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Abstract

This study introduces SHINE, a novel tool designed for wildfire risk mitigation and adaptation planning. The name is derived from the
tools primary function in assessing the Susceptibility and Human Impact of Natural Emergencies. Leveraging 22 years of historical data
from California, the tool employs a random forest initialized AdaBoost classifier to analyze the intersection of social vulnerability and
wildfire risk. Six categories were derived by considering subsets of two from the four thematic areas identified by the Social Vulnerabil-
ity Index from the U.S. Centers for Disease Control and Prevention. These categories were cross-referenced with spatial data on square
kilometers burned by wildfires. The classifier, validated using 20 years of California data and tested on an additional 2 years of Califor-
nia data, demonstrated remarkable effectiveness. It achieved high accuracy and precision, with a mean accuracy of 99.22%, a precision
0f 99.40%, a recall of 98.87%, and an F1 score of 99.13% on the California test set. In a groundbreaking extension of our research, the
classifier is further tested against 22 years of data from Oregon and Washington. On the Oregon test set, the model achieved a mean
accuracy of 97.66%, a mean precision of 96.98%, a mean recall of 95.10%, and a mean F1 score of 95.99%. The model performed with
a mean accuracy of 97.37%, mean precision of 96.96%, mean recall of 95.25%, and a mean F1 score of 96.06% on the Washington test
set. The successful application of the classifier, trained on California data, to Oregon and Washington data demonstrates its adaptability
and effectiveness across varied geographic and environmental contexts. This research showcases the potential of machine learning

models in enhancing disaster risk reduction strategies and enabling targeted community-specific interventions.
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1. Introduction

1.1. Wildfires

In recent years, the extremity of wildfires across the globe has
emerged as a critical concern in the discourse on disaster risk
reduction [1-4]. The frequency, intensity, and devastating impact
of these fires present an urgent challenge for researchers, policy
makers, and communities around the world. The 2019-2020 fire
season in Australia, marked by a staggering 18.6 million hectares
burned, set a precedent for the alarming scale and severity of
wildfires [5,6]. This trend continued, with Canada witnessing a
record-breaking 18.5 million hectares consumed by flames in the
2023 season an area twice the size of Portugal [7]. The same year,
Greece grappled with 355 wildfires in a span of just five days,
with 55 ignitions reported in a single 24-hour period [8]. Further
compounding this global crisis, Maui, Hawaii, experienced the

deadliest wildfire in over a century in the United States in 2023
[9,10]. The Mediterranean region and parts of North Africa were
not spared, with Turkey enduring the worst of it in 2021, scorching
206,013 hectares — the most affected among countries in Europe,
North Africa, and the Middle East. Italy and Algeria also faced
severe wildfire seasons in 2017, with 159,537 and 134,273 hectares
burned, respectively, marking Italy’s season as the second worst in
the European Union since 2000 [11].

1.2. Social Vulnerability

The number of important contributions in the area of social
vulnerability of Cutter’s research group offer crucial insights into
the increased susceptibility of certain populations to environmental
catastrophes [12-21]. Catastrophic wildfires throughout the world
not only manifest themselves as environmental disasters, but
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also reveal profound social inequalities that disproportionately
affect the most vulnerable segments of society. In the 2009 Black
Saturday wildfires in Australia, of the 173 lives tragically lost,
13% were children under 18 years of age and 16% were 70 and
older [22]. This pattern of vulnerability among young and elderly
people is repeated in Greece’s 2017-2018 fire season, which saw
the loss of 100 individuals, including 11 children and 45 elderly
[23]. The 2007 wildfires in Greece highlighted the susceptibility of
lower-income groups, with a majority of the 84 victims belonging
to this demographic [23,24].

In the devastating 2017 fires in northern California, two-thirds of
the victims were over the age of 65, a statistic echoed in Maui in
2023, where more than 60% of the deaths were in this age group
[23,25]. In the 2018 Camp Fire, the deadliest fire in California’s
history, an astounding 80% of the victims were 65 years of age
or older [26]. A comprehensive study by Rad et al. revealed a
near 250% increase in the exposure of highly socially vulnerable
individuals to fires across California, Oregon, and Washington
between 2011-2021, compared to 2000-2010 [27]. Hino and Field’s
analysis of three decades of data across California communities
showed that areas with higher fire experience tend to have lower
average incomes than those with little to no fire experience [28].

Further studies corroborate these findings. Palaiologou’s research
in central North Washington, central California, and northern New
Mexico demonstrated that areas with high social vulnerability,
according to the Social Vulnerability Index, faced disproportionate
exposure per burned area [23]. In mainland Portugal, Oliveira et
al. used classification trees and random forests, revealing that
parishes with higher fire density had more overcrowded buildings
and those with larger burned areas had a higher proportion of
elderly residents [29]. Kapuka and Hlasny’s study across Namibia
linked districts with high social vulnerability to more frequent and
severe natural hazards, including wildfires [30]. Chas-Amil et al.
investigated the spatial coincidence of social vulnerability and
wildfire risk in Spain and found that locations with high social
vulnerability and high wildfire risk tend to have relatively high
percentages of elderly people [31].

1.3. Machine Learning in Wildfire Vulnerability Analysis

In the United States, with nearly 69,000 wildfires reported in 2022
burning more than 7.5 million acres a significant increase from
2021 - the urgency of understanding and minimizing wildfire
risks has become paramount [32-34]. As the impacts of climate
change intensify, understanding and mitigating the risk posed by
wildfires has become more crucial than ever [35-39]. Recognizing
that certain subpopulations bear a disproportionate burden during
such disasters, this research builds upon the emerging body of
work on the intersection of wildfire risk and social vulnerability
[40]. Previous studies, such as those of Rad et al., have laid the
groundwork for identifying the complex relationship between
sociodemographic characteristics and the impacts of wildfires
[27]. Andersen and Sugg combined socioeconomic and physical
data at the tract level on wildfires from 1985 to 2016 to identify

the intersection of social and physical vulnerability to wildfires
in western North Carolina, USA [41]. Yadav et al. analyzed the
sociodemographic characteristic of communities affected by
wildfires in California during 2010 — 2020 and found that urban
areas were statistically and increasingly more affected statewide
by wildfires [42].

This study aims to deepen this understanding by leveraging machine
learning techniques to analyze social vulnerability indicators
in relation to historical wildfire data in California, Oregon, and
Washington. Over the past few decades, California has experienced
some of the most devastating wildfires in its history, with significant
impacts on communities, economies, and ecosystems [43-45].
These events have underscored the need for more sophisticated
risk assessment and management strategies [46-49]. Traditional
approaches to wildfire risk management have focused primarily
on environmental and climatic factors. However, there is growing
recognition of the importance of social vulnerability factors in
shaping communities’ wildfire risk profiles. The Centers for Disease
Control and Prevention (CDC) has identified four key thematic
areas of social vulnerability: socioeconomic status, household
composition and disability, minority status and language, and
type of housing and transportation [50]. These themes provide a
comprehensive framework for understanding how various social
factors contribute to vulnerability in the face of wildfires.

This study uses 22 years of data that combine the social vulnerability
percentile rankings and square kilometers burned by wildfires
at the census tract level in California, Oregon, and Washington.
Through the application of a random forest initialized AdaBoost
classifier, our aim was to identify vulnerable subpopulations
with increased susceptibility to fire risk. Social vulnerability,
characterized by the exposure of a population and its ability to
cope with disasters, along with its degree of social, economic and
demographic susceptibility to harm from hazards, plays a pivotal
role in disaster outcomes [19]. Information on social vulnerability
is essential to mitigate losses and ensure equitable and effective
fire recovery and anticipatory planning. Differential access to
social, political and economic resources critically affects the
ability of individuals and communities to mitigate, adapt to, and
recover from fire events. As wildfires continue to pose significant
challenges, the incorporation of social vulnerability considerations
into disaster risk management is imperative to build resilient and
equitable communities.

2. Materials and Methods

2.1. Data Selection and Feature Engineering

In our study, we used a dataset compiled by Rad et al., encompassing
data on social vulnerability and wildfires [27]. For the analysis of
social vulnerability, we employed percentile rankings from 2000 to
2021 for each census tract in California, Oregon, and Washington,
originally sourced from the US Centers for Disease Control and
Prevention (CDC) [51]. Furthermore, our research incorporated
historical data on square kilometers burned by wildfires in these
states, also spanning 2000 to 2021. These wildfire data were
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initially collected by the US National Interagency Fire Center
(NIFC) [52].

We used several feature engineering steps to optimize the data
set for analysis. The wildfire data was originally categorized into
separate columns according to the size of the fires: small, medium,
and large. Recognizing the need for a more straightforward
approach to data interpretation, we transformed these columns
into a singular binary indicator of ’fire/no fire.” This transformation
involved summing the square kilometers burned by fires in all three
size categories for each record. Records where the sum exceeded
zero were labeled as 'l', indicating the presence of a wildfire,
while those with no burned area were labeled as '0', indicating no
wildfire. This binary format greatly simplified the representation
of wildfire occurrences, enhancing the model’s ability to discern
patterns related to wildfire risk A.5.

Another modification involved addressing inconsistencies in the
column naming conventions of the data set, which had evolved
over the 22-year period [50,53,54]. To ensure coherence and
facilitate model training, we standardized the column names to
reflect the most recent terminology. This uniformity across the
dataset was instrumental in enabling accurate comparisons and
analyses over the years. To encapsulate the overall vulnerability
within each theme, we created new columns representing each
thematic area and populated them with the highest percentile
ranking of the indicators pertinent to that theme. Additionally,
we observed inconsistencies in the classification of the ’limited
English’ variable, which alternated between the household
composition theme and minority status theme over the years. To
maintain consistency in our analysis, we classified this variable
under the theme of minority status / language for all years.

The categorization strategy for our multiclass classification task
was designed to reflect the underlying dimensions of social
vulnerability identified by the Centers for Disease Control and
Prevention (CDC) A.3. Specifically, we utilized the CDC’s
framework, which delineates four principal thematic areas that
contribute to social vulnerability: socioeconomic status, household
composition and disability, minority status and language, and
housing type and transportation. Within these broad themes, we
further focused on the 15 subdimensions of vulnerability as detailed
in the 2018 CDC Social Vulnerability Index (SVI) documentation
[551A4.

