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Abstract
Incorporating social systems and phenomena into virtual community resilience testbeds is 
uncommon but becoming increasingly important. Social vulnerability indices are a con-
venient way to account for differential experiences and starting conditions of the popula-
tion in resilience assessments. This paper proposes a scalable index, termed Social Vulner-
ability Score (SVS), to serve the purpose of testbed development. The SVS overcomes two 
important limitations of existing indices: it is constructed using an approach that does not 
decrease in validity with changing spatial resolution, and it only needs to be calculated for 
the geographic area of interest, instead of for the entire county thereby significantly reduc-
ing computational effort for testbed developers and users. The proposed SVS aggregates 
the ratio of a set of demographics from U.S. Census datasets at the desired location against 
their national average values. The resulting scores are mapped into five levels, called zones, 
ranging from very low vulnerability (zone 1) to very high (zone 5). The validity of the SVS 
was investigated through a regression analysis of flood outcomes in Lumberton, North Car-
olina caused by Hurricane Matthew in 2016. The resulting correlations between the SVS 
zones and post-disaster outcomes of household dislocation and home repair times match 
the social vulnerability theory. The paper concludes with a discussion of the advantages 
and limitations of using the SVS.

Keywords  Social vulnerability index · Community resilience · Household dislocation · 
Virtual testbeds

1  Introduction

Disasters occur at the intersection of hazard exposure and vulnerability, where that vulner-
ability can be physical or social, but is the product of society (Mileti 1999; Tierney 2014). 
A well-documented and fundamental canon of disaster research is that there is no such 
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thing as a natural disaster (Squires and Hartman 2006). Rather, disasters are the direct 
result of society-made vulnerabilities, such as poor structural design and poor land-use 
planning, as well as a long history of policies distilling social inequalities, such as systemic 
racism (Yellow Horse et al. 2020). Social vulnerability is defined as “the characteristics of 
a person or group and their situation that influence their capacity to anticipate, cope with, 
resist and recover from the impacts of a natural hazard” (Blaikie et al. 2004). Social vul-
nerability thus implies an increased susceptibility to harm or negative outcomes which is 
based on pre-existing social characteristics stemming from race, ethnicity, income, educa-
tion, disability, tenure, and their intersection.

Decades of disaster research have demonstrated that disasters do not affect all members 
of society equally (Fothergill and Peek 2004; Sutley and Hamideh 2020). Important social, 
physical, economic, cultural, and political factors drive people, households, and communi-
ties to be more or less vulnerable (Cutter 1996). Fothergill and Peek (2004) illustrate how 
people with different socioeconomic statuses (1) perceive, prepare for, and respond to natu-
ral hazard risks, (2) have been differentially impacted physically and psychologically, and 
(3) are differentially affected by the social class during different stages along the disaster 
timeline. The vulnerability of the low-income population in the U.S. is exacerbated by the 
place and type of residence, building construction, and social exclusion, providing impor-
tant implications for social equity and policy. Existing disaster recovery policies have fur-
ther exacerbated social inequalities after disasters by setting qualifying criteria that exclude 
socially vulnerable people, including renters, the poor, and some cultures, from accessing 
recovery resources (Kamel and Loukaitou-Sideris 2004; Sutley and Hamideh 2018; Van 
Zandt 2019). As Peacock et al. (2005) point out, women and ethnic minorities and indi-
viduals of low income and little education have higher perceptions of risk from natural 
hazards. A common theme explaining the increased risk perception is attributed to the lack 
of power and resources often available to people within these groups. A lack of power and 
resources leads to less ability to make one’s own choices, less trust in institutions, and a 
reduced likelihood of being in positions of relative power and control, altogether attrib-
uting to a higher social vulnerability (Link and Phelan 1995; Perry 2021). Hamideh and 
Rongerude (2018) point out how these very dynamics make public housing residents some 
of the most socially vulnerable members of communities given their lack of social and 
political capital. For a recent review of disaster and policy impacts on socially vulnerable 
populations, see Van Zandt (2019).

Historically, the focus of most hazard research resilience studies, particularly those 
stemming from engineering fields, has been on the built environment and reducing physi-
cal vulnerabilities; however, when communities set their resilience goals, it is imperative 
to consider community-specific social, human, and cultural systems, and assess social vul-
nerabilities along with physical vulnerability in striving for resilience (Koliou et al. 2018; 
Berke et al. 2023). For social vulnerability and its influence on resistance and recovery to 
be incorporated into community resilience analysis, there must be robust tools for quanti-
tatively measuring social vulnerability. There is a long history of the social sciences docu-
menting and measuring which factors, and to what extent those factors contribute to social 
vulnerability (Cutter et  al. 2000; Eakin and Luers 2006). Geospatial social vulnerability 
indices are simplified powerful tools for measuring social vulnerability and are often pre-
sented via mapping (Montz and Evans 2001; Laska and Morrow 2006). This simplifica-
tion has been commonly adopted in the literature to progress the state of knowledge on 
social vulnerability in some ways while waiting for more robust studies on the intersection-
ality of social vulnerability to develop. These indices serve as proxies for a community’s 
social vulnerability status and their mapping is sufficient for identifying geographic areas 
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that are quite different in abilities to respond to a natural hazard and bounce back from its 
impacts. The basic logic of social vulnerability mapping is to identify concentrations of 
populations with particular social vulnerability characteristics to identify areas within a 
community that will likely require special attention, planning efforts, and external support 
in responding to and recovering from hazards and disasters. For example, Tormos-Aponte 
et al. (2021) employed a geospatial social vulnerability index to assess energy inequality 
and clientelism in the aftermath of disasters. The strength of social vulnerability indices 
to properly capture a community’s social status, combined with their ease of application 
and interpretation for non-experts, have made them a popular tool among researchers from 
engineering disciplines.

The tendency to use geospatial social vulnerability indices increased as the develop-
ment and application of virtual testbeds for community resilience studies gained momen-
tum. A community resilience testbed is a virtual “environment with enough supporting 
architecture and metadata to be representative of one or more systems such that the test-
bed can be used to (a) design experiments, (b) examine model or system integration, and 
(c) test theories” (Enderami et  al. 2022, p. 031220013). As natural hazards engineering 
research is shifting from component- and building-level modeling into the interdiscipli-
nary space of community-level, the application of virtual community resilience testbed is 
growing. Virtual testbeds enable researchers to test, verify, and validate their community 
resilience algorithms at different scales and spatial resolutions. For this purpose, a commu-
nity’s physical, social, and economic systems should be properly modeled and embedded 
in the associated testbed. Testbeds, however, lag behind in their ability to precisely model 
social and economic systems and have mainly focused on modeling buildings and physical 
infrastructure within a community (Enderami et  al. 2022). The community’s social and 
economic systems can be represented using either a predictive model or a static indicator 
such as a geospatial social vulnerability index. However, due to the complexities in mod-
eling social systems, the use of geospatial social vulnerability indices for characterizing a 
community’s social capacity is more common among testbed developers, particularly those 
with engineering backgrounds. For instance, the Gotham City (Mahmoud and Chulahwat 
2018) and CLARC (Little et al. 2020) testbeds use geospatial social vulnerability indices to 
represent the social capacity of their target communities.

Despite the advantages of existing social vulnerability indices, there are limitations 
regarding their application with changes in spatial resolution and geographic territory, 
which are commonly needs for testbed development and use. Testbeds must be capable of 
being scaled into different levels (such as counties, census tracts, census block groups, etc.) 
and jurisdictions (for example towns, cities, and metropolitan areas) to meet the require-
ments of the desired resilience assessment. Often, the higher the spatial resolution, the 
more meaningful the results can be to inform decision-makers. The current most widely 
used social vulnerability indices use scale-sensitive algorithms and were initially estab-
lished at a county or census tract level (Cutter et  al. 2003, 2013; Flanagan et  al. 2011). 
Most testbeds are developed at a county or city-scale, and thus only being able to evaluate 
social vulnerability once for the entire study area does not enable investigations of how dif-
ferences in social vulnerability across the geographic area of interest may influence disaster 
impacts and outcomes. Downscaling existing social vulnerability indices to a geographic 
unit finer than their original scale, regardless of challenges in obtaining high-resolution 
data, may lead to results that are inconsistent with their original-scale estimates (Tate 
2012; Rufat et al. 2019, 2021; Spielman et al. 2020). Furthermore, any change in spatial 
scale, geographic domain, or temporal change often requires a full national-level analysis 
of the social vulnerability index (Spielman et al. 2020) extending the computational effort 
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required to use the index. To serve the purpose of testbed development purposes, a social 
vulnerability index that is not scale-sensitive and is capable of applying to other geographic 
territories and spatial resolutions (particularly finer than a county) is needed.

The objective of this paper is to address this gap, by developing a scalable social vulner-
ability index to serve the purpose of community resilience testbed development. The paper 
begins with reviewing the state of knowledge in social vulnerability drivers and measuring 
social vulnerability to disasters through assessing a selection of key studies in the literature 
grounded on the household and housing experience. The paper continues by introducing 
the Social Vulnerability Score (SVS), a scalable social vulnerability index, and describing 
its construction methodology and validation process. The validity of the SVS is investi-
gated using the disaster outcomes measured following the 2016 catastrophic flooding in the 
city of Lumberton, North Carolina due to Hurricane Matthew. The paper concludes with a 
discussion on the SVS estimates and comparing them with two well-known existing social 
vulnerability indices.

2 � Background on social vulnerability

Over the past two decades, social science studies have identified social and institutional 
factors that contribute to social vulnerability. These studies altogether have provided a 
solid foundation for developing social vulnerability assessment tools and methods. In this 
section, a brief review of the current state of knowledge regarding social vulnerability driv-
ers and quantitative models for measuring social vulnerability are presented.

