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Abstract: Research on wildfires and social vulnerability has gained significant importance due to the
increasing frequency and severity of wildfires around the world. This study investigates the dynamic
changes in social vulnerability to wildfires over a decade in Idaho, USA, utilizing GIS-based tools
and a quasi-experimental design. We assess the evolving nature of social vulnerability at a local scale,
emphasizing both spatial and temporal dynamics. Initially, we identified social vulnerability trends
in relation to varying levels of wildfire risk. The research then employs propensity score matching to
contrast areas affected by wildfires in 2012 with similar non-affected regions, thereby quantifying the
short-term shifts in social vulnerability post-wildfires. The results indicate that regions with a high
wildfire risk may display elevated vulnerability, characterized by an increase in unemployment rates
and a reduction in high-income households. These findings tentatively demonstrate the compounded
effect of wildfires on already vulnerable populations, highlighting the critical need for targeted
interventions. Ultimately, this study underscores the importance of integrating dynamic social
vulnerability assessments into wildfire management and planning, aiming to enhance community
resilience and equitable resource distribution in the face of escalating wildfire threats.

Keywords: social vulnerability; wildfires risk; spatial changes; propensity score matching

1. Introduction

The escalating frequency and severity of wildfires worldwide have made them a key
focus of environmental and social research. These events, driven by climate change and
human land use, pose significant risks not just through immediate destruction but also
through their long-lasting impacts on societal structures [1]. The devastating consequences
of these wildfires have revealed how the most socially vulnerable people are disproportion-
ately affected when wildfire strikes. For example, in the 2017 Northern Californian fire, a
significant portion of the victims, specifically two-thirds of the 44 casualties, were aged 65
or older [2]. During the wildfires in Greece in 2007, a tragic loss of 84 lives occurred primar-
ily in rural areas, which were predominantly inhabited by lower-income populations [3].
The study of how wildfires intersect with social vulnerability is particularly critical—an
area gaining importance as certain populations face disproportionately greater challenges
during and subsequent to such disasters [4].

Social vulnerability is defined by the susceptibility of communities to external stres-
sors on human health [5]. It plays a vital role in understanding the magnitude of impacts
observed in the aftermath of a disaster [6]. However, most research focused on wildfire
vulnerability lacks explicit references to the social vulnerability aspects of wildfires [7].
Social vulnerability to wildfires refers to the susceptibility and capacity of individuals, com-
munities, and social systems to experience adverse impacts and cope with the consequences
of wildfires [8]. It is a multidimensional concept that encompasses various socioeconomic,
demographic, and infrastructural factors that influence a community’s ability to cope with,
recover from, and adapt to wildfire events [9]. Social vulnerability considers factors such
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as age, income, education, access to resources, housing conditions, community support
networks, and so on [10]. Understanding social vulnerability to wildfires is crucial for
identifying and addressing disparities, developing targeted interventions, and promoting
equitable and effective strategies for wildfire risk reduction and disaster management.
Therefore, this study specifically concentrates on the social vulnerability which is highly
related to wildfires.

A commonly employed method for evaluating social vulnerability to natural haz-
ards is selecting and assigning weights to a set of indicators and constructing an index
utilizing expert knowledge. For example, the Human Development Index was introduced
by the United Nations Development Program to evaluate human development beyond
traditional economic indicators like gross domestic product per capita [11]. The Social
Vulnerability Index (SoVI) developed by the US Centers for Disease Control and Prevention
(CDC) relies on expert judgment for the selection of variables used in its construction [12].
The Environmental Performance Index (EPI) was first introduced by researchers at Yale
University and Columbia University in 2006. It is a composite index developed to assess
and compare the environmental performance of countries worldwide [13]. Cutter et al.
introduced a quantitative approach to identify and categorize social vulnerability based
on census data [10]. Numerous studies have developed regional SoVI with a particular
focus on assessing vulnerability to wildfires. For example, in the research conducted by
Davies et al. [14], it was revealed that census tracts predominantly inhabited by Black,
Hispanic, and Native American populations demonstrated wildfire vulnerability levels
of 50% or higher compared to other tracts throughout the US. Similarly, Palaiologou, P.
et al. [4] unveiled the extent of risk exposure faced by socially vulnerable populations by
combining wildfire simulations with US census variables.

Social vulnerability is crucial in evaluating wildfires as it highlights the differential
impacts and risk distribution among individuals and communities [15]. Incorporating
social vulnerability into wildfire assessments provides a comprehensive understanding
of the human dimensions of these disasters, which is essential for addressing economic
losses, structural damages, and threats to human life caused by wildfires. This approach
also informs the management strategies that aim to prevent wildfires and mitigate risks,
ensuring that resources and strategies for hazard reduction are distributed fairly and
equitably. In the United States, particularly in the western states and the Pacific Northwest,
wildfires are a significant environmental challenge. Annually, these regions experience
substantial economic losses due to the high frequency and intensity of wildfires. For
instance, the state of Idaho and neighboring areas have reported billions in damages over
the past decade, underscoring the need for effective wildfire management strategies that
prioritize the most vulnerable populations and locations.

