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Though wildfires have long posed a threat across the southwestern United States, their frequency and intensity are
increasing due to climate change, poor land management, and the uncontrolled sprawling of population into the
wildland-urban interface (WUI). For efficient wildfire mitigation and post-wildfire recovery, prioritizing resource
allocation based on community resilience, wildfire severity, and experienced economic losses is essential. For
example, rural communities who often lack basic capabilities and adaptive capacities need more resources and
recovery efforts to manage the disaster than their wealthier counterparts. As resource and recovery efforts are
managed by local authorities across counties, understanding the county-level risk in wildfire emergency management
(WEM) is instrumental to advance risk-informed community- wildfire resource allocations. Therefore, this study
aims to develop a county-level Community-aware Analytics-driven Risk Evaluation (CARE) index for WEM
leveraging advanced machine learning algorithms. To that end, we collected data from multiple publicly available
sources from 2015 to 2022 on wildfire hazard exposure (e.g., information on past wildfire incidents), social
vulnerability of communities (e.g., socioeconomic factors, demography) and physical/economic damage caused by
wildfires (e.g., structural damage, post-wildfire resource allocations) to predict WEM-CARE index under various
scenarios. For our case study, we considered the southwestern US states including California (CA), Arizona (AZ),
Colorado (CO), Nevada(NV), Utah (UT), and New Mexico (NM) that are exposed to frequent and severe wildfire
events. Our preliminary insights suggest that although urban counties like Los Angeles are highly exposed to wildfire
events, the remote, mountainous counties like Plumas, CA are more vulnerable to wildfire and require greater
attention in recovery efforts due to their socio-economic attributes. The outcome also identifies socio-economic
and demographic factors that contribute to counties’ vulnerability to wildfire, which is an understudied aspect of
current research.
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Wildfires have increased significantly in re-
cent decades due to climate change and the un-
restricted expansion of wildland-urban interface
(WUI) communities in the United States (UC
Merced School of Engineering, 2025; NASA
Earth Science, 2023). Studies have shown that
wildfire damage extends far beyond the fire’s di-
rect impact. Often, the restoration, recovery, and
rebuilding of the communities take years, even
decades, due to lack of efficient disaster prepared-
ness and recovery efforts (McWethy et al., 2019).

Enhancing wildfire emergency management

(WEM) is critical to improving the prepared-
ness of WUI communities Kapucu (2014). This
requires a better understanding, characterization,
and prediction of the interactions between wildfire
propagation, the critical infrastructure systems,
humans, and the protective actions that shape the
extent of physical, social, and economic impacts
on the socially vulnerable population. From a
governance perspective of WEM, counties often
play a pivotal role in post-wildfire restoration and
recovery. County administrations serve as inter-
mediaries between state and federal agencies and
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local disaster management and response teams
(Colonico et al., 2022). Reports have revealed that
counties often bear responsibility for removal of
debris, coordinating evacuations with the emer-
gency management team, providing immediate
shelter, long-term land management, and commu-
nity rebuilding, under several socioeconomic and
administrative constraints (Fraser et al., 2022).
Furthermore, the limited resources and lack of
disaster preparedness make the WEM even more
challenging. Studies have shown that disaster pre-
paredness, social vulnerability and community re-
silience strongly influence community’s recovery
and rebuilding (Paveglio et al., 2016; de Diego
et al., 2023). Therefore, the county administration
needs a clear understanding of the WEM risk to
support both early-stage preparedness and plan-
ning for post-fire resource allocation.

While progress has been made in predicting
wildfire propagation risk (Roy et al., 2025; Ma-
soudvaziri et al., 2020, 2021), major limitations
still persist in understanding the complex interac-
tions among wildfires, critical infrastructure sys-
tems, socially-vulnerable populations, and WEM
practices. For example, the widely-used National
Risk Index (NRI) developed by the Federal Emer-
gency Management Administration (FEMA) iden-
tifies US communities most at wildfire risk, us-
ing data on wildfire frequency, expected annual
losses, social vulnerability, and community re-
silience (Zuzak et al., 2021). However, it is a static
index and fails to account for the dynamic char-
acteristics of the fire spread or the post wildfire
resource allocation challenges, thereby making it
inadequate to inform WEM practices.

On the other hand, majority of the previous
studies focusing on wildfire risk assessment only
considered the hazard exposure and the conse-
quences in terms of infrastructure damages, over-
looking the social vulnerability of the population
(Holden and Jolly, 2011; Holsinger et al., 2016;
Finney et al., 2011; Fox et al., 2018). Moreover,
despite providing a detailed overview of fire be-
havior, these studies fail to offer any insight into
community resilience, which significantly impacts
recovery, disaster preparedness, and the commu-
nity’s ability to cope with disasters. Although,

recently there has been a growing literature in
understanding how communities are dispropor-
tionately impacted by the wildfires (Davies et al.,
2018; Masri et al., 2021; Thomas et al., 2022;
Roy and Mukherjee, 2025), these human-centric
aspects are not integrated into the wildfire risk
assessment. Thus, when these traditional wildfire
risk models are used to inform WEM decisions,
they fail to account for the community needs and
thus cannot prioritize recovery strategies integrat-
ing the human-centric aspects.

