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Abstract

Devastating mortality, morbidity, economic, and quality of life impacts have resulted from disasters in the
United States. This study aimed to validate a preexisting machine learning (ML) model of household disaster
preparedness. Data from 2021 to 23 Federal Emergency Management Agency’s National Household Surveys
(n = 21,294) were harmonized. Importance features from the preexisting random forest ML model were trans-
ferred and tested in multiple linear and logistic regression models with updated datasets. Multiple regression
models explained 42%–53% of the variance in household disaster preparedness. Features that improved the
odds of overall disaster preparedness included detailed evacuation plans (odds ratios [OR] = 3.5–5.5), detailed
shelter plans (OR = 4.3–11.0), having flood insurance (OR = 1.5–2.0), and higher educational attainment
(OR = 1.1). Having no specified source of disaster information lowered preparedness odds (OR = 0.11–0.53).
When stratified further by older adults with Black racial identities (n = 350), television as a main source of
disaster-related information demonstrated associations with increased preparedness odds (OR = 2.2). These
results validate the importance of detailed evacuation and shelter planning and the need to consider flood
insurance subsidies in population health management to prepare for disasters. Tailored preparedness education
for older adults with low educational attainment and targeted television media for subpopulation disaster-
related information are indicated. By demonstrating a feasible use case to import ML model findings for
regression testing in new datasets, this process promises to enhance population management health equity for
those in sites that do not yet utilize local ML.
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Introduction

T he frequency and intensity of severe weather disasters
across the United States are predicted to continue to

increase in the context of climate change.1,2 Disaster events
disproportionately impact low income and minoritized com-
munities; stemming from historical and structural segrega-
tion with lasting impacts in under-resourced areas.3,4 This
reality was underscored by Hurricane Helene, with over half
a million North Carolina residents under disaster declaration

following the deadly storm characterized by a high social
vulnerability to disasters.5 Natural hazards more often become
disasters when political and socioeconomic challenges are
exacerbated among marginalized groups.3 A 2021 study
found a higher risk of flooding in historically redlined com-
munities compared to non-redlined communities, where peo-
ple of color remain more likely to reside.6 In addition,
Estien et al. found that historically redlined neighborhoods
in California are associated with a disproportionate burden
of environmental exposures, such as pollution and extreme
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heat.7 Early recovery and data collection efforts following
Hurricanes Helene and Milton are ongoing at the time of
this writing, but it is likely low income communities and
communities of color may bear the brunt of the impact of
these deadly storms.8

A substantial health equity gap remains in the efficacy of
interventions for household disaster preparedness, including
by place of residence, age, race, social capital, and socioeco-
nomic status.9 In addition, tailoring interventions can help
optimize patient outcomes and build trust.10 Machine learn-
ing (ML) and artificial intelligence (AI) tools may be able to
help identify tailored interventions to address household dis-
aster preparedness disparities if presented in a meaningful
way for clinical and population health translation decision
makers.11 For many key clinical and population health lead-
ers, the explainability and interpretability of AI/ML models
can be too limited for adequate human governance, organiza-
tional and practice adoption, or human-machine teamwork
development.12 ML/AI literacy is a major challenge for pub-
lic health and health care leaders in the face of rapid ML/AI
innovation. Further, algorithms may worsen health dispar-
ities and amplify bias for marginalized groups.13 Different
types of ML interpretability and explainability may need to
vary by different audiences.14 For example, clinicians may
be more interested in the feature importance of prioritizing
care or discovering new features, generalizing or generating
knowledge.14 Patients pay more attention to similarity classi-
fications to understand how care was tailored to their unique
identities and needs.14 Currently, however, ML interpretabil-
ity methods or AI explainability techniques mainly serve as
an algorithmic audit tool for the developers, auditors, and
regulators, rather than the professional end users and subjects
of AI.15 When working with communities to design and tailor
public health and health care interventions, having a more
interpretable or explainable and transparent model that repli-
cates findings across traditional statistics and novel AI/ML
models may promote trust in the findings across leadership
decision makers, communities, clinicians, and end users.15

Previous research using the Federal Emergency Manage-
ment Agency’s (FEMA) National Household Preparedness
data identified the top importance features of household dis-
aster preparedness from ML models among four groups: 1)
the total adult population of all races and ethnicities, 2) older
adults all races and ethnicities, 3) adults with Black/African
American racial identities, and 4) older adults with Black/
African American racial identities.11 Targets for tailored dis-
aster preparedness interventions for Black/African American
older adults included those aimed at addressing economic
and transportation disparities, financial literacy, and accessi-
ble and trustworthy resources for disaster planning.11 Given
the importance of explainability of AI/ML models in building
trust when working with health disparity communities,
hypothesis testing is warranted to further elucidate the con-
sistency of these relationships across analytic models and
generate meaningful results for data-to-decisions in popu-
lation health and clinical practice.

