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Abstract

This study aims to quantify environmental health impacts and assess risk by under-
standing the disproportionate burden of infectious diseases, specifically Influenza-like
lliness (ILI), across regions with varying socio-economic characteristics. We introduce
a novel vulnerability-based approach to better understand the complex relationship
between socio-economic factors and ILI burden. We develop a machine-learning-
driven framework to assess and map state-level socio-economic vulnerability to

ILI in the United States. A vulnerability index was created by integrating 39 diverse
socio-economic and health indicators from the latest CENSUS. A Random Forest
Regression model then weighed these indicators to quantify each state’s vulnerability
for the ILI values in 2022. To assess multicollinearity, Variance Inflation Factor (VIF)
was calculated, and parameters were filtered to reduce the VIF. Key determinants

of vulnerability include migration patterns, insurance coverage, and proportions of
female and elderly populations. The resulting state-level vulnerability map reveals
significant regional disparities. District of Columbia was identified as the most vulner-
able state, followed by Massachusetts, Hawaii, New Mexico, and Rhode Island, all
with normalized vulnerability indices exceeding 0.35. Our findings highlight significant
regional variations in ILI vulnerability, emphasizing the need for targeted public health
interventions tailored to state-specific socio-economic conditions. This scalable and
adaptable methodology extends beyond influenza, offering a valuable approach for
assessing vulnerability to a wide range of infectious diseases, strengthening epi-
demic preparedness and response.
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Author summary

Socio-economic conditions significantly influence a location’s susceptibility to
Influenza-like lliness (ILI). Identifying infection hotspots based on these factors
and quantifying relative susceptibility is crucial for policymakers. A vulnera-

bility index is an effective tool for this purpose. Our study employs a Random
Forest-based technique to not only provide relative vulnerability values but also
to identify the dominant socio-economic features contributing to high vulnerability
in specific areas.

1. Introduction

Vulnerability assessment is a crucial tool for understanding how populations expe-
rience and respond to external threats, ranging from natural disasters [1,2] to eco-
nomic crises [3,4] to long-term impacts of climate change [5,6]. Defined as the degree
to which a system or population is susceptible to harm and lacks resilience, vulner-
ability is shaped by a combination of socio-economic, demographic, and geograph-
ical factors [7,8]. The Intergovernmental Panel on Climate Change (IPCC) defines
vulnerability as the degree to which a system or person is susceptible to harm or
damage from climate change [9]. Vulnerability has three connotations: it refers to a
consequence rather than a cause, implies an adverse consequence, and is a relative
term that differentiates between socio-economic groups or regions, rather than an
absolute measure of deprivation [10,11]. The construction of social vulnerability is
shaped less by geographical location and more by inherent socio-economic struc-
tures [12—14]. Originally framed in the context of environmental hazards, this concept
extends to public health, where vulnerability reflects a population’s susceptibility to
infectious disease burden and its ability to cope with health risks. Consequently,
vulnerability assessments have been widely applied in hydroclimatic contexts such
as floods [15,16], droughts [1,17], and sea-level rise [18]. However, their application
in public health and infectious disease risk assessment remains underexplored. For
example, some regions with high population density, limited healthcare access, or
low income may be more vulnerable to health crises than others with lower popula-
tion density or higher average income. Vulnerability assessment for health risk then
allows the relative susceptibility of these different regions to be quantitatively under-
stood and compared. Given the growing recognition of socio-economic determinants
in shaping health outcomes [19-21], a structured vulnerability-based framework for
disease analysis can provide a more holistic understanding of susceptibility beyond
traditional epidemiological approaches.

Health risk is not solely determined by pathogen exposure but is also influenced
by a range of socio-economic factors that govern individuals’ ability to prevent,
respond to, and recover from infections. Factors such as income disparity, healthcare
access, housing conditions, education, and employment status play a critical role in
shaping regional variations in disease transmission and adverse health outcomes
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[22—-24]. While past studies have examined correlations between individual socio-economic variables and disease burden
[25,26], few have developed a quantitative framework that integrates these factors into a panoramic vulnerability model.
This study seeks to address this gap by developing a vulnerability-based assessment of Influenza-like lliness (ILI) in the
United States, leveraging a machine learning approach to quantify and map state-level susceptibility.

ILI represents a significant public health challenge due to its high transmissibility and seasonal recurrence. Caused
primarily by influenza viruses (types A and B) and respiratory syncytial virus (RSV), ILI imposes substantial morbidity
and economic burden, particularly among socially and economically disadvantaged populations [27,28]. The Centers for
Disease Control and Prevention (CDC) defines ILI as a fever of at least 38°C accompanied by a cough or sore throat
within the past 10 days. The annual cost of influenza in the U.S. is estimated at $11.2 billion, including both direct medical
expenses and productivity losses [29]. However, the ILI burden is not uniformly distributed across states but is shaped by
systemic disparities in socio-economic conditions, healthcare infrastructure, and population density. Individuals residing in
high-poverty, overcrowded, or medically underserved areas face a disproportionately higher risk of infection, hospitaliza-
tion, and adverse outcomes [30—32]. Despite this well-documented association, there is no standardized framework that
quantifies ILI vulnerability at a state level, incorporating both socio-economic and healthcare accessibility factors.

In contrast to traditional analyses of disease vulnerability that focus on individuals or specific groups, this research
adopts a regional perspective. In this study, we aim to understand how a state’s overall vulnerability is shaped by aggre-
gated socioeconomic indicators. This approach considers the interconnectedness of factors within a defined geographic or
administrative area. By using indicators such as state level poverty rates, average educational attainment, and access to
healthcare facilities per capita, we characterized the overall vulnerability of distinct states. This regional analysis facilitates
spatial comparisons, identifies vulnerability hotspots, and provides valuable insights for policymakers and planners seek-
ing to develop targeted strategies at a broader scale.

The CDC provides a commonly used Social Vulnerability Index (SVI) for assessing risk to natural disasters [33]. It
quantifies the degree to which a social condition may affect a region’s ability to prevent losses in a disaster. Based on
16 social indicators (4 themes), CDC ranks each census tract and aggregates the ranks to determine the final ranking of
each location. Though this index provides a basic understanding of the social vulnerability of a region, it has a major draw-
back. The index is generalized and treats responses to all natural disasters alike. Furthermore, it considers the individual
values of each indicator to rank the vulnerability, assuming a uniform weight. However, in the case of a real disaster, differ-
ent parameters play different roles based on the type of disaster. For example, during a coastal hurricane, home owner-
ship and the age of housing stock become primary drivers of total loss. However, in the case of a non-structural event like
a pandemic, factors like access to healthcare and the number of people with health insurance may drive the total loss. To
overcome these drawbacks, here we propose a novel approach to use socio-economic indicators in a machine-learning-
based approach to compute socio-economic vulnerability specific to ILI. Unlike the SVI, our machine learning algorithms
can learn complex, non-linear relationships between socioeconomic factors and vulnerability, and can be trained on spe-
cific outcomes ILI rates.

