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Abstract: Having a scientifically grounded set of community resilience indicators has been a long-sought goal in multiple fields of study and
practice. Community resilience is a complex system consisting of emergent properties. Accordingly, community resilience frameworks have
been designed to estimate the level of resilience through varying sets of cross-sectional indicators. However, current framework designs are
not well suited for tracking longitudinal outcomes of resilience, such as whether a community has mitigated the initial impact and recovered
from the decline. While many such frameworks have been suggested as a solution to quantify the resilience levels of communities, research
has not yet examined outcomes of community resilience to establish a dependent variable or a benchmark that can be used to validate individual
baseline community resilience indicators and composite indicators in the existing frameworks. This study examines community resilience
outcomes to reflect key elements of resilience definitions, such as robustness and recovery. Among the 2,140 counties that experienced
one or more presidential disaster declaration events between 2002 and 2020, this study reports on the analysis of 995 counties in the US
that experienced a single event during the observation period. The outcome indicators were designed to present archetypes of community
changes based on pre- and postevent values. For each event, the outcome indicators were analyzed within a 7-year window, from 2 years prior
to the event to 5 years after. A county can be categorized as resisted, recovered, or not recovered, in terms of the county’s ability to mitigate the
initial impact and bounce back. This study presented 14 outcome indicators representing four domains of community resilience (population,
economy, social vulnerability, and health). Then, four outcome indicators (population, employment, eviction rate, and life expectancy) were
selected based on criteria including the distribution and expected connection to damage and preevent community characteristics. Generalized
structural equation model (SEM) and hierarchical cluster analysis methods were used to quantify a hypothetical construct of resilience
outcomes. The estimated outcomes provide an intuitive and practical summary of observed longitudinal community responses to disruption,
and support researchers and practitioners to test the quality of resilience indicators through a validation method rooted in empirical evidence.
DOI: 10.1061/NHREFO.NHENG-2224. This work is made available under the terms of the Creative Commons Attribution 4.0 International
license, https://creativecommons.org/licenses/by/4.0/.

Introduction (Asadzadeh et al. 2017; Ostadtaghizadeh et al. 2015; Patel et al.
2017) from the thousands that have been suggested in the literature
(Walpole et al. 2021). Furthermore, while validation is often raised
as an important step in selection, little agreement exists on how this
should be done (Gu et al. 2023).

The reason for the lack of agreement is two-fold. First, indicator
validation is a multidimensional concept and different studies em-
phasize some types of validation over others. Second, for concur-
rent or predictive validation, which are common validation types to
check indicator correlation with other observed variables, there is
little agreement on what variables indicators should be correlated
with. The fundamental challenge in selecting variables arises from
the very nature of resilience, in that it is a latent concept including
multidimensional and longitudinal resilience characteristics that
cannot be directly observed by a single variable. Most validation
studies rely on cross-sectional community resilience framework de-
signs and composite indicators with a directly observed or estimated
disaster-induced dependent variable, such as damage amounts, casu-
alties, and population losses (Gu et al. 2023). These validation stud-

Adopting the concept of community resilience into practice has
been a long-sought goal of federal, state, and local-level planning,
policy making, and development decisions. Because building com-
munity resilience involves funding and policy decisions, an impor-
tant component of implementation is the development of indicators
to track activities and outcomes. In principle, the use of indicators
should increase the legitimacy and credibility of choices, as all
interested parties can track progress toward resilience goals and
advocate for course corrections if goals are not met. However, use
of community resilience indicators has been slow, partially be-
cause of a lack of clarity on how to select appropriate indicator sets
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ies often fail to distinguish between resilience and disaster impacts
by suggesting in the testing method that a community of high resil-
ience can avoid disaster impacts. Their operational definitions of
resilience focus on mitigating the negative impacts of disasters, but
need to include the recovery aspects. In addition, disaster impacts
are not only an outcome of community resilience. Negative impacts
from disaster events can serve as control factors that challenge com-
munities’ ability to resist and bounce back, along with other baseline
attributes of community resilience. For example, built environments
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that are designed to withstand disaster impacts enhance communities’
capacity by mitigating initial damage and safeguarding recovery re-
sources, such as social and economic capital. Therefore, this study
maintains a multidimensional perspective of resilience to make a
benchmark of community resilience.

This study presents a compelling argument for incorporating
operationalization methods used in regional economic resilience
studies into longitudinal estimates of community resilience out-
comes. The following demonstrates an indicator design, selection,
and validation process to turn hypothesized resilience aspects into
measurable community resilience outcome indicators. In particular,
this study offers a more comprehensive understanding of the multi-
dimensional concept of resilience using structural equation modeling
(SEM) and identifies communities with similar patterns of resilience
outcomes through hierarchical cluster analysis. The provided infor-
mation can help identify the key factors that shape resilience out-
comes for communities that have undergone different levels of
disruption. It can also give a holistic estimation of community resil-
ience, which is useful for further research into the best practices for
validating the causal and baseline resilience factors that help under-
stand the challenges faced by communities.

Background

Research Gaps in Community Resilience Frameworks
and Indicator Validation

In most cases, quantitative community resilience frameworks rely
on a set of indicators and measures to present a composite indicator,
a single value representing a level of resilience of a community. In
conjunction with the lack of established standards in the selection
and validation of indicators and measures (Linkov and Trump
2019), an inclusive approach in designing frameworks for resilience
(i.e., what should be selected to assess multidimensional community
resilience concepts comprehensively) has often resulted in a vast
number of framework designs, indicators, and measures. Walpole
et al. (2021) described a comprehensive inventory of community
resilience frameworks (Dillard 2021), including a compilation of
7,165 measures to operationalize 3,298 indicators that were used
across 56 frameworks, followed by the study of Loerzel and Dillard
(2021) of the framework archetypes: status (conceptual and/or im-
plemented), eight focal areas (buildings, infrastructure, economic,
health, other social, natural, other, and not clear), 22 units of analysis
(e.g., community, household, county, country, etc.), and 14 hazard
types (inland flood, climate change, sea level rise, etc.).

Scientific fields with significant expertise in the development of
validation methodologies, notably psychology and program evalu-
ation, offer insights into the process of testing and selecting indica-
tors of community resilience. This study draws upon the definitions
of reliability and validity proposed by DeVon et al. (2007) based on
Trochim (2001). Reliability pertains to the internal consistency of
indicators, but this is often misconstrued as validity. Validity refers
to whether the indicators genuinely measure what they are intended
to measure.