2.1 � Social vulnerability drivers

Previous studies have shown community members with certain social characteristics are 
more likely to experience more severe consequences of exposure to natural hazards. These 
community members, known as socially vulnerable populations, face a plethora of chal-
lenges, including job losses, income gaps, and housing instability, among others. Natural 
hazards also exacerbate existing health disparities in socially vulnerable populations, lead-
ing to higher post-disaster morbidity and mortality rates. Disruptions to or limited access 
to community resources along with inadequate information due to insufficient political 
capital further heighten their vulnerabilities. Access to education is another casualty, often 
disproportionately impacting socially vulnerable communities. (Cutter 1996; Morrow 
1999; Cutter et al. 2000, 2003; Montz and Evans 2001; Laska and Morrow 2006; National 
Research Council 2006; Myers et al. 2008; Zahran et al. 2008; Oliver-Smith 2009; Burton 
2010; Dunning and Durden 2011; Flanagan et al. 2011; Van Zandt et al. 2012; Birkmann 
2013; Bergstrand et al. 2015; Liu and Li 2015; Burton et al. 2018; Guillard-Gonçalves and 
Zêzere 2018; Dintwa et al. 2019; Drakes et al. 2021; Daniel et al. 2022).

Building on existing research on social vulnerability drivers, SVS adopts a set of most 
common factors, namely, households’ race, ethnicity, tenure status, income, size, educa-
tional attainment, age, and disability. These social factors are selected within the U.S. con-
text and the rationale provided for choosing each is discussed from the U.S. perspective. 
Importantly, there are many other factors that contribute to a household’s social vulner-
ability in the U.S., such as being a non-native English speaker, household size, and being 
a female-headed household, among others. Outside of the U.S., many of these factors still 
contribute to social vulnerability but potentially in different ways alongside other factors. 
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Only considering the above six factors has three other important limitations. First, within 
the six factors described above are other factors that contribute to social vulnerability, such 
as not owning a vehicle when someone is also low-income. Second, these six factors are 
not necessarily independent in their influence on social vulnerability. For example, rent-
ers, those with limited education, and with disabilities are more likely to be lower income. 
Third, people have more than one characteristic that defines them; while the influence of 
intersectionality on social vulnerability is actively researched and increasingly understood, 
further inquiry is needed to quantify its complexities and nuances. Even though income, as 
an example, is a well-documented factor in research, accurately determining its impact on 
social vulnerability and particularly measuring its intersectionality with other factors such 
as race, ethnicity, and gender is still a complex methodological challenge. This difficulty 
largely stems from insufficient data and the shortage of longitudinal post-disaster studies 
as well as the social vulnerability’s dynamic socio, political, and historical context. This 
paper acknowledges these limitations and asserts that while quantifying social vulnerabil-
ity is crucial for integrating it into community resilience assessments, such quantification 
must be undertaken with an understanding of the inherent constraints in this research area.

Race and ethnicity have often been considered social vulnerability drivers due to long-
standing systemic discrimination and racism leading to limited access to resources of all 
kinds, as well as lower income, and cultural and language barriers. Minority groups are 
more likely to occupy houses that are located in hazardous locations, and less likely to 
have connections to decision-makers and political capital (Cutter et  al. 2003; Laska and 
Morrow 2006; National Research Council 2006; Myers et al. 2008; Dunning and Durden 
2011; Flanagan et al. 2011). However, different racial and ethnic identities among minority 
populations may even differently experience exposure to disasters. For example, African 
Americans and Hispanics are more likely to live in areas at high risk of flooding from natu-
ral disasters than Asian people (Bakkensen and Ma 2020).

Renters tend to be more socially vulnerable than those who own their homes. Com-
monly referenced causes for greater social vulnerability for renters include having trouble 
finding shelter after a disaster, accessing or knowing about recovery financial aid programs, 
and having limited control over property-level hazard mitigation actions. Renters are also 
more likely to dislocate after a disaster with limited control over if, when, and for how long 
they dislocate, making them more susceptible to permanent dislocation. (Cutter et al. 2003, 
2013; Dunning and Durden 2011).

Household income is directly associated with the number of financial resources that are 
available for households’ risk mitigation and disaster recovery actions. Poor people are less 
likely to have savings, insurance, or social capital networks with strong financial capital to 
help them absorb losses and recover or political capital to lobby on their behalf for assis-
tance. Low and very low income households have historically been excluded from access-
ing federal recovery resources as a result of overlooking policies that require them to dem-
onstrate that damage is in no part due to deferred maintenance (Hamideh and Rongerude 
2018; Daniel et al. 2022). Low and very low income households are also more likely to live 
in substandard housing in a higher-risk location and may lack resources such as having a 
vehicle to evacuate in an emergency (Cutter et al. 2003; Dunning and Durden 2011; Fla-
nagan et al. 2011). In addition, the risk of post-disaster unemployment is greater for lower-
wage workers (Laska and Morrow 2006).

Household size has been attributed to social vulnerability due to imposing a financial 
burden. Also, larger households are less likely to evacuate in an emergency because of 
difficulty in coordination, often being multigenerational with young children and elderly 
members, and difficulty in finding adequate shelter (Liu and Li 2015; Dintwa et al. 2019).
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Educational Attainment is associated with the household’s social, financial, human, and 
political capitals (Daniel et al. 2022). Higher education is associated with higher salaries, 
easier access to public resources for hazard preparation and recovery, and more powerful 
networks with local authorities. On the contrary, for low-educated people, besides lower 
incomes, practical and bureaucratic obstacles can make it difficult for low-educated indi-
viduals to cope with and recover from disasters (Cutter et al. 2003; Flanagan et al. 2011).

The elderly and very young are very likely to pose evacuation challenges, this is true 
for those with special medical needs and who live in nursing homes or hospitals, as well 
as for those who live in their own homes (Myers et al. 2008; Dunning and Durden 2011; 
Sun et al. 2017). Elderly people are more often on fixed incomes and may lack access to 
financial resources to help them prepare for and recover from a disaster. Elderly homeown-
ers are more likely to have paid off any mortgage on their home and thus are less likely to 
opt into purchasing flood insurance (Bolin and Klenow 1982; Barbera et al. 2002). Further-
more, children also present important challenges with disasters, including evacuation deci-
sions, and post-disaster childcare (Laska and Morrow 2006; Dunning and Durden 2011).

Disabled people face important challenges surrounding disasters, including evacu-
ation challenges depending on the nature of their disability, as well as having access to 
information, potentially needing a dependent to assist in decision-making around prepar-
edness, evacuation, and recovery, and also more likely being on a fixed income with lim-
ited resources at their disposal (Laska and Morrow 2006; Dunning and Durden 2011). The 
American Housing Survey data also shows a significantly higher incidence of disability 
among households residing in manufactured homes (Eggers and Moumen 2011). Manufac-
tured housing has its own set of limitations that contribute to the resident’s vulnerability, 
including being physically vulnerable to natural hazards, less likely that the resident car-
ries insurance, and often complicated tenancy situations where the resident may own the 
home but rent the land and thus not be in control over dislocation and return decisions (Al-
Rousan et al. 2015).

2.2 � Social vulnerability measurement

Models serve an important role in understanding the intersection of humans, disasters, 
and the built environment. Social vulnerability is an important dynamic at this intersec-
tion that is difficult to model and validate given its multidimensional nature and inability to 
be directly observed and measured (Tate 2012). Although social vulnerability is complex, 
situational, and dynamic, past research has made incredible strides forward in measuring 
social vulnerability during and after disasters. Qualitative disaster studies have widely rec-
ognized that multiple dimensions of diversity can have a profound effect on pre-disaster 
vulnerability and preparation measures, disaster impacts, and post-disaster recovery expe-
riences (Tierney and Oliver‐Smith 2012). However, the intersection of these dimensions 
is poorly understood, and has not been systematically and quantitatively measured in the 
past. From our literature review, we found there are three types of quantitative studies on 
social vulnerability, those that quantify indicators, indices, and influencers. Indicators are 
quantitative variables intended to represent a characteristic of a system of interest, e.g., the 
percentage of African Americans in a community. Indicators can be composed of single or 
multiple variables, e.g., the percentage of minorities in a community. Alternatively, multi-
ple indicators can be combined to construct composite indices, which attempt to distill the 
complexity of an entire system to a single measure. Lastly, influencer studies measure or 
model the influence that various social vulnerability indicators or composite indices have 
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on specific dependent variables or outcomes. Different studies use different types of data 
to model social vulnerability, including (a) publicly accessible data, such as census data 
and tax assessment data; (b) primary data collected in the field before, during, or after a 
disaster; and (c) social media data. The data may be collected at different spatial scales 
and resolutions (e.g., state-, county-, census tract-, block group-, neighborhood-, and indi-
vidual-levels). Given the focus of the present article, only examples of social vulnerability 
indices that use various types of data at different scales and resolutions are reviewed here.

The social vulnerability index (SoVI) developed by Cutter et  al. (2003) is perhaps 
the most frequently cited geospatial social vulnerability index. However, SoVI was built 
upon the groundwork laid by earlier social vulnerability studies, such as those by Morrow 
(1999), Cutter et  al. (2000), Montz and Evans (2001), and Wu et  al. (2002). The effort 
started with 250 variables and was reduced to 85 variables after testing for multicollin-
earity, but finally, 42 independent variables were used in the factor analysis. Through 
their principal component factor analysis, the 42 indicators were reduced to 11 independ-
ent factors accounting for 76.4% of the variance in social vulnerability across all counties 
examined. The 11 independent factors included per capita income, median age, number 
of commercial establishments per square mile, the percent of the population employed in 
extractive industries, percent of housing units that are mobile homes, percent of the popu-
lation that is African American, percent of the population that is Hispanic, percent of the 
population that is Native American, percent of the population that is Asian, percent of the 
population employed in service occupations, and percent of the population employed in 
transportation, communication, and public utilities. The factor scores were incorporated 
into an additive model producing the social vulnerability index. The SoVI formulation has 
evolved over time in response to changes in the knowledge of vulnerability assessment and 
data collection methods. The SoVI was initiated using the U.S. 1990 decennial Census 
data, however, its most recent version (SoVI 2010–14) synthesizes data on 29 variables 
from the American Community Survey (ACS) 5-year survey (Cutter and Morath 2013). 
The SoVI 2010–14 was computed and mapped for all 3,141 counties and its value ranges 
from 9.6 (lowest) to 49.51 (highest) across the counties. The values were classified into 
five qualitative categories, from “Very Low” to “Very High,” using a mean and standard 
deviation.