Traditional approaches to disease vulnerability analysis have primarily focused on individuals or specific groups,
identifying factors associated with increased infection risk [34—36]. These methods of identifying factors associated with
increased infection rates have both advantages and limitations [25,26,31,37]. These methods often overlook the broader
regional context. Most existing health risk studies treat the CDC’s Social Vulnerability Index (SVI) as a standard base-
line, often employing association-based analyses to understand the correlation between the SVI's parameters, or the
overall SVI score itself, and various health hazards [38—41]. While these studies highlight the usage of machine learning
approaches in establishing relationships between these socio-economic parameters and infection rates, they often rely
on a single, general SVI score or the parameters used in SVI computation to represent vulnerability to any health crisis.
In contrast, our approach employs a machine learning method to establish a unique, risk-specific relationship for influ-
enza infection, considering a distinct set of socio-economic indicators. This research emphasizes the importance of an
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indicator-based vulnerability assessment at the regional level, which captures the interconnectedness of socioeconomic
factors within geographic or administrative boundaries. A regional perspective gives a more wide-ranging understanding of
vulnerability, providing valuable insights for policymakers and planners. The rapidly expanding literature on social deter-
minants of health in the U.S. and globally underscores the importance of addressing socio-economic disparities to reduce
This study introduces a novel machine-learning-driven vulnerability framework to systematically assess and map state-
level socio-economic vulnerability to ILI in the United States. We use state-specific ILI data for the year 2022 (Fig 1),
which corresponds to the period for which most of the socio-economic data is available. Unlike conventional epidemio-
logical models, which primarily focus on disease incidence and risk factors, this approach integrates multiple socioeco-
nomic and health indicators into a comprehensive vulnerability index. Using Random Forest Regression, we identify and
weigh the most influential predictors of ILI susceptibility, allowing for the quantification of state-level vulnerability scores.
The resulting vulnerability maps provide a spatial representation of ILI susceptibility, highlighting regional disparities and
socio-economic drivers of disease burden. By adopting a vulnerability-centric perspective, this study offers valuable
insights for targeted public health interventions, resource allocation, and epidemic preparedness beyond influenza.

2. Results

The vulnerability of each state is quantified using selected socio-economic and health indicators. A Random Forest
Regression (RFR) model assigns feature importance values to these indicators, which are then used as weights along
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Fig 1. Influenza-like lliness (ILI) Peak Infections: State-level peak weekly ILI cases in 2022, expressed as a percentage of the total popula-
tion. The maps were generated using ArcGIS Pro using shape files from the U.S. Census Bureau (https://www.census.gov/geographies/mapping-files/
time-series/geo/carto-boundary-file.html).

https://doi.org/10.1371/journal.pcbi.1013839.9g001
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with directionality derived using Partial Dependence Plots (PDPs), to compute each state’s vulnerability score. Mapping
these values spatially (Fig 2) facilitates understanding regional disparities, providing policymakers and stakeholders with a
clear representation of vulnerability distribution to guide targeted interventions.

The normalized vulnerability index for U.S. states is categorized into five classes based on the quantiles: Very Low
(0.0-0.13), Low (0.13-0.21), Medium (0.21-0.28), High (0.28-0.35), and Very High (0.35-1.0). This ensures that each
category contains approximately one-fifth of the total states, or around 10 in this case. States with higher vulnerability,
represented by darker blue shades, face greater socio-economic and health challenges, necessitating targeted public
health interventions and resource allocation. The District of Columbia has emerged as the most vulnerable state to ILI.
This spatial representation enables the identification of high-risk regions and supports data-driven decision-making for
resilience planning.

To evaluate whether unmodeled spatial processes might influence our results, we computed Global Moran’s | and Local
Indicators of Spatial Association (LISA) using the centroids of the U.S. states. As presented in S1 Fig, the residuals exhibit
a weak but statistically significant negative spatial autocorrelation (Moran’s 1=-0.0435, p=0.0041), indicating spatial dis-
persion rather than clustering. This suggests that neighboring states tend to have dissimilar residual values, implying that
the RFR model effectively captures most of the spatially structured variability in ILI vulnerability.
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Fig 2. U.S. ILI Vulnerability Map: State-wise vulnerability maps across the United States, highlighting regions with varying levels of socio-
economic vulnerability to Influenza-like lliness (ILI). States are classified as follows (normalized indices in parentheses): Very Low (0.0-0.13), Low
(0.13-0.21), Medium (0.21-0.28), High (0.28-0.35), and Very High (0.35—1.0). The maps were generated in ArcGIS Pro using shape files from the U.S.
Census Bureau (https://www.census.gov/geographies/mapping-files/time-series/geo/carto-boundary-file.html).

https://doi.org/10.1371/journal.pcbi.1013839.9002
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Based on the state-wise vulnerability values (Eq 3), we see that the District of Columbia, Massachusetts, Hawaii,
New Mexico, Rhode Island, Connecticut, Maryland, Oregon, Washington, Michigan, and Arizona belong to the very high
vulnerability category. To better understand the influence of variables, making each of these states highly vulnerable, we
consider three distinct state types—an urban-dense state (District of Columbia), a mixed urban-rural state (Louisiana),
and a predominantly rural state (West Virginia) (Fig 3). The plots highlight distinct socio-economic profiles contributing to
the varying ILI susceptibility across diverse state types. Despite all three exhibiting high vulnerabilities to Influenza-like

Population density

Black/African American (%)

American Indian and Alaska Native (%)
Native Hawaiian and Other Pacific Islander (%)
Female (%)

Moved from abroad (%)

Population >65 (%)

Household with Food Stamps/SNAP (%)
Fraction population in owner occupied
10 Health insurance coverage(>65) (%)

11 No computer

12 Mean travel time to work (mins)

13 With a cognitive difficulty (%)

14 Native born No Insurance (%)

15 Foreign Born Noncitizen No Insurance (%)
16 Asthma (>65)

17 Diabetes among adults

18 Influenza vaccination (>65)

19 Invasive cancer incidence

20 Pneumococcal vaccination (>65)

21 Hispanic (%)

22 Total Population

O NV A WN =

©

Fig 3. Indicators for vulnerable states: This figure presents radar plots to compare the normalized values of the 22 indicators across three
states very highly vulnerable to Influenza-like lliness (ILI): (a) District of Columbia (DC) (urban), (b) Michigan (MI) (mixed), and (c) New Mexico
(NM) (rural). The value on each section represents the indicator’s normalized score (0 to 1). The Purple segments indicate factors that increase vulnera-
bility (positive directionality), and orange segments indicate factors that decrease vulnerability (negative directionality).

https://doi.org/10.1371/journal.pcbi.1013839.g003

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 6/18



https://doi.org/10.1371/journal.pcbi.1013839.g003

N\ Computational
PLOS }. Biology

lliness (ILI), the underlying causes differ based on state-specific policies, healthcare infrastructure, and socio-economic
conditions.

Based on the vulnerability indicators, in the District of Columbia (Fig 3a), high population density, increased mobility,
and a significant proportion of foreign-born noncitizens without insurance contribute to its susceptibility. Longer commute
times and a diverse population further increase exposure risks. While the District of Columbia has relatively better health-
care coverage and vaccination rates than other states (with a normalized value of 1), disparities in healthcare access,
particularly for uninsured individuals, remain challenging. With a combination of urban and rural populations, Michigan
(Fig 3b) faces high vulnerabilities because of a different set of factors. High older, female, and black/African American
populations, and lower vaccination coverage, exacerbate vulnerability. Urban centers contribute to increased disease
transmission, while rural areas struggle with limited healthcare access and the presence of a more susceptible category of
population (older, female etc.), creating a dual challenge for public health management. Meanwhile, New Mexico (Fig 3c)
demonstrates vulnerabilities linked to its aging, American Indian, and Hispanic population, high poverty rates, and limited
access to mobile phones and computers. Suggesting that specific demographic groups, combined with limited access to
digital health information, are key drivers of risk in the state.

These distinctions emphasize the importance of tailoring public health strategies and policies to specific regional needs.
Addressing disparities in healthcare accessibility, enhancing vaccination outreach in underserved communities, and
improving chronic disease management are essential steps in mitigating the impact of ILI across different state types.

The feature importance (Fl) scores obtained from the RFR model determine the relative weight (w), of each variable
k in computing the vulnerability index. The weight wy is a constant value applied uniformly to all states in the final index
calculation. This weight value (wx) combined with the normalized value (x, ) of the indicator, gives the vulnerability index
for each state (V;) as given in Eq (3) in the methodology section. The top five variables, based on feature importance (FI)
scores, included percentage of individuals moved from abroad, native and foreign-born populations without insurance,
female population percentage, adult influenza vaccination rates, and the population over 65.