To summarize, although wildfire risk assess-
ment received significant attention from the scien-
tific community, assessing the risk of WEM from
a holistic perspective is not yet well understood.
Specifically, the existing wildfire risk studies are
conducted in siloes either focusing on the wildfire
spread or infrastructure damages or impact to the
communities. In this paper, we aim to address
this gap by developing an integrated, Community-
aware Analytics-driven Risk Evaluation (CARE)
index for WEM. To that end, since risk is multidi-
mensional, (Amundrud et al., 2017; International
Energy Agency, 2022) we formulate the CARE
index for WEM as a function of wildfire hazard
and exposure (historical frequency and probability
of wildfire), the social vulnerability of the com-
munities (measured by socioeconomic and de-
mographic attributes), and the physical/economic
damage caused by wildfire (measured by struc-
tural damage and the consequence of post wildfire
resource allocation).

For our study, we considered the southwest-
ern US states—California (CA), Arizona (AZ),
Colorado (CO), Nevada (NV), Utah (UT), and
New Mexico (NM) due to their extensive wild-
fire exposure and diverse demographics. We in-
tegrated county-level historical wildfire impact
and resource allocation data from 2015 to 2022,
along with census data on socio-demographics, to
develop the CARE index leveraging data-driven,
advanced machine learning algorithms.

1. Methodology

To develop the WEM-CARE index, we propose
a unique data-driven framework to quantify wild-
fire risk across counties, accounting for historical
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wildfire impacts and community resilience. Figure
1 shows the data-driven framework, from data
collection and pre-processing to exploratory data
analysis, model development, and inference for
the CARE index.

Fig. 1. Framework of the Study

1.1. Data Preparation

Data preparation consists of multiple steps: data
collection, data pre-processing, and exploratory
data analysis.
1.1.1. Data Collection

The wildfire impact and demographic data have
been collected from the following sources:
Incident Command Systems (ICS): The inci-
dent level data of historic wildfires containing
information about their severity, physical and eco-
nomic impacts of wildfires on the infrastructure
and communities, and information on the post-fire
recovery and resource allocation is obtained for
the states of California (CA), Arizona (AZ), Col-
orado (CO), Nevada (NV), Utah (UT) and New
Mexico (NM) from SIT209 database published by

the Incident Command Systems of the US (Wild-
fire.gov, 2022). The data contains 34 features and
996 incident records from 2015 to 2022.

US Census Data: From the US Census Bureau
(US Census, 2024), a total of 26 county-level
socio-demographic and economic variables are
obtained for the six states from 2015 to 2022.
Examples of variables include ethnicity, race, and
the proportion of the educationally and econom-
ically disadvantaged population. These variables
are used to measure social vulnerability and com-
munity resilience in our analysis. The commu-
nity resilience and Social Vulnerability indices do
not focus on any specific disaster; therefore, all
vulnerability indicators are given equal weight.
In our study, we weighed the socio-demographic
variables based on their contribution to predicting
high and low wildfire impacts.

1.1.2. Data Pre-processing

After collecting and consolidating the dataset, we
processed the data using data imputation, cleaning
and standardizing it.
Data Imputation and Cleaning: As there are
multiple missing values in the US Census dataset,
we adopted various data imputation techniques,
including a moving average and an interpolation-
based method. For the ICS data, which is more
dynamic, we have adopted machine learning (ML)
based methods to impute the missing values. In
ML-based imputation, the variable with missing
values is treated as the response variable, and all
other variables serve as predictors for imputing the
missing values (Hong and Lynn, 2020).

Standardizing the Dataset: Prior to implement-
ing the ML algorithms, all the variables are stan-
dardized using a min-max scalar function to en-
sure the model is not biased by any one variable
with higher values.

1.1.3. Exploratory Data Analysis

Figure 2 displays the quantile distribution of wild-
fire severity variables (e.g., burnt area) and the
impact to the infrastructure and communities (e.g.,
structural damage, fatalities, cost for recovery).
The figure shows that after the third quantile, the
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Fig. 2. Quantile Distribution of Wildfire Impact

variables exhibit steep growth, indicating a right-
skewed distribution. The fourth quantile of all
variables (high-impact incidents) shows a steep
increase in impact compared with the first three
quantiles (low-impact incidents).

