. Trend analysis
We used the linear least squares regression to calculate trends in social and environmental variables.

Given our interest in trends of heat and smoke indicators with human health and livelihood relevance, we
adopt population-weighted trends, where indicated in the Results section. Population-weighted trends
provide a reliable indicator for human impact studies because they incorporate where people live and are
exposed to health-implicating environmental factors. By weighting trends based on population distribution,
these analyses reflect the true potential risk faced by communities [46, 47]. Additionally,
population-weighted trends can help prioritize interventions and adaptation strategies in areas where they
are most needed to protect vulnerable populations from the impacts of extremes [48–50].

We applied the population-weighting scheme to each variable at the census tract level, before trend
analyses:

Population −weightedaggregation =

∑N
i=1 ζi × ηi∑N

i=1 ηi
(1)

where ζ is the variable of interest (e.g. LST-Max) for census tract i, η denotes population of census tract i,
and N is the total number of census tracts. This aggregation was conducted for each variable of interest in
each year. We also added area-weighted results for completeness.

Finally, we used t-test to assess the null hypothesis that two independent samples have identical average.
Here too, we used a two-sided p-value to determine statistical significance.

3. Results and discussion

3.1. Patterns of heat and wildfire smoke indicators
We first examine the landscape of social and environmental variables at the county-level for the period of
2002–2020. Since census tract perimeters can change from one decade to another, we averaged all variables at
the county level for the period of study, and then classified them into four categories of low, medium-low,
medium-high, and high using quartiles of each variable (figure 2). An absolute majority of high-vulnerability
counties occurred in southern Idaho (SID) (figure 2(b)), where LST-Max (figure 2(i)), heat island
(figure 2(h)), PM2.5 (figure 2(j)) and population density (figure 2(a)) were also highest. Heat-related
variables in particular, and to some extent other variables, are modulated by latitudinal- and
elevational-driven climatic and biological factors. Notably, wildfire smoke concentration was highest in
northern Idaho (NID) (figure 2(k)), coincident with high socioeconomic vulnerability (figure 2(d)). Local
economies in NID are greatly dependent on natural resources, including tourism, and are impacted by
extended periods of wildfire smoke blanketing the region.

3.2. Trends of heat and wildfire smoke indicators
Population-weighted wildfire smoke, and heatwave exposure, showed positive trends across Idaho. Both the
long-term average and the trend in annual average smoke concentration in NID were higher than those in
SID (figures 3(a) and (b)). In NID, the population-weighted annual average smoke concentrations from 2006
to 2020 was 1.12 µg

m3 , as compared to 0.79 µg
m3 in SID, although the difference did not reach statistical

significance (two-sided t-test p: 0.34). To put these numbers in perspective, the US Environmental Protection
Agency’s standard for annual average PM2.5 is 9 µg

m3 ; and this is from all sources, not only smoke [51]. The
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Figure 2. Landscape of selected social and environmental covariates of human health outcomes across Idaho. All variables are
averaged over the period of availability and aggregated to the county level. Outcomes are categorized into four quartiles.

trend in annual average smoke concentration was statistically significant (0.14 µg
m3 yr−1; two-sided p: 0.03) in

NID, but not in SID (0.07 µg
m3 yr−1; two-sided p: 0.09). Statistical significance is shadowed by the short length

of the observations and large interannual variability. We note that lack of statistical significance does not
indicate lack of impact [52], and that trend analysis over longer intervals (e.g. 3 year moving average) will
render statistical significance. Here, we are specifically interested in the interannual variability of wildfire
smoke; while this variability shadows the statistical significance, years of high smoke exposure are becoming
more frequent in Idaho due to increasing wildfire activity and years of low smoke exposure are becoming
increasingly rare [53, 54].