The observed relationships between the socio-economic indicators and ILI vulnerability are complex, with some indica-
tors increasing vulnerability and others decreasing it (S2 Table). Indicators like moved from abroad [43], female [44,45],
older (> 65) [46], Black/African American and Hispanic population (%) [47,48], and Population density [49], showed a
positive correlation, which is consistent with established literature linking dense living conditions and systemic health dis-
parities to faster disease transmission. Notably, all indicators related to the lack of health insurance (e.g., Native born No
Insurance (%)) exhibited a negative correlation with the observed ILI rate. This counterintuitive finding may be attributed
to testing or formal diagnosis for respiratory illnesses, leading to an artificially lower reported caseload in those states
[50-52]. Similarly, indicators related to chronic conditions, such as ‘Invasive cancer incidence’, ‘Asthma among adults
(%)’, and ‘Diabetes among adults (%)’, also showed a negative correlation with the ILI rate. Although populations with
underlying long-term diseases are biologically more susceptible to severe outcomes, this negative association may result
from heightened risk awareness and proactive behavior [53,54]. These high-risk individuals often adopt strict preventative
measures and hygiene maintenance practices, thereby effectively reducing their overall chance of infection compared to
the general population.

These findings highlight the crucial role of healthcare access, vaccination coverage, and socioeconomic disparities in
influencing ILI vulnerability. Recent migration patterns and the presence of elderly populations also emerged as significant
factors. This analysis underscores the necessity for targeted public health interventions that address insurance gaps,
promote vaccination, and mitigate socioeconomic inequalities, while acknowledging the unique demographic and migra-
tion characteristics of each state. However, although this information provides us with an overall overview of the import-
ant factors to consider, a more localized, state-specific approach is essential. While the feature importance Fl values of
different factors provide valuable insight into their contribution to overall state vulnerability, it should not be interpreted as a
universal standard for policymaking. The distribution of these parameters varies significantly across states, necessitating

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 7118




N\ Computational
PLO\Sﬁ\' Biology

the development of tailored mitigation policies for each. Instead, the RFR-derived feature importance Fl serves as a valu-
able tool for guiding future policy development, enabling targeted interventions that address state-specific vulnerabilities
and disparities.

To understand the complex distribution of variable values across states from different vulnerability values, and to com-
pare the variable values. Fig 4 illustrates the variation in socio-economic and health indicators across states, highlight-
ing the complexity of state-level vulnerability. The size of each bubble proportionally reflects the normalized value of the
indicator, ranging from 0 to 1, where larger bubbles indicate higher values. The color gradient of the bubbles denotes the
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Fig 4. State-level indicator trends and vulnerability. This scatter plot displays normalized socio-economic and health indicators (0 to 1) across U.S.
states. The size of each data point (bubble) corresponds to the normalized value of the indicator (x, ), while the color represents the state’s vulnerability
class. The x-axis presents the indicators in descending order of RFR-derived feature importance or weight (wy), ranging from “Moved from abroad (%)”
(highest importance) to “No computer” (lowest importance).

https://doi.org/10.1371/journal.pcbi.1013839.9004
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normalized vulnerability index for each state, transitioning from dark red, representing high vulnerability, to blue, repre-
senting low vulnerability. High vulnerability in certain states does not necessarily result from higher values of all variables
with greater weights, nor does low vulnerability imply lower values of these variables. Using the developed method, we
identify specific factors contributing to a state’s vulnerability.

Highly vulnerable states, such as Distict of Columbia (DC), Rhode Island, Maryland, and New Mexico, exhibit high vul-
nerability due to a combination of factors, including having been moved from abroad, female and aging populations, high
rates of chronic illnesses (e.g., diabetes and cancer), and limited healthcare access. However, the contribution of specific
indicators varies across these states. For example, population density has a high value (normalized value=1) in D.C.,
but remains below 0.08 for most other highly vulnerable states. Similarly, the Black/African American population indicator
shows high values for DC and Maryland, but remains below 0.32 for most other states. In contrast, the Hispanic popu-
lation significantly influences vulnerability in New Mexico (normalized value = 1), whereas the normalized value remains
below 0.33 in other highly vulnerable states. These variations underscore the need for state-specific policy interventions
tailored to distinguish socio-economic and demographic contexts. The overall higher vulnerability is due to multiple factors
with higher weights having a greater value.

Conversely, states with lower vulnerability demonstrate characteristics associated with higher people with insur-
ance (normalized value > 0.5), lesser migration from abroad (normalized value <0.4), and lower racial diversity
(both African American and Hispanic). Texas shows normalized value 1 for Natives with no Insurance. People with
insurance being a negative indicator results in lower vulnerability, as it is observed that people without insurance
tend to avoid checkups and testing, causing lower reporting. These states tend to have lower population densities
and total and percentage female populations. Notably, even in states characterized by lower overall vulnerability,
ongoing management of specific variables is crucial to sustain resilience. While some states demonstrate lower
overall vulnerability, often correlating with lower values in highly weighted variables, significant parameters can
still be a matter of concern. For instance, several states (Texas, Oklahoma, Mississippi, Georgia, and Wyoming)
exhibit high percentages (normalized value >0.75) of both native and Foreign-Born Noncitizens with No Insurance,
indicating a critical area for intervention. Furthermore, variability in the values of contributing factors is evident
even among states classified within the same vulnerability category, as well as in other vulnerability categories.
Although the categorization of states provides a useful framework for policy prioritization, a granular examination
of individual parameters is imperative for developing targeted policy interventions and effective infection control
strategies.

The analysis highlights the intricate interplay between socio-economic and health indicators in shaping state-level
vulnerability to ILI. By leveraging the Random Forest Regression model, we not only identify the most influential factors
driving vulnerability but also uncover the diverse ways in which these factors manifest across different states. The variabil-
ity in indicator values across states with similar vulnerability scores underscores the necessity of tailored, data-driven pol-
icy interventions rather than one-size-fits-all solutions. This reinforces the importance of localized strategies that address
state-specific risk factors. Ultimately, this study provides a framework for policymakers to better allocate resources,
enhance public health preparedness, and implement targeted interventions that mitigate vulnerability and reduce health
disparities across the U.S.

3. Discussion

Understanding regional variability is crucial for assessing the true impact of any disaster event, as different areas expe-
rience varying levels of exposure, vulnerability, and adaptive capacity. Vulnerability assessment, a widely used tool in
hydroclimatic research of extreme weather events, helps quantify susceptibility to natural disasters and understand
spatial heterogeneity in risk and impact. However, its application in health-related studies remains underexplored. In this
study, we utilize the vulnerability framework to assess spatial variations in susceptibility to influenza-like lliness (ILI). By
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integrating socio-economic and demographic factors, we aim to identify key drivers of elevated infection rates in hotspot
areas, providing insights for targeted public health interventions.

The findings highlight the significant role of varying socio-economic conditions in shaping vulnerability to ILI across
U.S. states. The study reveals that vulnerability is not uniform; rather, it is shaped by a combination of urbanization,
demographics, healthcare access, and economic disparities. For example, the District of Columbia, characterized by
high population density and mobility, faces increased risks due to a sizable uninsured foreign-born population and longer
commute times. In contrast, rural states such as New Mexico, and Arizona exhibit heightened vulnerability due to aging,
female and Hispanic populations. States like, Michigan, with its mix of urban and rural regions, face dual challenges—high
transmission risks in cities and economic hardships in rural areas. Furthermore, the model assigned higher weights to
population density, moved from abroad, female and older populations, and racial minority groups, highlighting their key
contribution to increasing vulnerability. The importance of these factors underscores that preventative health measures
are key determinants of state-level susceptibility. Conversely, the negative correlation found for the fraction of the popu-
lation without insurance suggests that systemic barriers to healthcare access led to underreporting, thereby masking the
true burden of disease in states with high uninsured populations. The ordered feature importance provides a data-driven
roadmap for strategic public health and socio-economic policy intervention. Since the indicators are ranked by their influ-
ence on ILI vulnerability, government resources can be optimally directed toward the highest-leverage areas. Specifically,
the strong importance of indicators related to health insurance coverage suggests that expanding access to affordable
healthcare is necessary. High feature importance linked to the elderly, female, and African American populations necessi-
tates specific, targeted public health programs to address the underlying social determinants that drive this age, gender,
and race-specific risk, thereby working to close documented health disparity gaps. The results underscore the need for
tailored public health measures, including expanded healthcare access in rural regions, targeted vaccination campaigns,
improved insurance coverage, and initiatives addressing gender-specific healthcare disparities. By leveraging spatial
vulnerability maps, policymakers can prioritize high-risk areas, allocate resources effectively, and develop proactive strate-
gies to mitigate ILI risks. Stakeholders can implement effective measures to achieve the maximum reduction in state-level
susceptibility to severe infectious disease outcomes by prioritizing the top-ranked structural and demographic deficiencies.
Unlike traditional indices like SVI, which are generalized for all disasters, these vulnerability values provide more tailored
information for ILI (S8 Fig).