The long-term goal of this line of research is to inform cul-
turally tailored interventions by subpopulations with the vision
of eliminating disaster health disparities. This current report
aims to validate the previously developed AI/ML model of
disaster preparedness in a new dataset using analytic methods

to enhance explainability to stakeholders in settings where
AI/ML models and experts may not be accessible or feasible.

Objective

The purpose here was to test the associations of household
disaster preparedness and key importance features identified
by previous ML models in a new aggregate national sample
and disaggregated groups by age and Black/African Ameri-
can identity.

Materials and Methods

Study design

This is a data science use case demonstration of extending
the federated transfer model for data-to-decision insights for
settings without AI/ML model access or feasibility. A stand-
ard federated data transfer model is used in settings where
private information should not be shared or breached to a
central AI/ML training, testing, and prediction modeling
platform. Rather, data is stored locally, and the key features
of the model are imported for local training, testing, and pre-
diction development. Findings are then shared back to the
central site in an honest broker fashion, without the sharing
of individual, private data. This study extends this model
with consideration for sites that must retain private health
care and public health data, but do not have the expertise or
resources for local AI/ML model activity. Further, many
population health and clinician decision makers may not yet
trust the AI/ML findings without intuiting or supplementing
the findings with the linear magnitude and direction of the
relationships between the independent variables and the out-
come. The current study begins with the top 20 important
features from the previously developed AI/ML model,11 as
candidate explanatory variables to generate a linear model
using a different, updated dataset to demonstrate how using
AI/ML models developed elsewhere may continue to inform
local analytics and practice decisions. Findings from this
study are reported according to the Strengthening the Report-
ing of Observational Studies in Epidemiology guidelines.16

Setting

The original survey design is described by FEMA.17 The
survey took place by telephone in the US and its territories
using a nationally representative sampling frame with inten-
tional oversampling among geographies with hazard-specific
risks.

Participants

As a publicly available and de-identified dataset analysis,
this study did not meet the definition of human subjects
research according to the revised common rule (45 Code of
Federal Regulations (CFR) 46). Analysis of publicly available
data enhances transparency, replicability, and additional
explainability in this first use case.

Variables

The outcome variable was a readiness score with a possi-
ble range of 0–1. The mean score of non-missing items was
used to calculate the outcome score, composed of 12 yes/no
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response options to the question “What have you done to
prepare for a disaster or emergency in the last year?”

• Sign up for alerts and warnings.
• Make a plan.
• Save for a rainy day.
• Practice emergency drills or habits.
• Test family communication plan.
• Safeguard documents.
• Plan with neighbors.
• Assemble or update supplies.
• Get involved in your community.
• Make your home safer.
• Know evacuation routes.
• Document and insure property.

In addition, a binary cutoff score for the preparedness out-
come was generated to align with FEMA’s annual executive
summaries which describe the percent of the population who
had completed three or more preparedness actions. In align-
ment, the binary score for the outcome was based on a cutoff
score of ‡ 0.25.

The remaining predictor variables were selected as the 20
top importance features generated from previously published
ML/AI random forest model,11 for the aggregated and each
disaggregated model using 2018–2020 data. The annual
assessment data evolved substantially each year in the
administered survey, and for this study, only the variables
that were able to be harmonized between the 2018–2020 and
2021–2023 datasets were entered.

Demographic variables to describe the sample were sex or
gender, age, racial identity, ethnicity, language (Spanish or
English) the survey was administered, educational attain-
ment, household income, and disability status.

Data sources/measurement

As a transparent demonstration, the 2021, 2022, and 2023
FEMA National Household Survey datasets which were
harmonized and combined were used.17 Data were down-
loaded for this study on September 7, 2022, for the 2020 set
and updated on June 11, 2024, with the last two years of data.