There have been several studies evaluating social vulnerability to wildfires at different
scales worldwide. For example, researchers have developed a social vulnerability index
using principal component analysis, assessing this index against established measures of
wildfire potential and wildland–urban interface designations in the U.S. [16]. Another
study investigated the spatial variation in social vulnerability and wildfire risk at the
municipality level in Galicia, Spain, revealing that socioeconomic status, reliance on social
programs, and household characteristics significantly contribute to social vulnerability [17].
Furthermore, research in Germany conducted a spatial assessment of settlement exposure
and social vulnerability to forest fires, highlighting the importance of social vulnerability in
identifying settlements at potential risk of fire exposure [18].

However, most social vulnerability assessments to wildfires are static [19,20], which
means they focus on measuring vulnerability at a particular point in time without account-
ing for temporal changes and dynamic factors. For example, Zhang et al. conducted a
multi-hazard risk assessment considering social vulnerability using machine learning tech-
niques [21]. These static assessments may inadequately capture the dynamic nature of social
vulnerability over time due to their limited consideration of the temporal dimension [19].
Moreover, static assessments often fail to acknowledge the potential for individuals who
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are typically not perceived as vulnerable to become vulnerable under specific circum-
stances [22]. To address the limitations of static assessments, researchers and policymakers
have recognized the need for more dynamic approaches and advanced machine learning
methods [23–25] to studying social vulnerability to wildfires. The recent literature high-
lights the importance of examining the dynamic nature of vulnerability over time [26,27].
In contrast, dynamic assessments consider temporal changes and the interactions between
various factors which can provide a more comprehensive understanding of how vulnera-
bility evolves over time [20]. For example, Darlington, J.C. et al. [5] presented an analysis
of trends in indicators of social vulnerability across various levels of flood hazard over a
25-year period. Some researchers have examined the stability and heterogeneity of indica-
tors over time and emphasized incorporating dynamics and temporal changes to consider
the richness of additional information for the longitudinal monitoring of disaster risk, with
a specific focus on vulnerability [19]. By adopting dynamic assessments, decision-makers
can better tailor risk reduction strategies, resource allocation, and emergency planning to
address the evolving needs of vulnerable populations. Furthermore, these assessments
enable a more proactive and adaptive approach to building community resilience in the
face of increasing wildfire occurrences and changing environmental conditions.

The analysis of social vulnerability, as revealed through the SoVI, provides valuable
insights into the spatial–temporal dynamics of vulnerability. Understanding social vul-
nerability empowers decision-makers to allocate resources effectively, identify underlying
factors, prioritize interventions, and enhance overall resilience in the context of wildfire
events. Despite the existing literature on social vulnerability, its spatial and temporal
dynamics concerning wildfires remain underexplored. This study aims to address this gap
by investigating changes in social vulnerability patterns related to wildfires in Idaho. By
examining indicators and the SoVI index over time, we lay the groundwork for a longitu-
dinal evaluation of social vulnerability’s impact on wildfire responses. Our study has the
three following primary objectives: (1) assess the stability and heterogeneity of indicators
used in SoVI calculations over a decade; (2) provide recommendations for the longitudinal
monitoring of wildfire risk, with a specific focus on social vulnerability; (3) study the im-
pact of wildfires between a wildfire-affected area and its control group by using mapping
techniques. This paper proposes to comprehensively analyze the spatial changes in social
vulnerability to wildfires at a local scale using GIS-based tools. It combines the quantitative
analysis of social vulnerability indicators with a quasi-experimental study design to pro-
vide insights into the relationship between wildfires and social vulnerability. The findings
from this research contribute not only to the scientific understanding of social vulnerability
to wildfires but also serve as a practical resource to provide insights for decision-making.
As wildfire occurrences increase, our study may support the development of sustainable
and adaptive strategies to protect vulnerable populations and enhance overall community
resilience. By empowering communities with the knowledge to address their unique vul-
nerabilities, we aspire to promote a more resilient and prepared society, better equipped to
face the challenges of wildfire disasters in the future.

2. Methods
2.1. Data Preprocessing

In this work, Idaho State was chosen to study the wildfire impacts on social vulnera-
bility. This is because Idaho has high wildfire risks which means the potential for practical
applications. Also, it has diverse landscapes, socioeconomic diversity, and previous wildfire
events which can be utilized to study the spatial and time influence of wildfires. Idaho
is the 14th largest state and located in the northwestern region of the US. Geographically,
it extends from 44.2405◦ N to 49.0000◦ N latitude and from 111.0439◦ W to 117.2430◦ W
longitude, accounting for a spatial extent of approximately 216,000 km2, with a land area of
213,000 km2 and 3000 km2 of water. Administratively, Idaho contains 144 municipalities,
and according to the US Census Bureau, the current population of Idaho is estimated to be
approximately 1.8 million, most of which is concentrated in the southwestern part of the
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state. Wildfires continuously threaten Idaho’s development and safety. The 2012 wildfire
season in Idaho was particularly notable for its intensity and widespread impact. Multiple
wildfires ignited across the state, driven by a combination of factors including dry con-
ditions, hot temperatures, and gusty winds. One of the largest fires in the state was the
Halstead Fire, which ignited in the Salmon-Challis National Forest. It burned for months,
starting in July, and continuing into the fall, ultimately consuming over 177,000 acres
of forested land. In this research, the impact of this wildfire on social vulnerability was
evaluated, as this wildfire marked the most extensive burnt area within the last decade.