Within the domain of validity are the concepts of translation
validity and criterion validity. Translation validity focuses on ensur-
ing a consistent operationalization of indicators across various con-
texts. This often involves an extensive review of existing literature
to identify and select recurring indicators. Criterion validity relies
on a gold standard measure—typically treated as a dependent
variable—to assess whether the indicators are correlated with it.
This approach helps determine how well the indicators align with
established benchmarks.
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The current emphasis on assessing community resilience indica-
tors predominantly centers on evaluating translation validity and
reliability. Many community resilience frameworks, such as the So-
cial Vulnerability Index (SoVI) (Cutter et al. 2003), the Community
Disaster Resilience Index (CDRI) (Peacock et al. 2010), the Social
Vulnerability Index (SVI) (Flanagan et al. 2011), the Baseline
Resilience Indicators for Communities (BRIC) (Cutter et al.
2014), and the National Risk Index (NRI) (Zuzak et al. 2022), lean
heavily on literature reviews when selecting indicators, resulting in
significant overlaps in their collection of indicators. It is crucial to
acknowledge that assessments of translation validity can be prone
to bias, primarily because they depend on data availability and
quality during the operationalization of community resilience. Fur-
thermore, there appears to be a tendency to prioritize the assess-
ment of reliability over criterion validity, as discussed in Gu
et al. (2023). Sometimes, this preference for reliability assessments
[Fig. 1(a)] overshadows the empirical validation of indicators,
which is crucial for ensuring the credibility of community resilience
frameworks. In the same vein, Cai et al. (2018) conducted a system-
atic literature review that identified various community resilience
measurement approaches and commonly used indicators based on
174 scholarly articles. The review revealed that only 10.3% of the
articles had qualitative or quantitative validations for the measure-
ment models, indicating a lack of validation.

The existence of myriad measures and indicators that are
common to multiple frameworks and resultant composite indicators
is one way to highlight diverse concepts of community resilience.
On the other hand, challenges arise in criterion validity of frameworks
and indicator selections. Criterion-based validity testing presents the
ability of measurement models to accurately assess what the model is
supposed to be measuring (Strauss and Smith 2009). There is less
consensus in selecting a dependent variable, which should be a
comprehensive benchmark of community resilience to validate in-
dividual indicators and composite indicators in community resil-
ience frameworks. Previous disaster-induced community resilience
studies [Fig. 1(b)] tested a type of criterion validity through multi-
variate regression models using a small set of dependent variables
measuring disaster damage and losses in social capital (Bakkensen
et al. 2017; Burton 2010; Crowley 2021; Finch et al. 2010; Myers
et al. 2008; Peacock et al. 2010; Rufat et al. 2019; Schmidtlein et al.
2011) and comparing composite (Bakkensen et al. 2017; Cutter
et al. 2014; Cutter and Derakhshan 2019; Peacock et al. 2010) and
latent variables (Gu et al. 2023) [Fig. 1(c)]. The baseline assumption
of these studies is that communities with high-level resilience are
able to mitigate negative impacts, such as damage to buildings and
fatalities, from disaster events.

It is essential to recognize that these approaches fall short in
determining whether the selected indicators can predict community
resilience, which is more than mitigating direct and immediate dis-
aster impacts, and can be especially complicated due to the systemic
nature of community resilience. Most of the suggested dependent
variables used rely on a single definition of resilience that empha-
sizes robustness. The measurements of community resilience in re-
lation to causal community performance or outcomes following
disturbances has been largely confined to a few physical and short-
term indicators.

Testing and establishing reliable dependent variables can be es-
pecially important to validate an emergent multidimensional and
latent concept of resilience and to guarantee the applicability of
frameworks in practices for resilience planning, policy making,
and resource allocation. For example, Galaitsi et al. (2021) empha-
sized the concept of resilience as the capacity to recover rapidly
after acute and disruptive events. A series of studies by Lam et al.
(2016, 2018) and Mihunov et al. (2018, 2020) highlighted the
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Fig. 1. Community resilience indicator validation efforts. Comparison of this study’s focus (Row D) to previous resilience studies, which are grouped
into rows A, B, and C, shown in structural equation format. Vertical dotted line indicates whether studies consider independent and/or dependent
latent (oval) and measurable (rectangle) variables. P = predictive indicator; PF = predictive factor; PI = predictive index; RBI = resilience baseline

index; B = baseline indicator; and RBF = resilience baseline factor.

inferential ability of models and the need for dynamic measure-
ments. The resilience inference measurement (RIM) framework
addresses three resilience elements or dimensions (exposure, dam-
age, and recovery) and two relationships (vulnerability and adapt-
ability) through the lens of resilience states (i.e., susceptible,
recovering, resistant, and usurper) inspired by the recovery pat-
terns of an ecological system. The recovery element, especially,
was estimated based on changes in population, utility, and devel-
oped area. Using this context, the current study proposes a process to
select and test longitudinal community outcomes as potential depen-
dent (i.e., benchmark) variables adopting operationalization methods
used in regional economic resilience studies [Fig. 1(d)].

Resilience Indicators in Regional Economic
Resilience Studies

While the definition of community resilience may vary, this study
uses “the ability to prepare for anticipated hazards, adapt to chang-
ing conditions, and withstand and recover rapidly from disruptions”
(White House 2013). Similar to community resilience, regional
economic resilience has been defined and measured through many
approaches, metrics, and methods, given that operationalizing the
ability to resist (or absorb), recover (or bounce back), and adapt
(or bounce forward) from economic disturbances can be indirect
and complicated (Martin and Sunley 2015). As discussed in Doran
and Fingleton (2016), regional economic resilience studies were
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rooted in Friedman (1964) economic models regarding fluctuations
and path-dependent hysteresis theories labeled by Blanchard and
Summers (1986). Since 2010, there have been three primary ap-
proaches for measuring regional economic resilience outcomes based
on annual changes in employment and gross domestic product (GDP)
data. Table 1 summarizes the selected studies as well as the pri-
mary indicators applied in these outcome-based approaches: Martin
(2012), Martin et al. (2016), Alessi et al. (2018, 2020), Bristow et al.
(2014), Sensier et al. (2016), and Lapuh (2018).

Martin (2012) and Martin et al. (2016) identified relative levels
of fluctuations in employment compared to the national averages as
the resistance and recovery indicators. For example, when national
employment shrunk by 10%, a region with a 5% decline is consid-
ered as a 50% more resistant region relative to the national average.
In the same vein, Alessi et al. (2018, 2020) expanded the regional
resilience assessment with four indicators based on 34 system var-
iables. The first two indicators—impact of the crisis and recovery
from the crisis—correspond to Martin’s resistance and recovery
indicators while they were solely based on the relative decline and
recovery outcomes of each region compared to preevent values
and worst postevent values. In addition, medium-run performance
and bounce forward indicators offer supplementary information re-
garding the current status compared to the preevent values. These
four indicators were estimated for each system variable, then the
aggregated indicators were generated using the mean of z-score
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Table 1. Regional economic resilience indicator concepts and definitions

Study target

Resilience indicator

Martin (2012) and Martin et al. (2016)
economy:

Two resilience indicators in response to the relative employment changes compared to the national

Multiple employment contractions and major * Resistance index: Relative level of decline in the first postevent year compared to the national

recessions in the United Kingdom regions

average level of decline

* Recovery index: Relative level of recovery during the postevent years compared to the national
average level of recovery

Alessi et al. (2018, 2020)