Bias

The COVID-19 pandemic context must be considered in
the interpretation of these findings. In addition, the important
features generated from a previous study using data from
2018 to 2020 may not be generalizable to 2021–2023, espe-
cially for the variables that were not harmonized. As
described in an original study,11 the intent was to mitigate
data racial bias using methods to aggregate and disaggregate
models for insights, rather than enter racial identity as an
explanatory variable for the outcome. The methods here are
utilized to inform the potential for tailored intervention solu-
tions for communities most at risk for poor outcomes. This
study addresses insights for tailored interventions based on
older adult age and Black/African American racial identity.

Statistical methods

Here, the data using multiple linear regression and logistic
regression models were analyzed to enhance explainability

with coefficient and OD to convey the magnitude and direc-
tion of associations. Differences in data-to-decision interpre-
tations across the various analytic models were also
explored. In a 2024 study, a random forest model was used
to find out which features are important for predicting house-
hold disaster preparedness.11 The results elucidated impor-
tance features, or which features mattered the most, but did
not reveal exactly how the importance features (independent
variables) were associated with the outcome (i.e., direction
and magnitude of association).18 In the present analyses,
ordinal variables were tested first using dummy coding for
each level of the outcome and reported as continuous varia-
bles for parsimony if there was no substantive change in the
interpretation of results between how these variables were
entered into the model.

Results

Participants

Table 1 provides the descriptive results of the demo-
graphic data of survey participants. While the sampling
frame used by FEMA was intended to generate a population
representative dataset with over-representation among those
in hazard-specific risk areas, these results describe the
survey-takers and do not apply population weights. Supple-
mentary Table S1 provides these descriptive data by each
subpopulation of all older adults, participants with Black or
African American racial identities, and Black older adults.

Outcome

A mean of 0.29 (standard deviation [SD] = 0.24) was
observed for the whole sample preparedness score outcome
(n = 21,294) as well as for those over the ages 60+ (n =
6084) and disaggregated by Black/African American racial
identity (n = 2589). Disaggregated by older adults (ages
60+) with Black/African American racial identity, the mean
outcome was 0.30 (SD = 0.26, n = 350).

Main results

Figure 1 provides a visualization of the logistic regression
results for the whole sample. For presentations to data-to-
decision makers with a wide range of statistical competen-
cies, the figures can be explained in Table 2. Each subpopu-
lation tested is included in a separate figure. Figure 2 depicts
disaster preparedness OD for the older adults subpopulation.
Supplementary Figures S1 and Figure S2 relay the OD
results for the subpopulation who identified as Black or Afri-
can American and Black older adults, respectively.

The multiple linear regression models explained between
42% and 53% of the variance in household disaster prepar-
edness scores, demonstrating a strong model fit for psycho-
social and human behavior model testing (Supplementary
Table S2). Across all models tested, having a detailed evalu-
ation and sheltering plan demonstrated the strongest and
most consistent associations with overall disaster prepared-
ness scores. The length of time for which participants were
prepared to shelter in their homes without power or running
water was less consistently associated with overall prepared-
ness scores. This length of time variable was associated with
overall disaster preparedness for the whole sample but was
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not significantly associated with overall preparedness for the
much smaller subpopulations of Black older adults. Because
the time participants were prepared to shelter in their homes
without power or running water was not a top importance
feature for all with Black/African American Racial identities
or all older adults in previous ML models, it was not tested
in the currently presented validation, and explainability lin-
ear regression models.

Having no disaster information source also demonstrated
a consistent negative association with disaster preparedness
scores across all groups tested. Specific to older adults with
Black/African American identities, television as a source of

disaster information was associated with higher scores of
preparedness. For the older adult subpopulation, using the
information received to inform action or take no action was
associated with overall preparedness scores.

The length of time participants sustained preparation
along with the intention to prepare for the future demon-
strated a positive association with overall scores across all
models. Affective level of confidence in the ability to pre-
pare was also consistently positively associated with the out-
come in all samples except the much smaller sample of older
adults with Black/African American identities.