To create our category labels, we methodically paired subsets of
the main CDC-identified thematic areas, combining two themes
at a time. This method allowed us to construct category labels that
represent the intersecting and overlapping nature of vulnerability
factors [56,57]. Each label represents a specific intersection of
two thematic areas, providing a more detailed perspective on the
different dimensions of vulnerability. Each census tract in our
dataset was then evaluated against these paired thematic areas, and
assigned a category label that best represents its most significant
areas of vulnerability. By assigning each census tract to a category

label based on its most pronounced areas of vulnerability, we
aimed to capture the complex interplay of social factors that can
exacerbate disaster risk.

2.2. Machine Learning Algorithms

In our study, we used an AdaBoost classifier initialized with a
random forest base estimator to perform multiclass classification.
This approach represents an advanced form of ensemble learning,
combining multiple machine learning techniques to achieve
superior predictive performance [58]. To provide a comprehensive
understanding of our methodology, the following sections will
discuss the foundational principles of the applied ensemble
learning methods.

2.2.1. Decision Trees

The basic principles of decision trees are an essential foundation
for understanding the advanced ensemble learning methods
applied in our study. At its core, the decision trees partition the
feature space into a set of rectangles and fit a simplified model
within each. Each rectangle represents a node in the tree [59]. The
Classification and Regression Trees (CART) method, a widely
used approach for both regression and classification, exemplifies
this process [60]. The primary advantage of CART, especially in
the context of a recursive binary tree, is its interpretability and the
complete description of the feature space partition through a single
tree structure [59,61].

A dataset consists of N observations, each with p inputs (x) and
a corresponding response (y,), thus forming pairs (x,, y,) where x,
= (X, Xy oo xip). The CART algorithm decides the best splitting
variables and points for the dataset, thereby determining the
tree’s topology. Binary splits are favored as they avoid rapid data
fragmentation, ensuring adequate data availability at subsequent
levels. Upon identifying the optimal split, the data is partitioned
into two regions, and the splitting process is recursively applied to
each resulting region. In any given node m, representing a region
R with N observations, the proportion of class k observations
is denoted as Pmk = N—lm ZrieRm I(?/z‘ = k), with / being
the indicator function. The classification at each node m is then
determined by k(m) = argmaxypm, €ssentially assigning
the majority class in node m to the observations.

Assignificant challenge in tree-based methods is their high variance.
Minor changes in the dataset can lead to vastly different tree
structures. This instability is attributed to the hierarchical nature
of tree construction, where errors in top-level splits propagate
throughout the tree. To counteract this, the methodology used in
this study incorporates a form of bagging (Bootstrap Aggregating)
to stabilize variance and improve model reliability [59].

2.2.2. Random Forests

Random forests are an extension of the bagging technique, or
bootstrap aggregation, which is a method aimed at reducing the
variance of a prediction function. In the context of classification,
bagging involves a "committee" of trees where each tree contributes
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a vote for the predicted class [59]. Random forests, introduced by
Breiman, modify bagging by constructing a large collection of de-
correlated trees [62]. The core idea of random forests is to improve
the reduction in variance achieved through bagging by reducing
the correlation between individual trees in the ensemble. This
is crucial because while bagging significantly reduces variance,
it does not address the potential high correlation between trees,
which can limit the benefits of the ensemble [59].

In random forests, the reduction of the correlation between trees is
accomplished by altering the tree-growing process. For each tree,
a subset of input variables is randomly selected before each split.
This randomness ensures that each tree in the forest is built from
a different perspective of the data. In a classification context, each
tree in the random forest contributes a vote towards the predicted
class. The final decision is based on the majority vote across all
trees. An underlying indicator-vector function, represented as f'(x),
is used, where G(x) = arg max, f, (x). The bagged classifier then
selects the class that receives the majority of votes across all trees.
The training process involves creating multiple bootstrap datasets
from the original training data, Z = {(l’z, yz)}f\; 1. Each of
these datasets is of the same size as the original dataset and is used
to grow a decision tree. This process is repeated B times to produce
a diverse ensemble of B trees. Random forests address the inherent
instability of decision trees, which can exhibit high variance and
sensitivity to small changes in the data. Additionally, the random
selection of features for each tree split reduces the correlation
between trees, enhancing the prediction accuracy of the ensemble
[59].

2.2.3. AdaBoost

AdaBoost (Adaptive Boosting), a concept introduced by Freund
and Schapire, combines the outputs of multiple "weak" classifiers
to create a strong and accurate classifier [63]. A weak classifier has
an error rate slightly better than random guessing. While it shares
some similarities with bagging, boosting’s approach is distinct. It
focuses on sequentially applying weak classification algorithms to
modified versions of data, generating a series of classifiers whose
predictions are then combined by a weighted majority vote.

The errorrate is calculated as err = + Zfil I(y; # G(xy)),
where 7 is an indicator function, N is the number of observations, yi
is the actual class, and x, are the predictor variables. In the boosting
process, each classifier G, (x) in the sequence is influenced by
the performance of its predecessors. At each iteration m, weights
w,, W, ..., w, are assigned to training observations, starting with
equally weighted training samples. Misclassified observations have
their weights increased, while correctly classified ones have their
weights decreased. This iterative process emphasizes difficult-
to-classify observations, forcing each new classifier to focus on
them [60]. The final prediction is a weighted majority vote of all

classifiers: ((z) = sign (Zn]‘;le ame(x’)) Here, 0, a, . .

., aM are weights calculated by AdaBoost, giving more influence
to accurate classifiers [59].

This implementation of AdaBoost employs the SAMME algorithm
for multiclass classification. In binary classification, the random
guessing error rate is 0.5, making it easier for weak learners to
achieve better accuracy. However, in multiclass classification with
K classes, the error rate of random guessing is % 7 making it

harder to maintain an error rate less than 0.5. SAMME (Stagewise
Additive Modeling using a Multi-class Exponential loss function)
modifies AdaBoost to better suit multi-class problems by adding
the term log(K — 1) to the weight calculation. The weight a(m) for
1—err(m)

err(m) ) Hog(K
— 1). This adjustment allows for the positive contribution of each
classifier as long as its accuracy is better than %, not strictly above
0.5 [64].

each classifier is now calculated as a(m) = log

2.2.4. Adaboost With Random Forest

In our study, we used an approach that capitalizes on the strengths
of the random forest and AdaBoost algorithms. By utilizing random
forests as the base estimators within AdaBoost, we leverage the
algorithm’s inherent robustness against overfitting and its ability to
create a diversified set of classifiers. AdaBoost’s sequential model
building approach, where each successive model focuses on the
errors of the previous ones, brings a high level of precision and
adaptability to our classifier. This methodology, developed using
the scikit-learn library, takes advantage of the complementary
attributes of these two powerful algorithms to create a multiclass
classification model that is robust and accurate [65].

Our random forest model consisted of 10 decision trees. This
number strikes a balance between model complexity and the ability
to capture diverse aspects of the data. The trees were restricted to
a maximum depth of 10 layers from the root to the node, which
helps to control overfitting while maintaining the depth required
for capturing complex patterns. To measure the quality of a split

K A ~
in tree growth, we used the Gini index: Zkzl Pmk(l - pmk)-
This criterion is sensitive to changes in node probabilities,
offering a nuanced approach to node splitting compared to the
misclassification rate [60].

Upon establishing the random forest base, we incorporated these
models into the AdaBoost framework. Our AdaBoost model was
configured to construct 50 classifiers by boosting. This number
was chosen to create a comprehensive ensemble. Each of these
classifiers was a random forest, ensuring that the robustness of the
bagging is intertwined with the refinement process of boosting.
In this setting, each subsequent classifier in AdaBoost pays more
attention to the instances that were misclassified by the earlier
classifiers, thereby enhancing the model’s overall accuracy and
adaptability. The model was trained on 20 years of data for the
state of California and subsequently tested on 3 independent test
datasets:

1) California, 2020 - 2021, 2) Oregon, 2000 — 2021, and 3)
Washington, 2000 — 2021.
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2.3. Evaluation Metrics

The model’s performance was evaluated based on accuracy,
precision, recall, and F1 score. In a multiclass setting, accuracy is
calculated as the number of correct predictions divided by the total
number of predictions: Accuracy = %, where TP
= True Positives, TN = True Negatives, FP = False Positives, FN =
False Negatives. Precision is the ratio of correctly predicted positive
observations to total predicted positive observations: Precision =
TP?JriPFP‘ High precision relates to the low false positive rate. In
the context of our study, it reflects the model’s ability to correctly
identify a particular vulnerability category without incorrectly
classifying other categories as belonging to it. Recall is the ratio of
correctly predicted positive observations to all observations in the

TP
actual class: Recall = Tp1 . It shows the model’s ability to find
all relevant cases within a category.

In the case of wildfire vulnerability, a high recall indicates that
the model is effective in identifying most of the census tracts

for a specific category. The F1 score is the weighted average of

.. _ 2% PrecisionxRecall .
precision and recall: F, = “p o " rocar Therefore, this score

takes into account both false positives and false negatives [66].

2.4. Cross-Validation

Monte Carlo cross-validation and 10-fold cross-validation methods
were applied to assess the model’s reliability and to mitigate
overfitting. The dataset comprising 20 years of California data
on social vulnerability and wildfire incidence was randomly split
into different subsets for each validation iteration. Monte Carlo
cross-validation, also known as random subsampling validation,
involves randomly partitioning the dataset into a training set and
a test set multiple times. In the first round, the split was 50% for
training and 50% for testing. This means that half of the data is
used to train the machine learning model and the other half is used
to evaluate its performance. Model performance is assessed using
accuracy, precision, recall, and the F1 score as evaluation metrics.
The splitting, training, and evaluation steps were repeated 9 more
times, with a different random split each time. This resulted in a
total of 10 trials for the 50/50 data split. The entire process was then

repeated for different training/testing splits: 60%/40%, 70%/30%,
and 80%/20%. For each split ratio, the model was trained and
evaluated 10 times and the mean and standard deviation for each
of the performance metrics was calculated. Repeating the process
multiple times with different splits helps mitigate the variance in
model performance that can result from a single random split [67].
Next, the stability and reliability of the model were assessed using
10 fold cross-validation. The 10-fold cross-validation method
involves dividing the data into 10 equal subsets (or ‘folds’). The
model is then trained on 9 folds and tested on the remaining fold.
This process was repeated 10 times, with each fold used exactly
once as the test set [68].