Four regional resilience indicators presenting the performance of 34 normalized system variables

(using a z-score transformation):

The 2008 financial and economic crisis in e Impact of the crisis: Gap between the worst value and the preevent value
the European Union regions and countries * Recovery from the crisis: Gap between the worst value and the most recent value
e Medium-run performance: Gap between the preevent value and the most recent value
* Bounce forward: Whether the postevent value exceeds the preevent value significantly (over one

standard deviation)

Bristow et al. (2014), Sensier et al. (2016),
and Lapuh (2018)

Categorical regional resilience patterns regarding employment and GDP fluctuations:

Employment and GDP downturns in 1. Resisted: No postevent decline compared to the preevent values

the European Union regions and countries

2. Recovered: Reached the preshock peak level

* Recovered, but again downturns

3. Not recovered: did not reach the preshock peak level

* Not recovered, but upturn experienced (or in upturn)

* Not recovered, and no upturn experienced (or in downturn)

transformed values. Collectively, Martin (2012), Martin et al. (2016),
and Alessi et al. (2018, 2020) suggested continuous resilience indica-
tors rooted in community resilience outcomes as a means of acquir-
ing a granular picture of resilience with respect to the initial decline
and recovery process.

Alternately, Bristow et al. (2014), Sensier et al. (2016), and
Lapuh (2018) suggested the measurement of categorical patterns
of community outcomes. For example, after a disturbance, a region
could have resisted the impact or experienced a downturn. A region
with a downturn could have recovered within a certain time period,
or not recovered. These categorical archetypes of community out-
comes are easy to understand and can help to avoid potential errors
associated with the continuous outcome indicators. For example,
Martin’s (2012) resistance index, with multiple countries can, in
select cases, result in a formula that attempts to divide by zero when
there is a country with zero decline; the index is not designed thor-
oughly to compare regions and countries that resisted the event.
Similarly, the recovery index (Martin 2012) and the recovery from
the crisis indicator (Alessi et al. 2018) are not suitable to assess a
region that resisted the initial impact and flourished without a
downturn. For a region that resisted the impact, the recovery amount
could underestimate the relative level of resilience because there was
not enough of a downturn to recover in this region.

Regional economic resilience studies have certain limitations.
Compared to disaster-induced indicator validation studies, regional
economic resilience studies usually rely on one or two dependent
variables, such as employment and GDP, with the exception of
Alessi et al. (2018, 2020), larger units of analysis such as European
Union countries, or nomenclature of territorial units for statistics
(NUTS) 2 regions, and shorter periods of time using annual data.
Each disaster-induced validation study also relies on one to three
dependent variables, but these variables measure different impacts
and disruptions, for example, outmigration and population losses
(Myers et al. 2008), inspected and modeled damage levels (Burton
2010; Schmidtlein et al. 2011), shelter needs (Crowley 2021), and
fatalities (Bakkensen et al. 2017) for individual buildings, house-
holds, neighbors, and communities. Also, disaster-induced resilience
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indicator studies use employment data by sectors and over longer
periods of time through monthly and quarterly time series (Cui et al.
2016, 2019).

In addition, the continuous outcome indicators have limited
resilience indicator validation studies. Several quantitative studies
aimed to test preevent conditions as regional resilience indicators to
find commonalities or drivers that connect to the mitigated initial
impact and degree of expedited recovery. However, these studies
rely on a transformed dichotomous dependent variable based on the
continuous indicators (Giannakis and Bruggeman 2017, 2020) or
are unable to use the recovery outcome indicator as a dependent
variable (Alessi et al. 2018, 2020). Still, these studies shed light on
the potential determinants of regional economic resilience, for exam-
ple, the industry sectoral structure (i.e., percent of agriculture, manu-
facturing, and construction), urban and rural disparity, population
structure (i.e., age and migration), development level (i.e., GDP per
capita), accessibility, number of adjacent resilience regions, social
protection expenditures, investments, and labor cost and wages.
Further, these studies help provide the basis for this work, focused
on community resilience.

Methods

This study establishes a way to measure communities’ resilience
outcomes through the dynamics of community conditions before
and after a disaster event. The previous regional economic resil-
ience studies shed light on the changing and reflective nature of
the outcome indicator—employment—that can be used to measure
community capacity to cope with disturbance events. Instead of us-
ing a single outcome indicator, this study identifies a chosen set of
longitudinal indicators and demonstrates several categories of resil-
ience outcomes to address community resilience as an emergent
property of a complex system. Fig. 2 shows the overarching re-
search process starting first from data collection, which involves
identifying disturbances through the use of presidential disaster
declaration events in the 2000s and 2010s. Four domains of 14 lon-
gitudinal input variables were collected to track community changes,
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Fig. 2. Research process: disturbance, data and target communities, and method.

utilizing NIST’s Tracking Community Resilience (TraCR) database
(NIST 2023). Second, categorical outcome indicators were derived
for each input variable to show whether a community resisted, re-
covered, or did not recover after a presidentially declared disaster
event. Out of the 14 candidate outcome indicators, this study selected
four indicators, one for each domain, based on their distributions,
sensitivity to disruptions, and preevent conditions.

Prior research has not examined empirical relationships between
individual community resilience indicators and the observed re-
sponse of communities before and after disruption events beyond
a specific disaster event, narrowly defined study area, or using sum-
mative cross-sectional indicators from community resilience frame-
works. Then, using Stata 17.0, our third step was to apply two data
analysis methods to recognize commonalities across community
outcomes and disturbances. The selected set of outcome indicators
was employed to determine comprehensive community resilience
outcomes through disturbances using SEM and hierarchical cluster
analysis. As a result, the fourth step, using these two methods, was
to provide a quantifiable assessment or benchmark of community
resilience (as a latent trait score and item-characteristic curves) and
determine community groups with shared contexts regarding dis-
ruptions and ability to resist or recover.

Estimating Impacts of Disaster Events through
Community Outcome Indicators

The field of regional economic resilience studies suggest multiple
operational definitions of resilience. Among the three major streams
of operationalizations, this study adopts the resilience categories ap-
proach of Bristow et al. (2014), Sensier et al. (2016), and Lapuh

Table 2. Operational definitions of three outcome indicator categories

(2018). While these studies suggest more detailed categories regard-
ing the recovery trends (i.e., whether a community has experienced
an upturn or downturn after an initial impact), this study uses three
streamlined outcome categories to allocate initial impacts and fol-
lowing recovery trends: resisted, recovered, and not recovered. It is
important to note that these three categories are interconnected. For
example, a community can resist the negative impact due to a dis-
ruption event. If a community does not resist, a degraded commu-
nity can be recovered or not within a certain period of time. Table 2
lists the detailed operational definitions of each outcome category.
These categories form an ordinal outcome indicator: 2 is resisted, 1
is recovered, and 0 is not recovered. As reviewed in the Background
section, these categorical outcomes give a straightforward and com-
parable account of communities’ abilities to cope with disturbances
and support empirical implementations of multiple resilience defi-
nitions, such as robustness and recovery.