This study demonstrates the variability of vulnerability to Influenza-like lliness (ILI) across different states. However, it is
essential to acknowledge that this state-level aggregation is coarse and may not fully represent the actual socio-economic
heterogeneity that exists within states. Socio-economic characteristics, and thus vulnerability, often vary significantly on
a finer scale, such as the community or neighborhood level. While the resulting state-level vulnerability map is limited
by the unavailability of finer-scale ILI data, the underlying feature-weighted index methodology remains a universal and
generalizable framework for assessing relative susceptibility. Furthermore, the feature importance assigned to the key
socio-economic indicators is hypothesized to reflect the fundamental mechanisms of vulnerability and can be extended
to understand sub-state level variation even if the dependent variable data for that scale is currently absent. Also, the
proposed socio-economic vulnerability quantification is inherently limited by the selection of indicators, since feature
importance values are computed based on the socio-economic factors selected. From a methodological standpoint, the
predictive performance of the Random Forest Regression (RFR) model is constrained by the small sample size (N =50);
incorporating a larger number of data points would be necessary to significantly improve its predictive accuracy.

The generated vulnerability maps serve as powerful visual tools, making it easier to communicate the spatial variabil-
ity in susceptibility to ILI across different states. Beyond influenza, this methodology provides a scalable framework for
assessing vulnerability to other infectious diseases, bridging traditional disaster risk assessment with epidemiological
research. These vulnerability maps serve as critical decision-making tools for policymakers, enabling targeted resource
allocation and the design of targeted public health policies. Insights from such studies can inform vaccination drives,
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healthcare accessibility improvements, and socioeconomic support programs, ultimately strengthening pandemic pre-
paredness and response efforts. Furthermore, this approach can be refined for finer-scale analyses, such as block-level
or city-level vulnerability assessments, allowing for even more localized and effective public health strategies. While

the current methodology successfully identifies static socio-economic drivers, future research should transition to a
spatio-temporal modeling effort that incorporates the entire time series and multiple seasons to explicitly quantify the
dynamic and temporal variability of ILI vulnerability. The RFR model effectively captures most of the spatially structured
variability in ILI vulnerability, as validated by the significantly negative spatial autocorrelation. Nevertheless, future exten-
sions of this work could benefit from exploring spatial or multilevel modeling frameworks, especially with finer-resolution
data (e.g., county-level or census-tract level) and more variables (e.g., healthcare expenditure).

4. Methodology

To assess regional vulnerability to influenza-like lliness (ILI), this study employs a data-driven framework integrating
socio-economic and demographic indicators. A systematic selection process is used to refine variables, ensuring they
accurately capture factors that influence disease susceptibility. To address multicollinearity among predictors, the Variance
Inflation Factor (VIF) is applied, retaining only independent variables for analysis. These indicators are normalized to a
uniform scale and weighted based on their importance, derived from a Random Forest Regression model trained with
k-fold cross-validation. This rigorous data-driven weighting, informed by the non-linear modelling capabilities of the Ran-
dom Forest, aims to provide a more empirically grounded and potentially more accurate understanding of each indicator’s
contribution to regional vulnerability. The final vulnerability index is computed as a weighted sum of these normalized
indicators, allowing for spatial comparisons and identification of high-risk regions (Fig 5). The details of the data curation
and processing, and the details of the methodology are discussed in the following subsections.

Demographic data
Income and Poverty Housing Normalization (0 to 1) Dircctionality(dy)
Populationand People Health Slope: Positive dy=+i
Race and Ethnicity Education Negative dj, =-1
Employment ¢

Weight for each ( Vulnerability Index

variable for each state
Variance Inflation Factor FI,
= —— V'=Zw X X' X d
1] — Wy S FI, i o ik X Ak
k-fold Cross-Validation

Non-colinear
demographic data

Feature
Importance of
each variable

Random Forest
For Regression analysis

Input Data

Maximum weekly ILI
A

- R
Influenza like Infection
(ILT) data

Fig 5. Vulnerability Index Framework: Schematic representation of the methodology for computing ILI vulnerability index (V;) using a Random
Forest regression method.

https://doi.org/10.1371/journal.pcbi.1013839.9005
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4.1. Data

Socio-economic vulnerability reflects a population’s susceptibility to the impact of any crisis, including infectious disease
outbreaks. Selecting appropriate indicators is crucial for assessing vulnerability of a region [16,55,56], as it ensures

a data-driven evaluation of disease burden and healthcare disparities [57,58]. To quantify regional vulnerability to
Influenza-like lliness (ILI), we incorporate diverse demographic and socio-economic factors that capture key aspects of
societal resilience and risk. These indicators are sourced from publicly available datasets, from the U.S. Census Bureau
(https://www.census.gov/) and the Centers for Disease Control and Prevention (CDC) (https://www.cdc.gov/fluview/),
ensuring reliability and comparability. Given that socio-economic factors influence health outcomes through income
disparities, healthcare access, housing conditions, and occupational risks, we categorized our selected indicators into
seven key dimensions: (i)ilncome and Poverty, (ii)Population and People, (iii)Race and Ethnicity, (iv)Employment, (v)
Housing, (vi)Health, and (vii)Education. Initially, over 450 variables were shortlisted based on their relevance and potential
impact. However, with a sample size of only 50 states, retaining such a high number of variables posed a significant risk
of overfitting. Therefore, we strategically reduced the variable count while preserving key information. This was achieved
by considering corresponding broader variables instead of granular ones. For instance, total population and population
over 65 are used instead of detailed age-specific population data, and state-level totals for income instead of age- and
race-specific variables. This consolidation minimized redundancy and reduced model complexity. While finer-scale
vulnerability analyses (e.g., county or ZIP code level) could benefit from more detailed variables, our state-level analysis
necessitated a more controlled approach. Through a systematic selection process, based on past literature and data avail-
ability, we refined the list to 39 key indicators for all the states. The justification for these 39 variables, along with support-
ing references, is detailed in S1 Table, ensuring transparency and scientific rigor. To understand the relationship between
these indicators as well as the dependent variable (percent ILI infection) we also examined the pair-wise correlation matrix
(S2 Fig). Our examination reveals direct linear relationships between the independent and dependent variables, providing
immediate interpretation for the final aggregate vulnerability index.

The number of Influenza-like lliness (ILI) cases for each state is obtained from the CDC FluView data, which provides
weekly infection counts at the state level. To assess the maximum burden on the healthcare system, we analyze peak
infection levels, as they represent the highest demand for medical resources. The maximum weekly infection observed
throughout the year is considered to quantify the vulnerability of each state. Since absolute case numbers can be mislead-
ing due to population differences, we normalized the data by expressing the maximum weekly infection count as a per-
centage of the total state population, allowing for a standardized comparison of disease burden across states. This metric,
defined as the maximum weekly infections (in percentage) for each week in 2022 (Fig 1), provides insight into the worst-
case scenario for healthcare strain, facilitating a better understanding of regional vulnerabilities and preparedness.