Being a homeowner, as opposed to a renter, was not asso-
ciated with overall preparedness in any model, but having
flood insurance was consistently associated with overall pre-
paredness. Demographic factors such as household income,
sex or gender, ethnicity, and language were only consistently
associated with overall preparedness for the whole sample
and not the subpopulations tested.

The remaining results are depicted in Supplementary
Table S2 by population tested for the multiple linear
regression results. Further, Supplementary Table S3 relays
a color-coded comparison of model consistency and incon-
sistencies among the previously tested ML/AI models,
presents multiple linear regression, and presents logistic
regression results.

Discussion

For executive leaders and practitioners in population
health and health care, this study demonstrates a use case for
those hesitant to trust ML/AI findings or who do not have
the resources and expertise for ML analytics in their organi-
zation. In the past, many AI/ML models were presented as a
“black box” with inadequate explainability needed for
human governance and well-informed decision making.19

This study uniquely adds to the body of published literature
by transparently demonstrating an extension of the federated
transfer model. This use case was accomplished by taking
the top importance features from a previously developed AI/
ML model to inform the currently reported regression model
testing validation in a separate dataset. This procedure may
be useful for data-to-decision insights in settings where AI/
ML models aren’t feasible due to limited capacity, expertise,
or other resources. As AI/ML-powered technology prolifer-
ates in public health and clinical practice, it presents a risk of
widening the digital divide and health disparity gap between
low and well-resourced settings and communities.20 This
procedure may be one way to mitigate disparities so that set-
tings without AI/ML might still benefit from the insights and
advancements generated by AI/ML at other locations.

Here, the content focused on a needs assessment for tai-
lored interventions for household disaster preparedness.
Using annually collected, publicly available data from
FEMA, this study demonstrated a feasible use case to
import ML model findings for regression testing in new/
updated datasets. This process promises to enhance popu-
lation management health equity for those in sites that do
not yet utilize local ML, as well as provide a needs assess-
ment for population health management implications. Con-
sistently, findings revealed that those with 1) a plan to
leave the community for an evacuation, and 2) a plan that
included information about where to shelter in the event of

TABLE 1. DEMOGRAPHIC VARIABLES FOR THE 2021, 2022,
AND 2023 NATIONAL HOUSEHOLD SURVEYS, INCLUDING

PARTICIPANT DATA FROM HAZARD OVERSAMPLES

Demographic characteristics n %

Sex or gender
Female 11,705 53.34
Male 10,058 45.83
Other 183 0.83

Age category, years
18–29 4440 20.23
30–39 4477 20.40
40–49 3426 15.61
50–59 3391 15.45
60–69 3413 15.55
70–79 2203 10.04
80+ 596 2.72

Self-reported racial identity
Asian 919 4.19
American Indian/Alaska Native 562 2.56
Black or African American 2687 12.24
Native Hawaiian/Pacific Islander 186 0.85
White 15,775 71.88
Two or more races 873 3.98
Other 944 4.30

Ethnicity: Hispanic, Latino, or of Spanish
origin

Yes 4312 19.65
No 17,634 80.35

Language in which the survey was
completed

English 20,586 93.80
Spanish 1360 6.20

Education
Less than a high school diploma 871 3.97
High school degree or diploma 5171 23.56
Some colleges, no degree 4976 22.67
Associate’s degree 2582 11.77
Bachelor’s degree 4806 21.90
Postgraduate degree 3540 16.13

Annual household income, USD
Under $10,000 1903 8.67
$10,000 to $49,000 8541 38.92
$50,000 to $99,999 6577 29.97
$100,000 to $149,999 2884 13.14
More than $150,000 2041 9.30

Disability status
Yes 5699 25.97
No 16,247 74.03

USD, United states dollars.
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a disaster had at least 3.5–11.0 odds of overall household
disaster preparedness across all groups (Figs. 1 and 2; Sup-
plemental Figs. 1 and 2). Features unique to specific
groups in this analysis were validated as well, which is dis-
cussed in further detail below.

Detailed disaster plans

Given the consistency of associations across models for
evacuation and shelter plans, practitioners, leaders, and local
(community) governments may wish to consider testing
assessments with follow-up health education plans in their
organizations using the following key items from the FEMA
National Household Survey:

“Does your plan include information about how to leave your
community for an evacuation?”
“Does your plan include information about where to shelter
or a safe place you can stay in the event of a disaster?”