There are three key terms to define the categories: (1) mean
value during the preevent periods indicating the normal or con-
trolled status, (2) value right after the event indicating the initial
impact, and (3) maximum value during the postevent periods after
the initial impact period indicating the recovery result (compared to
the mean preevent value). These terms rely on the length of obser-
vation periods (e.g., how many pre- and postevent periods should
be included in the study). Having extended periods helps to measure
a stabilized pre- and postevent status. However, there is a tradeoff
between the available number of communities and the length of pre-
and postevent periods.

The NIST TraCR database (NIST 2023) provided the data
organization platform to collect the longitudinal disturbance events
information and sources for the outcome indicators. The database

Outcome category

Operational definition

Resisted (2)

No negative reactions observed immediately after the event.

* Compare the first postevent value and the mean of preevent values
¢ A community was categorized as resisted when the first postevent value was not deteriorated compared to the mean of

preevent values

Recovered (1)

There was a negative reaction immediately after the event, and it was resolved during the observation period.

¢ For the not resisted communities, compare the maximum postevent value and the mean of preevent values
* A community was categorized as recovered when there was at least one postevent period that outperform the mean of

preevent values

Not recovered (0)

There was a negative reaction immediately after the event, and it remained during the observation period; unable to reach

the mean preevent value during the postevent periods.
¢ For the not resisted communities, compare the maximum postevent value and the mean of preevent values
¢ A community was categorized as not recovered when no postevent values outperform the mean of preevent values

ASCE 04025032-5

Nat. Hazards Rev.

Nat. Hazards Rev., 2025, 26(3): 04025032



Thiswork is made available under the terms of the Creative Commons Attribution 4.0 International license.

Table 3. Presidential disaster declaration events by disaster types

Total 2,143 counties

Selected 995 counties

Number of Damage Median damage Number of Damage Median damage

Disaster type declarations amount” amount” declarations amount® amount®
Severe storm 2,698 (68.4%) 33 B (17.1%) 024 M 786 (73.7%) 1.1 B (45.7%) 026 M
Hurricane 910 (23.1%) 14.7 B (75.8%) 1.18 M 117 (11.0%) 875 M (35.7%) 120 M
Flood 193 (4.9%) 763 M (3.9%) 0.85 M 117 (11.0%) 398 M (16.2%) 0.83 M
Fire 99 (2.5%) 476 M (2.5%) 024 M 24 (2.2%) 16 M (0.6%) 0.13 M
Tornado 33 (0.8%) 74 M (0.4%) 0.38 M 16 (1.5%) 17 M (0.7%) 0.17 M
Earthquake 13 (0.3%) 48 M (0.2%) .11 M 7 (0.7%) 24 M (1.0%) 1.03 M
Mud/landslide 1 (0.0%) 3 M (0.0%) 3.02 M 0 (0%) 0 (0%) 0

Total 3,947 194 B — 1,067 245 B —

Note: B = billion; and M = million.
4US dollar housing damage amount.

covers 3,230 US counties in 50 states as a contextual proxy to re-
present a community. Counties and census tracts are commonly
used contextual units to represent a community in previous com-
munity resilience studies. County-level studies allow for better
operationalizations of indicators and disturbance when they are
correlated with extended geographic areas.

For each county, this study merged the US FEMA presidential
disaster declaration records during the last two decades as an input
factor of disruptive events (US FEMA 2020). The records include
emergency declarations and major disaster declarations for any
natural events and incidents when federal assistance is necessary,
such as Individual Assistance (IA) and Public Assistance (PA)
program disbursement. This study aimed to identify IA program
declarations, including FEMA’s housing damage inspections, to
distinguish directly affected communities. For each county with
one or more presidential disaster declaration events in a single year,
2 years of preevent periods and 5 years of postevent periods were
selected for the observation period after comparing the several
options of pre- and postevent periods. Then, counties without
having additional events during the 2 and 5 pre- and postevent years
served as a study target to control the impact of overlapped disrup-
tive events. While the longitudinal data offer 19 periods from 2002
to 2020, the selected counties and their presidential disaster decla-
ration events range between 2004 and 2015 due to the pre- and
postevent periods. From 2004 to 2015, there were 3,947 IA pro-
gram declarations in 2,143 counties. After dropping counties with

Table 4. Selected community resilience outcome indicators and sources

additional events during the pre- and postevent periods, allowing
for controlled recovery periods without the influence of addi-
tional events, 1,067 IA program declarations were identified in
995 counties.

Table 3 presents the distribution of different types of disasters
across a total of 2,143 counties declared for IA, as well as a subset
of 995 selected counties. Although the selected counties represent
about one-third of all US counties, they do not capture the full
range of counties affected by various levels of disruptions. How-
ever, out of the eight disaster types identified in the IA program
declarations, the top three types (severe storms, hurricanes, and
floods) accounted for 96.31% and 95.60% of the declarations, and
96.8% and 97.7% of the damage amounts in the 2,143 and 995
counties, respectively. Notably, the selected 995 counties underre-
presented hurricane events, with the proportions decreasing from
23.1% to 11.0% in terms of the number of events, and from 75.8%
to 35.7% in terms of the damage amounts. Despite this discrepancy,
the median damage amounts for the top three types of disasters
were not drastically different between the total counties and the
selected counties, suggesting that the selection criteria did not
heavily influence the middle range of the overall variance.

The previous regional economic resilience studies mainly relied
on a single variable—employment. To address the multiple dimen-
sions of community resilience, 14 outcome indicators were derived
from the longitudinal county-level data from various sources. Table 4
lists the selected outcome indicators and their sources. The data

Domain Indicator

Source and year

Population Population (person)

Domestic migration rate (%)

Economy Labor force (person)
Employment (person)
Unemployment rate (%)
Census income (US dollar)
BEA? income (US dollar)

Real GDP (US dollar)

Social Poverty rate (%)
vulnerability SNAP® participants rate (%)
Eviction threatened rate (%)

Health Obesity rate (%)
Physical inactivity rate (%)
Life expectancy (year)

Population and Housing Unit Estimates Data sets, Population Estimates Program (PEP),
US Census Bureau (Population: 2000-2021) (Migration: 2001-2021), US Census Bureau (2021)

Local Area Unemployment Statistics, US Bureau of Labor Statistics (2021)

Small Area Income and Poverty Estimates (SAIPE), US Census Bureau (2020)
Regional Economic Accounts, US Bureau of Economic Analysis (Income: 2000-2020)
(GDP: 2001-2021), US Bureau of Economic Analysis (2021 and 2022)

Small Area Income and Poverty Estimates (SAIPE), US Census Bureau (Poverty: 2000-2020)
(SNAP: 2000-2019)
Gromis et al. (2020)

Diabetes Surveillance System, US CDC® (Obesity: 2004-2020) (Physical inactivity: 2004-2020)
(Life expectancy: 2000-2019), US CDC (2023)

4US Bureau of Economic Analysis.