The CDC/ATSDR SVI is another common geospatial social vulnerability index and was 
developed by the U.S. Center for Disease Control and Prevention (Flanagan et al. 2011). 
Public health officials use the CDC/ATSDR SVI to identify and map community members 
most likely to need support before, during, and after hazardous events. The most recent 
version of the index, CDC/ATSDR SVI (2020), is composed of 16 equally weighted var-
iables at the census tract that are classified into four overarching themes with the same 
level of importance. The 16 variables include below 150% poverty, unemployed, housing 
cost burden, no high school diploma, no health insurance, aged 65 and older, aged 17 and 
younger, civilian with a disability, single-parent households, English language proficiency, 
racial and ethnic minority, multi-unit structures, mobile homes, crowding, no vehicle, and 
group quarters. The four themes include (1) socioeconomic status, (2) household character-
istics, (3) racial and ethnic minority status, and (4) housing type and transportation, where 
each theme represents an underlying dimension of social vulnerability. A percentile rank 
is calculated for each census tract over each of the 16 variables. The percentile rank of 
variables is summed into each theme to produce a theme score. In the next step, the scores 
are summed, then the census tracts are ordered based on their summed scores to calcu-
late the overall percentile ranking. Lastly, a quartile classification system is used to clas-
sify the ranked census tracts, where the highest and lowest quartiles represent the highest 
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and lowest socially vulnerable tracts, respectively. The CDC published social vulnerabil-
ity maps and index values for the entire United States for the years 2000, 2010, 2014, 
2016,2018, and 2020.

There are multiple pieces of studies in the social vulnerability literature that attempted 
to refine the existing social vulnerability indices by incorporating local contextual factors 
to create a new index providing a more nuanced picture of vulnerability. For example, Ogie 
and Pradhan (2019) proposed a Strength-Based Social Vulnerability Index (SSVI) that con-
siders the unique strengths that exist within different communities and can help minimize 
disaster loss along with the weaknesses that are traditionally associated with social vulner-
ability. This approach is built on sound sociopsychological theories of how people act dur-
ing disasters and emergencies and leads to a more balanced metric. The SSVI takes several 
aspects of social vulnerability into account, namely, culturally and linguistically diverse 
communities, low-income households, children under the age of four, people living with a 
disability or requiring assistance in everyday life, and the elderly population.

Van Zandt et al. (2012) built a geospatial social vulnerability index on the basis of the 
SoVI to be used for census block-level community-based planning. At this smaller scale, 
only 17 out of 29 SoVI variables were available from public data sources. Through an 
unarticulated weighting system, each variable value was normalized to range from 0 to 1. 
These normalized indicators were then split into groups to form several composite indices 
of second-order social vulnerability measures (e.g., child care needs, transportation needs), 
and finally, all 17 normalized indicators were combined into a third-order hotspot index 
and mapped across Galveston, TX.

In another study, Collins et al. (2009) developed a social vulnerability index to combine 
with physical vulnerability and map the risk of natural hazards in a metropolis that strad-
dles the Mexico-United States border. The model measures social vulnerability by assess-
ing four related elements including population, access to resources, socioeconomic status, 
and institutional capacity. Each of these elements is represented by a set of sociodemo-
graphic and economic variables with a value ranging from 0 to 1. Once all variables are 
computed, their average is calculated to create the index. The index values are then divided 
into quintiles and mapped.

Before the advent of SoVI, Montz and Evans (2001) and Wu et al. (2002) also devel-
oped their own social vulnerability indices, which we review among others. According to 
Montz and Evans (2001), social vulnerability can be measured sufficiently by using only 
five socioeconomic characteristics, namely population under 15, population over 65, a sin-
gle female head of household, median household income, and population density. These 
variables were estimated for each census block in the study area and then aggregated by 
three different models to produce the index. The first model assumes that each variable 
contributes equally to differentiating vulnerability. The second model, inversely, was built 
on the assumption that different variables contribute differently to determining social 
vulnerability, and weights are assigned to each variable, based on their relative contribu-
tion. The third model includes a scaling scheme in addition to weighting the variables. 
The social vulnerability maps were created individually based on each model. Montz and 
Evans (2001) concluded that their first two models map social vulnerability similarly, but 
they may overestimate vulnerability in flood plains compared to the third model. Wu et al. 
(2002) employed a modified version of the methodology adopted by Cutter et al. (2000) 
and calculated a vulnerability index using only 9 demographic variables taken from the 
1990 US Census block statistics. The list of variables includes total population, hous-
ing units; the number of females, non-white residents, people under 18, people over 60, 
female-headed single-parent households, renter-occupied housing units, and median house 
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value. The model calculates the ratio of each variable’s value in each census block against 
the maximum value for the variable in the county. The ratios range from 0 to 1; higher 
index values represent higher vulnerability. The arithmetic mean of these 9 variables for 
each census block was defined as the social vulnerability index. Then, the values were 
divided into quartiles, labeled respectively as low, moderate, high, and very high social 
vulnerability regions.

Of the indices reviewed above, the SoVI and CDC/ATSDR SVI are the most widely 
applied, however, they are not easily executable for testbed development purposes because 
(1) both the SoVI and CDC/ATSDR SVI synthesize needed data from the ACS five-year 
surveys, which do not provide reliable data finer than the census tract level for the demo-
graphic variables they use (Coggins and Jarmin 2021); (2) multiple SoVI-based measure-
ments of the vulnerability of the same place can yield significantly different results using 
the same data (Spielman et al. 2020); (3) SoVI and CDC/ATSDR SVI are sensitive to their 
initial model’s spatial scale and any changes in their spatial resolution may result in esti-
mates that are inconsistent with their original-scale estimates (Rufat et al. 2019). Similar 
limitations exist for other available social vulnerability indices which constrain their usage 
for testbed development purposes. Tate (2012) examined the configurations of available 
social vulnerability indices to determine how each stage of the index construction process 
contributes to its overall reliability and internal validation. The present study leverages 
Tate’s (2012) findings and recommendations about improving the stability of the social 
vulnerability indices to fill an important niche in the literature: to develop an internally 
robust scalable social vulnerability index for the purpose of adoption in community resil-
ience testbeds.

3 � Social vulnerability score development

This section introduces our methodology for developing the Social Vulnerability Score 
(SVS) and describes our rationale for its configuration. Although there is no standard pro-
cedure for developing social vulnerability indices, previous indices mostly have employed 
a similar multi-stage process. The process typically starts with determining the index 
construction method, followed by specifying the intended social vulnerability indicators, 
their measurement units, weights, and aggregation approach. Each of these stages involves 
choices between multiple plausible alternatives whose differences distinguish various 
social vulnerability indices. In this study, the choices have been made based on Tate’s 
(2012) research results to produce an internally robust index.

3.1 � Construction method

The index construction method is an overarching stage in building social vulnerabil-
ity indices that determines the index configuration (Tate 2012). There are three common 
approaches in the literature for the construction of a composite social vulnerability index, 
namely deductive, hierarchical, and inductive approaches (Cutter et al. 2000, 2003; Montz 
and Evans 2001; Wu et al. 2002; Collins et al. 2009; Flanagan et al. 2011).

Deductive approaches linearly combine designated indicators (often less than ten) to 
build the composite indicator. The hierarchical approach consists of dividing the desig-
nated indicators into subsets that share a common dimension of vulnerability and assign-
ing a specific normalized weight for each indicator and subset based on the experts’ 
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knowledge. After the weighted indicators are aggregated in each subset, the subset scores 
are then combined to create the desired index. The CDC/ATSDR SVI is the most renowned 
social vulnerability index with a hierarchical structure. However, the index technically fol-
lows the deductive approach since the themes are mathematically ignored in the aggrega-
tion phase by considering equal weight for all subsets and indicators (Rufat et al. 2019). 
The inductive approach typically starts with a set of more than twenty indicators; these 
indicators are then reduced to a smaller set of latent factors by means of statistical methods 
such as Factor Analysis or Principal Component Analysis. The intended indicator is con-
structed by combining these factors. The SoVI is perhaps the most common index that is 
constructed based on the inductive approach.

Tate (2012), Rufat et al. (2019), and Burton et al. (2018) studies illuminate that each 
construction approach has its specific pros and cons and none of them can be argued to 
be inherently better or worse than the others. Evaluating the strength of the index depends 
on the specific situation in which it is being used. For example, the inductive approach is 
highly dependent on its model spatial resolution (Tate 2012), which makes it an inappro-
priate method for constructing a testbed-specific social vulnerability index. The deductive 
and hierarchical approaches are most sensitive to selected indicators’ measurement units 
and weights, respectively (Tate 2012). Thus, the deductive approach is used for construct-
ing the SVS as it is more feasible to define an appropriate measuring unit for selected indi-
cators than to determine each indicator’s contribution to social vulnerability and assign 
weights accordingly.

3.2 � Indicators and their measurement units

The indicators are generally selected based on factors such as identified social vulnerability 
drivers and data availability. The primary motivation for introducing the SVS is to use it for 
developing community resilience testbeds. Given that testbeds are intended to be used for 
years or decades’ worth of research (Enderami et al. 2022), the SVS will be grounded on 
the ACS five-year demographic estimates. However, ACS five-year surveys do not provide 
reliable data at scales finer than the census block group (Coggins and Jarmin 2021). Thus, 
according to common social vulnerability drivers, and constrained by the information that 
is available in the ACS five-year datasets, the SVS employs the set of social vulnerability 
indicators in Table 1.