3. Results

The models generated from each of the ten iterations across four
distinct training split ratios were saved for evaluation on three
separate, independent test sets. This methodical approach allowed
for a comprehensive assessment of the robustness and effectiveness
of the models in various testing scenarios.

3.1. California 2020 — 2021 Test Set

In the California test set, models trained on different splits
of California training data exhibited notable accuracy and
consistency. Models trained on a 50/50 split of California training
data displayed remarkable performance with a mean accuracy of
98.26% and a standard deviation of 1.00%. The precision was
high at 98.34% (SD = 1.11%), and the recall rate stood at 97.48%
(SD = 1.37%), demonstrating the models’ ability to effectively
identify vulnerability categories. The mean F1 score, a critical
metric for the balance between precision and recall, was 97.90%
with a standard deviation of 1.25%. Models trained on a 60/40
split showed better performance, achieving a mean accuracy
of 98.89% (SD = 0.69%) and a mean F1 score of 98.70% (SD
= 0.86%). For the 70/30 split, mean accuracy was 99.19% (SD
= 0.22%), indicating robust performance across various training
data splits. The highest performance was recorded in the 80/20
split, where the model achieved a mean accuracy of 99.22% (SD =
0.13%), precision of 99.40% (SD = 0.14%), recall of 98.87% (SD
=0.23%), and F1 score 0f 99.13% (SD =0.18%) 1.
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Figure 1: Performance Metrics of Models Trained on Various Splits of California Data (2000-2019) and Tested on California data

(2020-2021)

3.2. Oregon 2000 — 2021 Test Set

For the Oregon test set, covering data from 2000 to 2021, models
trained on a 50/50 split of the California data achieved a mean
accuracy of 97.49% (SD = 0.23%). This high level of accuracy
was complemented by a mean precision of 96.91% (SD = 0.32%)
and a mean recall of 94.91% (SD = 0.58%), indicating the models’
effectiveness in various sce- narios. The mean F1 score for this split
was 95.84% (SD = 0.41%). The consistency of the models was
evident, as the 60/40 split models maintained similar performance

levels, with a mean accuracy of 97.50% (SD = 0.19%) and an F1
score of 95.88% (SD = 0.36%). The 70/30 split demonstrated a
mean accuracy of 97.58% (SD = 0.11%), highlighting the models’
effectiveness in diverse test conditions. Moreover, the 80/20 split
models showcased their robustness with a mean accuracy of
97.66% (SD = 0.25%), mean precision of 96.98% (SD = 0.43%),
and an impressive mean recall of 95.10% (SD = 0.88%), illustrating
their adaptability to different data distributions 2.
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3.3. Washington 2000 — 2021 Test Set

On the Washington test set, using data from 2000 to 2021, models
trained on a 50/50 split of the California training data exhibited
a mean accuracy of 97.17% (SD = 0.16%), mean precision of
96.64% (SD = 0.33%), and mean recall of 95.16% (SD = 0.34%),
with a mean F1 score of 95.86% (SD = 0.29%). This demonstrates
the models’ effective generalization to different geographical
contexts. Increasing the training data to a 60/40 split resulted in a
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of California data (2000-2019) and Tested on Oregon data (2000-

mean accuracy of 97.23% (SD = 0.18%), precision of 96.97% (SD
=0.21%), recall 0f 95.25% (SD = 0.42%), and F1 score of 96.06%
(SD =0.25%). The 70/30 split improved the model’s performance,
achieving a mean accuracy of 97.30% (SD = 0.16%), precision of
96.96% (SD = 0.21%), recall of 95.14% (SD = 0.42%), and F1
score of 96.00% (SD = 0.29%). The 80/20 split models maintained
this trend with a mean accuracy of 97.37% (SD = 0.12%), further
demonstrating the models’ effectiveness across diverse test sets 3.
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Figure 3: Performance Metrics of Models Trained on Various Splits of California Data (2000-2019) and tested on Washington data

(2000-2021)

3.4. Monte Carlo Cross-Validation Results

The Monte Carlo cross-validation approach was crucial to
providing a reliable estimate of model performance, considering
the inherent variability in training data splits. It should be noted
that Monte Carlo validation data differ from test data, as it involves
repeated random sampling of the training data to validate model
performance. This approach offers a more nuanced understanding
of model reliability, as it simulates a variety of training scenarios.

For models trained on a 50/50 split of California training data,
the Monte Carlo validation yielded compelling results. The mean
accuracy stood at 99.17% (SD = 0.46%), accompanied by a
mean precision of 99.25% (SD = 0.47%), mean recall of 98.99%
(SD = 0.59%), and a mean F1 score of 99.12% (SD = 0.53%)).
These metrics indicate a consistently high performance across
different aspects of classification. Models trained on a 60/40 split

of the California data further reinforced the reliability of our
approach. The mean accuracy was 99.35% (SD = 0.26%), with
mean precision at 99.44% (SD = 0.26%), mean recall at 99.23%
(SD = 0.33%), and the mean F1 score at 99.33% (SD = 0.29%).
The minimal standard deviation highlights the stability of model
performance across multiple iterations of validation. For the 70/30
split, the mean accuracy was noted at 99.35% (SD = 0.31%), mean
precision at 99.43% (SD = 0.32%), mean recall at 99.20% (SD
=0.39%), and the mean F1 score at 99.31% (SD = 0.36%). This
consistency in high performance across different metrics showcases
the model’s robustness. Finally, models trained on an 80/20 split
of the California data achieved a mean accuracy of 99.59% (SD =
0.10%), with mean precision at 99.67% (SD = 0.08%), mean recall
at 99.52% (SD = 0.14%), and a F1 score at 99.60% (SD = 0.11%).
These results not only affirm the model effectiveness but also their
reliability in diverse training scenarios.
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Split Accuracy Precision Recall F1 Score

Mean Std Dev | Mean Std Dev | Mean Std Dev | Mean Std Dev
50/50 0.9917 0.0046 0.9925 0.0047 0.9899 0.0059 ]10.9912 0.0053
60/40 0.9935 0.0026 0.9944 0.0026 0.9923 0.0033 ]0.9933 0.0029
70/30 0.9935 0.0031 0.9943 0.0032 0.9920 0.0039 10.9931 0.0036
80/20 0.9959 0.0010 0.9967 0.0008 0.9952 0.0014 10.9960 0.0011

Table 1: Results of Monte Carlo Cross-Validation for Models Trained on California Data (2000-2019)

3.5. 10 Fold Cross-Validation Results

In addition to Monte Carlo cross-validation, ten-fold cross-
validation was utilized to evaluate the performance of machine
learning models trained for multiclass classification using
California training data. The ten-fold cross-validation method
ensures robust validation by dividing the data into ten parts,
using each part once as the validation set, while the remaining
parts form the training set. The results of each fold demonstrate
consistent high performance in all metrics. Specifically, the first
fold achieved an accuracy of 99.74%, pre- cision of 99.78%,
recall of 99.70%, and an F1 score of 99.74%. The second fold
showed even higher results with an accuracy of 99.87%, precision
of 99.90%, recall of 99.87%, and an F1 score of 99.88%. This
trend of exceptional performance continued throughout all folds,

although there was a slight decrease in the fifth through tenth folds,
with accuracies ranging from 99.36% to 99.49%, precision from
99.48% to 99.54%, recall from 99.16% to 99.39%, and F1 scores
from 99.32% to 99.46%.

Aggregating the results of all folds, the overall mean accuracy
stands at 99.58% (SD = 0.19%), mean precision at 99.65% (SD =
0.16%), mean recall at 99.40% (SD = 0.25%), and mean F1 score
at 99.57% (SD = 0.21%). These results underline the robustness
and reliability of the model, showcasing its effectiveness in
classifying vulnerability categories across diverse subsets of data.
The consistency across folds highlights the model’s stability and
its ability to generalize well across different subsets of the training
data 2.

Fold Accuracy Precision Recall F1 Score
1 0.9974 0.9978 0.9970 0.9974
2 0.9987 0.9990 0.9987 0.9988
3 0.9984¢ 0.9986 0.9981 0.9984
4 0.9976 0.9983 0.9973 0.9978
5 0.9949 0.9954 0.9939 0.9946
6 0.9943 0.9950 0.9929 0.9939
7 0.9941 0.9952 0.9926 0.9939
8 0.9947 0.9955 0.9939 0.9946
9 0.9936 0.9948 0.9916 0.9932
10 0.9940 0.9952 0.9925 0.9939
Mean 0.9958 0.9965 0.9940 0.9957
Std. Deviation 0.0019 0.0016 0.0025 0.0021

Table 2: Results of 10 Fold Cross-Validation for Models Trained on California Data (2000-2019)

4. Discussion

4.1. Technological Innovations in Wildfire Risk Management
The landmark interagency agreement signed on November 8
2023, by key U.S. federal agencies — the Environmental Protection
Agency (EPA), the U.S. Department of Agriculture (USDA),
the U.S. Department of the Interior (DOI), and the Centers for
Disease Control and Prevention (CDC) — represents a significant
stride in the collective approach to wildfire risk management and
community protection [69]. This joint effort aligns seamlessly
with the priorities outlined in the Wildland Fire Mitigation and
Management Commission Report presented to Congress on
September 27, 2023. The report, one of the most comprehensive
reviews of the wildfire system to date, highlights seven critical

themes essential to improving wildfire management, notably
the modernization of tools for informed decision making. A
key recommendation from the report is the establishment of an
interagency joint office, known as a "fire environment center."
The report directly states: "The proposed center would address
the widely recognized lack of timely, manager-focused models,
technologies, assessments, and forecasts to support operational
decision-making and short- and long-term planning [70]."

In this context, the development of a classifier as a decision-
making tool for wildfire risk management could prove to be a
valuable asset. SHINE, with its focus on identifying socially
vulnerable populations, aligns with the agreement’s broader
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goal of advancing health equity and addressing the unique needs
of different communities. In the often dynamic and resource-
constrained environment of wildfire risk management, a tool
specifically aimed at identifying vulnerable populations could help
decision makers prioritize efforts and optimize resource allocation
effectively. Using machine learning to harness its power, decision
makers can rapidly analyze data and identify actionable insights.
This research underscores the potential of technology to deliver
solutions that are not only effective but also equitable, thereby
enhancing the resilience of our communities in the face of ever-
evolving challenges. Our classifier has shown outstanding results,
underscoring its potential as an asset in the domain of wildfire risk
management. The exceptionally high mean accuracy of the model
across various test sets is a testament to its strong predictive power
in accurately classifying the six vulnerability categories derived
from thematic areas of the CDC. The model also demonstrated a
remarkably high precision, recall, and F1 score.