The goals of evacuation or sheltering in place include pro-
tecting the health of the public, avoiding fatalities, or mini-
mizing population risk/exposure.21 Recommendations to
shelter in place vs. evacuate depend on factors such as disas-
ter type, population distributions, timing considerations, and
community resources and individual resources relative to the
disaster.21 Given the uniqueness of each community, popula-
tion health leaders are well positioned to impact prepared-
ness by (1) ensuring individuals are aware of community
warning systems and what they mean, (2) supporting com-
munity members in planning for different scenarios, (3) test-
ing emergency alerts and plans, and (4) making needed
updates to infrastructure or alert systems following test-
ing.22,23 This process will also assist local government and
public health leaders in understanding the needs of commu-
nity members, allowing more effective planning.24 Specific
to older adults, these findings resonate with previous
research about the expressed need for more evacuation
assistance.25

FIG. 1. Odds ratios for whole sample household disaster preparedness (n = 21,294).

TABLE 2. EXPLANATION OF FIGURES 1 AND 2, AND SUPPLEMENTARY FIGURES S1 AND FIGURE S2

1. Odds ratio is listed on the horizontal (bottom) axis.
2. Each row shows the variable’s estimated odds ratio and confidence interval. If you picture these data visualizations as
drones, the drone cockpit is the odds ratio, and the wingspan is the confidence interval.

3. If the confidence interval, or wingspan flies over the “1” line, the relationship is no better than chance. In general, confi-
dence intervals crossing an odds ratio of 1 means it is no better than chance or there are equal odds that the factor
increases or decreases household disaster preparedness. On this graph, this “no better than chance” line is a thicker vertical
red line at the “1.”

4. If the estimates and interval, or drone cockpit and wingspan, fall below the “1” line, then the factor is associated with
LOWER odds of household disaster preparedness.

5. If the estimates and interval, or drone cockpit and wingspan, all fall above the ‘1” line, then the factor is associated with
HIGHER odds of household disaster preparedness.

6. The further the estimate, or drone cockpit, is to the right, the stronger the positive association.
7. The wider the confidence interval, or wingspan, the less precise this estimate is. A narrower confidence interval, or wing-
span, indicates a more precise estimate.
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Disaster information sources

Findings from this study demonstrated lower preparedness
scores among those without specific sources of disaster
information. This association was consistent for older adults
and those with Black or African American racial identities,
and even stronger among Black older adults. Disaster infor-
mation sources include television, radio, social media, inter-
net publications, printed publications, emails, word of
mouth, and push notifications from alert systems.17 With
current technology and the prevalence of smartphones and
tablets, emails, text messages, and push notifications to
mobile devices have become more popular. Interventions to
improve access to real time disaster communication, such as
through the FEMA app, improve location-based notifications
of impending and unfolding disaster events. However, popu-
lations with limited technological access and competency
may require other, tailored information sources with special
consideration for the elderly, those in low- or no-income
households, and non-English speaking individuals who may
not understand the local language.26,27 Broadband/internet
connectivity is essential to receiving official, timely notifica-
tions.23 The digital divide, the gap between those with access
to the internet and technological literacy and those without,
compounds disaster risk and negative impacts for those in
marginalized and low income groups and/or areas.20

Further efforts to improve the availability of disaster
information sources to these underrepresented populations
are warranted. Television is the most commonly utilized dis-
aster information source for older adults.28 These findings
indicate the importance of television as a source of disaster
information for African American older adults to improve
preparedness and the need for further research testing of tele-
vised disaster information as a tailored subpopulation inter-
vention. The Federal Communications Commission requires

that certain emergency information be provided in both
audio and visual formats for persons who are deaf or hard of
hearing and for the blind or visually impaired (i.e., closed
caption, crawls, or scrolls that appear on the screen), which
may enhance literacy and reach for those without disabilities
as well.29 These findings corroborate previous research on
the association between emergency preparedness and emer-
gency news media exposure.30