The indicators defined in Table  1 encapsulate all common social vulnerability driv-
ers reviewed in Sect. 2.1 but capture them by five inverse compound variables such that 
a higher value indicates a lower level of social vulnerability. For example, the conse-
quences of race and ethnicity were mixed so that all races and ethnicities, except those 
who identify themselves as white (non-Hispanic or Latino), are considered as a minority; 
then, the proportion of non-minorities, who are indeed less vulnerable members, in the 
intended location is computed. As a result of using compound variables, a fewer number of 
variables are included in the SVS model, which reduces the possibility of data collection 
errors and uncertainty of the mean value, particularly for smaller sample sizes (Tate 2012). 
The use of compound variables, however, may lead to undesirable implicit assumptions. 
For instance, by taking the compound variable ‘non-Hispanic White’, the SVS inherently 
assumes that all minority races and ethnicities, such as Black, Native American, Asian, 
Hispanic, Latinx, etc., have the same influence on social vulnerability, which is not true. 
However, the specific differences are only partially understood, and quantifying each racial 
and ethnic identity individually also has its limitations by inherently assuming more is 
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understood than what is actually known. Furthermore, the SVS uses the poverty level that 
takes both household size and income into account together. Less than high school educa-
tion, for those 25 and older, is taken as the cut-off for educational attainment in the SVS 
model since many jobs require at least a diploma or GED to qualify. The very young was 
defined as age 18 and younger according to the United Nations Convention on the Rights 
of the Child (Peek 2008).

The measuring unit characterizes how each indicator is represented in the model. The 
most common data presentation formats are numbers, percentages, and densities. The SVS 
calculates each indicator as the ratio between the non-vulnerable population percentage at 
the desired location and the corresponding national average percentage. The percentage of 
the non-vulnerable population ranges from 0 to 100, with 0 representing complete vulner-
ability and 100 indicating no vulnerability. Measuring a social characteristic at the desired 
location with respect to its national average enables analysis of relative vulnerability across 
the U.S.

3.3 � Weighting and aggregation

The indicators are in terms of unitless ratios, so there is no need to normalize before the 
weighting and aggregation stages; regardless, deductive models are insensitive to weight-
ing and aggregation approaches (Tate 2012). Thus, the indicators are aggregated while 
equally weighted, which implies that their relative importance is the same. The SVS cal-
culates the arithmetic mean of the indicator values at the location of interest, expressed as

The resulting values can be used directly to compare the relative social vulnerability of 
different communities. Of note, a higher value of SVS indicates a lower level of vulnerabil-
ity given that the indicators used in the SVS development process are inversely related to 
social vulnerability.

For ease of interpretation, the SVS was mapped to five discrete vulnerability categories, 
named zones using a standard deviation classification. The zones range from very low vul-
nerability (zone 1) to very high vulnerability (zone 5). The zones and the criteria used to 
define them are shown in Table 2.

In Table 2, (std.) represents the standard deviation of the SVS values for the entire country. 
Since 99.7% of values following a normal distribution lie within 3 standard deviations of 
the mean (Ang and Tang 2007), (std.) value can be estimated as:

(1)SVS=
1

5

5
∑

i=1

R
i

Table 2   Social vulnerability 
zones

Vulnerability description Criteria

zone 1 Low SVS > 1 + 1.5(std.)
zone 2 Medium to Low 1 + 0.5(std.) < SVS < 1 + 1.5(std.)
zone 3 Medium 1- 0.5(std.) < SVS < 1 + 0.5(std.)
zone 4 Medium to High 1- 1.5(std.) < SVS < 1- 0.5(std.)
zone 5 High SVS < 1- 1.5(std.)



Natural Hazards	

1 3

where (SVS)max is the maximum possible, and one represents the mean of SVS values for 
the entire country. Equation  (1) gives the maximum of the SVS if the percentage of the 
non-vulnerable population at the desired location equals 100 for all indicators in Table 1. 
Therefore, only the average of the reciprocal values of national average percentages of indi-
cators in Table 1 is required for calculating the (std) values.

For the convenience of testbed developers, the SVS calculation is automated using a 
Python script. The code is open source and published on DesignSafe-CI (Enderami and 
Sutley 2022) for being used by other researchers to facilitate advances in current practice. 
The code takes the name of the intended state and county, desired spatial resolution (cen-
sus tract or block group), and year as the input data. The output includes a geospatial data 
file (.csv) containing the SVS values and a choropleth map (.png) of the predicted social 
vulnerability zones. The code is only written for the spatial scales of census tract and block 
group given the lack of reliability in census data at higher resolutions. The SVS is capable 
of being applied to testbeds that require higher resolutions than the block group, including 
the block- and household-level, as will be demonstrated in Sect. 4.2.

4 � Validation of social vulnerability score

Validation is a major challenge with community resilience analysis given that simulations 
cannot be performed in real life, having the appropriate data is nearly impossible, and many 
of the concepts (e.g., social vulnerability) are immeasurable. Social vulnerability is a mul-
tidimensional qualitative concept that is not directly observable or measurable. Researchers 
have resorted to the use of outcome, socio-economic, and demographic data collected from 
post-disaster household surveys as proxies to validate their social vulnerability models 
(Schneiderbauer and Ehrlich 2006). These proxies range from physical damage and eco-
nomic loss to population impacts such as mortality, dislocation, and mail delivery (Gall 
2007; Myers et al. 2008; Burton 2010; Finch et al. 2010; Flanagan et al. 2011; Schmidtlein 
et al. 2011). In addition to such external validation efforts, which have been fairly success-
ful, multiple internal validation studies (e.g., Tate (2012); Feizizadeh et al. (2014); Spiel-
man et al. (2020); Wilson et al. (2020)) have been conducted to explore the precision of 
common existing social vulnerability indices.

To externally validate how well the proposed SVS represents the social vulnerability of 
community members, we employed post-disaster household-level survey results on house-
hold dislocation, physical damage, and repair time of residential dwellings. The field data 
used in this paper are from the second wave of an ongoing longitudinal research project 
following the 2016 hurricane-induced riverine flooding in the city of Lumberton, NC (Sut-
ley et al. 2021). To internally validate the SVS, Tate’s (2012) findings were integrated into 
the SVS development to ensure internal robustness and stability, as described in Sect. 3.

4.1 � Background on lumberton longitudinal field study

Lumberton is an inland city holding the county seat in predominantly rural Robeson 
County, North Carolina. Lumberton was one of the communities most impacted by Hur-
ricanes Matthew (2016) and Florence (2018) due to the historic flooding of the Lumber 

(2)std. =
(SVS)

max
− 1

3
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River. The impacts of Hurricanes Matthew and Florence were exacerbated in the areas that 
were deprived in terms of health, wealth, and infrastructure. The community has signifi-
cant racial diversity of Black/African-American, Native American, and white populations, 
with a median annual income well below the national average, and a poverty rate nearly 
2.5 times as high as the national poverty rate (see Table 3 for Lumberton demographics). 
To illustrate the community’s socio-demographic makeup prior to the Hurricane Matthew 
flooding in comparison to the national averages, the 2012–2016 ACS 5-Year estimates 
were used, as presented in Table 3.

In October 2016, Lumberton was catastrophically flooded due to an intensive period 
of seasonal rain followed by rains by Hurricane Matthew. Many areas of Lumberton were 
inundated for several days, which resulted in disruption in businesses, power, communica-
tion, water, and transportation networks as well as significant building damage and lasting 
social impacts (van de Lindt et al. 2020).

In November 2016, a team of researchers from the Center of Excellence for Risk-Based 
Community Resilience Planning, alongside researchers at the National Institute of Stand-
ards and Technology’s Community Resilience Group, launched a longitudinal study on the 
impacts and recovery of Lumberton. At the time of this writing, five waves of systematic 
data collection have been completed in Lumberton, each with its own goals and objectives, 

Table 3   Comparison of demographics between Lumberton and U.S. based on 2012–2016 ACS 5-Year esti-
mates

Demographics Lumberton United States

Population (count) 21,646 318,558,162
Race White (%) 38.4 73.4

Black/African American (%) 37.5 12.6
Native American/ American Indian (%) 12.8 0.8
Two or more races (%) 8.8 10.1
Other (%) 2.5 3.1

Ethnicity Not Hispanic or Latino (%) 90.6 82.7
Hispanic or Latino (%) 9.4 17.3

Tenure Owner occupied (%) 63.6 45.5
Renter occupied (%) 36.4 54.5

Education Less than high school (%) 23.0 13.0
High school (%) 30.9 27.5
Some college (%) 20.1 21.0
Associate’s (%) 8.4 8.2
Bachelor’s (%) 11.1 18.8
Master’s or higher (%) 6.5 11.5

Income Median annual (USD) 31,126 55,322
Below poverty (%) 15.1 35.1
Above poverty (%) 84.8 64.9

Age Under 18 years (%) 26.2 23.1
18 to 64 years (%) 59.6 62.4
64 years and over (%) 14.2 14.5

Disability With at least one type of disability 15.1 12.5
No disability 84.9 87.5
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and the study continues. The first field study, denoted as Wave 1, was performed in Novem-
ber 2016, and collected household and housing data on initial damage and dislocation. The 
household and housing data were collected through door-to-door surveys across a random 
sample of 568 housing units (van de Lindt et al. 2018). A probability proportion-to-size 
random sampling procedure selected census blocks located in high-probability flooding 
areas over those in low-probability flooding areas at a 3-to-1 weight. Eight housing units 
were then randomly selected from each census block, along with two alternate housing 
units per block in case a unit needed replacing; ultimately, 568 housing units were visited 
to implement the survey.

The second field study, denoted as Wave 2 and performed in January 2018, conducted 
systematic surveys of the same housing units as in Wave 1 with the overall intention of 
documenting recovery progress (Sutley et al. 2021). This paper uses post-disaster outcome 
data collected from household surveys during Wave 2. The data collection has continued, 
including a systematic survey immediately after Hurricane Florence in September 2018, a 
recovery follow-up in April 2019 (Helgeson et al. 2021), a virtual data collection during 
the COVID-19 pandemic in Spring 2021 (Watson et al. 2022), and recovery follow-up in 
June 2022.