To affirm these findings, the model was rigorously validated using
both Monte Carlo and 10-Fold cross-validation methods. The
consistent performance across these diverse valida- tion methods
further highlights the model’s robustness and generalizability. This
consistency is paramount, confirming that the model is reliable
and effective in different datasets and conditions. Overall, these
performance results signify that the classifier has the ability to
deliver reliable, accurate, and consistent predictions, making it a
valuable tool for identifying socially vulnerable populations, thus
enhancing wildfire preparedness and response strategies.

It is important to note that the tool is built using CDC data, which
are national data. Although we present our results on states in the
western United States, this generalizes to all states in the nation.
This broad applicability underscores the versatility and relevance
of SHINE in various geographical contexts, enhancing its utility as
a nationwide decision- making tool for wildfire risk management.

Perform census-tract level assessment to identify populations with increased
susceptibility to wildfire risk

-~

‘\h -~
w T
ﬁ—— --

SHENE

Figure 4: SHINE, a Novel Tool for Wildfire Risk Mitigation Planning

4.2. Tailored Strategies for Risk Reduction

The high accuracy of the model in classifying vulnerability
categories underscores the potential for tailored community-level
wildfire mitigation, planning, response, and recovery programs.
The classifier’s ability to highlight specific subsets of social
vulnerability indicators can inform the development of targeted
mitigation strategies. For example, individuals with limited English
proficiency may struggle to access vital information during wildfire
emergencies due to language barriers [71]. Recognizing this
vulnerability, it becomes essential to develop inclusive mitigation
strategies and ensure the accessibility of crucial information to all
members of the community [72]. For communities with a higher
concentration of individuals with limited English proficiency, the
model’s insights could lead to the implementation of multilingual
emergency communication systems and educational materials,

ensuring that vital information is accessible during wildfire
emergencies.

For populations 65 years and older, specific needs arise in the
context of preparedness and response to wildfires [73,74].
Mobility limitations, chronic health conditions, and the need for
regular medication are factors that can complicate evacuation and
recovery [75]. Identifying areas with a higher concentration of
older adults enables emergency services to allocate resources more
effectively, providing accessible transportation and targeted health
services during and after wildfires. Economic vulnerabilities, such
as poverty, low income, or unemployment, significantly impact
the ability of individuals and communities to prepare for, respond
to, and recover from wildfires [76-79]. These populations may
lack resources for essential activities such as home hardening or
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purchasing insurance [80-82]. Targeted financial aid programs
and affordable housing solutions are critical in mitigating these
economic vulnerabilities and aiding in recovery [83-85].

Residents in mobile home communities face increased risks due
to the vulnerability of their homes to wildfires [86,87]. Identifying
these communities enables the allocation of resources to improve fire
safety regulations, offer fire risk education, and provide resources
for home hardening [88-90]. In areas where many residents do not
have access to personal vehicles, evacuation can be difficult [91].
Emergency services must plan effective evacuation strategies,
including transportation options and assistance programs, to ensure
the safety of these populations [92]. Populations living in group
quarters require specialized evacuation plans and safety protocols
due to the unique challenges posed by these living arrangements
[93]. Tailoring strategies to these settings ensures the safety and
well-being of residents in dormitories, nursing homes, or shelters.

For minors, ensuring informed guardians and having evacuation
and emergency plans in schools are crucial aspects of disaster
preparedness [94, 95]. Similarly, single parents may face additional
challenges during evacuation, underscoring the need for support
networks and intracommunity cooperation [96-99]. Educational
levels, specifically the lack of a high school diploma, can also
influence the ability to cope and recover from disasters [100,101].
Addressing these educational disparities is essential in formulating
effective mitigation and recovery strategies [102,103]. Individuals
with disabilities may require personalized evacuation assistance
and disability-friendly emergency shelters. Ensuring that these
needs are met is crucial in the planning and response phases of
wildfire management [104].

Lastly, areas with high levels of crowding or multiunit structures
necessitate specific evacuation strategies to manage the safe
evacuation of all residents [105]. Staggered evacuation plans and
clear communication within densely populated communities are
essential to avoid chaos and ensure safety [106]. The classifier’s
ability to highlight specific subsets of social vulnerability indicators
can inform the development of targeted strategies that address
the unique needs and risks of diverse populations, ultimately
improving the resilience and safety of the community in the face
of wildfires [71].

4.3. Health Impacts of Wildfire Smoke

It is worth noting that the impact of wildfires extends well beyond
their immediate perimeters, affecting air quality and health in vast
regions [107,108]. This phenomenon was starkly observed when
Prof. Johnston from the University of Tasmania reported that 80%
of Australians were affected by smoke from Australia’s 2019-2020
wildfire season, leading to thousands of hospital admissions and
emergency room visits [109]. Similarly, Canada’s 2023 fire season,
with 45 million acres burned, saw health impacts from smoke felt
as far as New York, Florida and even across the Atlantic in Britain
and Spain [7,110]. This transboundary impact of wildfire smoke
illustrates its far-reaching consequences.

Wildfire smoke, laden with fine particles and gases, travels great
distances, degrading air quality far from the fire’s origin [111].
Studies have shown a disproportionate impact on vulnerable
communities. Rappold et al. identified that communities with
higher percentages of older adults, poverty, and lower education
levels experience greater exposure to smoke [112]. Wettstein et al.
linked smoke exposure to increased emergency department visits
for cardiovascular and cerebrovascular problems, particularly
among adults over 65 years of age [113]. Aguilera et al. found that
wildfire-specific PM2.5 caused a significant increase in respiratory
hospitalizations [114]. Similarly, Dohrenwend et al. reported a
surge in respiratory illness-related emergency department visits
during the 2007 Southern Cali- fornia wildfires [115]. Heaney
et al.’s evaluation of California’s 2004-2009 wildfire seasons
revealed an increase in cardiorespiratory visits, notably a 10.3%
rise in asthma cases among children aged 0-5 years and increased
visits for cardiovascular diseases in those over 65 [116]. These
findings underscore the importance of considering both direct and
indirect impacts of wildfires, especially for socially vulnerable
populations.

5. Conclusion

It is imperative to contextualize our findings within the broader
framework of wildfire risk management. The Wildland Fire
Mitigation and Management Commission Report, presented
to Congress, emphasizes the necessity of advanced tools in this
realm. The report recommends that “The fire environment center
should provide real-time science-based, and data-rich scientific
and technical analytic services, decision support, and predictive
services to inform land and fuels management, community
risk reduction, and fire management and response [70].” This
encapsulates the essence of our research, which utilizes machine
learning techniques to identify vulnerable subpopulations for
increased wildfire risk susceptibility. The use of a random forest
initialized AdaBoost classifier, validated with Monte Carlo and
K-Fold Cross-Validation methods, has enabled the classification
of these subpopulations with high accuracy, precision, recall, and
F1 score. Identifying populations with heightened vulnerability
allows for the creation of targeted mitigation strategies that
address the specific needs and challenges of these communities.
By pinpointing areas of higher susceptibility, resources for fire
prevention, education, and emergency response can be allocated
more efficiently. This ensures that the most vulnerable populations
receive the necessary attention and support, both in terms of
preventive measures and in response to fire events.

This study highlights the potential for machine learning techniques
to improve our understanding of social vulnerability in disaster
contexts. Understanding which communities are most vulnerable
allows for targeted interventions. This ensures that the most vulner-
able populations receive the necessary attention and support, both in
terms of preventive measures and in response to fire events. As we
continue to face the challenges posed by wildfires, the integration
of innovative approaches will be crucial in safeguarding commu-
nities, especially those most vulnerable, thereby fortifying our
collective resilience against these ever-evolving threats.
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Appendix A.

Category Areas of Heightened Vulnerability

SVI Indicators

Housing/Transportation,
Minority Status/Language

Mobile homes
Group quarters
No vehicle
Crowding
Multiunit structures
Limited English
Minority

Socioeconomic Status,
Minority Status/Language

Mobile homes
Group quarters
No vehicle
Crowding
Multiunit structures
Limited English

Socioeconomic Status,
Housing/Transportation

Mobile homes
Group quarters
No vehicle
Crowding
Multiunit structures
Limited English
Crowding
Multiunit structures
Limited English

Household Composition/Disability,
Housing/Transportation

Mobile homes
Group quarters
No vehicle
Crowding
Multiunit structures
Limited English
Crowding
Multiunit structures
Limited English

Household Composition/Disability,
Minority Status/Language

Mobile homes
Group quarters
No vehicle
Crowding
Multiunit structures
Limited English

Socioeconomic Status,
Household Composition/Disability

18

Mobile homes
Group quarters
No vehicle
Crowding
Multiunit structures
Limited English
Minority
Limited English

Table A.3: Key Social Vulnerability Indicators Per Classification Category
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Indicator

Description

Theme

Below poverty

Unemployed

Income

No HS diploma

Percentile of the proportion
of persons below poverty
Percentile of the proportion
of civilian (age 16+) unem-
ployed

Percentile of per capita in-
come

Percentile of the proportion
of persons with no high
school diploma (age 25-+)

Socioeconomic status

Age 65 or older

Age 17 or younger

Disability

Single Parent

Percentile of the proportion
of persons aged 65 and older
Percentile of the propor-
tion of persons aged 17 and
younger

Percentile of the proportion
of persons aged 5 and older
with a disability

Percentile of the proportion
of single parent households
with children under 18

Household Composition & Disability

Minority

Limited English

Percentile of the proportion
minority

Percentile of the proportion
of persons (age 5+) who
speak English "less than
well"

Minority Status & Language

Multiunit structures

Mobile homes

Crowding

No vehicle

Group Quarters

Percentile of the propor-
tion of housing in structures
with 10 or more units
Percentile of the proportion
of mobile homes

Percentile of the proportion
of households with more
people than rooms
Percentile of the proportion
of households with no vehi-
cle available

Percentile of the proportion
persons in group quarters

Housing Type & Transportation

Table a.4: description of social vulnerability indicators (sources: u.s. Cdc [50, 54])
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Figure A.5: Wildfire Risk Susceptibility Classification Framework

Insig Cardio Vasc Phar Res, 2026 Volume 6 | Issue 1 | 14



References

1.