°US Department of Agriculture’s Supplemental Nutrition Assistance Program.

“US Centers for Disease Control and Prevention.
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Fig. 3. Three outcome categories through the observation period.

collection process involves the key indicators in the previous studies
reviewed in the background section as well as the limited annual
county-level data sources. This study organized these outcome
indicators into four domains (population, economy, social vulner-
ability, and health) to find the ideal candidate for each domain and
avoid selecting several similar indicators rooted in a single domain.
For example, under the economy domain, the labor force, employ-
ment, and unemployment indicators are theoretically and quantita-
tively interconnected, and selecting multiple similar indicators may
inadvertently emphasize this domain.

Fig. 3 illustrates three county examples showing three outcome
categories using the population indicator over the observation period:
two preevent periods (+ =—-2 and —1) and five postevent periods
(t=1,2,3,4, and 5). The y-axis represents proportionate changes
based on each county’s t = 0 population. The disaster event occurred
in period ¢ = 0, and period ¢ = 1 was identified to indicate the initial
impact of the disaster event. It is important to note that disaster events
and declarations can occur at any time in a calendar year. For ex-
ample, a disaster in January may influence the outcome indicators in
t = 0 period instead of r = 1 period.

The selected three county examples are a resisted county (solid
line, Washington County, Wisconsin); a recovered county (dotted
line, Orange County, Texas); and a not recovered county (dashed line,
Windsor County, Vermont). The resisted county mitigated the initial
negative impact while the preevent trend, which had been increasing,
slowed down. The recovered and not recovered counties experienced
negative impacts after the event, but only one county was able to re-
turn to the preevent condition. The not recovered county experienced
a continuous downturn during the observation period. For each in-
dicator, the three outcome categories offer a testbed for community
resilience to examine disaster-experienced counties with varying
disaster damage, built environments, and community contexts.

In general, counties with lower damage levels tend to have better
outcomes. Washington County, Wisconsin, resisted the impact
from a severe storm (i.e., $0.48 million IA approved amount and
$1.4 million PA postevent project obligated amount), related to the
declaration made on June 14, 2008. However, not all resilience
outcomes are associated with the damage measures. For example,
Windsor County, Vermont, is a not recovered county with severe
damage (i.e., $7.4 million IA approved amount and $45.3 million
PA postevent project obligated amount) and a population of 56,670
people in 2010. Hurricane Irene impacted the county, and the dec-
laration was made on September 1, 2011. On the other hand, Orange
County, Texas, is a recovered county with more severe damage
(i.e., $68.3 million IA approved amount and $47.0 million PA post-
event project obligated amount) and a population of 81,837 people
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in 2010. The declaration was made on September 13, 2008, due to
Hurricane Ike.

These examples suggest that damage, as a quantifiable level of
disruption, is not the only factor that determines community resilience
outcomes. A benchmark of community resilience should be used to
validate factors shaping community resilience, such as a notion of
damage, built environment, and underlying community attributes. By
examining the suggested outcome indicators, the following demon-
strates a comprehensive approach to assess community resilience.

Finding Commonalities of Outcome Indicators

Using a set of outcome indicators, this study offers a comprehensive
estimation of communities’ capabilities to confront disaster events
that can be applied to validate community resilience measures,
indicators, and frameworks. The first step is testing the outcome
indicators regarding their distributions, sensitivity to disruptions,
and preevent conditions. The next step is finding a way to assess
the patterns of community outcomes. SEM and hierarchical cluster
analysis were conducted to estimate the overall levels of commu-
nity outcomes and identify county clusters based on similar pat-
terns of outcomes.

The 14 outcome indicators were tested with three criteria:
(1) distribution of outcome categorical variables; (2) sensitivity
to disaster damage; and (3) relationship to the preevent conditions.
First, the distribution of three outcome categorical variables needs
to be suitable for further analyses. For example, a county can be
categorized as resisted, recovered, or not recovered. Among the 995
counties, if almost all counties were categorized as resisted, this
outcome indicator is not offering enough variance to illustrate the
differences among communities. Simpson’s diversity index was
calculated to take into account the relative amount of each outcome
category (Simpson 1949). The value ranges between 0 and 1, with 0
representing an equal distribution of counties among possible out-
come categories and 1 representing that all counties are represented
by a single outcome category. This study considers an index above
0.6 to indicate a spread across categories that is too concentrated.

In addition to exhibiting enough variance, the outcome variables
should be partially, but not completely, explained by disaster damage
level (i.e., extent and severity) and preevent conditions. Outcome
indicators should reflect a general tendency regarding disaster dam-
age (e.g., counties with higher damage levels should be more likely
to fall in the not recovered category over the resisted or recovered
categories). Also, the outcome indicators should be partially ex-
plained by preevent conditions in addition to disaster level (e.g., small
counties with outmigration, low income, and high eviction rate are
more likely to fall in the not recovered category than in the resisted or
recovered categories). However, if resilience is a construct defined as
the ability to resist and recover from disturbances, then outcomes
associated with higher community resilience should not be fully ex-
plained by the magnitude of disruption. The ordered logistic regres-
sion models were designed to test multiple operational definitions of
disaster damage and preevent conditions, as shown as Eq. (1), with a
dummy variable controlling for urban and rural counties (NCHS
2013). The logit function is used to estimate the probability of the
categorical outcome variable Y falling in each category j (i.e., j = 0,
1, and 2, for not recovered, recovered, and resisted counties, respec-
tively) with the model intercept 3); and the coefficient 3; for the X;
independent variable

logit(P(Y < j)) = Bo; + 51X + 8.X, (1)

Outcome Indicator = 3; 4 (3 (In(Damage)) + 3,(Urban DV)
(2)
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Outcome Indicator = 3; + (3, (Pre-event condition)

+ ,(Urban DV) (3)

For example, for each outcome indicator as a dependent varia-
ble, Eq. (2) shows nine models using each of the log-transformed
damage variables one by one (i.e., owners’ damage; owners’ [A
program approved amount; owners’ and renters’ IA approved
amount; PA program approved amount; IA and PA program ap-
proved amount; IA and PA amount per 1,000 population; number
of IA applicants; IA applicants per 1,000 population; and IA ap-
proved amount per applicants). Similarly, for each outcome indi-
cator as a dependent variable, the 14 mean preevent condition
variables based on each outcome indicator were tested as indepen-
dent variables one by one [Eq. (3)]. In this way, the selection pro-
cess can account for the outcome indicators that are not overly
influenced by the events and explained by the assumptions regard-
ing baseline community resilience, as well as reducing the risk of
violating the independence assumption. As a result, this process
includes 126 (14 outcome variables tested by nine damage varia-
bles, individually) and 196 (14 outcome variables tested by 14 pre-
event variables, individually) ordered logistic regression models.