4.2. Data preprocessing

Demographic and health variables often exhibit high collinearity, which can compromise the reliability and interpretability
of machine learning models by leading to unstable coefficients and overfitting. To address this, we applied the Variance

Inflation Factor (VIF), a statistical measure that quantifies the extent to which collinearity inflates the variance of regres-

sion coefficients. VIF is calculated as 1/ (1 - R?), where R? represents the coefficient of determination when a predictor is
regressed against all other predictors.

While Random Forest Regression (RFR) models are inherently robust to multicollinearity and do not strictly require
pre-processing, such as the Variance Inflation Factor (VIF) for prediction, the presence of highly correlated predictor
variables can still destabilize the interpretation of feature importance [59,60]. Given that socio-economic vulnerability
indicators often exhibit strong internal collinearity, we aimed to select a feature set that offers a clearer, and more indepen-
dent understanding of the contribution to Influenza-like Iliness (ILI) vulnerability. To filter out highly collinear variables and
ensure the statistical independence of our final predictor set, we incorporated VIF as a pre-processing step. We analyzed
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the VIF values for all 39 indicators in S3 Fig. To ensure statistical independence of the final predictor set, a VIF threshold
of 10 was employed, a widely accepted practice in statistical modeling for identifying high multicollinearity [61,62]. After
systematically removing variables exceeding this threshold, the resulting feature set was reduced from 39 to 22 variables.
The VIF values for these remaining non-collinear variables are presented in S4 Fig.

The variables used in the analysis have different units and scales, which can introduce biases and disproportionate
influences in the final vulnerability index. Therefore, all the input variables are normalized, allowing each factor to contrib-
ute proportionally without being dominated by larger numerical values. This normalization removes the effect of units and
dimensionality, ensuring that no single variable skews the results. All selected demographic indicators (x) are transformed
to a standardized 0 — 1 scale using min-max normalization, as shown in Equation (1):

X — Xmin
Xmax — Xmin (1

X/:

Where, x' = normalized variable x
Xmax = maximum value of variable x across all states
Xmin = Minimum value of variable x across all states

4.3. Model development

A Random Forest Regression (RFR) model is applied with k-fold cross-validation to explore the relationship between
demographic factors and ILI cases. The use of cross-validation minimizes overfitting and ensures robustness in the mod-
el’s predictions. RFR is particularly well-suited for this analysis as it accommodates non-linear relationships and complex
interactions among socio-economic indicators, with epidemiological data. Additionally, its ensemble nature enhances
predictive accuracy and reduces sensitivity to noise, making it a reliable tool for assessing vulnerability. The feature impor-
tance (FI) of each variable is then extracted from the trained Random Forest model, quantifying the relative contribution of
each predictor in explaining variations in ILI cases.

To optimize model performance, we experimented with different numbers of decision trees, ranging from 25 to 500,
and evaluated their impact on prediction accuracy. The optimal number of Random Forest decision trees was determined
using repeated 10-fold cross-validation across 200 simulation runs. The optimal number of trees was found to be 450,
based on the stabilization of the averaged out-of-sample metrics: RMSE =0.3886 and MAE =0.3174. The stability analy-
sis for the number of trees, ranging from 25 to 500 (in increments of 25), is detailed in S5 and S6 Figs. The 22 variables
chosen based on the lowest Variance Inflation Factor (VIF) values were then used as input features.

The Random Forest Regression (RFR) model is employed to determine the relative contribution of each socio-economic indi-
cator. To provide a robust, out-of-sample estimate of predictive performance and to mitigate bias from a single split, we employed
a repeated random holdout validation. This involved running 100 iterations, each utilizing an 80%/20% split of the data for training
and testing, respectively. The resulting average out-of-sample performance has a Root Mean Squared Error (RMSE) of 0.418.
However, the primary objective remains the stable identification and weighting of key vulnerability factors. The model successfully
achieved this by yielding stable, non-zero feature importance scores for the final set of non-collinear predictors.

The RFR model calculates feature importances (Fls), which quantify the relative contribution of each variable to the
model’s predictive accuracy. The Fl values corresponding to each indicator are presented in S7 Fig. This score does not
directly indicate the vulnerability value. The Fl values are used to compute weights (wy) assigned to each vulnerability
indicator (k) to quantify their impact on the final vulnerability index. These weight values remain constant for all the states.
The weight for each variable (wy) is computed using Equation (2):

Fly
> Fli (2)

Wi =

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 13/18




N\ Computational
PLOS }. Biology

Where, wy = Weight assigned to each vulnerability indicator (k)
Fl = Feature Importance of vulnerability indicator (k)

4.4. Directionality of vulnerability indicators

While the Random Forest Regression (RFR) model accurately quantifies the relative importance (Flx) of each socio-
economic indicator, this metric alone does not reveal the nature of the relationship (i.e., whether an increase in the
indicator value increases or decreases vulnerability). To establish the functional relationship between each factor and the
predicted ILI rate, we employed the Partial Dependence Plots (PDPs) technique. Based on the slope of the PDP curve,
we assigned a Directionality Factor (di) to each indicator:

A value of dy =+1 was assigned if the indicator has a positive relationship and is increasing vulnerability, and dy = -1 if
the indicator has a negative relationship and is decreasing vulnerability. The dj values corresponding to each indicator are
provided in S2 Table.

4.5. Vulnerability calculation

The final Vulnerability Index (V;) for each state is computed using a weighted summation of the selected, normalized vari-
ables, and directionality as expressed in Equation (3). This approach ensures that the vulnerability score not only reflects
the magnitude of each contributing factor but also incorporates its relative importance and directionality in influencing

the spatial variability of ILI. Vulnerability at the state level was determined by the linear combination of weighted variable
values, where the weights were derived from the Fl scores.

V,'Z Zka X XI,‘kX dk (3)

Where, wy = Weight assigned to each vulnerability indicator (k)
Vi = Vulnerability Index at each state (/)
X'ix = Value of variable k for state j
dy = Directionality of variable k
dy= 1 for positive slope
- 1 for negative slope

Supporting information

S1 Table. List of variables selected as indicators of the socio-economic vulnerability with respect to ILI along with
justification of selection of each variable.
(DOCX)

S2 Table. Socioeconomic indicators and directions computed using Partial Dependence Plots.
(DOCX)

S1 Fig. LISA (Local Moran’s ) scatter plot of RFR model residuals across 52 U.S. states. The negative slope
(Moran’s 1=—0.0435, p=0.0041) indicates significant spatial dispersion, suggesting that neighboring states tend to exhibit
dissimilar residual values, with no evidence of spatial clustering.

(PNG)

S2 Fig. Pairwise Correlation Matrix for all 23 variables considered (22 independent input variables and 1
dependent variable (percent ILI infection)) with color intensity indicating the strength and direction of the
relationship.

(TIF)
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S3 Fig. VIF values for all 39 indicators.
(TIF)

S$4 Fig. VIF values for the final 22 indicators. All the variables have values less than 10.
(TIF)

S5 Fig. The root means square (RMSE) value corresponding to different number of decision trees selected for the
RFR model.
(TIF)

S6 Fig. The mean absolute error (MAE) value corresponding to different number of decision trees selected for the
RFR model.
(TIF)

S7 Fig. Final Set of Predictor Variables and their feature Importance for Influenza Vulnerability computed using
random forest.
(TIF)

S8 Fig. Comparison of Vulnerability and CDC SVI Classes by State.
(TIF)

Acknowledgments

The authors thank Dr. Joshin Kumar from Washington University for insightful discussions.

Author contributions

Conceptualization: Shrabani S. Tripathy, Rajan K. Chakrabarty.

Data curation: Shrabani S. Tripathy, Taveen S. Kapoor.

Formal analysis: Shrabani S. Tripathy.

Funding acquisition: Joseph V. Puthussery, John R. Cirrito, Rajan K. Chakrabarty.
Methodology: Shrabani S. Tripathy.

Project administration: Joseph V. Puthussery.

Supervision: John R. Cirrito, Rajan K. Chakrabarty.

Visualization: Shrabani S. Tripathy, Taveen S. Kapoor.

Writing — original draft: Shrabani S. Tripathy.