4.2 � Social vulnerability score

The SVS values were calculated for each census block group within the city of Lumber-
ton using 2016 ACS 5-year census data to correspond to the timing of Hurricane Mat-
thew. Corresponding social vulnerability zones were then assigned, as shown in Fig. 1a. 
No block group was assigned a low vulnerability level. There are likely individual house-
holds who fall into the lowest vulnerability level; however, at the block group level, these 
households did not represent a majority in a given neighborhood and thus this outcome is 
consistent with field study findings. As shown in Fig. 1b, the inundated area caused by the 

Fig. 1    a Mapped SVS zones at the block group level; b flood inundation map after 2016 Hurricane Mat-
thew in Lumberton
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2016 Lumber River flooding primarily overlaps with block groups with high social vulner-
ability, as is expected due to social vulnerability theory (Fothergill and Peek 2004).

To utilize the Lumberton survey results for validation, a household-level estimate of 
social vulnerability is required. Thus, every household within the study area was ran-
domly assigned a value based on their corresponding SVS zone and the ranges described 
in Table 4. To address the consequences of spatial clustering of sociodemographic char-
acteristics in real-world communities, each zone is assumed to have a small percentage of 
households with higher or lower social vulnerability. For example, in zone 2, the likelihood 
of households with values ranging between (0.2 to 0.4), (0 to 0.2), and (0.4 to 1.0) are 85%, 
5%, and 10%, respectively. These ranges are Lumberton-specific and were chosen based 
on the authors’ expert judgment and deep knowledge of the Lumberton community. This 
knowledge stems from the authors’ extensive contribution to multiple waves of Lumberton 
longitudinal filed study since Hurricane Mathew 2016 (van de Lindt et al. 2018; Helgeson 
et  al. 2021; Sutley et  al. 2021; Watson et  al. 2022). Therefore, to apply these ranges to 
another study area, adjustments are required. These adjustments can be made based on the 
findings of a statistical analysis, analytical study, or expert judgment informed by a deep 
understanding of the target community’s characteristics. In Table 4, the footnote describes 
the defined social vulnerability levels for households based on quantitative values.

Figure 2 displays the social vulnerability level assigned to the households occupying the 
568 housing units in the study area. As can be seen, some households have been assigned a 
low social vulnerability level despite the block groups not being assigned zone 1.

4.3 � Household dislocation

In Wave 2, 166 (of 568) households reported information on dislocation and confirmed 
they were living in their current home at the time of Hurricane Matthew. Approximately 
28% of these respondents indicated they did not dislocate, and 60% reported that their 
household dislocated for at least one day. The households’ self-reported dislocation time 
due to Hurricane Matthew was used to validate the SVS. Figure 3a illustrates household 
dislocation time versus SVS-based social vulnerability level for the 166 households that 
reported their dislocation experience. The average dislocation time for the households in 
each social vulnerability category is also shown in Fig. 3a. In total, the average dislocation 

Table 4   Household social vulnerability values based on SVS zone

* value < 0.2 → low;
0.2 ≤ value < 0.4 → medium to low;
0.4 ≤ value < 0.6 → medium;
0.6 ≤ value < 0.8 → medium to high;
0.8 ≤ value → high

SVS
Zone

Range 1* Likelihood 
of Range 1

Range 2 Likelihood 
of Range 2

Range 3 Likelihood 
of Range 3

Zone 1 0.0–0.2 95% 0.2–1.0 5% – –
Zone 2 0.2–0.4 85% 0.0–0.2 5% 0.4–1.0 10%
Zone 3 0.4–0.6 80% 0.0–0.4 10% 0.6–1.0 10%
Zone 4 0.6–0.8 85% 0.0–0.6 10% 0.8–1.0 5%
Zone 5 0.8–1.0 95% 0.0–0.8 5% - -
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time increases as social vulnerability increases. For instance, the average dislocation time 
for households with low, medium, and high social vulnerability is 2, 15, and 102  days, 
respectively.

Figure 3b provides the percentage of dislocated households in each social vulnerability 
level who have been dislocated for more than one week, more than one month, and more 
than three months. A similar trend can be observed in Fig. 3b as in Fig. 3a, where the direct 
correlation between households’ average dislocation time and social vulnerability becomes 
more significant as the dislocation time increases. As can be seen in Fig. 3b, the percentage 
of high socially vulnerable households who were dislocated for more than one week (66%) 
is nearly three times more than that of medium to low vulnerable households (24%). For 
households who have dislocated for more than one month, the corresponding percentage 
consistently increases from 12% for medium to low to 15% for medium, 19% for medium 
to high, and 39% for high social vulnerability. In addition, only high and medium to high 
socially vulnerable households experienced dislocation for more than three months, at 
26% and 10%, respectively. These findings are indicative of households who have different 
social and political capital, and thus different dislocation experiences across social vulner-
ability levels (Sutley and Hamideh 2020). The findings also confirm the trend detected in 
Fig.  3a that households with higher social vulnerability are more likely to dislocate for 
longer periods, thereby validating the reliability of the SVS-based estimates.

4.4 � Physical damage and repair time of residential dwellings

A total of 107 households reported some initial physical damage to their homes during 
Wave 2; of these, 61 respondents indicated that their homes had been completely repaired 

Fig. 2   Household social vulnerability levels for sampled housing units in corresponding block group-level 
SVS zones
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at the time of Wave 2. One of the 61 households reported the highest level of damage to 
their home; this record has been deemed an outlier and thus removed from the present 
analysis. We also excluded households assigned low, medium to low, and medium levels of 
social vulnerability as they totaled six records only. This finally resulted in a dataset includ-
ing 54 records.

The least-square linear regression model was applied to resident-reported repair time, 
damage level, and social vulnerability data. The number of days to repair completion was 
the dependent variable while damage and social vulnerability levels were used as binary 
independent variables. A summary of the regression analysis results is presented in 
Table 5.

The top two rows of Table 5 report how well the overall regression model fits the dataset 
by measuring the adjusted R-squared and the significance of the F-statistic. Almost 30% 

Fig. 3   a Household dislocation time versus social vulnerability level; b Percentage of households dislocated 
for selected durations at each social vulnerability level
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of the variance in repair time is accounted for by the dependent variables included in the 
model (adjusted R2 = 29.7%), demonstrating a moderate relationship between independent 
and dependent variables. This moderate relationship is plausible as several other factors 
also affect repair time. These factors include but are not limited to, decision-making time, 
time to hire a contractor or repair crew, and time to obtain a permit (Comerio 2006; Come-
rio and Blecher 2010). The p-value associated with the F-statistic (i.e. 0.000121) is far 
less than 0.001, representing a strong significant relationship. This means the model, as a 
whole, is likely statistically significant. The bottom row of Table 5 provides the regression 
coefficients and their statistical significance. On average it took 91 days longer to complete 
repairs for households with high social vulnerability. Moderately and severely damaged 
homes took 43 and 158 days longer, respectively, to be completely repaired compared to 
homes with minor damage net of other factors. This demonstrates how social vulnerability 
alongside physical damage strongly affects repair time and is aligned with Tormos-Aponte 
et al. (2021) findings on the relationship between social vulnerability and delayed restora-
tion. These findings, overall, confirm the reliability of the social vulnerability index devel-
oped in this paper, at least for medium to highly vulnerable households. For further inves-
tigation of the SVS’s capability to consistently interpret disaster outcomes under different 
circumstances, more empirical research and longitudinal post-disaster studies are required, 
considering a variety of places, hazard types, and temporal and spatial scales.

5 � Conclusions

The concept of measuring social vulnerability using a single numeric index is a bold 
simplifying assumption. However, social vulnerability indices are conducive tools to 
advance the state of knowledge in community-related studies, while waiting for emerg-
ing more robust approaches to measure social vulnerability. Public health officials, haz-
ard mitigation planners, community resilience researchers, and testbed developers use 
such indices to identify differences in social vulnerability across a population to help 
understand where resources may be needed to better prepare for and respond to a natural 
hazard and bounce back from its impact. However, the literature review presented in 
this paper illuminated that experts and policy-makers should be cautious in the applica-
tion of these indices in some circumstances particularly based on limitations in index 

Table 5   Ordinary least square regression results

† dependent variable: repair time (days)
* p-value < 0.05
** p-value < 0.001

R-squared: 0.336 F-statistic: 8.449

Adj. 
R-squared:

0.297 Significance (F-statis-
tics):

0.000121

Independent †
Variables

Medium to High
Social Vulner-

ability

High Social Vulner-
ability

Minor
Damage

Moderate
Damage

Severe
Dam-

age
Coefficient 86.31 * 90.97 ** -23.68 42.63 * 158.33 

**
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construction (see Tate 2012 for more detail), and in the extreme simplification of cap-
turing social vulnerability using factors conveniently found in census data.

While the proposed SVS is still subject to some of the same limitations in simpli-
fying a measurement of social vulnerability, it offers important advantages to existing 
indices. The SVS (a) does not decrease in reliability as a function of geographic scale, 
so long as the data is reliable; (b) only requires calculation for the specific area of inter-
est; (c) measures social vulnerability as a relative quantity to the national context; (d) 
does not yield different estimates of social vulnerability of the same place, using the 
same data, with changes in the geographic scope of the study area; and (e) uses fewer 
variables which reduces uncertainty in the influence of different factors on social vul-
nerability and reduces uncertainty transferred through the data itself in the final esti-
mate. Thus, the SVS presented here addresses the need for a social vulnerability index 
that more consistently explains disaster outcomes, can be used at various spatial scales, 
and requires minimal data inputs and computational efforts making it particularly suit-
able for use in virtual community resilience testbeds. Nevertheless, we recognize the 
limitations of the SVS, which arise from using national average values in calculating 
indicators. Using national averages masks the actual distribution of indicators, poten-
tially conceals any skewness in data distribution, and overlooks unique historical, cul-
tural, and political characteristics of different communities.