The outcome indicator selection process assumes that an ideal
outcome indicator should capture at least a small but significant
amount of the variance in disaster damage and preevent community
conditions. However, this systematic testing approach includes
some unproven or ambiguous pairs of dependent and independent
preevent variables (e.g., the eviction outcome indicator and pree-
vent life expectancy variable). Therefore, this study conservatively
delivered the modeling results by comparing outcome indicators
within each domain and excluding only those outcome indicators
with zero connections to disaster damage or preevent variables.
One outcome indicator was selected per domain, resulting in the
following: population, employment, eviction, and life expectancy.

Once an indicator was selected for each domain, generalized
SEM and hierarchical cluster analysis methods were conducted
to estimate commonalities in the four outcome indicators. Gener-
alized SEM can integrate the selected four categorical outcome
indicators as a hypothetical construct, a latent variable, indicating
the overall level of community resilience. Using a confirmatory fac-
tor analysis through a system of generalized SEM and assumed
logit distributions, an equation can be delivered to predict a set of
ordered outcome indicators (Rabe-Hesketh and Skrondal 2008).
The model produces the probabilities for each outcome category
for all selected outcome indicators and gives empirical Bayes point
estimates to obtain latent trait scores corresponding to every ob-
served set of outcomes (Lord 1969; Kearns and Meredith 1975).
In other words, the latent trait score is a predicted continuous value
of the latent variable that represents communities’ hypothetical
abilities to resist and recover from disruptions in a standardized
form; the mean and standard deviations are set to 0 and 1, respec-
tively. A higher score of the latent variable signifies better overall
community outcomes, which depend in part upon the level of com-
munity resilience. The score can be used to demonstrate the associ-
ation of the outcome indicators; item-characteristic curves show the
probability of each outcome category against the latent trait score. In
addition, the extracted score can be an input variable in further analy-
ses as a predictor of community resilience (Liu et al. 2021).

Cluster analysis offers an intuitive way to identify the patterns
of outcome indicators. A hierarchical cluster analysis was con-
ducted through Ward’s linkage clustering (Ward 1963) and Gower’s
dissimilarity coefficient (Gower 1971) to account for noise and cat-
egorical outcomes. Two stopping rules, the Calinski—-Harabasz in-
dex and the Duda—Hart index, were used to determine the number
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of clusters suggesting the optimal community outcome patterns. The
cluster analysis represents county groups with similar resilience out-
comes. A dendrogram shows the level of similarity between clusters
by the height of the branch points. For each cluster, the proportion of
outcome categories in each cluster suggests the key determining fac-
tors of community patterns. In addition, the county clusters were
compared with the latent trait scores to check the reasonableness
of the SEM results. Comparing highlighted outcome indicators from
the two distinct approaches, SEM and cluster analysis, provides a
more comprehensive understanding of the directions and existing
patterns of community resilience outcomes.

Results

Selection of Outcome Indicators

The outcome indicators need to be evaluated to establish a repre-
sentative estimation of communities’ response after disaster events.
Table 5 illustrates the distribution, diversity index, sensitivity re-
garding disaster damage, and connection to preevent conditions.
Simpson’s diversity index shows the relatively high coefficients for
the two income variables, income (Census) and income (BEA),
indicating overly concentrated distributions among the outcome
categories. For example, 78.0% and 94.6% of counties were cat-
egorized as resisted with the inflation-adjusted income variables.
Therefore, these indicators were excluded for the selection.

Sensitivity to events and preevent conditions criteria were se-
lected to rule out the outcome indicators showing no connection
to or being completely explained by disaster damage and commu-
nity context. Using ordered logistic regression models, a relative
comparison of independent variables was conducted through the
numbers of significant damage variables (total of nine variables)
and preevent variables (total of 14 variables) based on the familywise
Bonferroni adjusted p-values (0.56% and 0.36%, respectively). In
addition, multiple outcome indicators were highlighted due to the
lack of relationships; these outcome indicators were not explained
by any of disaster damage or community background variables,
as expected. None of the outcome indicators were completely ex-
plained by disaster damage.

Based on Table 5, from the outcome indicators that passed the
criteria, this study selected one indicator per domain. As a result,
four indicators were selected for further analyses: population, em-
ployment, eviction threatened rate, and life expectancy. Regarding
the population domain, all indicators remained: population and
domestic migration rate. The population outcome indicator was se-
lected because the population size forms a baseline aspect of dis-
aster impact and recovery studies (Myers et al. 2008; Finch et al.
2010), federal and state levels funding allocation (Jaroscak 2021;
Kalla 2022), and a considerable number of the preevent condition
variables support the outcome categories of the population indica-
tor. Two economic domain indicators survived: labor force and
employment. The employment outcome indicator was selected be-
cause previous economic resilience studies have tested this indica-
tor; it also showed higher levels of association to disaster damage
and preevent conditions. The other selected indicators were eviction
threatened rate and life expectancy outcomes. No outcome indica-
tors survived in the social vulnerability domain. The eviction threat-
ened rate gives an assessment of expelled renters, ranging from
0% to 40.2%—and the average value was 3.9% in 2018—that can
touch upon low-income, poverty, and affordable housing issues
(Zewde et al. 2019). The life expectancy variable is a widely ac-
cepted indicator that can offer comprehensive information about
the health and well-being of a community (Kulkarni et al. 2011;
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Table 5. Distributions and assessments of community outcome indicators

Outcome category (%)

Diversity  Sensitivity to events  Preevent conditions

Domain Indicator (1) Resisted  (2) Recovered (3) Not recovered index (9 models) (14 models)
Population Population® 53.9 6.9 39.2 0.45 2 7
Domestic migration rate 42.0 332 24.8 0.35 4 1
Economy Labor force 47.2 11.9 40.9 0.40 1 10
Employment* 41.6 15.2 432 0.38 1 9
Unemployment rate 50.6 12.9 36.6 0.41 1 0
Income (census) 78.0 19.5 2.5 0.65 0 7
Income (BEA) 94.6 5.3 0.1 0.90 0 1
Real GDP 58.4 21.1 20.5 0.43 0 9
Social Poverty rate 34.7 29.5 35.8 0.33 0 0
vulnerability ~ SNAP participants rate 13.4 27.9 58.7 0.44 4 0
Eviction threatened rate® 60.6 26.0 13.4 0.45 2 0
Health Obesity rate 39.9 31.5 28.6 0.34 0 0
Physical inactivity rate 27.5 29.7 42.7 0.35 0 0
Life expectancy® 69.7 14.5 15.8 0.53 1 8

Note: Highlighted values in bold indicate relative lower levels of diversity (higher than 0.6 for Simpson’s diversity index), disaster sensitivity (no significant
connections), and connection to preevent conditions (no significant connections).

“Selected four indicators.

Dwyer-Lindgren et al. 2017). While annual changes are gradual
and slow at the county level, geographic inequalities in life expect-
ancy are vast and increasing, particularly for elderly groups, due to
various socioeconomic, demographic, behavioral, and health-care
factors (Dwyer-Lindgren et al. 2017). The population, employment,
and life expectancy outcome indicators are significantly related to
only one or two damage assessment variables and significantly con-
nected to seven to nine preevent conditions, indicating that these
outcomes are more related to the preevent community conditions
than the negative impacts of disaster events.