Reliance on public transportation

Populations that depend on public transit are more vulner-
able when services are disrupted during disasters.31 Unsur-
prisingly, our results demonstrate decreased preparedness
scores among those who rely on public transportation from
all respondents. Subpopulation disparities were not consis-
tently observed across the tested models, which may have
been due to differences in power among the models tested.
Addressing transportation disparities requires a comprehen-
sive approach that includes improving the resilience of pub-
lic transportation infrastructure, ensuring equitable access to
emergency information, and developing targeted evacuation
plans that consider the unique needs of public transit-
dependent populations. Additional research demonstrates the
shift to for-hire vehicles and taxis when public transportation
is compromised during weather-related emergencies.32 Yet,
these are often costly and inherently may not be realistic for
all who rely on public transportation. Population health man-
agers, especially those in government agencies, have a duty
to plan for and provide resources in disasters, including
infrastructure and resources to evacuate, safely shelter in
place, and receive disaster warnings.20,22 Enhancing prepar-
edness plans with transportation assistance outreach and
poverty mitigation, particularly in areas with high public
transit use, may help address this disparity. This enhanced

FIG. 2. Odds ratio for older adults household disaster preparedness (n = 5919).
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planning may also involve identifying safe exit routes, shel-
ter locations near transit hubs, and improving inter-agency
coordination for efficient evacuations.

Insurance preparedness

As more volatile and damaging flood patterns and events
occur, adaptation and housing insecurity for at-risk popula-
tions are linked to flood insurance costs, availability,
changes, and post-disaster coverage.33 Having flood insur-
ance mitigates stress and improves resilience in a disaster’s
aftermath.34 Those without flood insurance or who must
manage post-disaster insurance disputes demonstrate higher
odds of post-disaster stress and depression.35,36 Populations
who identify as Black or Hispanic have higher rates of flood
insurance compared to others.37 By indicating flood insur-
ance is a consistent factor associated with overall household
preparedness among the whole population, older adults,
Black or African American people, and older Black or Afri-
can American people, the associations found in our models
corroborate this previous research. Findings from this study
provide a needs assessment to support momentum for flood
insurance as an important intervention target to build on the
existing strengths among the groups studied, including Black
or African American subpopulations. Paradoxically, research
has demonstrated that insurance purchasing behavior increases
immediately after a disaster with an increase that sustains for
only about three years after disaster.38 Population health man-
agers can assess household flood risk using interactive and pub-
licly available mapping tools such as National Oceanic and
Atmospheric Administration (NOAA’s) Sea Level Rise
Viewer.39 Effective social service assistance for low income
individuals to access funding support for flood insurance cover-
age may be warranted.

Others

Regardless of the specific type of disaster, there is wide
agreement that income level and educational attainment are
positively associated with preparedness resources, actions,
and behaviors.40,41 Previous experience with disasters has
been associated with perceived risk and preparedness for
future disasters, especially for those who have experienced
material losses and or personal harm during prior disas-
ters.42–44 Moreover, older adults who have had negative
experiences with disasters and those with higher incomes are
more likely to be prepared for a disaster.45

Statistical heterogeneity

This study explored the consistency and inconsistency of
findings across two different datasets using three analytic
models: random forest, multiple linear regression, and logis-
tic regression. Statistical heterogeneity occurs when different

analytic techniques show different results when testing the
same variables in a way that changes the interpretation or
meaning of the findings. See Table 3 for definitions of terms
to clarify. Consistency across models, enhancing confidence
in the findings, and practical implications are considered.
Our study identified areas where findings were consistent
across these three analytic methods. This consistency can
boost the trustworthiness of AI/ML models and improve the
interpretability of findings for key stakeholders and decision
makers. Consistent findings from different models can build
confidence in the results. However, this confidence might
lead to oversimplified interpretations, particularly for rare
factors or nonlinear relationships that could significantly
impact the outcomes. For practical implications, this
approach allows for the transfer or repurposing of findings
from a centralized AI/ML model. By identifying the most
important features in one organization or initiative, other
data-to-decision makers can more comfortably analyze local
data or understand the magnitude and direction of linear
relationships.