1.1.4. Determining the Response Variable

After exploratory data analysis, we observed that
wildfire severity and impact variables, such as
Burnt Area, Estimated Cost for Recovery, Fatal-
ities, and Structures Damaged and Destroyed, ex-
hibit similar distributions.

This is an expected observation as severe wild-
fires generally cause more damage. We treated the
Estimated Cost for Recovery as the response vari-
able and the others as predictors. The Estimated
Cost for Recovery accounts for the cost of the
restoration operation and the financial allocation
for post-wildfire recovery. This variable depicts
the economic impact and is directly related to the
decision-making process of emergency manage-
ment. Therefore, for predicting the WEM-CARE
index, this variable serves as the response vari-
able. Owing to the wildfire severity being sig-
nificantly higher in the 3rd quantile, we divided
the incident-level data into two cohorts: incidents
reporting ≥75 percentile Estimated Cost for Re-

covery are labeled the high-impacted cohort, and
the remaining data are labeled the low-impacted
cohort. Based on this classification, we sought to
identify the driving socio-economic and wildfire
impact factors of risk. We also adopted a correla-
tion screening method to reduce dimensionality of
the data (Mukherjee and Nateghi, 2017).

1.2. Development of the Risk Models

Supervised learning theory is leveraged to charac-
terize the Estimated Cost for Recovery. Broadly
speaking, the goal of supervised learning is to es-
timate a function capable of predicting a statistical
moment of a target variable (e.g., Estimated Cost
for Recovery) conditioned on one or more pre-
dictor variables (e.g, various socioeconomic vari-
ables, structural failures, recovery aspects, burnt
area etc.), such that the loss function of interest
(measuring the distance between the predictions
and the observed values) is minimized. Super-
vised statistical learning methods can be paramet-
ric, semi-parametric or non-parametric. Paramet-
ric models generally assume a particular func-
tional form that relates the input variables to the
response. The assumed functional forms ease es-
timation and model interpretation but come at the
cost of predictive accuracy, since the assumptions
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(such as normality and linearity) often do not hold
in real data. Non-parametric models make few
assumptions about the distribution of the response
variable or the shape of the function relating the
response to the predictors. Instead, they use the
data in novel ways to approximate the dependen-
cies. Their predictive power is generally superior
to that of parametric models because they better
approximate the true functional forms. Moreover,
non-parametric methods are data-intensive and
highly dependent on data quality. In this study, we
implemented a classification algorithm to predict
the high- and low-impact classes based on the
response variable Estimated Cost for Recovery.
We trained libraries of models starting from lo-
gistic regression, support vector machine (SVM),
k-nearest neighbors (KNN), random forest (RF),
XG boost (XG Boost), gradient boost (GB), and
light gradient boosting machine (LGBM). After
validating the models using a percentage holdout
cross-validation, XGBoost classification was the
best.

XGBoost is a very effective boosting algorithm
that grows sequentially to optimize predictive per-
formance. It is unique for its sequential, slow
learning process, which leads to higher predictive
accuracy. It uses techniques like histogram-based
splitting, leaf-wise growth, and feature bundling
(Breiman, 2000; Chen et al., 2015).

Model Performance Evaluation and Selec-
tion: The generalization performance of a predic-
tive model hinges on its ability to minimize both
bias and variance. Cross-validation is a resam-
pling technique for balancing bias and variance.
We used an 80-20 holdout cross-validation, where
the model is trained on 80% of the data held out
at random and tested on the remaining 20%. This
process is repeated 20 times, and training and
test performance are computed by averaging the
performance evaluations across iterations.

Predictive accuracy vs. model interpretabil-
ity: Flexible non-parametric methods generally
have higher predictive power than the parametric
models. The improved predictive power, however,
comes at the cost of ease of interpretability (Hastie
et al., 2008). Partial dependence plots (PDPs) are
efficient methods for variable inference and fea-

ture importance in non-parametric models. PDPs
help in understanding the individual effects of the
predictor variables (xj) on the response variable,
ceteris paribus (i.e., controlling for all other pre-
dictors). Feature importance indicates the contri-
bution of a predictor variable to the classification
model’s predictions (Hastie et al., 2008). In our
study, the contributions of predictor variables (i.e.,
normalized feature importance) in the XGBoost
classification model are used to weight variables
to develop the WEM-CARE index, which is cal-
culated as the weighted sum of all normalized
wildfire-impact variables (Mehta et al., 2016).

Riski =
p∑

j=1

wj X̃ij , (1)

where X̃ij represents the normalized value of
variable j for spatial unit i, wj ≥ 0 denotes the
weight assigned to indicator j based on the feature
importance, and

∑p
j=1 wj = 1.

2. Results

2.1. Model Performance Evaluation

Comparing training and test performance, we ob-
serve that ensemble methods and tree-based mod-
els clearly outperform linear models such as lo-
gistic regression in both predictive accuracy and
goodness of fit.