To study trends and assess the level of social vulnerability to wildfires at the subdivision-
level administrative units in Idaho, the wildfire data from Wildfire to Communities
(https://wildfirerisk.org/, accessed on 1 October 2023) and the US Census Bureau’s Ameri-
can Community Survey (ACS) five-year estimates covering the period from 2011 to 2020
were utilized. These wildfire data offer data on wildfire occurrences, including start dates,
end dates, location coordinates, and wildfire levels. For our research, we specifically uti-
lized data concerning the location and level of wildfires in Idaho from 2011 to 2020. The
detailed wildfire data allowed us to precisely map the spatial and temporal distribution
of fire events, correlating these with shifts in social vulnerability indices at the local level.
The social vulnerability data provide five-year estimates covering demographic, socioeco-
nomic, and housing characteristics. Then, 22 indicators including socioeconomic status,
employment, housing quality, demographic characteristics, and other relevant factors were
considered into the social vulnerability, as shown in Figure 1.
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Figure 1. The indicators chosen from the data include socioeconomic status, employment, housing
quality, demographic characteristics, and other relevant factors. The bold ones are the abbreviations.

These indicators collectively capture the vulnerability at the county subdivision level,
measured across various social dimensions such as age, gender, race and ethnicity, house-
hold structure, personal wealth, housing tenure, occupation, and additional built environ-
ment factors [20].

After collecting these indicators, data preprocessing was performed first to remove the
NAN value (“NAN” stands for “Not a Number”. It is a term used in computing and data
analysis to denote a value that does not represent a real number) and normalize the data
size. The reason why we remove the NAN values directly rather than consider imputation
methods is mainly because there are only four regions that contain NAN values out of
226 subdivisions. The conditions between subdivisions are very different. Thus, using an
imputation method may not be very suitable for processing the missing values. Moreover,
the population in these four regions is very low (21 people in Lowman CDP, 7 people in

https://wildfirerisk.org/
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Warm River City, 42 people in Lost River City, and 17 people in Banks CDP). Given their
small population sizes, eliminating these four regions is considered reasonable and should
not significantly skew the results of our study. After removing the NAN values, a min–max
scaling was used on each column by rescaling the range of features to the range of [0, 1].
The process can be explained by Equation (1).

Xscale =
x − min(x)

max(x)− min(x)
(1)

where x is the original feature; min(x) is the minimum value in the feature column; max(x)
is the maximum value in the feature column; and Xscale is the normalized value.

It is particularly useful when you need to ensure that all numerical input features for
a model have the same scale, which can help in improving the performance of machine
learning algorithms.

After normalizing the data using the min–max scaling technique, principal component
analysis (PCA) was performed to reduce the dimensions of the data and calculate the SoVI.
The principal components (PCs) are then calculated by Equation (2).

PCi = ∑n
j=1 vij·xj (2)

where vij is the eigenvectors and xj are the scaled data points.
The varimax rotation, which is an orthogonal rotation, is used to maximize the sum of

the variance in the squared loadings. After PCA, components are chosen based on the Kaiser
criterion [28], which is a statistical measure used to determine the number of principal
components to retain. In this work, components with eigenvalues greater than 1 were
retained because a principal component with an eigenvalue of less than 1 contributes less
than one variable’s worth of variance, which is typically considered not substantial enough
to be kept in the analysis. The choice for cutoff in the eigenvalue is further justified. A
sensitivity analysis is carried out to see whether different choices of cutoff will substantially
affect the results. Then, the scores from these components are then used to calculate the
SoVI based on Equation (3).

SoVI = ∑k
i=1 (

λi

∑k
j=1 λj

)× Si (3)

where Si is the score of ith principal component and k is the number of components retained
based on the Kaiser criterion (eigenvalues > 1). The λi is the eigenvalue associated with the
ith principal component.

In order to see the apparent change over time, we divided the social vulnerability
into five levels according to its quantile. The division into quantiles can be expressed as
Equation (4).

level =



Low, i f p ≤ 20%

Low-Medium, i f 20% < p ≤ 40%

Medium, i f 40% < p ≤ 60%

Medium-High, i f 60% < p ≤ 80%

High, i f p > 80%

(4)

where p is the percentile rank of the SoVI scores.

2.2. Spatial Comparison

To assess the spatial impact of wildfires, we selected two geographically similar regions
where one region was affected by wildfires and the other was not. This comparison can
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help us find out the impacts caused by wildfires. We used propensity score matching (PSM),
a robust method proposed by Rosenbaum and Rubin [29], to match the geographically
similar regions. It was a first try in the context of natural hazard studies. PSM calculated
the conditional probability of being affected by a treatment (in this case, wildfire), as shown
in Equation (5).

PS = P(D = 1|X) =
1

1 + e−(β0+ β1x1 +...+βkxk)
(5)

where PS is the propensity score; D = 1 indicates areas affected by wildfires (treatment
group); D = 0 if the area was not affected by a wildfire (control group). The x = {x1, x2, . . . , xk}
represents the covariates used in the model. The β = {β 0, β1, . . ., βk} are the coefficients
estimated from logistic regression, as shown in Equations (6) and (7).