10.

I1.

12.

13.

14.

15.

16.

D. M. Bowman, G. J. Williamson, J. T. Abatzoglou, C. A.
Kolden, M. A. Cochrane, A. M. Smith, Human exposure
and sensitivity to globally extreme wildfire events, Nature
Ecology and Evolution 1 (2017) 1-6.

P. Pandey, G. Huidobro, L. F. Lopes, A. Ganteaume, D. Ascoli,
C. Colaco, G. Xan- thopoulos, T. M. Giannaros, R. Gazzard, G.
Boustras, T. Steelman, V. Charlton, E. Ferguson, J. Kirschner,
K. Little, C. Stoof, W. Nikolakis, C. R. Fernandez-Blanco,
C. Ribotta, H. Lambrechts, M. Fernandez, S. Dossi, A global
outlook on increasing wildfire risk: Current policy situation
and future pathways, Trees, Forests and People 14 (12 2023).
Canadas, M. J., Leal, M., Soares, F., Novais, A., Ribeiro, P.
F., Schmidt, L., ... Santos, J. L. (2023). Wildfire mitigation
and adaptation: Two locally independent actions supported by
different policy domains. Land Use Policy, 124.
Gonzalez-Mathiesen, C., Ruane, S., & March, A. (2021).
Integrating wildfire risk management and spatial planning
— a historical review of two Australian planning systems.
International Journal of Disaster Risk Reduction, 53.

Arango, E., Nogal, M., Sousa, H. S., Matos, J. C., & Stewart,
M. G. (2023). GIS-based methodology for prioritization of
preparedness interventions on road transport under wildfire
events. International Journal of Disaster Risk Reduction.
Thomas, A. S., Escobedo, F. J., Sloggy, M. R., & Sanchez, J.
J. (2022). A burning issue: Reviewing the socio-demographic
and environmental justice aspects of the wildfire literature.
PLOS ONE.

Milman, O. (2023, November). After a record year of
wildfires, will Canada ever be the same again? The Guardian.
Becatoros, E., & Kantouris, C. (2023, August). Flames devour
forests and homes as wildfires that have left 20 dead in Greece
burn out of control. AP News.

Burga, S. (2023, August). Why the Maui wildfires were so
deadly. Time Magazine.

McDaniel, J., Javaid, M., & Salcedo, A. (2023, August). What
to know about Maui wildfires, the deadliest in the U.S. in 100
years. The Washington Post.

European Commission Joint Research Centre. (2022).
Advance report on wildfires in Europe, Middle East and North
Africa 2021.

Cutter, S. L., Barnes, L., Berry, M., Burton, C., Evans,
E., Tate, E., & Webb, J. (2008). A place-based model for
understanding community resilience to natural disasters.
Global Environmental Change, 18, 598-606.

Cutter, S. L., Burton, C. G., & Emrich, C. T. (2010). Disaster
resilience indicators for benchmarking baseline conditions.
Journal of Homeland Security and Emergency Management,
7.

Cutter, S. L., Ash, K. D., & Emrich, C. T. (2014). The
geographies of community disaster resilience. Global
Environmental Change, 29, 65-77.

Cutter, S. L. (1996). Vulnerability to environmental hazards.
Progress in Human Geography, 20, 529-539.

Cutter, S. L., & Emrich, C. T. (2006). Moral hazard, social

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.

catastrophe: The changing face of vulnerability along the
hurricane coasts. The Annals of the American Academy of
Political and Social Science, 604, 102-112.

Cutter, S. L., Boruff, B. J., & Shirley, W. L. (2003). Social
vulnerability to environmental hazards. Social Science
Quarterly, 84, 242-261.

Cutter, S. L., & Finch, C. (2008). Temporal and spatial changes
in social vulnerability to natural hazards. Proceedings of the
National Academy of Sciences, 105, 2301-2306.

Cutter, S. L. (2012). Hazards vulnerability and environmental
justice. Routledge.

Blackwood, L., & Cutter, S. L. (2023). The application of the
social vulnerability index (SoVI) for geo-targeting of post-
disaster recovery resources. International Journal of Disaster
Risk Reduction, 92.

Cutter, S. L. (2016). The landscape of disaster resilience
indicators in the USA. Natural Hazards, 80, 741-758.
Teague, B., Pascoe, S. M., & McLeod, R. (2010, July). The
2009 Victorian Bushfires Royal Commission final report.
Palaiologou, P., Ager, A. A., Nielsen-Pincus, M., Evers, C. R.,
& Day, M. A. (2019). Social vulnerability to large wildfires
in the western USA. Landscape and Urban Planning, 189,
99-116.

Xanthopoulos, G., Viegas, D., & Caballero, D. (2007). The
fatal fire entrapment of Artemida (Greece). In Recent Forest
Fire Related Accidents in Europe (pp. 65-75).

J. Fortin, A. Hassan, As search for maui victims goes on,
names of dead slowly emerge, The New York Times (11
2023).

H. Miller, These are the victims of the camp fire (6 2020).

A. M. Rad, J. T. Abatzoglou, E. Fleishman, M. H. Mockrin, V.
C. Radeloff, Y. Pour- mohamad, M. Cattau, J. M. Johnson, P.
Higuera, N. J. Nauslar, M. Sadegh, Social vulnerability of the
people exposed to wildfires in u.s. west coast states, Science
Ad- vances 9 (2023).

M. Hino, C. B. Field, Fire frequency and vulnerability in
california, PLOS Climate 2 (2023) e0000087.

S. Oliveira, J. L. Zézere, M. Queirds, J. M. Pereira, Assessing
the social context of wildfire-affected areas. the case of
mainland portugal, Applied Geography 88 (2017) 104-117.
A. Kapuka, T. Hlasny, Social vulnerability to natural
hazards in namibia: A district- based analysis, Sustainability
(Switzerland) 12 (6 2020).

M. L. Chas-Amil, E. Nogueira-Moure, J. P. Prestemon, J.
Touza, Spatial patterns of social vulnerability in relation
to wildfire risk and wildland-urban interface presence,
Landscape and Urban Planning 228 (12 2022).

N. L. F. Center, Wildfires and acres (2023).

M. W. Schwartz, A. D. Syphard, Fitting the solutions to
the problems in manag- ing extreme wildfire in california,
Environmental Research Communications 3 (2021) 081005.
M. Burke, A. Driscoll, S. Heft-Neal, J. Xue, J. Burney, M.
Wara, The changing risk and burden of wildfire in the united
states, Proceedings of the National Academy of Sciences 118
(12021).

Insig Cardio Vasc Phar Res, 2026

Volume 6 | Issue 1 | 15


doi:10.1038/s41559-016-0058.
doi:10.1038/s41559-016-0058.
doi:10.1038/s41559-016-0058.
doi:10.1038/s41559-016-0058.
doi:10.1016/j.tfp.2023.100431.
doi:10.1016/j.tfp.2023.100431.
doi:10.1016/j.tfp.2023.100431.
doi:10.1016/j.tfp.2023.100431.
doi:10.1016/j.tfp.2023.100431.
doi:10.1016/j.tfp.2023.100431.
doi:10.1016/j.tfp.2023.100431.
https://www.sciencedirect.com/science/article/pii/S0264837722004719
https://www.sciencedirect.com/science/article/pii/S0264837722004719
https://www.sciencedirect.com/science/article/pii/S0264837722004719
https://www.sciencedirect.com/science/article/pii/S0264837722004719
https://doi.org/10.1016/j.ijdrr.2020.101984
https://doi.org/10.1016/j.ijdrr.2020.101984
https://doi.org/10.1016/j.ijdrr.2020.101984
https://doi.org/10.1016/j.ijdrr.2020.101984
https://doi.org/10.1016/j.ijdrr.2023.104126
https://doi.org/10.1016/j.ijdrr.2023.104126
https://doi.org/10.1016/j.ijdrr.2023.104126
https://doi.org/10.1016/j.ijdrr.2023.104126
https://doi.org/10.1371/journal.pone.0271019
https://doi.org/10.1371/journal.pone.0271019
https://doi.org/10.1371/journal.pone.0271019
https://doi.org/10.1371/journal.pone.0271019
https://www.theguardian.com/world/2023/nov/09/canada-wildfire-record-climate-crisis
https://www.theguardian.com/world/2023/nov/09/canada-wildfire-record-climate-crisis
https://apnews.com/article/greece-wildfires-spain-turkey-european-firefighters-6447f84f09f3457c01949b529b1f9cf1
https://apnews.com/article/greece-wildfires-spain-turkey-european-firefighters-6447f84f09f3457c01949b529b1f9cf1
https://apnews.com/article/greece-wildfires-spain-turkey-european-firefighters-6447f84f09f3457c01949b529b1f9cf1
https://time.com/6303531/maui-wildfires/
https://time.com/6303531/maui-wildfires/
https://www.washingtonpost.com/weather/2023/08/16/maui-wildfires-damage-explained/
https://www.washingtonpost.com/weather/2023/08/16/maui-wildfires-damage-explained/
https://www.washingtonpost.com/weather/2023/08/16/maui-wildfires-damage-explained/
https://data.europa.eu/doi/10.2760/039729
https://data.europa.eu/doi/10.2760/039729
https://data.europa.eu/doi/10.2760/039729
doi:10.1016/j.gloenvcha.2008.07.013.
doi:10.1016/j.gloenvcha.2008.07.013.
doi:10.1016/j.gloenvcha.2008.07.013.
doi:10.1016/j.gloenvcha.2008.07.013.
https://doi.org/10.2202/1547-7355.1732
https://doi.org/10.2202/1547-7355.1732
https://doi.org/10.2202/1547-7355.1732
https://doi.org/10.2202/1547-7355.1732
doi:10.1016/j.gloenvcha.
doi:10.1016/j.gloenvcha.
doi:10.1016/j.gloenvcha.
https://doi.org/10.1177/030913259602000407
https://doi.org/10.1177/030913259602000407
https://doi.org/10.1177/0002716205285515
https://doi.org/10.1177/0002716205285515
https://doi.org/10.1177/0002716205285515
https://doi.org/10.1177/0002716205285515
https://doi.org/10.1111/1540-6237.8402002
https://doi.org/10.1111/1540-6237.8402002
https://doi.org/10.1111/1540-6237.8402002
https://doi.org/10.1073/pnas.0710375105
https://doi.org/10.1073/pnas.0710375105
https://doi.org/10.1073/pnas.0710375105
https://doi.org/10.4324/9781849771542
https://doi.org/10.4324/9781849771542
https://doi.org/10.1016/j.ijdrr.2023.103722
https://doi.org/10.1016/j.ijdrr.2023.103722
https://doi.org/10.1016/j.ijdrr.2023.103722
https://doi.org/10.1016/j.ijdrr.2023.103722
https://doi.org/10.1007/s11069-015-1993-2
https://doi.org/10.1007/s11069-015-1993-2
http://royalcommission.vic.gov.au/finaldocuments/summary/PF/VBRC_Summary_PF.pdf
http://royalcommission.vic.gov.au/finaldocuments/summary/PF/VBRC_Summary_PF.pdf
https://doi.org/10.1016/j.landurbplan.2019.04.006
https://doi.org/10.1016/j.landurbplan.2019.04.006
https://doi.org/10.1016/j.landurbplan.2019.04.006
https://doi.org/10.1016/j.landurbplan.2019.04.006
https://www.researchgate.net/publication/285541773_The_fatal_fire_entrapment_of_Artemida_Greece_2007
https://www.researchgate.net/publication/285541773_The_fatal_fire_entrapment_of_Artemida_Greece_2007
https://www.researchgate.net/publication/285541773_The_fatal_fire_entrapment_of_Artemida_Greece_2007
https://www.nytimes.com/article/maui-wildfire-victims.html
https://www.nytimes.com/article/maui-wildfire-victims.html
https://www.nytimes.com/article/maui-wildfire-victims.html
doi:10.1126/sciadv.adh4615.
doi:10.1126/sciadv.adh4615.
doi:10.1126/sciadv.adh4615.
doi:10.1126/sciadv.adh4615.
doi:10.1126/sciadv.adh4615.
doi:10.1371/journal.pclm.0000087.
doi:10.1371/journal.pclm.0000087.
doi:10.1016/j.apgeog.2017.09.004.
doi:10.1016/j.apgeog.2017.09.004.
doi:10.1016/j.apgeog.2017.09.004.
doi:10.3390/SU12124910.
doi:10.3390/SU12124910.
doi:10.3390/SU12124910.
doi:10.1016/j.landurbplan.2022.
doi:10.1016/j.landurbplan.2022.
doi:10.1016/j.landurbplan.2022.
doi:10.1016/j.landurbplan.2022.