Patterns were contrasting for ambient air quality compared to smoke, with population-weighted annual
average PM2.5 being higher in SID (6.76 versus 5.67 µg

m3 , two-sided p: 0.00). Trends of population-weighted
PM2.5 were also contrasting compared to those of smoke, with annual ambient air quality improving in SID
while deteriorating in NID (neither one was statistically significant). We acknowledge that the data sources
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Figure 3. Population-weighted trends in annual average PM2.5 (a) and smoke (b) concentrations, as well as population density
(c) and heatwave exposure (d) from 2002 to 2020 in northern and southern Idaho.

for total PM2.5 and smoke PM2.5 are different, and caution should be adopted when comparing ambient air
quality patterns and trends with those of smoke. Improving trends of air quality in the south, where
population density is much higher (table 1), are likely driven by regulatory efforts focused on reducing
anthropogenic sources. Heatwave exposure also increased in SID (361 000 person-days yr−1) and NID
(66 000 person-days yr−1), although neither one reached statistical significance due to short data length,
large interannual variability, moderate definition of heatwaves (max daily temperature above 90 ◦F), and
using interpolated data that are known to dampen extremes observed in station data [55, 56].

Figure S2 shows area-weighted trends of PM2.5 and wildfire smoke in Idaho, with generally similar
patterns and some nuanced differences to those of population-weighted trends in figure 3.
Population-weighted PM2.5 in NID shows a marginally increasing trend (figure 3(a)), while area-weighted
PM2.5 shows a marginally declining trend (figure S2(a)) [57].

While GridMET-based heatwave exposure showed a positive trend in par with global and regional
warming trends, population-weighted LST-Max showed a negative trend in SID (−0.14 ◦C yr−1; two-sided
p= 0.02) and a rather stable trend with a marginal decline in NID (−0.04 ◦C yr−1; two-sided p= 0.63)
(figure 4). This was coincident with increasing neighborhood greenness in SID (0.61% per year; two-sided
p= 0.00) and stable greenness in NID (marginal increase of 0.11% per year; two-sided p= 0.64) (figure 4).
We note that the 4 km resolution of GridMET does not capture some of the microclimatic effects that are
captured at the finer resolution of LST-Max. SID, specifically, has been undergoing a major land cover
change, and new developments with irrigated green spaces have been increasingly replacing barren lands.
Long-term average LST-Max was higher and greenness was lower in SID compared to NID, due to
ecoclimatic, latitudinal and elevational gradients. Area-weighted LST-Max and greenness are shown in
figure S3.

3.3. Trends of heat and wildfire smoke indicators across social vulnerability and rural–urban gradients
Trends and patterns of exposure to heat and wildfire smoke showed distinct differences between rural and
urban centers and across social vulnerability gradients (figures 5–7). Conspicuously, the population density
for the low vulnerability class in rural areas was associated with a higher long-term average and a higher
positive trend both for SID and NID (figure 5(a)). Note that population density in rural areas is lower than
urban areas, and here we do not cross-compare population densities between rural and urban areas. Our
referral to high population density in rural areas is only in a relative sense. In urban areas, the high
vulnerability class lived in higher density communities and observed a larger rate of population density
increase (figure 5(c)). Heatwave exposures—defined based on the constant 90 ◦F threshold—followed a
similar pattern to population density in SID, but not NID, driven by ecoclimatic conditions. In hotter SID
region, low vulnerability populations in rural and high vulnerability populations in urban areas were
associated with higher cumulative exposures (9.2 million versus 19.9 million person-days) and a larger rate
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Figure 4. Population-weighted trends in neighborhood greenness (percentage of each census tract) (a) and maximum summer
land surface temperature (LST-Max) (b) from 2002 to 2020 in northern and southern Idaho.

Figure 5. Patterns and trends of population density and heatwave exposure across the urban–rural and social vulnerability
gradients. (a), (c) Population density trends in rural and urban areas, respectively, separated by social vulnerability categories in
northern and southern Idaho. (b), (d) Heatwave exposure trends in rural and urban areas, respectively. Heatwave is defined based
on a constant 90 ◦F in this figure. Heatwave exposures based on spatiotemporally localized thresholds are presented in figure S4.
Population trends in rural and urban areas separated by social vulnerability categories in northern and southern Idaho are
presented in figure S5.

of increase (155 800 versus 463 500 person-days yr−1; neither was statistically significant at the 5% level
although effect size is notable—lack of significance is attributed to interannual variability) from 2002 to 2020
(figures 5(b) and (d)). In the colder and wetter NID region, where a majority of population lives in valleys in
proximity of water bodies, heatwave exposure patterns and trends were not as distinct between different
vulnerability classes (figures 5(b) and (d)).