Table 1. Training performance for high vs. low wild-
fire cost classification.

Model Acc. Prec. Rec. F1

XGBoost 0.99 0.98 0.95 0.94
LightGBM 0.97 0.91 0.92 0.95
Random Forest 0.97 0.92 0.97 0.95
Gradient Boosting 0.96 0.96 0.89 0.93
SVM (RBF, scaled) 0.92 0.82 0.84 0.83
Logistic Reg. (scaled) 0.89 0.77 0.82 0.79
KNN (scaled) 0.79 0.87 0.19 0.31

Note: Metrics are calculated on training data by segregating
and high and low impact of wildfires by 75 percentile of
Estimated Cost for Recovery.

The ensemble models exhibit consistently im-
proved performance across the training and
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Table 2. Predictive accuracy for high vs. low wildfire
cost classification.

Model Acc. Prec. Rec. F1

Gradient Boosting 0.93 0.90 0.80 0.85
Random Forest 0.92 0.87 0.82 0.84
XGBoost 0.92 0.88 0.80 0.84
LightGBM 0.91 0.85 0.78 0.81
Logistic Reg. (scaled) 0.89 0.80 0.75 0.78
SVM (RBF, scaled) 0.85 0.72 0.62 0.67
KNN (scaled) 0.78 0.75 0.15 0.25

Note: Metrics are computed on a held-out test set using a 75th
percentile cutoff to define high-cost wildfire events based on
Estimated Cost for Recovery.

test datasets, suggesting they effectively bal-
ance bias and variance, leading to better gener-
alization. Random Forest, LightGBM, and XG-
Boost achieve significantly improved performance
across training and test accuracy, precision, recall,
and F1 score compared with logistic regression,
SVM, and KNN. We have evaluated the train and
test accuracy after performing percentage hold-
out cross-validation. Among the ensemble mod-
els, XGBoost achieves the highest training and
predictive accuracy (directionally higher than the
other models) and is selected as the best model.

2.2. Model Inference and Feature
Importance

Fig. 3. Driving Factors behind Prediction

To understand each feature’s contribution to
the selected model’s predictive accuracy, we con-
ducted a feature selection analysis using XG-
Boost. To that end, in this study, feature impor-
tance refers to the extent to which each feature
contributes to predicting the Estimated Cost for

Fig. 4. Top-10 High-Risk Counties across Southwest-
ern United States

Fig. 5. County-level Composite Risk Index

Recovery (i.e., the WEM risk) and is thus used as
a risk-weighting factor for the respective predic-
tors when developing the CARE index (Zhao and
Henriksson, 2016).

Figure 3 shows that the driving factors of high
and low-impact counties consist of a combination
of both wildfire impacts and socio-demographic
composition of the counties. Factors like number
of evacuated, injured, trapped individuals, fatali-
ties, projected impacted area show the importance
of the wildfire impact/consequence variables in
predicting the risk of WEM in the counties experi-
encing high and less severe wildfires. On the other
hand, proportion of below poverty level popula-
tion and Black or African American population
emerges as a significant socio-demographic pre-
dictor, illustrating the importance of social vulner-
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ability in predicting the WEM risk.
The spatial distribution of the WEM risk shows

that high-risk counties are unevenly distributed
across CA, AZ, NV, CO, UT, and NM (as shown
in Figure 5). Because the WEM-CARE index
is founded on both wildfire impacts/consequence
and social vulnerability, we observe that the coun-
ties that experienced severe wildfires has a higher
risk index than those that experience less severe
wildfires.

Complementing the spatial distribution of the
WEM-CARE index, Figure 4 shows the top-10
high-risk counties in the southwestern states. San
Miguel County, NM, and Plumas County, CA, top
the list. In addition, El Dorado and San Mateo
counties in CA also have a higher CARE index.
The dominance of CA in the upper risk tiers is
attributed to the state’s widespread wildfire ex-
posure, coupled with a lack of community re-
silience, especially among those who reside in the
wildland-urban interface (WUI).

3. Conclusion

Though this study developed a comprehensive
risk index that integrates community-level haz-
ard, exposure, and vulnerability, it consists of
some limitations. In this particular framework,
we did not modify the predictors or the fac-
tors to understand how that affects the overall
ranking of the counties. Instead we developed
the risk index based upon the weighted socio-
demographic and hazard-related factors imple-
menting the data-driven models. However, by
aligning the risk-propensity framework with the
administrative framework of county jurisdiction,
the risk index will streamline decision-making
for advanced disaster preparedness and targeted
resource allocation based on community needs.
Overall, this study advances the data-driven risk
framework by designing and operationalizing a
multidimensional risk index that provides scal-
able, policy-relevant insights.
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