35

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

I. P. on Climate Change (IPCC), Climate Change 2022 —
Impacts, Adaptation and Vulnerability, Cambridge University
Press, 2023.

M. B. Clark, E. Nkonya, G. L. Galford, Flocking to fire: How
climate and natural hazards shape human migration across the
united states, Frontiers in Human Dynamics 4 (12 2022).

S. Li, V. Dao, M. Kumar, P. Nguyen, T. Banerjee, Mapping the
wildland-urban interface in california using remote sensing
data, Scientific Reports 12 (12 2022).

M. H. Mockrin, H. K. Fishler, S. I. Stewart, After the fire:
Perceptions of land use plan- ning to reduce wildfire risk
in eight communities across the united states, International
Journal of Disaster Risk Reduction 45 (5 2020).

S. A. Parks, J. T. Abatzoglou, Warmer and drier fire seasons
contribute to increases in area burned at high severity in
western us forests from 1985 to 2017, Geophysical Research
Letters 47 (11 2020).

N. Lambrou, C. Kolden, A. Loukaitou-Sideris, E. Anjum, C.
Acey, Social drivers of vulnerability to wildfire disasters: A
review of the literature (9 2023).

L. M. Andersen, M. M. Sugg, Geographic multi-criteria
evaluation and validation: A case study of wildfire vulnerability
in western north carolina, usa following the 2016 wildfires,
International Journal of Disaster Risk Reduction 39 (10 2019).
K. Yadav, F. J. Escobedo, A. S. Thomas, N. G. Johnson,
Increasing wildfires and changing sociodemographics in
communities across california, usa, International Jour- nal of
Disaster Risk Reduction 98 (11 2023).

S. Masri, E. Scaduto, Y. Jin, J. Wu, Disproportionate impacts
of wildfires among elderly and low-income communities
in california from 2000-2020, International Jour- nal of
Environmental Research and Public Health 18 (4 2021).

H. Buechi, P. Weber, S. Heard, D. Cameron, A. J. Plantinga,
Long-term trends in wildfire damages in california,
International Journal of Wildland Fire 30 (2021) 757— 762.

S. Li, T. Banerjee, Spatial and temporal pattern of wildfires in
california from 2000 to 2019, Scientific Reports 11 (12 2021).
C. Dong, A. P. Williams, J. T. Abatzoglou, K. Lin, G. S. Okin,
T. W. Gillespie, D. Long, Y. H. Lin, A. Hall, G. M. MacDonald,
The season for large fires in southern california is projected to
lengthen in a changing climate, Communications Earth and
Environment 3 (12 2022).

D. E. Calkin, M. P. Thompson, M. A. Finney, Negative
consequences of positive feedbacks in us wildfire management
(12 2015).

A. T. Perera, B. Zhao, Z. Wang, K. Soga, T. Hong, Optimal
design of microgrids to improve wildfire resilience for
vulnerable communities at the wildland-urban interface,
Applied Energy 335 (4 2023).

A. T. Murray, J. Baik, V. E. Figueroa, D. Rini, M. A. Moritz,
D. A. Roberts, S. H. Sweeney, L. M. Carvalho, C. Jones,
Developing effective wildfire risk mitigation plans for the
wildland urban interface (11 2023).

C. for Disease Control, Prevention, Cdc svi documentation
2010 (3 2015).

51

52.
53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

C. for Disease Control, P. A. for Toxic Substances, D. R. G.
R. Analysis, S. Program, Cdc/atsdr social vulnerability index
2022 database us (2022).

N. L. F. C. (NIFC), Wildland fire perimeters full history (2023).
C. for Disease Control, Prevention, Cdc svi documentation
2020 (8 2022).

C. for Disease Control, Prevention, Cdc svi documentation
2000 (2011).

B. E. Flanagan, E. J. Hallisey, E. Adams, A. Lavery, Measuring
community vulner- ability to natural and anthropogenic
hazards: The centers for disease control and prevention’s
social vulnerability index., Journal of environmental health
80 (2018) 34— 36.

C. H. A. Kuran, C. Morsut, B. I. Kruke, M. Kriiger, L.
Segnestam, K. Orru, T. O. Neevestad, M. Airola, J. Kerdnen,
F. Gabel, S. Hansson, S. Torpan, Vulnerability and vulnerable
groups from an intersectionality perspective, International
Journal of Disaster Risk Reduction 50 (11 2020).

M. Carroll, T. Paveglio, Using community archetypes to better
understand differential community adaptation to wildfire risk,
Philosophical Transactions of the Royal Society B: Biological
Sciences 371 (6 2016).

R. Natras, B. Soja, M. Schmidt, Ensemble machine learning of
random forest, adaboost and xgboost for vertical total electron
content forecasting, Remote Sensing 14 (8 2022).

T. Hastie, R. Tibshirani, J. Friedman, The Elements of
Statistical Learning, Springer New York, 2009.

C. M. Bishop, Pattern Recognition and Machine Learning,
2nd Edition, Springer, 2006.

E.Ileberi, Y. Sun, Z. Wang, Performance evaluation of machine
learning methods for credit card fraud detection using smote
and adaboost, IEEE Access 9 (2021) 165286— 165294.

L. Breiman, Random forests, Machine Learning 45 (2001)
5-32.

Y. Freund, R. E. Schapire, A decision-theoretic generalization
of on-line learning and an application to boosting, Journal of
Computer and System Sciences 55 (1997) 119-139.

J. Zhu, H. Zou, S. Rosset, T. Hastie, S. Rosset, Multi-class
adaboost, Statistics and Its Interface 2 (2009) 349-360.

F. Pedregosa, G. Varoquaux, A. Gramfort, B. M. V., Thirion,
0. Grisel, M. Blondel, R. P. P, Weiss, V. Dubourg, J.
Vanderplas, A. Passos, D. Cournapeau, M. Brucher, M. Perrot,
E. Duchesnay, Scikit-learn: Machine learning in python,
Journal of Machine Learning Research 12 (2011) 2825-2830.
S. Shalev-Shwartz, S. Ben-David, Understanding Machine
Learning: From Theory to Algorithms, Cambridge University
Press, 2014.

Q.-S. Xu, Y.-Z. Liang, Monte carlo cross validation,
Chemometrics and Intelligent Laboratory Systems 56 (2001)
1-11.