Population-weighted annual average PM2.5 concentration had a similar pattern to those of population
density both in SID and NID, with the low vulnerability group in NID and high vulnerability group in SID
being exposed to poorer ambient air quality (figures 6(a) and (c)). There is not a marked difference between
the trends of population-weighted PM2.5 across vulnerability groups from 2002 to 2020.
Population-weighted annual average wildfire smoke concentration, however, was similar between different
vulnerability groups both in terms of long-term average and trends (figures 6(b) and (d)). Area-weighted
PM2.5 and smoke results are shown in figure S6.

Neighborhood greenness—i.e. fraction of land area in each census tract with mean summer
NDVI⩾ 0.3—generally showed a positive trend in SID for all social vulnerability groups and for both rural
and urban areas (figures 7(a) and (c)). This increasing greenness in SID was coincident with declining
LST-Max across all vulnerability groups and for both rural and urban areas (figures 7(b) and (d)). In NID,
however, greenness and LST-Max trends were not associated with conspicuous trends (figure 7), in part due
to the background ecoclimatic conditions (table 1). Contrary to expectations, long-term average LST-Max in
high vulnerability urban areas of SID (figure 7(d)) was lower than that of low vulnerability areas, although
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Figure 6. Patterns and trends of population-weighted annual PM2.5 and wildfire smoke concentration across the urban–rural and
social vulnerability gradients. (a), (c) Population-weighted annual PM2.5 concentration in rural and urban areas, respectively,
separated by social vulnerability categories in northern and southern Idaho. (b), (d) Population-weighted annual smoke
concentration in rural and urban areas, respectively. Note that y-axes do not start from zero and are different between the two
columns.

Figure 7. Patterns and trends of population-weighted neighborhood greenness and maximum summer land surface temperature
(LST-Max) across the urban–rural and social vulnerability gradients. (a), (c) Population-weighted greenness in rural and urban
areas, respectively, separated by social vulnerability categories in northern and southern Idaho. (b), (d) Population-weighted
LST-Max in rural and urban areas, respectively.

the long-term average greenness was also lower. This is because a majority of high vulnerability urban census
tracts occur in the western SID, which is associated with lower elevations and hotter-drier hydroclimate
conditions. Area-weighted greenness and LST-Max results are shown in figure S7. Area-weighted greenness
was lower than population-weighted greenness (figure 7), and area-weighted LST-Max was higher than
population-weighted LST-Max.

3.4. Social and environmental covariates of heat and wildfire smoke
Here we explore linear relationships between census tract-level population density and various indicators of
heat and smoke. Increase in population density was associated with an increase in heatwave exposure (SID:
r = 0.09, p= 0.00; NID: r = 0.18, p= 0.00), UHI intensity (SID: r = 0.43, p= 0.00; NID: r = 0.40,
p= 0.00), smoke (SID: r = 0.05, p= 0.00; NID: r = 0.02, p= 0.59), and PM2.5 (SID: r = 0.50, p= 0.00;
NID: r = 0.59, p= 0.00). Lower correlation values despite statistical significance (e.g. population density and
heatwave exposure) indicates that the effect size might be limited, although the impact might be large.
Specifically, a 1000 persons km−2 increase in population density was associated with an increase in the
intensity of UHI by 0.47 ◦C in SID and 1.18 ◦C in NID. Furthermore, as population density increased,
neighborhood greenness in NID—which is to a large extent natural—declined, whereas anthropogenic
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Figure 8. Fitted line between population density, and heat and wildfire smoke indicators at the census tract level. See figure S8 for
paired data used to plot this figure.

greenness in SID—irrigation-sourced—increased (figure 8(b)). Moreover, population density and LST-Max
were negatively correlated in SID (figure 8(d); r =−0.45, p= 0.00), coincident with increasing greenness
with population density (figure 8(b)).