Writing — review & editing: Joseph V. Puthussery, Taveen S. Kapoor, John R. Cirrito, Rajan K. Chakrabarty.

References

1. Engstrém J, Jafarzadegan K, Moradkhani H. Drought vulnerability in the United States: an integrated assessment. Water. 2020;12(7):2033. https://
doi.org/10.3390/w12072033

2. Khajehei S, Ahmadalipour A, Shao W, Moradkhani H. A Place-based assessment of flash flood hazard and vulnerability in the contiguous United
States. Sci Rep. 2020;10(1):448. https://doi.org/10.1038/s41598-019-57349-z PMID: 31949202

3. Fernandez-Lépez S, Alvarez-Espifio M, Rey-Ares L, Castro-Gonzalez S. Consumer financial vulnerability: review, synthesis, and future research
agenda. J Econ Surv. 2023;38(4):1045-84. https://doi.org/10.1111/joes.12573

4. Oyadeyi OO, Ibukun CO, Arogundade S, Oyadeyi OA, Biyase M. Unveiling economic resilience: exploring the impact of financial vulnerabilities on
economic volatility through the economic vulnerability index. Discov Sustain. 2024;5(1). https://doi.org/10.1007/s43621-024-00438-5

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 15/18



http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013839.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013839.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013839.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013839.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013839.s009
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013839.s010
https://doi.org/10.3390/w12072033
https://doi.org/10.3390/w12072033
https://doi.org/10.1038/s41598-019-57349-z
http://www.ncbi.nlm.nih.gov/pubmed/31949202
https://doi.org/10.1111/joes.12573
https://doi.org/10.1007/s43621-024-00438-5

N\ Computational
PLO\Sﬁ\\ Biology

5. Lavell A, Oppenheimer M, Diop C, Hess J, Lempert R, Li J, et al. Climate Change: New Dimensions in Disaster Risk, Exposure, Vulnerability, and
Resilience. In: Field CB, Barros VR, Stocker TF, Qin D, Dokken DJ, Ebi KL, et al., editors. Managing the Risks of Extreme Events and Disasters
to Advance Climate Change Adaptation. A Special Report of Working Groups | and Il of the Intergovernmental Panel on Climate Change (IPCC).
Cambridge University Press. 2012. pp. 25-64.

6. Vittal H, Karmakar S, Ghosh S, Murtugudde R. A comprehensive India-wide social vulnerability analysis: highlighting its influence on hydro-climatic
risk. Environ Res Lett. 2020;15(1):014005. https://doi.org/10.1088/1748-9326/ab6499

7. Adger WN. Vulnerability. Glob Environ Change. 2006;16(3):268—-81. https://doi.org/10.1016/j.gloenvcha.2006.02.006

Fuchs S, Birkmann J, Glade T. Vulnerability assessment in natural hazard and risk analysis: current approaches and future challenges. Nat Haz-
ards. 2012;64(3):1969-75. https://doi.org/10.1007/s11069-012-0352-9

9. Masson-Delmotte V, Zhai P, Pirani A, Connors SL, Péan C, Berger S, et al. IPCC: Climate Change 2021: The Physical Science Basis. Cambridge
University Press; 2021.

10. Biswas S, Nautiyal S. A review of socio-economic vulnerability: The emergence of its theoretical concepts, models and methodologies. Nat Haz-
ards Res. 2023;3(3):563-71. https://doi.org/10.1016/j.nhres.2023.05.005

11. Downing TE. Vulnerability to hunger in Africa. Glob Environ Change. 1991;1(5):365-80. https://doi.org/10.1016/0959-3780(91)90003-c

12. Blaikie P, Cannon T, Davis |, Wisner B. At Risk: Natural Hazards, People’s Vulnerability and Disasters. 2nd ed. Routledge; 2014. https:/doi.
0rg/10.4324/9780203714775

13. Cutter SL. Vulnerability to environmental hazards. Progr Hum Geogr. 1996;20(4):529-39. https://doi.org/10.1177/030913259602000407

14. Cutter SL, Boruff BJ, Shirley WL. Social vulnerability to environmental hazards*. Soc Sci Q. 2003;84(2):242—61. https://doi.
org/10.1111/1540-6237.8402002

156. Kron W. Flood Risk = Hazard ¢ Values * Vulnerability. Water Int. 2005;30(1):58—-68. https://doi.org/10.1080/02508060508691837

16. Tripathy SS, Vittal H, Karmakar S, Ghosh S. Flood risk forecasting at weather to medium range incorporating weather model, topography,
socio-economic information and land use exposure. Adv Water Resourc. 2020;146:103785. https://doi.org/10.1016/j.advwatres.2020.103785

17. Carrao H, Naumann G, Barbosa P. Mapping global patterns of drought risk: An empirical framework based on sub-national estimates of hazard,
exposure and vulnerability. Global Environmental Change. 2016;39:108-24. https://doi.org/10.1016/j.gloenvcha.2016.04.012

18. Wu S, Yarnal B, Fisher A. Vulnerability of coastal communities to sea-level rise: a case study of Cape May County, New Jersey, USA. Clim Res.
2002;22:255-70. https://doi.org/10.3354/cr022255

19. Braveman P, Gottlieb L. The social determinants of health: it's time to consider the causes of the causes. Public Health Rep. 2014;129 Suppl
2(Suppl 2):19-31. https://doi.org/10.1177/00333549141291S206 PMID: 24385661

20. Propper C. Socio-economic inequality in the distribution of health care in the UK. Oxford Open Econ. 2024;3(Supplement_1):i577-81. https://doi.
org/10.1093/ooec/odad090

21. Su S, GongY, Tan B, Pi J, Weng M, Cai Z. Area Social deprivation and public health: analyzing the spatial non-stationary associations using geo-
graphically weighed regression. Soc Indic Res. 2016;133(3):819-32. https://doi.org/10.1007/s11205-016-1390-6

22. Braveman P, Egerter S, Williams DR. The social determinants of health: coming of age. Annu Rev Public Health. 2011;32:381-98. https://doi.
org/10.1146/annurev-publhealth-031210-101218 PMID: 21091195

23. Mezzina R, Gopikumar V, Jenkins J, Saraceno B, Sashidharan SP. Social vulnerability and mental health inequalities in the “syndemic”: call for
action. Front Psychiatry. 2022;13:894370. https://doi.org/10.3389/fpsyt.2022.894370 PMID: 35747101

24. Scarpino SV, Scott JG, Eggo RM, Clements B, Dimitrov NB, Meyers LA. Socioeconomic bias in influenza surveillance. PLoS Comput Biol.
2020;16(7):1007941. https://doi.org/10.1371/journal.pcbi.1007941 PMID: 32644990

25. Raghupathi V, Raghupathi W. The influence of education on health: an empirical assessment of OECD countries for the period 1995-2015. Arch
Public Health. 2020;78:20. https://doi.org/10.1186/s13690-020-00402-5 PMID: 32280462

26. Shil, Zhu Q, Wang Y, Hao H, Zhang H, Schwartz J, et al. Incident dementia and long-term exposure to constituents of fine particle air pollution: A
national cohort study in the United States. Proc Natl Acad Sci U S A. 2023;120(1). https://doi.org/10.1073/pnas.2211282119

27. luliano AD, Roguski KM, Chang HH, Muscatello DJ, Palekar R, Tempia S, et al. Estimates of global seasonal influenza-associated respiratory
mortality: a modelling study. Lancet. 2018;391(10127):1285-300. https://doi.org/10.1016/S0140-6736(17)33293-2 PMID: 29248255

28. Spencer JA, Shutt DP, Moser SK, Clegg H, Wearing HJ, Mukundan H, et al. Distinguishing viruses responsible for influenza-like illness. J Theor
Biol. 2022;545:111145. https://doi.org/10.1016/}.jtbi.2022.111145 PMID: 35490763

29. Putri WCWS, Muscatello DJ, Stockwell MS, Newall AT. Economic burden of seasonal influenza in the United States. Vaccine. 2018;36(27):3960—6.
https://doi.org/10.1016/j.vaccine.2018.05.057 PMID: 29801998