K. P. Murphy, Machine Learning: A Probabilistic Perspective,
MIT Press, 2012.

USDA, DOI, CDC, EPA, Memorandum of understanding
between the united states department of agriculture forest
service and the united states department of the interior and the

Insig Cardio Vasc Phar Res, 2026

Volume 6 | Issue 1| 16


doi:10.1038/s41598-022-09707-7.
doi:10.1038/s41598-022-09707-7.
doi:10.1038/s41598-022-09707-7.
doi:10.1016/j.ijdrr.2019.101444.
doi:10.1016/j.ijdrr.2019.101444.
doi:10.1016/j.ijdrr.2019.101444.
doi:10.1016/j.ijdrr.2019.101444.
doi:10.1029/2020GL089858.
doi:10.1029/2020GL089858.
doi:10.1029/2020GL089858.
doi:10.1029/2020GL089858.
doi:10.1016/ j.landurbplan.2023.104797.
doi:10.1016/ j.landurbplan.2023.104797.
doi:10.1016/ j.landurbplan.2023.104797.
doi: 10.1016/j.ijdrr.2019.101123.
doi: 10.1016/j.ijdrr.2019.101123.
doi: 10.1016/j.ijdrr.2019.101123.
doi: 10.1016/j.ijdrr.2019.101123.
doi:10.1016/j.ijdrr.2023.104065.
doi:10.1016/j.ijdrr.2023.104065.
doi:10.1016/j.ijdrr.2023.104065.
doi:10.1016/j.ijdrr.2023.104065.
doi:10.3390/ ijerph18083921.
doi:10.3390/ ijerph18083921.
doi:10.3390/ ijerph18083921.
doi:10.3390/ ijerph18083921.
doi:10.1038/s41598-021-88131-9.
doi:10.1038/s41598-021-88131-9.
doi:10.1038/s43247-022-00344-6.
doi:10.1038/s43247-022-00344-6.
doi:10.1038/s43247-022-00344-6.
doi:10.1038/s43247-022-00344-6.
doi:10.1038/s43247-022-00344-6.
doi:10.1186/s40663-015-0033-8.
doi:10.1186/s40663-015-0033-8.
doi:10.1186/s40663-015-0033-8.
doi:10.1016/j.apenergy.2023.120744.
doi:10.1016/j.apenergy.2023.120744.
doi:10.1016/j.apenergy.2023.120744.
doi:10.1016/j.apenergy.2023.120744.
doi:10.1016/j.jag.2023.103531.
doi:10.1016/j.jag.2023.103531.
doi:10.1016/j.jag.2023.103531.
doi:10.1016/j.jag.2023.103531.
https://data-nifc.opendata.arcgis.com/datasets/nifc:: interagencyfireperimeterhistory-all-years-view/explore
doi:10.1016/j.ijdrr.2020.101826.
doi:10.1016/j.ijdrr.2020.101826.
doi:10.1016/j.ijdrr.2020.101826.
doi:10.1016/j.ijdrr.2020.101826.
doi:10.1016/j.ijdrr.2020.101826.
doi:10.1098/rstb.2015.0344.
doi:10.1098/rstb.2015.0344.
doi:10.1098/rstb.2015.0344.
doi:10.1098/rstb.2015.0344.
doi:10.3390/rs14153547.
doi:10.3390/rs14153547.
doi:10.3390/rs14153547.
doi:10.1109/ACCESS.2021.3134330.
doi:10.1109/ACCESS.2021.3134330.
doi:10.1109/ACCESS.2021.3134330.
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

83.

united states environmental protection agency and the united
states centers for disease control and prevention wildland fire
and air quality coordination (11 2023).

W. F. Mitigation, M. Commission, On fire: The report of
the wildland fire mitigation and management commission
(2023).

M. Meéndez, G. Flores-Haro, L. Zucker, The (in)visible
victims of disaster: Understand- ing the vulnerability of
undocumented latino/a and indigenous immigrants, Geoforum
116 (2020) 50-62.

I. P. Davies, R. D. Haugo, J. C. Robertson, P. S. Levin, The
unequal vulnerability of communities of color to wildfire,
PLoS ONE 13 (11 2018).

A. L. Abeliansky, D. Erel, H. Strulik, Social vulnerability and
aging of elderly people in the united states, SSM - Population
Health 16 (12 2021).

J. Zheng, Exposure to wildfires and health outcomes of
vulnerable people: Evidence from us data, Economics and
Human Biology 51 (12 2023).

S. Deflorio-Barker, J. Crooks, J. Reyes, A. G. Rappold,
Cardiopulmonary effects of fine particulate matter exposure
among older adults, during wildfire and non-wildfire periods,
in the united states 2008-2010, Environmental Health
Perspectives 127 (3 2019).

M. R. Coughlan, A. Ellison, A. Cavanaugh, Social
vulnerability and wildfire in the wildland-urban interface:
Literature synthesis (2019).

D. Dominguez, C. Yeh, Social justice disaster relief,
counseling, and advocacy: the case of the northern california
wildfires, Counselling Psychology Quarterly 33 (2020) 287—
311.

L. M. Labossiére, T. K. McGee, Innovative wildfire mitigation
by municipal govern- ments: Two case studies in western
canada, International Journal of Disaster Risk Reduction 22
(2017) 204-210.

D. Ascoli, E. Plana, S. D. Oggioni, A. Tomao, M. Colonico,
P. Corona, F. Giannino, M. Moreno, G. Xanthopoulos, K.
Kaoukis, M. Athanasiou, M. C. Colaco, F. Rego, A. C.
Sequeira, V. Acacio, M. Serra, A. Barbati, Fire-smart solutions
for sustainable wildfire risk prevention: Bottom-up initiatives
meet top-down policies under eu green deal, International
Journal of Disaster Risk Reduction 92 (6 2023).

S. Akter, R. Q. Grafton, Do fires discriminate? socio-economic
disadvantage, wildfire hazard exposure and the australian
2019-20 ‘black summer’ fires, Climatic Change 165 (2021)
53.

H. A. Kramer, M. H. Mockrin, P. M. Alexandre, S. I. Stewart,
V. C. Radeloff, Where wildfires destroy buildings in the us
relative to the wildland-urban interface and na- tional fire
outreach programs, International Journal of Wildland Fire 27
(2018) 329-341.

J. W. Mitchell, Analysis of utility wildfire risk assessments
and mitigations in califor- nia, Fire Safety Journal 140 (10
2023).

K. Pohl, B. Simpkins, T. Melchert, J. Menakis, Community

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

wildfire defense grants insights from round 1 of funding
community wildfire defense grants (2023).

S. E. Anderson, A. J. Plantinga, M. Wibbenmeyer, Inequality
in agency response: Evidence from salient wildfire events, The
Journal of Politics 85 (2023) 625-639. doi: 10.1086/722044.

A. J. Plantinga, R. Walsh, M. Wibbenmeyer, Priorities and
effectiveness in wildfire management: Evidence from fire
spread in the western united states, Journal of the Association
of Environmental and Resource Economists 9 (2022) 603—
639.

M. R. Auer, Considering equity in wildfire protection (11
2021). doi:10.1007/ s11625-021-01024-8.

S. Sharp, Half their community burned in the woolsey fire.
recovery is wreaking its own misery, Los Angeles Times (11
2019).

G. Wigtil, R. B. Hammer, J. D. Kline, M. H. Mockrin, S.
I. Stewart, D. Roper, V. C. Radeloff, Places where wildfire
potential and social vulnerability coincide in the coterminous
united states, International Journal of Wildland Fire 25 (2016)
896-908.

V. C. Radeloff, D. P. Helmers, H. A. Kramer, M. H. Mockrin, P.
M. Alexandre, A. Bar- Massada, V. Butsic, T. J. Hawbaker, S.
Martinuzzi, A. D. Syphard, S. I. Stewart, Rapid growth of the
us wildland-urban interface raises wildfire risk, Proceedings
of the National Academy of Sciences of the United States of
America 115 (2018) 3314—3319.

A. D. Syphard, T. J. Brennan, J. E. Keeley, The importance
of building construction materials relative to other factors
affecting structure survival during wildfire, Interna- tional
Journal of Disaster Risk Reduction 21 (2017) 140-147.

I. Flores, M. T. Ortufio, G. Tirado, A goal programming
model for early evacuation of vulnerable people and relief
distribution during a wildfire, Safety Science 164 (8 2023).

S. D. Wong, J. C. Broader, S. A. Shaheen, Can sharing
economy platforms increase social equity for vulnerable
populations in disaster response and relief? a case study of the
2017 and 2018 california wildfires, Transportation Research
Interdisciplinary Perspectives 5 (5 2020).

F. Fatemi, A. Ardalan, B. Aguirre, N. Mansouri, I
Mohammadfam, Social vulner- ability indicators in disasters:
Findings from a systematic review (6 2017).

G. O. Pismel, V. Marchezini, G. Selaya, Y. A. de Paula, E.
Mendoza, L. O. Anderson, Wildfire governance in a tri-
national frontier of southwestern amazonia: Capacities
and vulnerabilities, International Journal of Disaster Risk
Reduction 86 (2 2023).

A. M. Stasiewicz, T. B. Paveglio, Preparing for wildfire
evacuation and alternatives: Exploring influences on residents’
intended evacuation behaviors and mitigations, In- ternational
Journal of Disaster Risk Reduction 58 (5 2021).

A. R. Hamidi, Z. Zeng, M. A. Khan, Household vulnerability
to floods and cyclones in khyber pakhtunkhwa, pakistan,
International Journal of Disaster Risk Reduction 46 (6 2020).
C. H. Sung, S. C. Liaw, A gis-based approach for assessing
social vulnerability to flood and debris flow hazards,

Insig Cardio Vasc Phar Res, 2026

Volume 6 | Issue 1 |17


doi:10.1016/j.geoforum.2020.07.007.
doi:10.1016/j.geoforum.2020.07.007.
doi:10.1016/j.geoforum.2020.07.007.
doi:10.1016/j.geoforum.2020.07.007.
doi:10.1371/journal. pone.0205825.
doi:10.1371/journal. pone.0205825.
doi:10.1371/journal. pone.0205825.
doi:10.1016/j.ssmph. 2021.100924.
doi:10.1016/j.ssmph. 2021.100924.
doi:10.1016/j.ssmph. 2021.100924.
doi:10.1016/j.ehb. 2023.101311.
doi:10.1016/j.ehb. 2023.101311.
doi:10.1016/j.ehb. 2023.101311.
doi:10.1289/EHP3860.
doi:10.1289/EHP3860.
doi:10.1289/EHP3860.
doi:10.1289/EHP3860.
doi:10.1289/EHP3860.
doi:10.1016/j.ijdrr.2017.03.009.
doi:10.1016/j.ijdrr.2017.03.009.
doi:10.1016/j.ijdrr.2017.03.009.
doi:10.1016/j.ijdrr.2017.03.009.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1016/j.%20ijdrr.2023.103715.
doi:10.1071/WF17135.
doi:10.1071/WF17135.
doi:10.1071/WF17135.
doi:10.1071/WF17135.
doi:10.1071/WF17135.
doi:10.1016/j.firesaf.2023.103879.
doi:10.1016/j.firesaf.2023.103879.
doi:10.1016/j.firesaf.2023.103879.
doi:10.1071/WF15109.
doi:10.1071/WF15109.
doi:10.1071/WF15109.
doi:10.1071/WF15109.
doi:10.1071/WF15109.
doi:10.1073/pnas.1718850115.
doi:10.1073/pnas.1718850115.
doi:10.1073/pnas.1718850115.
doi:10.1073/pnas.1718850115.
doi:10.1073/pnas.1718850115.
doi:10.1073/pnas.1718850115.
doi:10.1016/j.ijdrr. 2016.11.011.
doi:10.1016/j.ijdrr. 2016.11.011.
doi:10.1016/j.ijdrr. 2016.11.011.
doi:10.1016/j.ijdrr. 2016.11.011.
doi:10.1016/j.ssci.2023.106117.
doi:10.1016/j.ssci.2023.106117.
doi:10.1016/j.ssci.2023.106117.
doi:10.1016/j.trip.2020.100131.
doi:10.1016/j.trip.2020.100131.
doi:10.1016/j.trip.2020.100131.
doi:10.1016/j.trip.2020.100131.
doi:10.1016/j.trip.2020.100131.
doi: 10.1016/j.ijdrr.2016.09.006.
doi: 10.1016/j.ijdrr.2016.09.006.
doi: 10.1016/j.ijdrr.2016.09.006.
doi:10.1016/j.ijdrr.2023.103529.
doi:10.1016/j.ijdrr.2023.103529.
doi:10.1016/j.ijdrr.2023.103529.
doi:10.1016/j.ijdrr.2023.103529.
doi:10.1016/j.ijdrr.2023.103529.
doi:10.1016/j.ijdrr. 2021.102177.
doi:10.1016/j.ijdrr. 2021.102177.
doi:10.1016/j.ijdrr. 2021.102177.
doi:10.1016/j.ijdrr. 2021.102177.
doi:10.1016/j.ijdrr.2020.101496.
doi:10.1016/j.ijdrr.2020.101496.
doi:10.1016/j.ijdrr.2020.101496.
doi:10.1016/j.ijdrr.2020.101531.
doi:10.1016/j.ijdrr.2020.101531.