Finally, increasing neighborhood greenness was associated with a decline in heatwave exposure (SID:
r =−0.01, p= 0.40; NID: r =−0.28, p= 0.00), heat island intensity (SID: r =−0.08, p= 0.00; NID:
r =−0.26, p= 0.00), LST-Max (SID: r =−0.49, p= 0.00; NID: r =−0.38, p= 0.00), and smoke (SID:
r =−0.05, p= 0.01; NID: r =−0.04, p= 0.22) (figure 9). Specifically, a 10% increase in neighborhood
greenness in SID and NID was coincident with a decline of 0.03 ◦Cand 0.15 ◦C in the UHI intensity,
respectively. The relationship between greenness and PM2.5, however, was not monotonic across SID and
NID. Over NID, increasing greenness indicated lower population density and lower anthropogenic sources of
air pollution, whereas this relationship was reversed in SID where population density increases with
greenness (figure 9).

4. Conclusion

Evidence of climate extreme impacts on human communities is widespread and mounting [58], with a larger
burden on the most vulnerable populations [59]. Here, we focused on heat and wildfire smoke indicators in
Idaho and how they differentially impacted people across the urban–rural and social vulnerability gradients
in the last two decades. Our results showed that low vulnerability rural populations had a higher long-term
average and trend of exposure to heatwaves in southern Idaho, while the average and trend of exposure to
heatwaves were greater for high vulnerability urban populations in the region. The contrast between rural
and urban populations may be masked in other reported studies, given rural populations only account for
one-fifth of the US population and rurality is often not explicitly included in analyses [9]. While biophysical
characteristics of urban areas can amplify various climatic hazards, for example through heat island impacts,
separating rural from urban impacts is of great importance, given rural communities face unique challenges
in adapting to, responding to and recovering from disasters [60], mainly due to limited resources, including
access to healthcare, emergency services, and civil infrastructure [61, 62]. The sparse population in rural

10



Environ. Res.: Health 3 (2025) 015009 S T Seydi et al

Figure 9. Fitted line between neighborhood greenness and heat and wildfire smoke indicators at the census tract level. See figure
S9 for paired data used to plot this figure.

areas can lead to longer response times and difficulties in accessing aid during emergencies [63]. Moreover,
the economic dependence on agriculture and natural resources makes rural communities especially
vulnerable to the impacts of climate-related disasters, such as extreme weather events or wildfires, which can
devastate livelihoods and exacerbate existing socioeconomic disparities [64].

Annual average PM2.5 concentration and population density were greatest for high vulnerability
populations across urban centers in Idaho. In rural areas, however, PM2.5 and population density were
highest for low vulnerability populations. Wildfire smoke was uniform across all vulnerability classes over
Idaho. We note that although regional smoke concentrations are similar for different strata of population,
housing may be less well-sealed and lack air conditioning or air filtration systems in low income
communities, and hence residents may be more likely to experience higher levels of indoor smoke exposure
during wildfires [65]. High income communities with better housing infrastructure may still face smoke
infiltration, but residents often have more resources to implement protective measures such as air purifiers or
HVAC systems, reducing indoor air pollution levels [66]. Population-weighted air quality generally improved
in southern Idaho from 2003 to 2020, in par with national trends, mainly due to regulatory efforts [67]; but
this trend did not hold in northern Idaho. Wildfire smoke concentrations increased across Idaho, and was
associated with pronounced trends in northern Idaho over the past two decades. Wildfire emissions have
reversed some of the progress in improving air quality across the US [41].

While mesoscale heat indicators in Idaho showed an increasing trend, consistent with regional warming
trends, population-weighted maximum summer LST was associated with a decline in the past two decades
coincident with increasing neighborhood greening due to converting barren and agricultural lands to
subdivisions with irrigated lawn, trees, and other green aesthetic features. Neighborhood greening, such as
planting trees and creating green spaces, is a valuable mitigative action for climate change and heat [68].
Trees and vegetation provide shade, reduce surface temperatures, and help cool the air through
evapotranspiration, mitigating the UHI effect. Green infrastructure can also improve air quality, enhance
biodiversity, and promote community well-being, making neighborhoods more resilient to extreme heat
events and climate impacts [69, 70]. Additionally, exposure to green spaces has been linked to reduced
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heat-related illnesses, cardiovascular problems, and respiratory issues [71, 72], highlighting the importance
of urban greening initiatives for promoting public health resilience [73]. Implementing neighborhood
greening initiatives can contribute to overall climate adaptation strategies, fostering more sustainable and
livable urban environments. This effective mitigation strategy, however, is water intensive and should be
carefully considered in drought-stricken areas in the western US.
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