Latent Community Outcome by Generalized SEM

Fig. 4 illustrates the construction of generalized SEM using ordered
logit in a measurement-model context for confirmatory factor
analysis. A single latent variable, community resilience outcome
(CR_Out), reflects the unobserved construct of the selected out-
come indicators through all possible combinations of four outcome
indicators, and offers a way to predict probabilities of a set of or-
dered categorical responses for each county. Then, the estimated
latent trait score through the system of equations and the empirical

ordinal

1 pop_out

logit

ordinal

emp_out
[ logit |
ordinal
Variance: evc_out
10.31 =
logit
ordinal
lif_out

logit

Bayes approach presents the unobserved comprehensive ability of
communities to resist or recover from the disaster events.

Fig. 4 also indicates the estimation result of the path coefficients
and cut points. The path coefficients show the effect of the latent
variable, community resilience outcome, on each outcome indica-
tor. The latent variable requires a normalizing constraint because it
is exogenous. Therefore, the first outcome indicator, population
(pop-out), is anchored to the latent variable; accordingly, the path
coefficient is constrained to 1. All outcome indicators show a sig-
nificant and positive connection toward the latent variable while
they have different levels of influence on the latent variable. The
cut points indicate the thresholds of the latent variable to make the
three outcome categories.

Fig. 5 shows item-characteristic curves that illustrate the con-
ditional probability (i.e., probability that a county becomes re-
sisted, recovered, or not recovered) of a particular outcome indicator
given the latent trait score. The most distinctive parameter is
discrimination—how fast the probability changes along with the
latent trait score. An outcome indicator with a steeper slope has a
better representation of the latent trait score. For example, for the
resisted category (the left graph), the population outcome indicator’s

Populati
popation Cutpoint 1: -1.03
- Cutpoint 2: -0.38
indicator

Employment

olitcome z =3.68 Cutpoint 1: -0.29
. P>|Z] =<0.01 Cutpoint2:0.37
indicator
E"':::::e z =211  Cutpoint 1:-1.89
oulk P>|z| =0.04 Cutpoint2:-0.44
indicator
z'::ci’:::aa"cy z =340 Cutpoint1:-1.78
i s P>|Z| =<0.01 Cutpoint2:-0.89
indicator

Fig. 4. Generalized SEM model: path diagram and coefficients with the latent variable and outcome indicators.
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Fig. 5. Item-characteristic curves: probability of output indicators and estimated latent trait values.
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Fig. 6. Map: latent trait scores from the GSEM model. (Map data © 2025 Google Imagery ©2025 TerraMetric.)

item-characteristic curve (solid line) describes a county’s ability to
resist the disaster event regarding population decline; the resisted
probability increases as the latent trait score increases. The popula-
tion outcome indicator has the steepest slope indicating the high
correlation with the latent trait score; the population outcome indi-
cator is a key driver of the overall latent score, and the resisted and
not recovered categories are more clearly defined by the population
indicator compared to the recovered category.

Fig. 6 shows a map derived from the generalized SEM-latent
trait score made with QGIS (QGIS Development Team 2022),
Google Satellite Imagery, and US Census Bureau (2010) TIGER/
Line Shapefiles. Using the empirical Bayesian approach, the latent
trait score offers a continuous measure that can be used to quantify
the levels of community resilience outcomes for input to further
analyses (Skrondal and Rabe-Hesketh 2004). Higher latent trait
scores indicate better community resilience, and the map catego-
rized the latent trait scores into four quartiles: first quartile (Q1,
low resilience), second quartile (Q2, medium-low resilience), third
quartile (Q3, medium-high resilience), and fourth quartile (Q4,
high resilience). Controlling for disaster damage and local context,
the estimated result can be used as a benchmark for finding factors
that determine resilience outcomes by comparing communities that
have experienced similar disasters and communities with different
baseline resilience characteristics.
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Community Patterns by Hierarchical Cluster Analysis

The hierarchical cluster analysis suggested an assorted array of
county outcomes; on the four outcome indicators with three catego-
ries each, the clusters assigned counties with similar patterns.
The stopping rules indicated two-group solutions (by the Calinski—
Harabasz index) and six-group solutions (by the Duda—Hart index);
this study utilized six-group solutions to point out multiple blends
of community outcome patterns. Fig. 7 shows the dendrogram with
six cluster groups and the compositions of four indicators for each
group. The mean latent trait scores were compared with the cluster
groups to interpret the overall resilience outcomes indirectly. The
group with the lowest mean latent trait score is G3 (-3.7), and above
G3 are G2 (-2.7), G1 (-2.3), G6 (1.2), G4 (1.9), and G5 (2.7).
The compositions of outcome indicators offer more detailed in-
formation about each cluster group. As seen in the dendrogram in
Fig. 7, the key drivers dividing six cluster groups are the population
and employment outcome indicators. For example, the first three
groups, G1, G2, and G3, represent counties that did not resist or
recover from the initial impacts on population compared to the last
three groups, G4, G5, and G6. Then, the employment outcome in-
dicator divided G1 over G2 and G3. In the same vein, most of the
G4, G5, and G6 counties resisted or recovered in terms of the pop-
ulation outcome indicators, and the employment outcome indicator
separated G6 over G4 and G5. The item-characteristics curves in
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Fig. 7. Dendrogram for the hierarchical cluster analysis and composition of each cluster group.

Fig. 5 correspond with these two outcome indicators; in addition to
the population outcome indicator, the employment indicator also
has steep slopes for the resisted and not recovered categories, while
the life expectancy outcome indicator has a steep slope for the
resisted category only. Both figures identify that the population and
employment outcome indicators are sensitive to changes in the la-
tent trait values and the cluster groups, corresponding with the pre-
vious disaster-induced studies (Finch et al. 2010; Myers et al. 2008)
and regional economic resilience studies listed in Table 1 (Alessi
et al. 2018, 2020; Bristow et al. 2014; Lapuh 2018; Martin 2012;
Martin et al. 2016; Sensier et al. 2016).

Discussion

Validating each indicator of community resilience is crucial to en-
sure that the selected set of indicators will function as intended.
While many community resilience frameworks have placed signifi-
cant emphasis on reliability assessments, which constitute a neces-
sary but not a sufficient component of validity, criterion validity is
often overlooked; accordingly, research has not yet established an
agreement regarding optimal constructs of indicators.

The fundamental challenge lies in the need to establish a con-
sensus regarding the methods for assessing indicators (Linkov and
Trump 2019). The existing discrepancy between prevailing cross-
sectional framework designs and underlying multidimensional the-
ories of resilience has hindered the direct comparison of individual
indicators with observed longitudinal community status in relation
to outcomes associated with greater or lesser resilience, including
mitigating impacts and recovering more rapidly and effectively.
Some frameworks incorporate intermittent data collections by using
a selected set of cross-sectional indicators periodically (e.g., every
5 years). However, resilience and community resilience, by defini-
tion, encompass longitudinal aspects that involve the ability to
mitigate and cope with disturbances over time. Consequently,
cross-sectional framework designs are not suitable for evaluating
a community’s capacity to monitor changes and responses trig-
gered by disturbances.