International Journal of Disaster Risk Reduction 46 (6 2020).

98. K. Haynes, D. K. Bird, J. Whittaker, Working outside
‘the rules’: Opportunities and challenges of community
participation in risk reduction, International Journal of
Disaster Risk Reduction 44 (4 2020).

99. K. Koksal, J. McLennan, D. Every, C. Bearman, Australian
wildland-urban interface householders’ wildfire safety
preparations: ‘everyday life’ project priorities and per-
ceptions of wildfire risk, International Journal of Disaster
Risk Reduction 33 (2019) 142—-154.

100.B. E. Flanagan, E. W. Gregory, E. J. Hallisey, J. L. Heitgerd, B.
Lewis, A social vulner- ability index for disaster management,
Journal of Homeland Security and Emergency Management
8 (2011).

101.Y. Martin, M. R. Mimbrero, M. Zuiiiga-Anton, Community
vulnerability to hazards: introducing local expert knowledge
into the equation, Natural Hazards 89 (2017) 367-386.

102.J. J. Sanchez, T. P. Holmes, J. Loomis, A. Gonzalez-Caban,
Homeowners willingness to pay to reduce wildfire risk in
wildland urban interface areas: Implications for targeting
financial incentives, International Journal of Disaster Risk
Reduction 68 (1 2022).

103.K. Thomas, R. D. Hardy, H. Lazrus, M. Mendez, B. Orlove,
I. Rivera-Collazo, J. T. Roberts, M. Rockman, B. P. Warner,
R. Winthrop, Explaining differential vulnerabil- ity to climate
change: A social science review (3 2019).

104.C. A. Kolden, C. Henson, A socio-ecological approach to
mitigating wildfire vulnera- bility in the wildland urban
interface: a case study from the 2017 thomas fire, Fire 2
(2019) 1-19.

105.J. Xu, X. Yin, D. Chen, J. An, G. Nie, Multi-criteria location
model of earthquake evacuation shelters to aid in urban
planning, International Journal of Disaster Risk Reduction 20
(2016) 51-62.

106.N. J. Nauslar, J. T. Abatzoglou, P. T. Marsh, The 2017 north
bay and southern california fires: A case study, Fire 1 (2018)
1-17.

107.A. 1. Chen, K. Ebisu, T. Benmarhnia, R. Basu, Emergency

department visits associ- ated with wildfire smoke events
in california, 2016-2019, Environmental Research 238 (12
2023).

108.K. O’Dell, K. Bilsback, B. Ford, S. E. Martenies, S. Magzamen,
E. V. Fischer, J. R. Pierce, Estimated mortality and morbidity
attributable to smoke plumes in the united states: Not just a
western us problem, GeoHealth 5 (9 2021).

109. Australia bushfires: Hundreds of deaths linked to smoke,
inquiry hears (5 2020).

110.1. Livingston, Canada’s astonishing and record fire season
finally slows down, The Washington Post (10 2023).

111.J. Yu, K. Castellani, K. Forysinski, P. Gustafson, J. Lu, E.
Peterson, M. Tran, A. Yao, J. Zhao, M. Brauer, Geospatial
indicators of exposure, sensitivity, and adaptive ca- pacity
to assess neighbourhood variation in vulnerability to climate
change-related health hazards, Environmental Health: A
Global Access Science Source 20 (12 2021).

112.A. G. Rappold, J. Reyes, G. Pouliot, W. E. Cascio, D. Diaz-
Sanchez, Community vulnerability to health impacts of
wildland fire smoke exposure, Environmental Science and
Technology 51 (2017) 6674-6682.

113.Z. S. Wettstein, S. Hoshiko, J. Fahimi, R. J. Harrison, W. E.
Cascio, A. G. Rappold, Cardiovascular and cerebrovascular
emergency department visits associated with wild- fire smoke
exposure in california in 2015, Journal of the American Heart
Association 7 (4 2018).

114.R. Aguilera, T. Corringham, A. Gershunov, T. Benmarhnia,
Wildfire smoke im- pacts respiratory health more than fine
particles from other sources: observational evidence from
southern california, Nature Communications 12 (12 2021).

115.P. B. Dohrenwend, M. V. Le, J. A. Bush, C. F. Thomas, The
impact on emergency department visits for respiratory illness
during the southern california wildfires, West- ern Journal of
Emergency Medicine 14 (2013) 79-84.

116.A. Heaney, J. D. Stowell, J. C. Liu, R. Basu, M. Marlier,
P. Kinney, Impacts of fine particulate matter from wildfire
smoke on respiratory and cardiovascular health in california,
GeoHealth 6 (6 2022).

Copyright: ©2026 Eve Myadze-Pike, et al. This is an open-access
article distributed under the terms of the Creative Commons
Attribution License, which permits unrestricted use, distribution,
and reproduction in any medium, provided the original author
and source are credited.

Insig Cardio Vasc Phar Res, 2026

https://opastpublishers.com/

Volume 6 | Issue 1| 18


doi:10.1016/j.ijdrr.2020.101531.
doi:10.1016/j.ijdrr.2019.101396.
doi:10.1016/j.ijdrr.2019.101396.
doi:10.1016/j.ijdrr.2019.101396.
doi:10.1016/j.ijdrr.2019.101396.
doi:10.1016/j.ijdrr.2018.09.017.
doi:10.1016/j.ijdrr.2018.09.017.
doi:10.1016/j.ijdrr.2018.09.017.
doi:10.1016/j.ijdrr.2018.09.017.
doi:10.1016/j.ijdrr.2018.09.017.
doi:10.2202/1547-7355.1792.
doi:10.2202/1547-7355.1792.
doi:10.2202/1547-7355.1792.
doi:10.2202/1547-7355.1792.
doi:10.1007/s11069-017-2969-1.
doi:10.1007/s11069-017-2969-1.
doi:10.1007/s11069-017-2969-1.
doi:10.1016/j.ijdrr.2021.102696.
doi:10.1016/j.ijdrr.2021.102696.
doi:10.1016/j.ijdrr.2021.102696.
doi:10.1016/j.ijdrr.2021.102696.
doi:10.1016/j.ijdrr.2021.102696.
doi:10.1002/wcc.565.
doi:10.1002/wcc.565.
doi:10.1002/wcc.565.
doi:10.1002/wcc.565.
doi:10.3390/fire2010009.
doi:10.3390/fire2010009.
doi:10.3390/fire2010009.
doi:10.3390/fire2010009.
doi:10.1016/j.ijdrr.2016.10.009.
doi:10.1016/j.ijdrr.2016.10.009.
doi:10.1016/j.ijdrr.2016.10.009.
doi:10.1016/j.ijdrr.2016.10.009.
doi:10.3390/fire1010018.
doi:10.3390/fire1010018.
doi:10.3390/fire1010018.
doi:10.1016/j.envres.2023.117154.
doi:10.1016/j.envres.2023.117154.
doi:10.1016/j.envres.2023.117154.
doi:10.1016/j.envres.2023.117154.
doi: 10.1029/2021GH000457.
doi: 10.1029/2021GH000457.
doi: 10.1029/2021GH000457.
doi: 10.1029/2021GH000457.
F:\opast pdf\Latha B\ICVPR\2026\Jan\ICVPR-26-01\URL  https:\www.bbc.com\news\world-australia-52804348
F:\opast pdf\Latha B\ICVPR\2026\Jan\ICVPR-26-01\URL  https:\www.bbc.com\news\world-australia-52804348
doi:10.1186/s12940-021-00708-z.
doi:10.1186/s12940-021-00708-z.
doi:10.1186/s12940-021-00708-z.
doi:10.1186/s12940-021-00708-z.
doi:10.1186/s12940-021-00708-z.
doi:10.1186/s12940-021-00708-z.
doi:10.1021/acs.est.6b06200.
doi:10.1021/acs.est.6b06200.
doi:10.1021/acs.est.6b06200.
doi:10.1021/acs.est.6b06200.
doi:10.1161/JAHA.117.007492.
doi:10.1161/JAHA.117.007492.
doi:10.1161/JAHA.117.007492.
doi:10.1161/JAHA.117.007492.
doi:10.1161/JAHA.117.007492.
doi: 10.1038/s41467-021-21708-0.
doi: 10.1038/s41467-021-21708-0.
doi: 10.1038/s41467-021-21708-0.
doi: 10.1038/s41467-021-21708-0.
doi:10.5811/westjem.2012.
doi:10.5811/westjem.2012.
doi:10.5811/westjem.2012.
doi:10.5811/westjem.2012.
doi:10.1029/2021GH000578.
doi:10.1029/2021GH000578.
doi:10.1029/2021GH000578.
doi:10.1029/2021GH000578.