This paper does not dwell on the question of whether the SVS provides more accurate 
and precise estimates compared to other widely used social vulnerability indices. Instead, 
the paper seeks to open up the discussion on the need for the construction of a scalable 
social vulnerability index to serve the purpose of community resilience testbed develop-
ment, and introduces the SVS as a scientifically principled, yet practical, tool for this pur-
pose. This paper further contributes by validating the SVS prediction using household-
level disaster outcomes measured following the 2016 flooding in Lumberton, NC. Even 
still, more research is needed to understand how the SVS holds up to pre-disaster and 
other post-disaster outcomes beyond those evaluated here because of the dynamic nature 
of social vulnerability which can emerge differently depending on the context and situa-
tion. In addition to being scalable, the next generation of social vulnerability indices should 
account for the intersectionality of factors and explore variables outside of census data to 
truly understand what contributes to social vulnerability.

Acknowledgements  The research reported here was partially supported by the National Science Founda-
tion under Grant No. CMMI 1847373. This material is also based upon work partially supported by the 
Center for Risk-Based Community Resilience Planning, a NIST-funded Center of Excellence. The Center 
is funded through a cooperative agreement between the US National Institute of Standards and Technology 
and Colorado State University (Grant No. 70NANB20H008). The content is solely the responsibility of 
the authors and does not necessarily represent the official views of the National Science Foundation or the 
National Institute of Standards and Technology. The authors are also particularly grateful to the more than 
30 researchers from multiple disciplines and institutions who contributed to the Lumberton field study and 
Wave 2 data collection. Maps in this study were created using the Free and Open Source QGIS.

Author Contributions  Both authors contributed to the study’s conception and design. Material preparation, 
data collection, and analysis were performed by S. Amin Enderami and Elaina J. Sutley. The first draft of 
the manuscript was written by S. Amin Enderami and both authors collaborated and revised the manuscript. 
Both authors read and approved the final revision of the manuscript.

Funding  This work was supported by the National Science Foundation (NSF) under Grant No. CMMI 
1847373 and Center for Risk-Based Community Resilience Planning under Grant No. 70NANB20H008 
from the National Institute of Standards and Technology (NIST). Division of Civil, Mechanical and 
Manufacturing Innovation,1847373,Elaina J. Sutley,Center for Risk-Based Community Resilience 
Planning,70NANB20H008,Elaina J. Sutley



Natural Hazards	

1 3

Data Availability  All data and code that are used to calculate social vulnerability scores in this study are 
open sources and available in the DesignSafe-CI data repository (Enderami and Sutley 2022). The data that 
support the validation process in this study might be available on request from the second author, Dr. Elaina 
Sutley. The data are not publicly available, and its access is limited to project investigators within the Center 
and at NIST who have completed the Institutional Review Board (IRB) training and whose universities have 
signed the Interagency Agreement (IAA).

Declarations 

Conflict of interest  The authors have no relevant financial or non-financial interests to disclose.

References

Al-Rousan TM, Rubenstein LM, Wallace RB (2015) Disability Levels and Correlates Among Older Mobile 
Home Dwellers, an NHATS Analysis. Disabil Health J 8(3):363–371. https://​doi.​org/​10.​1016/j.​dhjo.​
2015.​01.​002

Ang AHS, Tang WH (2007) Probability Concepts in Engineering: Emphasis on Applications in Civil & 
Environmental Engineering (2 ed. Vol. 1). United States: John Wiley and Sons

Bakkensen LA, Ma L (2020) Sorting Over Flood Risk and Implications for Policy Reform. J Environ Econ 
Manag 104:102362. https://​doi.​org/​10.​1016/j.​jeem.​2020.​102362

Barbera JA, Benson S, Byard D, Fernandez LS, Lin C-C (2002) Frail Elderly as Disaster Victims: Emer-
gency Management Strategies. Prehosp Disaster Med 17(2):67–74. https://​doi.​org/​10.​1017/​S1049​
023X0​00002​00

Bergstrand K, Mayer B, Brumback B, Zhang Y (2015) Assessing the Relationship Between Social Vulner-
ability and Community Resilience to Hazards. Soc Indic Res 122(2):391–409. https://​doi.​org/​10.​1007/​
s11205-​014-​0698-3

Berke P, Yu S, Malecha M, Cooper J (2023) Plans that Disrupt Development: Equity Policies and Social 
Vulnerability in Six Coastal Cities. J Plan Educ Res 43(1):150–165. https://​doi.​org/​10.​1177/​07394​
56x19​861144

Birkmann J (2013) Measuring Vulnerability to Natural Hazards: Towards Disaster Resilient Societies, 2nd 
edn. United Nations University, New York

Blaikie P, Cannon T, Ian Davis BW (2004) At Risk Natural Hazards, People’s Vulnerability and Disasters. 
Routledge, London

Bolin R, Klenow DJ (1982) Response of the Elderly to Disaster: an Age-Stratified Analysis. Int J Aging 
Hum Dev 16(4):283–296. https://​doi.​org/​10.​2190/​mqeg-​yn39-​8d5v-​wkmp

Burton C, Rufat S, Tate E (2018) Social Vulnerability: Conceptual Foundations and Geospatial Modeling
Burton CG (2010) Social Vulnerability and Hurricane Impact Modeling. Nat Hazard Rev 11(2):58–68. 

https://​doi.​org/​10.​1061/​(ASCE)​1527-​6988(2010)​11:​2(58)
Centers for Disease Control and Prevention, Agency for Toxic Substances and Disease Registry, Geospatial 

Research Analysis and Services Program. (2018) CDC/ATSDR Social Vulnerability Index 2018 Data-
base U.S. Retrieved from: https://​www.​atsdr.​cdc.​gov/​place​andhe​alth/​svi/​data_​docum​entat​ion_​downl​
oad.​html

Centers for Disease Control and Prevention, Agency for Toxic Substances and Disease Registry, Geospatial 
Research Analysis and Services Program. (2020) CDC/ATSDR SVI 2020 Documentation. Retrieved 
from https://​stacks.​cdc.​gov/​view/​cdc/​125626

Coggins, W, Jarmin R (2021) Understanding and Using the American Community Survey Public Use 
Microdata Sample Files, What Data Users Need to Know. https://​www.​census.​gov/​conte​nt/​dam/​Cen-
sus/​libra​ry/​publi​catio​ns/​2021/​acs/​acs_​pums_​handb​ook_​2021.​pdf Accessed March, 2022

Collins TW, Grineski SE, de Lourdes Romo Aguilar, M. (2009) Vulnerability to Environmental Hazards 
in the Ciudad Juárez (Mexico)–El Paso (USA) Metropolis: A Model For Spatial Risk Assessment in 
Transnational Context. Appl Geogr 29(3):448–461. https://​doi.​org/​10.​1016/j.​apgeog.​2008.​10.​005

Comerio MC (2006) Estimating Downtime in Loss Modeling. Earthq Spectra 22(2):349–365. https://​doi.​
org/​10.​1193/1.​21910​17

Comerio MC, Blecher HE (2010) Estimating Downtime from Data on Residential Buildings after the North-
ridge and Loma Prieta Earthquakes. Earthq Spectra 26(4):951–965. https://​doi.​org/​10.​1193/1.​34779​93

Cutter SL (1996) Vulnerability to Environmental Hazards. Prog Hum Geogr 20(4):529–539. https://​doi.​org/​
10.​1177/​03091​32596​02000​407

https://doi.org/10.1016/j.dhjo.2015.01.002
https://doi.org/10.1016/j.dhjo.2015.01.002
https://doi.org/10.1016/j.jeem.2020.102362
https://doi.org/10.1017/S1049023X00000200
https://doi.org/10.1017/S1049023X00000200
https://doi.org/10.1007/s11205-014-0698-3
https://doi.org/10.1007/s11205-014-0698-3
https://doi.org/10.1177/0739456x19861144
https://doi.org/10.1177/0739456x19861144
https://doi.org/10.2190/mqeg-yn39-8d5v-wkmp
https://doi.org/10.1061/(ASCE)1527-6988(2010)11:2(58)
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
https://stacks.cdc.gov/view/cdc/125626
https://www.census.gov/content/dam/Census/library/publications/2021/acs/acs_pums_handbook_2021.pdf
https://www.census.gov/content/dam/Census/library/publications/2021/acs/acs_pums_handbook_2021.pdf
https://doi.org/10.1016/j.apgeog.2008.10.005
https://doi.org/10.1193/1.2191017
https://doi.org/10.1193/1.2191017
https://doi.org/10.1193/1.3477993
https://doi.org/10.1177/030913259602000407
https://doi.org/10.1177/030913259602000407


	 Natural Hazards

1 3

Cutter SL, Boruff BJ, Shirley WL (2003) Social Vulnerability to Environmental Hazards*. Soc Sci Q 
84(2):242–261. https://​doi.​org/​10.​1111/​1540-​6237.​84020​02

Cutter SL, Emrich CT, Morath DP, Dunning M (2013) Integrating Social Vulnerability into Federal 
Flood Risk Management Planning. Journal of Flood Risk Management 6(4):332–344. https://​doi.​
org/​10.​1111/​jfr3.​12018

Cutter SL, Mitchell JT, Scott MS (2000) Revealing the Vulnerability of People and Places: A Case Study 
of Georgetown County, South Carolina. Ann Assoc Am Geogr 90(4):713–737. https://​doi.​org/​10.​
1111/​0004-​5608.​00219

Cutter SL, Morath DP (2013) The Evolution of the Social Vulnerability Index (SoVI). In J. Birkmann 
(ed.), Measuring Vulnerability to Natural Hazards: Towards Disaster Resilient Societies Second 
Edition (Second ed., pp. 720): United Nations University Press