Using multiple outcome indicators, this study presents a bench-
mark for the longitudinal and dynamic aspects of community resil-
ience. This benchmark demonstrates the capability to encompass
varying dimensions of community resilience simultaneously, in-
cluding the key elements of robustness and recovery. The utilization

of generalized SEM and hierarchical cluster analysis offers the
quantification of a latent and hypothetical construct that summarizes
community resilience outcomes. The evaluated resilience outcomes
provide a benchmark for gauging overall community performance
that can be employed as dependent variables for validating preevent
community conditions as baseline community resilience indicators.
In setting forth a validation method for community resilience indica-
tors that depends upon empirical evidence, researchers and practi-
tioners can achieve a more informed understanding of the quality
and trustworthiness of these indicators.

There are limitations in this study, most of which arise from the
constraints of the underlying data for longitudinal studies of disas-
ters, such as the granularity of the temporal unit limited to calendar
years. For example, the pre- and postdisaster conditions can be
mixed together within a calendar year (Cheng and Adepeju 2014).
Compared to the other cross-sectional community resilience frame-
works, data availability is a major gap, especially for community
outcomes associated with the physical system, such as infrastruc-
ture, transportation, and built environment (Gerst et al. 2024). NIST
is actively working on this topic by exploring data and testing
indicators in selected geographies, with the goal of collecting data
across all US communities. In addition, the outcome indicators rely
on the sampled counties with a single event-year during 7 years of
the observation period (i.e., 2 preevent and 5 postevent years). This
sampling method is designed to control additional disturbances
during the postevent years. However, two-thirds of the counties are
excluded from the study: One-third of the counties did not experience
a presidential disaster declaration event, and one-third of the counties
experienced consecutive events. While this study did not differentiate
between types of disasters, the selection process also resulted in
hurricanes being underrepresented. Therefore, the illustrated results
(e.g., especially for the map in Fig. 5) should be considered as a
partial representation of presidential disaster events. In addition,
when a disaster strikes, sometimes, it can significantly devastate
the population structure of a community. This can make it difficult
to use estimates derived from sample-based data in community
resilience indicators. For example, the estimated population of
St. Bernard Parish, Louisiana, decreased from 71,307 in 2005
to 16,563 in 2006, a 77% loss after Hurricane Katrina. At the same
time, BEA’s estimated personal income increased from $21,895 to
$53,482 due to the population-based calculation method. BEA
attributed this issue as a temporary result due to unusual conditions
(US Bureau of Economic Analysis 2022). Similarly, BLS dropped
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the labor force and unemployment variables in seven Louisiana par-
ishes, including St. Bernard Parish. These examples of data cleaning
highlight the challenges in assessing longitudinal indicators and the
importance of addressing the quality of indicators before selecting
and validating indicators and subsequently, constructing a commu-
nity resilience framework.

The three-categories approach is designed to streamline the
complex annual changes into one straightforward outcome indica-
tor. The main benefit of this approach is merging two key compo-
nents of community resilience: resistance and recovery. In addition,
this approach does not require variable transformations or normal-
izations to estimate indicators related to national averages or pro-
portional changes, for example. Therefore, the categorical outcome
indicator is a feasible and practicable way to understand the per-
formance of counties. On the other hand, future work needs to ex-
plore ways of capturing the impact of uncertainty for the outcome
indicators. Uncertainty in the categorical outcome indicators arises
from data sources and the operational definitions of three catego-
ries. For example, the first classification (delineating counties into
resisted versus not resisted categories) uses mean preevent values
and first postevent values, and both estimates have sampling errors.
In addition, the process of classifying counties into resisted and not
resisted categories can be influenced by annual fluctuations. How-
ever, many data sources did not share a range of estimates that can
reflect uncertainty or error for each time point. Also, it requires
many assumptions to identify a significant initial impact over the
annual fluctuations through the development of a threshold range
for each county and input variable. Future work will involve explor-
ing methods of capturing uncertainty in the outcome indicators as
well as uncertainty in the validation model results when applying
these outcome indicators to test community resilience indicators.

Conclusion

This study aimed to establish a benchmark for assessing community
resilience by measuring the capacity of US counties to withstand
and recover from the impact of presidential disaster declaration
events. To achieve this goal, the study draws upon the operational
definitions of resilience outcomes as established in regional eco-
nomic resilience studies (Bristow et al. 2014; Lapuh 2018; Sensier
et al. 2016). These definitions provide a framework for addressing
the longitudinal behaviors associated with community resilience,
which encompass both resistance to disaster events and the sub-
sequent recovery process.

From a pool of 14 longitudinal input variables, this study cal-
culated 14 outcome indicators. Then, four outcome indicators were
selected based on their alignment with criteria related to disaster
damage and preevent conditions. The selected outcome indicators
serve as comprehensive metrics, offering a holistic overview of how
communities react in response to different levels of disturbances,
given local contexts. The study used a combination of generalized
SEM and hierarchical cluster analysis to construct the latent out-
come indicator and present the county cluster groups. This approach
allows a multidimensional and dynamic representation of commun-
ities” abilities to confront and address disturbances.

Rather than relying on a fixed set of cross-sectional indicators,
using the latent outcome indicator and county cluster groups pres-
ents a more intuitive, adaptable, and practical approach for imple-
mentation. This method allows for the synthesis of both immediate
reactions and long-term responses through the utilization of a set of
outcome indicators. Furthermore, it provides the flexibility to inte-
grate additional outcome indicators and frameworks into the assess-
ment process. The flexibility ensures that the indicator assessment
can address evolving needs and meet different challenges.
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This study represents an ongoing effort to develop a validation
method for community resilience indicators, with the aim of being
inclusive of a range of both acute and chronic disturbances faced by
communities. Future work plans will extend the estimation of com-
munity resilience to include two distinct county groups excluded in
this study: those that have not encountered any recent disaster events
and those that have experienced multiple events within a short time-
frame. The inclusion of these two groups will provide insights into
the dynamics of chronic community disturbances and the character-
istics of communities prone to consecutive disaster events. In addi-
tion, conducting a sensitivity test to analyze the correlation between
the timing of disasters in a calendar year and the resulting outcome
indicators will help validate the relationship between the two. Using
the comprehensive benchmark of community resilience, a structural
and causal assessment of the outcome variables will take into ac-
count various factors indicating and shaping community resilience
to disasters, such as damage assessments, built environment, fund-
ing, and social and economic capacities. This extended approach
aims to provide a scientifically grounded understanding of commu-
nity resilience, ensuring more informed decision making on alloca-
tion of resources for mitigation and recovery, as well as areas of
emphasis of most benefit for resilience planning, such as physical
infrastructure, land use, and economic development planning.
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