30. Macias AE, McElhaney JE, Chaves SS, Nealon J, Nunes MC, Samson S, et al. The disease burden of influenza beyond respiratory illness. Vac-
cine. 2021;39 Suppl 1:A6-14. https://doi.org/10.1016/j.vaccine.2020.09.048 PMID: 33041103

31. Mamelund S-E, Shelley-Egan C, Rogeberg O. The association between socioeconomic status and pandemic influenza: systematic review and
meta-analysis. PLoS One. 2021;16(9):e0244346. https://doi.org/10.1371/journal.pone.0244346 PMID: 34492018

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 16/18



https://doi.org/10.1088/1748-9326/ab6499
https://doi.org/10.1016/j.gloenvcha.2006.02.006
https://doi.org/10.1007/s11069-012-0352-9
https://doi.org/10.1016/j.nhres.2023.05.005
https://doi.org/10.1016/0959-3780(91)90003-c
https://doi.org/10.4324/9780203714775
https://doi.org/10.4324/9780203714775
https://doi.org/10.1177/030913259602000407
https://doi.org/10.1111/1540-6237.8402002
https://doi.org/10.1111/1540-6237.8402002
https://doi.org/10.1080/02508060508691837
https://doi.org/10.1016/j.advwatres.2020.103785
https://doi.org/10.1016/j.gloenvcha.2016.04.012
https://doi.org/10.3354/cr022255
https://doi.org/10.1177/00333549141291S206
http://www.ncbi.nlm.nih.gov/pubmed/24385661
https://doi.org/10.1093/ooec/odad090
https://doi.org/10.1093/ooec/odad090
https://doi.org/10.1007/s11205-016-1390-6
https://doi.org/10.1146/annurev-publhealth-031210-101218
https://doi.org/10.1146/annurev-publhealth-031210-101218
http://www.ncbi.nlm.nih.gov/pubmed/21091195
https://doi.org/10.3389/fpsyt.2022.894370
http://www.ncbi.nlm.nih.gov/pubmed/35747101
https://doi.org/10.1371/journal.pcbi.1007941
http://www.ncbi.nlm.nih.gov/pubmed/32644990
https://doi.org/10.1186/s13690-020-00402-5
http://www.ncbi.nlm.nih.gov/pubmed/32280462
https://doi.org/10.1073/pnas.2211282119
https://doi.org/10.1016/S0140-6736(17)33293-2
http://www.ncbi.nlm.nih.gov/pubmed/29248255
https://doi.org/10.1016/j.jtbi.2022.111145
http://www.ncbi.nlm.nih.gov/pubmed/35490763
https://doi.org/10.1016/j.vaccine.2018.05.057
http://www.ncbi.nlm.nih.gov/pubmed/29801998
https://doi.org/10.1016/j.vaccine.2020.09.048
http://www.ncbi.nlm.nih.gov/pubmed/33041103
https://doi.org/10.1371/journal.pone.0244346
http://www.ncbi.nlm.nih.gov/pubmed/34492018

PLO.\Sﬁ;- Computational

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Biology

Tam K, Yousey-Hindes K, Hadler JL. Influenza-related hospitalization of adults associated with low census tract socioeconomic status and female
sex in New Haven County, Connecticut, 2007-2011. Influenza Other Respir Viruses. 2014;8(3):274—81. https://doi.org/10.1111/irv.12231 PMID:
24382111

CDC. Centers for Disease Control and Prevention/ Agency for Toxic Substances and Disease Registry/ Geospatial Research, Analysis, and Ser-
vices Program. CDC/ATSDR Social Vulnerability Index 2022 Database US. 2022. [cited 2025 Sep 15] https://www.atsdr.cdc.gov/placeandhealth/
svi/data_documentation_download.html

Kienberger S, Hagenlocher M. Spatial-explicit modeling of social vulnerability to malaria in East Africa. Int J Health Geogr. 2014;13:29. https://doi.
org/10.1186/1476-072X-13-29 PMID: 25127688

Mayfield-Johnson S, Le D, Fastring D, Nguyen J. Describing vulnerability and resiliency through photovoice: generational perspectives from the
Mississippi Gulf Coast viethamese community. J Health Care Poor Underserved. 2019;30(4S):130-50. https://doi.org/10.1353/hpu.2019.0123
PMID: 31735726

Neil Adger W. Social vulnerability to climate change and extremes in coastal Vietnam. World Dev. 1999;27(2):249-69. https://doi.org/10.1016/
s0305-750x(98)00136-3

Dhana K, Beck T, Desai P, Wilson RS, Evans DA, Rajan KB. Prevalence of Alzheimer’s disease dementia in the 50 US states and 3142 counties: A
population estimate using the 2020 bridged-race postcensal from the National Center for Health Statistics. Alzheimers Dement. 2023;19(10):4388—
95. https://doi.org/10.1002/alz.13081 PMID: 37458371

Khazanchi R, Beiter ER, Gondi S, Beckman AL, Bilinski A, Ganguli |. County-level association of social vulnerability with COVID-19 cases and
deaths in the USA. J Gen Intern Med. 2020;35(9):2784—7. https://doi.org/10.1007/s11606-020-05882-3 PMID: 32578018

Nayak A, Islam SJ, Mehta A, Ko Y-A, Patel SA, Goyal A, et al. Impact of social vulnerability on COVID-19 incidence and outcomes in the United
States. medRxiv. 2020. https://doi.org/10.1101/2020.04.10.20060962 PMID: 32511437

Rygel L, O’sullivan D, Yarnal B. A method for constructing a social vulnerability index: an application to Hurricane storm surges in a developed
country. Mitig Adapt Strat Glob Change. 2006;11(3):741-64. https://doi.org/10.1007/s11027-006-0265-6

Tatar M, Faraji MR, Wilson FA. Social vulnerability and initial COVID-19 community spread in the US South: a machine learning approach. BMJ
Health Care Inform. 2023;30(1):e100703. https://doi.org/10.1136/bmjhci-2022-100703 PMID: 37487688

Lowe D, Ebi KL, Forsberg B. Factors increasing vulnerability to health effects before, during and after floods. Int J Environ Res Public Health.
2013;10(12):7015-67. https://doi.org/10.3390/ijerph10127015 PMID: 24336027

Kraut AM. Immigration, ethnicity, and the pandemic. Public Health Rep. 2010;125 Suppl 3(Suppl! 3):123-33. https://doi.org/10.1177/003335491012
50S315 PMID: 20568574

Giurgea LT, Cervantes-Medina A, Walters K-A, Scherler K, Han A, Czajkowski LM, et al. Sex Differences in Influenza: The Challenge Study Experi-
ence. J Infect Dis. 2022;225(4):715-22. https://doi.org/10.1093/infdis/jiab422 PMID: 34423369

Klein SL, Hodgson A, Robinson DP. Mechanisms of sex disparities in influenza pathogenesis. J Leukoc Biol. 2012;92(1):67—73. https://doi.
org/10.1189/jlb.0811427 PMID: 22131346

Langer J, Welch VL, Moran MM, Cane A, Lopez SMC, Srivastava A, et al. High clinical burden of influenza disease in adults aged 2 65 years: can
we do better? A systematic literature review. Adv Ther. 2023;40(4):1601-27. https://doi.org/10.1007/s12325-023-02432-1

Elgaddal N, Kramarow EA. QuickStats: Age-Adjusted Percentage* of Adults Aged 218 Years Who Received an Influenza Vaccination During
the Past 12 Months, T by Sex and Race and Ethnicity§ - National Health Interview Survey, United States, 2022. MMWR Morb Mortal Wkly Rep.
2023;72(48):1313. https://doi.org/10.15585/mmwr.mm7248a5 PMID: 38032840

Sundaram ME, Pamplin JR 2nd. Racial disparities in influenza vaccination. Lancet Healthy Longev. 2021;2(3):e115-6. https://doi.org/10.1016/
S2666-7568(21)00027-1 PMID: 36098108