Daniel L, Mazumder RK, Enderami SA, Sutley EJ, Lequesne RD (2022) Community Capitals Frame-
work for Linking Buildings and Organizations for Enhancing Community Resilience through the 
Built Environment. J Infrastruct Syst 28(1):04021053. https://​doi.​org/​10.​1061/​(ASCE)​IS.​1943-​
555X.​00006​68

Dintwa KF, Letamo G, Navaneetham K (2019) Quantifying Social Vulnerability to Natural Hazards in Bot-
swana: an Application of Cutter Model. International Journal of Disaster Risk Reduction 37:101189

Drakes O, Tate E, Rainey J, Brody S (2021) Social Vulnerability and Short-term Disaster Assistance in 
the United States. International Journal of Disaster Risk Reduction 53:102010. https://​doi.​org/​10.​
1016/j.​ijdrr.​2020.​102010

Dunning, M., Durden, S. (2011). Social Vulnerability Analysis Methods for Corps Planning. Retrieved 
from https://​www.​iwr.​usace.​army.​mil/​Porta​ls/​70/​docs/​iwrre​ports/​2011-R-​07.​pdf

Eakin H, Luers AL (2006) Assessing the Vulnerability of Social-Environmental Systems. Annu Rev 
Environ Resour 31(1):365–394. https://​doi.​org/​10.​1146/​annur​ev.​energy.​30.​050504.​144352

Eggers, F., Moumen, F. (2011). Disability Variables in the American Housing Survey. Washington, DC: 
U.S. Department of Housing and Urban Development, Office of Policy Development and Research 
Report.

Enderami SA, Mazumder RK, Dumler M, Sutley EJ (2022) Virtual Testbeds for Community Resilience 
Analysis: State-of-the-Art Review, Consensus Study, and Recommendations. Nat Hazard Rev 
23(4):03122001. https://​doi.​org/​10.​1061/​(ASCE)​NH.​1527-​6996.​00005​82

Enderami, S. A., Sutley, E. (2022). Social Vulnerability Analysis in Virtual Community Resilience Test-
beds. https://​doi.​org/​10.​17603/​ds2-​j95s-​sp06 Accessed November, 2022.

Feizizadeh B, Jankowski P, Blaschke T (2014) A GIS based spatially-explicit Sensitivity and Uncer-
tainty Analysis Approach for Multi-criteria Decision Analysis. Comput Geosci 64:81–95. https://​
doi.​org/​10.​1016/j.​cageo.​2013.​11.​009

Finch C, Emrich CT, Cutter SL (2010) Disaster Disparities and Differential Recovery in New Orleans. 
Popul Environ 31(4):179–202. https://​doi.​org/​10.​1007/​s11111-​009-​0099-8

Flanagan, B. E., Gregory, E. W., Hallisey, E. J., Heitgerd, J. L., Lewis, B. (2011). A Social Vulnerability 
Index for Disaster Management. Journal of Homeland Security and Emergency Management, 8(1).

Fothergill A, Peek LA (2004) Poverty and Disasters in the United States: A Review of Recent Sociologi-
cal Findings. Nat Hazards 32(1):89–110. https://​doi.​org/​10.​1023/B:​NHAZ.​00000​26792.​76181.​d9

Gall, M. (2007). Indices of Social Vulnerability to Natural Hazards: A Comparative Evaluation. (PhD). 
University of South Carolina, Columbia, South Carolina.

Guillard-Gonçalves, C., Zêzere, J. L. (2018). Combining Social Vulnerability and Physical Vulnerability 
to Analyse Landslide Risk at the Municipal Scale. Geosciences, 8(8), 294. Retrieved from https://​
www.​mdpi.​com/​2076-​3263/8/​8/​294

Hamideh S, Rongerude J (2018) Social Vulnerability and Participation in Disaster Recovery Decisions: 
Public Housing in Galveston after Hurricane Ike. Nat Hazards 93(3):1629–1648. https://​doi.​org/​10.​
1007/​s11069-​018-​3371-3

Helgeson, J., Hamidah, S., Sutley, E. (2021). The Lumberton, North Carolina Flood of 2016, Wave 3: 
A Community Impact and Recovery-Focused Technical Investigation Following Successive Flood 
Events. NIST Special Publication, 1230(3). doi:https://​doi.​org/​10.​6028/​NIST.​SP.​1230-3

Kamel, N. M. O., Loukaitou-Sideris, A. (2004). Residential Assistance and Recovery Following the 
Northridge Earthquake. Urban Studies, 41(3), 533–562. Retrieved from http://​www.​jstor.​org/​stable/​
43197​095

Koliou M, van de Lindt JW, McAllister TP, Ellingwood BR, Dillard M, Cutler H (2018) State of the 
Research in Community Resilience: Progress and Challenges. Sustainable and Resilient Infrastruc-
ture. https://​doi.​org/​10.​1080/​23789​689.​2017.​14185​47

Laska, S., Morrow, B. H. (2006). Social Vulnerabilities and Hurricane Katrina: an Unnatural Disaster in 
New Orleans. Marine technology society journal, 40(4).

https://doi.org/10.1111/1540-6237.8402002
https://doi.org/10.1111/jfr3.12018
https://doi.org/10.1111/jfr3.12018
https://doi.org/10.1111/0004-5608.00219
https://doi.org/10.1111/0004-5608.00219
https://doi.org/10.1061/(ASCE)IS.1943-555X.0000668
https://doi.org/10.1061/(ASCE)IS.1943-555X.0000668
https://doi.org/10.1016/j.ijdrr.2020.102010
https://doi.org/10.1016/j.ijdrr.2020.102010
https://www.iwr.usace.army.mil/Portals/70/docs/iwrreports/2011-R-07.pdf
https://doi.org/10.1146/annurev.energy.30.050504.144352
https://doi.org/10.1061/(ASCE)NH.1527-6996.0000582
https://doi.org/10.17603/ds2-j95s-sp06
https://doi.org/10.1016/j.cageo.2013.11.009
https://doi.org/10.1016/j.cageo.2013.11.009
https://doi.org/10.1007/s11111-009-0099-8
https://doi.org/10.1023/B:NHAZ.0000026792.76181.d9
https://www.mdpi.com/2076-3263/8/8/294
https://www.mdpi.com/2076-3263/8/8/294
https://doi.org/10.1007/s11069-018-3371-3
https://doi.org/10.1007/s11069-018-3371-3
https://doi.org/10.6028/NIST.SP.1230-3
http://www.jstor.org/stable/43197095
http://www.jstor.org/stable/43197095
https://doi.org/10.1080/23789689.2017.1418547


Natural Hazards	

1 3

Link, B. G., Phelan, J. (1995). Social Conditions as Fundamental Causes of Disease. Journal of Health 
and Social Behavior, 80–94. doi:https://​doi.​org/​10.​2307/​26269​58

Little RG, Loggins RA, Mitchell JE, Ni N, Sharkey TC, Wallace WA (2020) CLARC: An Artificial 
Community for Modeling the Effects of Extreme Hazard Events on Interdependent Civil and Social 
Infrastructure Systems. J Infrastruct Syst 26(1):04019041. https://​doi.​org/​10.​1061/​(ASCE)​IS.​1943-​
555X.​00005​19

Liu D, Li Y (2015) Social Vulnerability of Rural Households to Flood Hazards in Western Mountainous 
Regions of Henan Province, China. Nat Hazards Earth Syst Sci Discuss 3:6727–6744

Mahmoud H, Chulahwat A (2018) Spatial and Temporal Quantification of Community Resilience: 
Gotham City under Attack. Computer-Aided Civil and Infrastructure Engineering 33(5):353–372. 
https://​doi.​org/​10.​1111/​mice.​12318

Mileti D (1999) Disasters by Design: A Reassessment of Natural Hazards in the United States. The 
National Academies Press, Washington, DC

Montz, B. E., Evans, T. A. (2001). Gis and Social Vulnerability Analysis. in Coping With Flash Floods, 
E. Gruntfest & J. Handmer (Eds.) (pp. 37–48). Dordrecht: Springer Netherlands.

Morrow BH (1999) Identifying and Mapping Community Vulnerability. Disasters 23(1):1–18. https://​
doi.​org/​10.​1111/​1467-​7717.​00102

Myers CA, Slack T, Singelmann J (2008) Social Vulnerability and Migration in the Wake of Disaster: 
The Case of Hurricanes Katrina and Rita. Popul Environ 29(6):271–291. https://​doi.​org/​10.​1007/​
s11111-​008-​0072-y

National Research Council (2006) Facing Hazards and Disasters: Understanding Human Dimensions. 
The National Academies Press, Washington, DC

Ogie RI, Pradhan B (2019) Natural Hazards and Social Vulnerability of Place: The Strength-Based 
Approach Applied to Wollongong, Australia. International Journal of Disaster Risk Science 
10(3):404–420. https://​doi.​org/​10.​1007/​s13753-​019-​0224-y

Oliver-Smith A (2009) Nature, Society, and Population Displacement: Towards Understanding of Envi-
ronmental Migration and Social Vulnerability. United Nations University Institute for Environment, 
Bonn, Germany

and Human Security (UNU-EHS).
Peacock WG, Brody SD, Highfield W (2005) Hurricane Risk Perceptions Among Florida’s Single Fam-

ily Homeowners. Landsc Urban Plan 73(2):120–135. https://​doi.​org/​10.​1016/j.​landu​rbplan.​2004.​
11.​004

Peek L (2008) Children and disasters: Understanding Vulnerability, Developing Capacities, and Promot-
ing Resilience - An introduction. Child Youth Environ 18(1):1–29

Perry, J. (2021). Trust in Public Institutions: Trends and Implications for Economic Security. United 
Nations Department of Economic Social Affairs (DESA) Policy Brief. doi:https://​doi.​org/​10.​18356/​
27081​990-​108