β̂ = argmaxlog L(β) (6)

L(β) = ∏n
i=1 P(Di = 1|Xi)

yi × (1 − P(Di = 1|Xi))
1−yi (7)

where β̂ denotes the estimated coefficients that maximize the log-likelihood; L(β) is the
likelihood function for the logistic regression model; and n is the observation (n = 222 in
this case).

Once the propensity scores were calculated, wildfire-affected areas (treatment group)
can be matched with non-affected areas (control group) using these scores. The goal was
to find pairs with similar propensity scores. The matching process can be defined more
rigorously using the following Equation (8).

Match(i, j) =

{
1 i f

∣∣PSi − PSj
∣∣ < δ and Ti ̸= Tj

0 otherwise
(8)

where i and j are indices for individuals in the treatment group and control group, respec-
tively; PSi and PSj are the propensity scores of the individuals in the treatment and control
groups; the δ is a predefined threshold, representing the maximum allowable difference
in propensity scores for a match to be considered acceptable; and Ti and Tj indicate the
treatment status, with Ti = 1 for treatment units and Tj = 0 for control units. Match(i, j) = 1
means a successful match between region i and j, while 0 indicates no match.

After matching the regions, the effectiveness of wildfire impacts can be quantitatively
estimated by the average treatment effect on the treated (ATT), which can be calculated
through Equation (9).

ATT(X) = E[Y1|X, D = 1]− E[Y0|X, D = 1] (9)

where Y1 and Y0 represent the outcomes in wildfire-affected and matched non-affected
areas, respectively, and X denotes the set of covariates used in the matching process. A
positive ATT value indicates a positive effect of the treatment, while a negative value
suggests a negative effect. By employing the ATT measure, we aimed to gain insight into
the impact of the treatment (wildfire-affected status) on the treated areas and provide a
more robust analysis of the treatment’s effectiveness.

2.3. Overall Procedure

A flowchart of overall methodology used in this work is shown in Figure 2.
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Figure 2. Flowchart of the overall methodology used in this work.

As shown in Figure 2, 22 indicators were selected from the ACS data for establishing a
social vulnerability index during data engineering according to other researchers. Then,
data preprocessing methods including min–max scaling would be utilized to standardize
each selected feature. After that, PCA would be used to downsize the selected parameters
and calculate the SoVI of each region. The wildfire level is collected from the wildfire data
which contains four levels including low, medium, high, and very high. A comparison
of social vulnerability with time is studied to show the changes in social vulnerability at
different wildfire levels.

As we want to identify the impact of large wildfires on the social vulnerability of
regions, the matching method PSM was applied to the wildfire dataset. It can match areas
without the 2012 wildfire in Idaho with the regions affected by the wildfire based on the
geographical similarity. After matching, a comparison would be performed to calculate the
difference between these two regions to see the influence of wildfires.

3. Results

In this section, the impact of wildfires on time and space is studied.

3.1. Time Influence of Wildfires

The sensitivity analysis of the cutoffs in choosing the PCA components are calculated
in order to obtain better SoVI results. The sensitivity analysis results are shown in Figure 3.

The figure illustrates the impact of various eigenvalue cutoffs on the percentage of
cumulative explained variance retained in the PCA results. When retaining components
with eigenvalues greater than one, eight components would be retained and approximately
85.54% of the cumulative explained variance is preserved. This suggests that a substantial
portion of the dataset’s variability is captured, supporting the robustness of the analyses
derived from these components. In contrast, higher cutoffs of 1.5 and 2 retain significantly
less variance, at 38.33% each, indicating a steep drop in the variance explained by the
retained components. As the cutoff increases to 2.5 and 3, the explained variance further
decreases to 28.10% and 15.97%, respectively.
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Figure 3. Sensitivity analysis of PCA cutoff choices.

These results highlight the effectiveness of using a cutoff greater than 1, which bal-
ances the retention of significant variance against the complexity of the model. Retaining
components with eigenvalues greater than one ensures that the majority of the informative
variance is included, enhancing the predictive power and stability of the resultant SoVI.
Higher cutoffs, while simplifying the model by reducing the number of components, also
discard a considerable amount of valuable information, as evidenced by the substantial
reduction in explained variance.

The wildfire level is obtained from the wildfire to communities and it is plotted in
Figure 4a. After the data engineering and data preprocessing, the level of each region is
plotted in the Idaho map to show its distribution of the social vulnerability level as shown
in Figure 4b–d.
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Figure 4. Wildfire risk levels and social vulnerability spatial distribution in Idaho. (a) Wildfire level
distribution; (b) SoVI distribution in 2011; (c) SoVI distribution in 2016; (d) SoVI distribution in 2020.

The wildfire hazard zones in Idaho are in a dispersed distribution. About half of the
counties are at a high wildfire risk level, as shown in Figure 4a. The very-high wildfire risk
regions are mainly centered in the middle of the Idaho since the national forest is there and
only a small number of people live here.

We plotted the 2011, 2016, and 2020 maps of Idaho to show the main change in the
social vulnerability. The sequential maps of social vulnerability (Figure 4b–d) demonstrate
a dynamic landscape of community resilience and vulnerability. Following the major
wildfires in 2012, the maps from 2011 to 2016 show a marked increase in vulnerability
in the affected areas. This could reflect a multitude of factors including loss of housing,
disruption to local economies, and the psychological impact on residents.