Grantz KH, Rane MS, Salje H, Glass GE, Schachterle SE, Cummings DAT. Disparities in influenza mortality and transmission related to socio-
demographic factors within Chicago in the pandemic of 1918. Proc Natl Acad Sci U S A. 2016;113(48):13839—-44. https://doi.org/10.1073/
pnas.1612838113 PMID: 27872284

Akpalu Y, Sullivan SJ, Regan AK. Association between health insurance coverage and uptake of seasonal influenza vaccine in Brazos County,
Texas. Vaccine. 2020;38(9):2132-5. https://doi.org/10.1016/j.vaccine.2020.01.029 PMID: 32008878

Chawla D, Benitez A, Xu H, Whitehill V, Tadesse-Bell S, Shapiro A, et al. Predictors of seeking care for influenza-like illness in a novel digital study.
Open Forum Infect Dis. 2022;10(1):0fac675. https://doi.org/10.1093/ofid/ofac675 PMID: 36686628

Freeman NCG, Schneider D, McGarvey P. The relationship of health insurance to the diagnosis and management of asthma and respiratory prob-
lems in children in a predominantly Hispanic urban community. Am J Public Health. 2003;93(8):1316-20. https://doi.org/10.2105/ajph.93.8.1316
PMID: 12893621

Ferreira DA, Vida C, Mendonga E, Vieira P, Freitas S, Silva G. Effect of protective measures adopted in the COVID-19 pandemic on hemodialysis
patients. Cureus. 2023;15(2):e35552. https://doi.org/10.7759/cureus.35552 PMID: 37007313

Sanftenberg L, Brombacher F, Schelling J, Klug SJ, Gensichen J. Increasing influenza vaccination rates in people with chronic illness. Dtsch Arz-
tebl Int. 2019;116(39):645-52. https://doi.org/10.3238/arztebl.2019.0645 PMID: 31617479

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 17718



https://doi.org/10.1111/irv.12231
http://www.ncbi.nlm.nih.gov/pubmed/24382111
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
https://doi.org/10.1186/1476-072X-13-29
https://doi.org/10.1186/1476-072X-13-29
http://www.ncbi.nlm.nih.gov/pubmed/25127688
https://doi.org/10.1353/hpu.2019.0123
http://www.ncbi.nlm.nih.gov/pubmed/31735726
https://doi.org/10.1016/s0305-750x(98)00136-3
https://doi.org/10.1016/s0305-750x(98)00136-3
https://doi.org/10.1002/alz.13081
http://www.ncbi.nlm.nih.gov/pubmed/37458371
https://doi.org/10.1007/s11606-020-05882-3
http://www.ncbi.nlm.nih.gov/pubmed/32578018
https://doi.org/10.1101/2020.04.10.20060962
http://www.ncbi.nlm.nih.gov/pubmed/32511437
https://doi.org/10.1007/s11027-006-0265-6
https://doi.org/10.1136/bmjhci-2022-100703
http://www.ncbi.nlm.nih.gov/pubmed/37487688
https://doi.org/10.3390/ijerph10127015
http://www.ncbi.nlm.nih.gov/pubmed/24336027
https://doi.org/10.1177/00333549101250S315
https://doi.org/10.1177/00333549101250S315
http://www.ncbi.nlm.nih.gov/pubmed/20568574
https://doi.org/10.1093/infdis/jiab422
http://www.ncbi.nlm.nih.gov/pubmed/34423369
https://doi.org/10.1189/jlb.0811427
https://doi.org/10.1189/jlb.0811427
http://www.ncbi.nlm.nih.gov/pubmed/22131346
https://doi.org/10.1007/s12325-023-02432-1
https://doi.org/10.15585/mmwr.mm7248a5
http://www.ncbi.nlm.nih.gov/pubmed/38032840
https://doi.org/10.1016/S2666-7568(21)00027-1
https://doi.org/10.1016/S2666-7568(21)00027-1
http://www.ncbi.nlm.nih.gov/pubmed/36098108
https://doi.org/10.1073/pnas.1612838113
https://doi.org/10.1073/pnas.1612838113
http://www.ncbi.nlm.nih.gov/pubmed/27872284
https://doi.org/10.1016/j.vaccine.2020.01.029
http://www.ncbi.nlm.nih.gov/pubmed/32008878
https://doi.org/10.1093/ofid/ofac675
http://www.ncbi.nlm.nih.gov/pubmed/36686628
https://doi.org/10.2105/ajph.93.8.1316
http://www.ncbi.nlm.nih.gov/pubmed/12893621
https://doi.org/10.7759/cureus.35552
http://www.ncbi.nlm.nih.gov/pubmed/37007313
https://doi.org/10.3238/arztebl.2019.0645
http://www.ncbi.nlm.nih.gov/pubmed/31617479

PLO.\S.ﬁ\;- Computational

55.

56.

57.

58.

59.

60.

61.

62.

Biology

Daly MC, Duncan GJ, McDonough P, Williams DR. Optimal indicators of socioeconomic status for health research. Am J Public Health.
2002;92(7):1151-7. https://doi.org/10.2105/ajph.92.7.1151 PMID: 12084700

Spielman SE, Tuccillo J, Folch DC, Schweikert A, Davies R, Wood N, et al. Evaluating social vulnerability indicators: criteria and their application to
the Social Vulnerability Index. Nat Hazards. 2020;100(1):417-36. https://doi.org/10.1007/s11069-019-03820-z

Li A, Toll M, Bentley R. Mapping social vulnerability indicators to understand the health impacts of climate change: a scoping review. Lancet Planet
Health. 2023;7(11):€925-37. https://doi.org/10.1016/S2542-5196(23)00216-4 PMID: 37940212

Papathoma-Kéhle M, Cristofari G, Wenk M, Fuchs S. The importance of indicator weights for vulnerability indices and implications for decision
making in disaster management. Int J Disaster Risk Reduc. 2019;36:101103. https://doi.org/10.1016/}.ijdrr.2019.101103

Hu X, Wu S, Zhang G, Zheng W, Liu C, He C, et al. Landslide displacement prediction using kinematics-based random forests method: A case
study in Jinping Reservoir Area, China. Eng Geol. 2021;283:105975. https://doi.org/10.1016/j.enggeo.2020.105975

Strobl C, Boulesteix A-L, Kneib T, Augustin T, Zeileis A. Conditional variable importance for random forests. BMC Bioinformatics. 2008;9:307.
https://doi.org/10.1186/1471-2105-9-307 PMID: 18620558

Gu T, Li J, Wang M, Duan P, Zhang Y, Cheng L. Study on landslide susceptibility mapping with different factor screening methods and random
forest models. PLoS One. 2023;18(10):€0292897. https://doi.org/10.1371/journal.pone.0292897 PMID: 37824559

Li Z, Demir |. U-net-based semantic classification for flood extent extraction using SAR imagery and GEE platform: A case study for 2019 central
US flooding. Sci Total Environ. 2023;869:161757. https://doi.org/10.1016/j.scitotenv.2023.161757 PMID: 36690091

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013839 January 28, 2026 18/18



https://doi.org/10.2105/ajph.92.7.1151
http://www.ncbi.nlm.nih.gov/pubmed/12084700
https://doi.org/10.1007/s11069-019-03820-z
https://doi.org/10.1016/S2542-5196(23)00216-4
http://www.ncbi.nlm.nih.gov/pubmed/37940212
https://doi.org/10.1016/j.ijdrr.2019.101103
https://doi.org/10.1016/j.enggeo.2020.105975
https://doi.org/10.1186/1471-2105-9-307
http://www.ncbi.nlm.nih.gov/pubmed/18620558
https://doi.org/10.1371/journal.pone.0292897
http://www.ncbi.nlm.nih.gov/pubmed/37824559
https://doi.org/10.1016/j.scitotenv.2023.161757
http://www.ncbi.nlm.nih.gov/pubmed/36690091