Rufat S, Tate E, Emrich CT, Antolini F (2019) How Valid Are Social Vulnerability Models? Ann Am 
Assoc Geogr 109(4):1131–1153. https://​doi.​org/​10.​1080/​24694​452.​2018.​15358​87

Rufat, S., Tate, E., Emrich, C. T., Antolini, F. (2021). Answer to the CDC: Validation Must Precede Pro-
motion. Annals of the American Association of Geographers, 111(4), em-vii-em-viii. doi:https://​
doi.​org/​10.​1080/​24694​452.​2020.​18572​21

Schmidtlein MC, Shafer JM, Berry M, Cutter SL (2011) Modeled Earthquake Losses and Social Vulner-
ability in Charleston. South Carolina Applied Geography 31(1):269–281. https://​doi.​org/​10.​1016/j.​
apgeog.​2010.​06.​001

Schneiderbauer S, Ehrlich D (2006) Social Levels and Hazard (In)dependence in Determining Vulnera-
bility. In: Birkmann J (ed) Measuring Vulnerability to Natural Hazards: Towards Disaster Resilient 
Societies. United Nations University Press, Tokyo, pp 78–102

Spielman SE, Tuccillo J, Folch DC, Schweikert A, Davies R, Wood N, Tate E (2020) Evaluating social 
vulnerability indicators: criteria and their application to the Social Vulnerability Index. Nat Haz-
ards 100(1):417–436. https://​doi.​org/​10.​1007/​s11069-​019-​03820-z

Squires, G., Hartman, C. (2006). There is No Such Thing as a Natural Disaster: Race, Class, and Hur-
ricane Katrina: Routledge.

Sun Y, Chau PH, Wong M, Woo J (2017) Place- and Age-Responsive Disaster Risk Reduction for Hong 
Kong: Collaborative Place Audit and Social Vulnerability Index for Elders. International Journal of 
Disaster Risk Science 8(2):121–133. https://​doi.​org/​10.​1007/​s13753-​017-​0128-7

Sutley, E. J., Dillard, M. K., van de Lindt, J. W. (2021). Community Resilience-Focused Technical 
Investigation of the 2016 Lumberton, North Carolina Flood: Community Recovery One Year Later. 
NIST Special Publication, 1230(2)

https://doi.org/10.2307/2626958
https://doi.org/10.1061/(ASCE)IS.1943-555X.0000519
https://doi.org/10.1061/(ASCE)IS.1943-555X.0000519
https://doi.org/10.1111/mice.12318
https://doi.org/10.1111/1467-7717.00102
https://doi.org/10.1111/1467-7717.00102
https://doi.org/10.1007/s11111-008-0072-y
https://doi.org/10.1007/s11111-008-0072-y
https://doi.org/10.1007/s13753-019-0224-y
https://doi.org/10.1016/j.landurbplan.2004.11.004
https://doi.org/10.1016/j.landurbplan.2004.11.004
https://doi.org/10.18356/27081990-108
https://doi.org/10.18356/27081990-108
https://doi.org/10.1080/24694452.2018.1535887
https://doi.org/10.1080/24694452.2020.1857221
https://doi.org/10.1080/24694452.2020.1857221
https://doi.org/10.1016/j.apgeog.2010.06.001
https://doi.org/10.1016/j.apgeog.2010.06.001
https://doi.org/10.1007/s11069-019-03820-z
https://doi.org/10.1007/s13753-017-0128-7


	 Natural Hazards

1 3

Sutley EJ, Hamideh S (2018) An Interdisciplinary System Dynamics Model for Post-disaster Housing 
Recovery. Sustainable and Resilient Infrastructure 3(3):109–127. https://​doi.​org/​10.​1080/​23789​689.​
2017.​13645​61

Sutley, E. J., Hamideh, S. (2020). Postdisaster Housing Stages: A Markov Chain Approach to Model 
Sequences and Duration Based on Social Vulnerability. Risk Analysis(40), 2675–2695. doi:https://​doi.​
org/​10.​1111/​risa.​13576

Tate E (2012) Social Vulnerability Indices: A Comparative Assessment Using Uncertainty and Sensitivity 
Analysis. Nat Hazards 63(2):325–347

Tate E (2013) Uncertainty Analysis for a Social Vulnerability Index. Ann Assoc Am Geogr 103(3):526–
543. https://​doi.​org/​10.​1080/​00045​608.​2012.​700616

Tierney K (2014) The Social Roots of Risk. Stanford University Press, In The Social Roots of Risk
Tierney KJ, Oliver-Smith A (2012) Social Dimensions of Disaster Recovery. Int J Mass Emerg Disasters 

30(2):123–146
Tormos-Aponte F, García-López G, Painter MA (2021) Energy Inequality and Clientelism in the Wake of 

Disasters: From Colorblind to Affirmative Power Restoration. Energy Policy 158:112550. https://​doi.​
org/​10.​1016/j.​enpol.​2021.​112550

van de Lindt, J., Peacock, W., Mitrani-Reiser, J., Rosenheim, N., Deniz, D., Dillard, M., Fung, J. (2018). 
The Lumberton, North Carolina Flood of 2016: A community Resilience Focused Technical Investiga-
tion. NIST Special Publication, 1230(1). doi:https://​doi.​org/​10.​6028/​NIST.​SP.​1230

van de Lindt, J. W., Peacock, W. G., Mitrani-Reiser, J., Rosenheim, N., Deniz, D., Dillard, M., . . . Fung, J. 
(2020). Community Resilience-Focused Technical Investigation of the 2016 Lumberton, North Caro-
lina, Flood: An Interdisciplinary Approach. Natural Hazards Review, 21(3), 04020029. doi: https://​doi.​
org/​10.​1061/​(ASCE)​NH.​1527-​6996.​00003

Van Zandt S (2019) Impacts on Socially Vulnerable Populations. In: Lindell M (ed) The Routledge Hand-
book of Urban Disaster Resilience Integrating Mitigation, Preparedness, and Recovery Planning. Rout-
ledge, London, p 440

Van Zandt S, Peacock WG, Henry DW, Grover H, Highfield WE, Brody SD (2012) Mapping Social Vulner-
ability to Enhance Housing and Neighborhood Resilience. Hous Policy Debate 22(1):29–55. https://​
doi.​org/​10.​1080/​10511​482.​2011.​624528

Watson, M., Crawford, S., Sutley, E., Loerzel, J. (2022). Community Resilience-Focused Technical Inves-
tigation of the 2016 Lumberton, North Carolina Flood: Occupancy and Operational Status During the 
COVID-19 Global Pandemic. NIST Special Publication, 1230(4).

Wilson, M., Lane, S., Mohan, R., Sugg, M. (2020). Internal and External Validation of Vulnerability Indi-
ces: A Case Study of the Multivariate Nursing Home Vulnerability Index. Natural Hazards, 100(3), 
1013–1036. https://​doi.​org/​10.​1007/​s11069-​019-​03837-4

Wu S-Y, Yarnal B, Fisher A (2002) Vulnerability of Coastal Communities to Sea-level Rise: A Case Study 
of Cape May County, New Jersey, USA. Climate Res 22(3):255–270

Yellow Horse, A. J., Deschine Parkhurst, N. A., Huyser, K. R. (2020). COVID-19 in New Mexico Tribal 
Lands: Understanding the Role of Social Vulnerabilities and Historical Racisms. Frontiers in Sociol-
ogy, 5. https://​doi.​org/​10.​3389/​fsoc.​2020.​610355

Zahran S, Brody SD, Peacock WG, Vedlitz A, Grover H (2008) Social Vulnerability and the Natural and 
Built Environment: A Model of Flood Casualties in Texas. Disasters 32(4):537–560. https://​doi.​org/​10.​
1111/j.​1467-​7717.​2008.​01054.x

Zuzak C, Goodenough E, Stanton C, Mowre M, Ranalli N, Kealey D, Rozelle J (2021) National Risk Index 
Technical Documentation. Federal Emergency Management Agency. https://​www.​fema.​gov/​sites/​defau​
lt/​files​‌/​docum​ents/​‌fema_​natio​nal-​risk-​index_​techn​ical-​docum​entat​ion.​pdf

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under 
a publishing agreement with the author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of such publishing agreement and applicable 
law.

https://doi.org/10.1080/23789689.2017.1364561
https://doi.org/10.1080/23789689.2017.1364561
https://doi.org/10.1111/risa.13576
https://doi.org/10.1111/risa.13576
https://doi.org/10.1080/00045608.2012.700616
https://doi.org/10.1016/j.enpol.2021.112550
https://doi.org/10.1016/j.enpol.2021.112550
https://doi.org/10.6028/NIST.SP.1230
https://doi.org/10.1061/(ASCE)NH.1527-6996.00003
https://doi.org/10.1061/(ASCE)NH.1527-6996.00003
https://doi.org/10.1080/10511482.2011.624528
https://doi.org/10.1080/10511482.2011.624528
https://doi.org/10.1007/s11069-019-03837-4
https://doi.org/10.3389/fsoc.2020.610355
https://doi.org/10.1111/j.1467-7717.2008.01054.x
https://doi.org/10.1111/j.1467-7717.2008.01054.x
https://www.fema.gov/sites/default/files‌/documents/‌fema_national-risk-index_technical-documentation.pdf
https://www.fema.gov/sites/default/files‌/documents/‌fema_national-risk-index_technical-documentation.pdf

	Social vulnerability score: a scalable index for representing social vulnerability in virtual community resilience testbeds
	Abstract
	1 Introduction
	2 Background on social vulnerability
	2.1 Social vulnerability drivers
	2.2 Social vulnerability measurement

	3 Social vulnerability score development
	3.1 Construction method
	3.2 Indicators and their measurement units
	3.3 Weighting and aggregation

	4 Validation of social vulnerability score
	4.1 Background on lumberton longitudinal field study
	4.2 Social vulnerability score
	4.3 Household dislocation
	4.4 Physical damage and repair time of residential dwellings

	5 Conclusions
	Acknowledgements 
	References