By 2020, the SoVI map indicates a regression towards pre-disaster vulnerability levels
in many areas. This suggests that recovery initiatives, possibly including federal or state aid,
community rebuilding efforts, and economic revitalization programs, have been effective in
restoring stability. Table 1 shows the details of the change. Red color identifies the number
of regions that became worse (the social vulnerability level increased) in social vulnerability.
The light blue color represents the number of regions where the social vulnerability is
decreasing. The light yellow color represents the regions whose SoVI level does not change.

As shown in Table 1, it can be calculated that, from 2011 to 2016, 38.24% of county
subdivisions saw their SoVI level increased, while that number decreased to 34.12% from
2016 to 2020. It means that the ability of society to resist the disaster increased after the
wildfire. It is also notable that 26.47% and 32.94% of the region’s SoVI level does not change
during the period from 2011 to 2016 and from 2016 to 2020, respectively.

In order to see the overall changes in the SoVI from 2011 to 2020, a box plot is drawn
in Figure 4a. The SoVI distribution in different wildfire level regions is shown in Figure 4b.
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Table 1. Changes in social vulnerability level.

SoVI
2016

L LM M MH H

2011

L 1 12 8 7 4 3

LM 2 9 7 8 7 3

M 3 5 7 6 10 6

MH 4 5 7 6 7 9

H 5 3 5 7 6 13

SoVI cluster
2020

L LM M MH H

2016

L 17 7 5 3 2

LM 8 9 9 7 1

M 3 8 8 5 10

MH 1 6 8 10 9

H 5 4 4 9 12
1 L: low; 2 LM: low-medium; 3 M: medium; 4 MH: medium-high; 5 H: high.

As shown in Figure 5a, there are 222 subdivisions in each box. And there are a number
of outliers in each box plot. This is because of the data processing methods as the use of min–
max scaling and PCA for dimension reduction will enhance the visibility of outliers in the
dataset. While these techniques help in normalizing the data and reducing dimensionality
for better analysis, they can also lead to pronounced differences when extreme values are
present. The median value of SoVI in Idaho does not change a lot during 2011 and 2012
since there is no wildfire that happened during this period. However, the SoVI started to
increase from 2012, as shown in the red solid line. This is because a big wildfire happened
in 2012 which could damage the infrastructures and transportation in society leading to an
increase in social vulnerability. There are no long-term trends present in Figure 5a and the
medians of each year seem to average about 0.3, with the most recent two years (2019 and
2020) showing the most variability but fewer outliers.
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Figure 5b shows the variance in SoVI with the level of wildfire risk. It appears that there
are noticeable differences between the wildfire levels. The region with very high wildfire
levels would have higher SoVI which means these regions have high social vulnerability
compared to other regions with low wildfire levels. It suggests that wildfire risk level may
influence the distribution of the social vulnerability distribution.

3.2. Spatial Influence of Wildfire

Table 2 presents the results of PSM and highlights significant baseline differences be-
tween matched wildfire-affected and non-wildfire-affected areas. The locations of matched
and control areas in the study area are displayed in Figure 5.

After matching, we observe an improvement in sample means and standardized mean
difference (SMD) across covariates. On average, the wildfire-affected regions have higher
proportions of Asian, Hispanic, and native American populations, as well as more renters,
females, unoccupied housing units, civilian unemployment, poverty, mobile homes, and
employment in extractive and service industries. These areas also have more households
receiving social security benefits, households earning over USD 200,000 annually, and
higher median housing values. It means that in these regions, the social disparity is severe.
On the other hand, they exhibit lower proportions of black populations, children living in
married-couple families, people per unit, female-headed households, female participation
in the labor force, housing units with no car, and per capita income and median gross
rent. Specifically, in comparison to non-wildfire-affected areas, the proportions of females
(QFEMALE), unoccupied housing units (QUNOCCHU), mobile homes (QMOHO), and
employment in extractive industries (QFEMLBR) are roughly 1.8% (p-value = 0.5051), 6.0%
(p-value = 0.0825 < 0.1), 3.7% (p-value = 0.0096 < 0.1), and 7.5% (p-value = 0.3272) higher in
wildfire-affected regions, respectively, while the proportion of female-headed households
(QFHH) is 1.2% lower (p-value = 0.2527). It shows that the QUNOCCHU and QMOHO
have significant differences between the wildfire-affected and non-wildfire-affected areas.
For a comprehensive view of the differences among all 22 indicators, please refer to Table 2.

As shown in Figure 6, the red part represents the places where the 2012 wildfires
happened. The related yellow regions are the areas which were affected by the wildfire.
The blue part is the region which was matched that could be compared with the yellow
areas to evaluate the impact of wildfires on the social vulnerability.
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Table 2. Evaluation of matching techniques for baseline social vulnerability.