Future research

Several methodological advancements are indicated for
longitudinal designs, ML/AI interpretation methods, and
FEMA data informatics. First, longitudinal research is
needed on household disaster preparedness to link to post-
disaster outcomes and strengthen causal inferences. The
findings in our study were from analysis of annual waves of
national, cross-sectional surveys, and longitudinal data col-
lection is needed to strengthen causal inference. Aligned
with the findings of a recently published systematic review
and meta-analysis on interventions to enhance household
disaster preparedness, further intervention refinement and
intervention efficacy testing are needed specific to decreas-
ing health equity gaps.46 Second, and like a previous recent
publication,11 future studies will apply ML models to this
updated data and explore if the linear regression and other
ML models such as random forest agree or differ on the
important features or predictors. Global and local model-
agnostic or interpretation methods, such as the SHapley
Additive exPlanations (SHAP) Summary Plot, can also be
applied to inform the interpretability of the black-box ML
models.15 Fairness metrics can also be explored to minimize
AI bias to address household disaster preparedness dispar-
ities.47 Last, the process of data cleaning, ingestion, and har-
monization to generate large datasets across different years
of data collection in the FEMA National Household Survey
can be time and resource intensive. Likewise, data manage-
ment and sharing informatics resources are considerable to
manage, store, and share large datasets across waves of data
collection. FEMA has not yet achieved the consistency of
other federal agency’s publicly available data for households

TABLE 3. DEFINITIONS OF TECHNICAL TERMS

Random forest model A machine learning algorithm that combines multiple decision “trees” to make predictions. Each
tree is created from a random subset of data, and these trees collectively create a “Forest.”

Importance features A specific variable in a dataset that significantly contributes to the outcome, impacting the model’s
prediction.

Statistical heterogeneity Different analytic techniques show different results when testing the same variables in a way that
changes the interpretation or meaning of the findings.
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and individuals across cycles of data. Enhanced harmoniza-
tion and informatics efficiency prior to public data release
aligned with the Center for Disease Control and Prevention’s
National Health and Nutrition Examination Survey standards
for variable naming and harmonization conventions across
cycles of data is recommended. Alternately, federal resour-
ces to support research community engagement in these pre-
processing requirements are needed.

This study focused on stratified results by Black or Afri-
can American identities and further research is warranted
among other ethnic and racial identity populations. The
strengths of television media to reach older adult Black or
African American subpopulations warrant additional research,
particularly at the intersection of disability and health liter-
acy outreach. These research findings point to the afford-
ability and access to household flood insurance as an
unexpected factor associated with overall household disaster
preparedness across groups. While this study investigated
subpopulations by age and Black racial identity, additional
research is warranted on disparities in home flood insurance
patterns for those with disabilities.48 In the context of natu-
ral disasters, such as flooding and hurricanes, flood insur-
ance coverage patterns are a key component of affordable
housing planning and housing security for low income com-
munities.33 Additional research on disparities from popula-
tion migration patterns linked to flood insurance provides a
novel research direction. Further, migration pattern research
is warranted associated with the cost and availability of
flood insurance as climate change predictions indicate
increases in flooding’s volatility.1,2

Limitations

This study utilized a national sample of cross-sectional
survey data, which means the analysis tested for association
but not causation. Future work in longitudinal study designs
is needed to strengthen causal inference from this work. Fur-
ther, ML models based on correlational and cross-sectional
data warrant additional, more rigorous testing with applied
theoretical updated frameworks and longitudinal data to
advance an understanding of how the features led to the out-
come.49,50 Not all variables from the previously developed
AI/ML models were available in the updated dataset.

Conclusions

These results validate the importance of a specified evacu-
ation and disaster shelter plan for all populations. The find-
ings also support the need to consider flood insurance
subsidies and tailored disaster preparedness education for
older adults with low educational attainment. Further investi-
gation and efforts are warranted to improve household disas-
ter preparedness for those who report no specific source of
disaster information. Specific to older adults with Black or
African American racial identities, these results support the
continued use of television media for tailored subpopulation
disaster-related information. By demonstrating a feasible use
case to import ML model findings for regression testing in
new datasets, this process promises to enhance health equity
for those in sites that do not yet utilize local ML.

Use of Artificial Intelligence in published research

Microsoft 365 Co-pilot was originally used on February
17, 2025, to create copy editing suggestions in the revision
process for grammar, word choice, and flow of one para-
graph in response to one reviewer’s comment using a prompt
to enhance the clarity and readability of one paragraph of the
previously submitted article. The AI suggestion was
reviewed, and the author edited the article directly. AI had
no substantive role in drafting or revising the article outside
of copyediting recommendations. The authors accept respon-
sibility for the accuracy of the text.
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