Indicators Abbreviation Wildfire-Affected
Before Matching PSM

Non-Wildfire-
Affected Avg SMD Matched Non-

Wildfire-Affected SMD

QASIAN 0.47 0.45 0.0165 0.44 0.0633

QBLACK 0.18 0.28 −0.1926 0.38 −0.3655

QHISP 12.29 10.97 0.1122 12.29 0.0015

QNATAM 3.57 2.67 0.0768 1.89 0.1165

QFAM 75.99 76.23 −0.0122 79.84 −0.0926

PPUNIT 0.25 0.26 −0.0429 0.31 −0.3205

QRENTER 19.66 19.56 0.0108 19.42 0.0349

QFEMALE 48.93 48.14 0.2014 48.31 0.1359

QFHH 6.44 7.65 −0.2272 6.14 0.1255

QUNOCCHU 26.21 20.19 0.3225 25.47 0.0189

PERCAP 22,455 23,089 −0.1196 22,625 0.0392

QCVLUN 26.53 25.45 0.1184 24.97 0.0566

QPOVTY 27.00 25.79 0.1166 25.79 0.0105

QMOHO 16.37 12.67 0.4152 15.95 −0.0902

QFEMLBR 40.78 42.71 −0.2085 39.96 0.2901

QEXTRCT 20.78 13.20 0.5227 20.42 −0.0444

QSERV 18.22 17.05 0.1269 17.17 0.0043

QSSBEN 39.66 37.37 0.1676 39.38 −0.0660

QNOAUTO 3.47 3.51 −0.0166 3.95 −0.1875

QRICH 2.30 2.27 0.0089 3.07 −0.2451

MDGRENT 662 687 −0.1791 640 0.1551

MDHSEVAL 170,119 169,901 0.0034 163,248 0.0917
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After matching, the effectiveness of the wildfire impact on the social vulnerability
is evaluated by ATT values. The ATT value can be regarded as the difference between
the yellow and blue regions. Table 3 displays the unique ATT values specific to wildfire-
affected areas within the study region. The p-value is also calculated to see if there is any
significant difference between the matched regions, as indicated in red in Figure 3. The α is
the significance level which is 0.1 in this paper. This table also illustrates the changes in
selected indicators between wildfire-affected and non-wildfire-affected areas. ∆w stands
for the changes before and after wildfires in wildfire-affected areas, while ∆c represents the
changes before and after wildfires in control group.

Table 3. Comparison results between wildfire-affected area and the control group.

Indicators ATT Standard Error p-Value (α=0.1) ∆w ∆c

QASIAN 0.07 0.30 0.806 0.11 0.01

QBLACK 0.09 0.29 0.764 −0.03 −0.01

QHISP 1.43 2.30 0.533 1.31 0.17

QNATAM −0.34 4.46 0.939 0.30 0.05

QFAM −3.36 3.92 0.391 −4.42 −0.01

QPUNIT −0.02 0.07 0.823 −0.03 0.01

QRENTER −2.97 2.16 0.170 1.84 0.07

QFEMALE −1.05 1.04 0.314 0.74 −0.13

QFHH 0.15 1.30 0.908 0.70 −0.08

QUNOCCHU −4.10 3.72 0.271 −1.19 −0.05

PERCAP 985 548 0.072 1554.30 89.44

QCVLUN 2.74 1.67 0.009 1.71 0.03

QPOVTY 2.94 2.56 0.250 −0.02 −0.05

QMOHO −2.38 1.52 0.117 −4.06 0.19

QFEMLBR 0.46 1.50 0.758 1.82 −0.04

QEXTRCT 1.66 2.29 0.469 −2.03 −0.07

QSERV 0.62 1.95 0.750 0.56 −0.33

QSSBEN −2.55 1.89 0.176 4.26 −0.03

QNOAUTO −1.59 1.31 0.225 0.91 −0.02

QRICH −0.77 0.41 0.041 0.92 0.03

MDGRENT −29.40 34.90 0.399 46.07 2.80

MDHSEVAL 13,373 10,120 0.186 8381.82 1457.12

As we can see from Table 3, the ATT values quantify the mean differences between the
treated areas and control areas for each indicator of social vulnerability before and after the
impact of wildfires.

In order to minimize the probability of false positives, which is crucial when multiple
comparisons are involved, Bonferroni adjustment is utilized to adjust the significance level.
The adjusted significance level can be calculated by the equation below.

αB =
α

n

where αB is the Bonferroni adjusted significance level; α is the original significance level;
and n is the number of multiple comparisons (n = 22). The adjusted significant value would
be 0.00455. There would be no statistical significance in all indicators.

Although there is no statistical significance, some marginal changes can still be
observed in certain indicators. In wildfire-affected areas, PERCAP shows an increase
compared to non-wildfire-affected areas. That means that personal income increases af-
ter the wildfire. It is also interesting to see that the PERCAP in wildfire-affected areas
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(+ USD 1554.3) and non-wildfire-affected areas (+ USD 89.44) are both increased after the
wildfire. Also, there is an increase of 2.74% in the unemployment rate for civilians in
the labor force 16 years or over (QCVLUN). It shows that the QCVLUN has an increase
in wildfire-affected areas (+1.71%) and a slight decrease in non-wildfire-affected areas
(−0.03%). For the percentage of households earning over USD 200,000 annually (QRICH),
there is a decrease of approximately 0.77% in ATT. It is interesting to see that the QRICH
increased a bit in wildfire-affected areas (+0.92%). It might be caused by the decrease in
the population in the area. A marginal decrease can still be observed in certain indica-
tors, including the percentage of children residing in married couple families (QFAM),
percentage of renters (QRENTER), percentage of unoccupied housing units (QUNOCCHU),
and median gross rent (MDGRENT), within the areas affected by wildfires. Notably, most
indicators, such as the percentage of Native American (QNATAM), and percentage of
female-headed households (QFHH), remain minimally impacted by wildfires, with results
indicating negligible influence.

4. Discussion

This study has offered new insights into the dynamics of social vulnerability in re-
sponse to wildfire incidents, specifically within the state of Idaho. Our findings, which
demonstrate significant increases in social vulnerability post-wildfires, contribute to a
deeper understanding of how natural disasters can exacerbate existing socioeconomic
disparities. Notably, this research can be applied in other geographical regions and disas-
ter contexts.

The quasi-experimental design utilized in this study, particularly the use of propen-
sity score matching, has proven effective in isolating the impacts of wildfires from other
confounding factors. This robust methodological framework is not only pertinent to the
study of wildfires but can also be used in other types of disasters such as floods and seismic
events. Each of these disasters affects social vulnerability in unique ways, and the ability
to adapt and apply a consistent methodological approach across various disaster types
can provide comparably reliable and actionable insights. For instance, the increase in
unemployment and decrease in higher-income households observed in wildfire-affected
areas could similarly be examined in regions affected by floods or earthquakes, providing a
holistic view of disaster impacts across different environmental and social settings.

Furthermore, the methods employed in this study can be effectively transferred to
different countries or states, where different social, economic, and environmental conditions
may prevail. This adaptability is crucial for global disaster management efforts, as it allows
for tailored strategies that consider local vulnerabilities and capabilities. For example,
regions with higher baseline social vulnerabilities might require different intervention
strategies, which can be effectively planned using the analytical framework developed in
this study.

In the future, we will focus on incorporating a larger dataset that encompasses more
diverse socio-economic indicators and a broader geographical area which could provide a
more comprehensive understanding of the impacts of disasters on social vulnerability. More
extensive data could enable a more nuanced analysis of how different demographics are
uniquely affected by disasters, leading to more targeted and effective policy interventions.
Also, we will extend the timeframe of the study which could yield valuable insights into
the long-term effects of disasters on social vulnerability. Longitudinal studies would allow
researchers to observe recovery processes and the sustainability of resilience measures over
time, providing a clearer picture of disaster impacts and recovery trajectories. Moreover,
we can apply the methodology to different types of disasters within the same geograph-
ical regions. It could help identify commonalities and differences in social vulnerability
responses to various disaster types. This could significantly enhance disaster preparedness
and response strategies, making them more adaptable to the specific nature of the threat.
By doing this comparison, the impact of wildfires on social vulnerability can be evaluated
and studied more comprehensively.
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5. Conclusions

This study has conducted an in-depth analysis of changes in social vulnerability to
wildfires on a local scale in Idaho, analyzing data spanning a decade. Our findings reveal
a quantifiable increase in social vulnerability in areas affected by wildfires. Specifically,
these regions experienced a 2.74% increase in the unemployment rate and a 0.77% decline
in the proportion of households earning over USD 200,000 annually. These statistics may
highlight the severe socio-economic impacts of wildfires on vulnerable populations and
underscore the urgent need for targeted intervention and robust policy frameworks.

Through the application of quasi-experimental designs like propensity score matching,
this research has demonstrated some possible differences in social and economic indicators
between wildfire-affected areas and their unaffected counterparts. This methodology
provided tentative evidence that wildfires lead to increased social vulnerability, thereby
complicating recovery and resource allocation efforts.

Furthermore, our study may contribute to the broader discourse on disaster risk reduc-
tion by illustrating the critical importance of incorporating social vulnerability assessments
into wildfire management and planning processes. By prioritizing these assessments,
policymakers and disaster response organizations can identify at-risk communities more
effectively, enabling more precise and effective mitigation strategies.

Despite the findings, the study’s geographic focus on Idaho and its temporal limitation
calls for further research in diverse settings and over longer periods. Future studies should
aim to include broader socio-economic data and explore advanced predictive models to
manage the social impacts of wildfires more effectively.

In conclusion, this study not only advances our understanding of the relationship
between wildfires and social vulnerability but also serves as an essential resource for
developing equitable and efficient strategies to enhance community resilience against such
disasters. The insights provided should guide both future research and practical disaster
management initiatives, ensuring that interventions are well-informed and appropriately
targeted to support the most vulnerable populations effectively.
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11. Miščević, N. United nations development programme, human development report 2020. The next frontier human development
and the anthropocene. Croat. J. Philos. 2021, 21, 231–235.

12. Flanagan, B.E.; Gregory, E.W.; Hallisey, E.J.; Heitgerd, J.L.; Lewis, B. A social vulnerability index for disaster management.
J. Homel. Secur. Emerg. Manag. 2011, 8, 0000102202154773551792. [CrossRef]

13. Wolf, M.J.; Emerson, J.W.; Esty, D.C.; De Sherbinin, A.; Wendling, Z.A. Environmental Performance Index. 2020. Available online:
https://epi.yale.edu/ (accessed on 1 October 2023).

14. Davies, I.P.; Haugo, R.D.; Robertson, J.C.; Levin, P.S. The unequal vulnerability of communities of color to wildfire. PLoS ONE
2018, 13, e0205825. [CrossRef]

15. Frigerio, I.; De Amicis, M. Mapping social vulnerability to natural hazards in Italy: A suitable tool for risk mitigation strategies.
Environ. Sci. Policy 2016, 63, 187–196. [CrossRef]

16. Wigtil, G.; Hammer, R.B.; Kline, J.D.; Mockrin, M.H.; Stewart, S.I.; Roper, D.; Radeloff, V.C. Places where wildfire potential and
social vulnerability coincide in the coterminous United States. Int. J. Wildland Fire 2016, 25, 896–908. [CrossRef]

17. Chas-Amil, M.-L.; Nogueira-Moure, E.; Prestemon, J.P.; Touza, J. Spatial patterns of social vulnerability in relation to wildfire risk
and wildland-urban interface presence. Landsc. Urban Plan. 2022, 228, 104577. [CrossRef]

18. Fekete, A.; Nehren, U. Assessment of social vulnerability to forest fire and hazardous facilities in Germany. Int. J. Disaster Risk
Reduct. 2023, 87, 103562. [CrossRef]

19. Fekete, A. Social vulnerability change assessment: Monitoring longitudinal demographic indicators of disaster risk in Germany
from 2005 to 2015. Nat. Hazards 2019, 95, 585–614. [CrossRef]

20. Park, G.; Xu, Z. Spatial and temporal dynamics of social vulnerability in the United States from 1970 to 2010: A county trajectory
analysis. Int. J. Appl. Geospat. Res. (IJAGR) 2020, 11, 36–54. [CrossRef]

21. Zhang, T.; Wang, D.; Lu, Y. Machine learning-enabled regional multi-hazards risk assessment considering social vulnerability. Sci.
Rep. 2023, 13, 13405. [CrossRef]

22. Orru, K.; Klaos, M.; Nero, K.; Gabel, F.; Hansson, S.; Nævestad, T.O. Imagining and assessing future risks: A dynamic scenario-
based social vulnerability analysis framework for disaster planning and response. J. Contingencies Crisis Manag. 2023, 31, 995–1008.
[CrossRef]

23. Zhang, T.; Wang, D.; Lu, Y. A data-centric strategy to improve performance of automatic pavement defects detection. Autom.
Constr. 2024, 160, 105334. [CrossRef]

24. Zhang, T.; Wang, D.; Mullins, A.; Lu, Y. Integrated APC-GAN and AttuNet Framework for Automated Pavement Crack
Pixel-Level Segmentation: A new solution to small training datasets. IEEE Trans. Intell. Transp. Syst. 2023, 24, 4474–4481.
[CrossRef]

25. Zhang, T.; Wang, D.; Lu, Y. ECSNet: An accelerated real-time image segmentation CNN architecture for pavement crack detection.
IEEE Trans. Intell. Transp. Syst. 2023, 24, 15105–15112. [CrossRef]

26. Idaho Multi-Hazard Risk Portfolio. 2015. Available online: https://ioem.idaho.gov/wp-content/uploads/2021/07/IMHRP201
5_FINAL_DRAFT.pdf (accessed on 1 October 2023).

27. Wisner, B. Vulnerability as concept, model, metric, and tool. Nat. Hazard Sci. 2016, 1–51. [CrossRef]
28. Braeken, J.; Van Assen, M.A. An empirical Kaiser criterion. Psychol. Methods 2017, 22, 450. [CrossRef] [PubMed]
29. Rosenbaum, P.R.; Rubin, D.B. The central role of the propensity score in observational studies for causal effects. Biometrika 1983,

70, 41–55. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1007/s11069-021-05145-2
https://doi.org/10.1007/s13753-022-00455-w
https://doi.org/10.1016/j.landurbplan.2023.104797
https://doi.org/10.1007/s00267-016-0719-x
https://www.ncbi.nlm.nih.gov/pubmed/27272166
https://doi.org/10.2202/1547-7355.1792
https://epi.yale.edu/
https://doi.org/10.1371/journal.pone.0205825
https://doi.org/10.1016/j.envsci.2016.06.001
https://doi.org/10.1071/WF15109
https://doi.org/10.1016/j.landurbplan.2022.104577
https://doi.org/10.1016/j.ijdrr.2023.103562
https://doi.org/10.1007/s11069-018-3506-6
https://doi.org/10.4018/IJAGR.2020010103
https://doi.org/10.1038/s41598-023-40159-9
https://doi.org/10.1111/1468-5973.12436
https://doi.org/10.1016/j.autcon.2024.105334
https://doi.org/10.1109/TITS.2023.3236247
https://doi.org/10.1109/TITS.2023.3300312
https://ioem.idaho.gov/wp-content/uploads/2021/07/IMHRP2015_FINAL_DRAFT.pdf
https://ioem.idaho.gov/wp-content/uploads/2021/07/IMHRP2015_FINAL_DRAFT.pdf
https://doi.org/10.1093/acrefore/9780199389407.013.25
https://doi.org/10.1037/met0000074
https://www.ncbi.nlm.nih.gov/pubmed/27031883
https://doi.org/10.1093/biomet/70.1.41

	Introduction 
	Methods 
	Data Preprocessing 
	Spatial Comparison 
	Overall Procedure 

	Results 
	Time Influence of Wildfires 
	Spatial Influence of Wildfire 

	Discussion 
	Conclusions 
	References

