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Abstract—Present measures of community resilience – that is, 

how communities respond or adapt to changes as well as recover 
from disasters – are often too shallow and fail to account for the 

gamut of variables contributing to community health. We argue 

that this problem stems from attempting to measure community 

resilience with an overly simplistic assessment. It is 

understandably difficult to construct a predictive model of 
community resilience. Such a model would need to be composed 

of variables that represent a range of elements which capture 

the community’s ability to respond to and/or overcome natural 

or man-made disasters/disruptions, including factors spanning 

the resilience or (in)vulnerability of houses and buildings, roads 
and bridges, emergency services, electrical grids, computer and 

information exchange networks, potable water distribution 

systems, sanitation systems, and so on. Furthermore, the 

resilience associated with the aggregate human/social spirit of a 

community is often marginalized or, in some cases, ignored 
completely. The disparate nature of such a broad range of 

variables is that they are measured on different scales, with 

incongruent units, collected from diverse sources, at dissimilar 

time intervals. The current paper addresses all three of the 

challenges associated with (1) incorporating human and social 
elements of community resilience, (2) representing the 

complexity of community (social) resilience variables in a single 

common latent variable construct model that addresses concerns 

about disparate scales, units, sources, and types of data, and (3) 

creating useful models for both characterizing and predicting the 
resilience of a given community. We achieve this by 

demonstrating a novel technique for translating extant data 

such that the entire gamut of relevant variables are expressed in 

terms of their impact on human capital. Our technique then 

utilizes structural equation modeling techniques to construct 
causal (and thus, descriptive and predictive) models of 

community resilience.  
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I.  INTRODUCTION 

Global changes including international tensions and 

climate related stresses increasingly impact American  
communities. Policy makers and the public are also 

increasingly concerned with the health of American cities in 

regards to aging American infrastructure amidst rapid 
technological developments. To address these problems, 

policy makers and researchers have begun investing in 
community resilience—that is, investments towards 

understanding and improving how communities respond and 
adapt to changes as well as recover from disasters  [1]–[3]. 

Improvements in physical engineering and city infrastructure 

are often the first consideration for improving community 
resilience. For instance, improved road systems allow for 

easier access both in to and out of a city, earthquake-proof 

buildings reduce risks of structure collapse in the event of an 
earthquake, and investments in emergency services increase 

community response time in the event of disasters or threats. 
Engineered infrastructures in urban communities are 

necessary ingredients of community resilience in the presence 
of stressors such as such as economic downturns, natural or 

man-made disasters, or Carrington Event-like phenomena. 

However, the ultimate criteria for resilience are the 
preservation (or restoration) of the human population affected 

by such stressors. Indeed, it is for the benefit of the human 
population that infrastructure systems even exist; it is human 

welfare and quality of life which are ultimately served by 
fortifying critical infrastructures against stressors. 

Social science has a well-established body of literature 
demonstrating the strong relationship between an individual’s 

social resilience and the role of protective factors related to 

their assemblage of health, well-being, and livelihood 
‘competencies’, ‘assets’, ‘resources’, or ‘endowments’ 

collectively referred to as human capital [1][2][4]–[9] and 
social capital [10]–[13]. Thus, human and social capital are 

both recognized as crucial in achieving resilience and, through 
their dynamic interplay, enable a community to respond 

positively to risks and alter or reduce the effects of adversity 

[3][6]. Furthermore, individuals are responsible for 
maintaining and increasing human capital within communities  

[5][14], and human capital is vital for economic growth [15]. 
As human capital increases, community conditions improve 

and new opportunities become available for individuals [16], 
[17]. In turn, individuals who are higher in human capital are 

more likely to recognize and exploit new opportunities when 

they become available within the community [18].  
As such, we argue that humans are both the source of 

community resilience and the beneficiaries of it. Nevertheless, 
a major, often unconsidered, aspect of community resilience 

is social and human capital. A paucity of adequately 
comprehensive measures of human and social capital creates 

a major obstacle in assessing community resilience. Present 
measures fail to capture the intricate relationships between 

objective quality of life measures, subjective well-being, 

general political and economic climates, and community  
demographic factors. Indeed, traditional systems-of-systems 

models integrating aspects of engineered infrastructures with 
human behavior are often over-simplified representations of 

what in actuality are very complex aspects of the social and 
physical world [19].  
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A single measure or survey of human and social capital is 

an impractical goal for researchers; it is unlikely any one 
measure could be both comprehensive enough and time-

efficient to administer. We embrace more multifaceted  
representations of human behavior with more complex 

models. Our model of human capital assimilates data of 
disparate forms, using disparate units of measure, collected 

from disparate sources, at disparate scales , and integrates them 

for the purpose of developing a complex, system-of-systems 
representation of community health, well-being, and 

livelihood. Importantly, our complex models are (first and 
foremost) explicitly motivated by extant scientific literature, 

and further derived based on data-driven insights from well-
established public data sets comprising records from 30 

different collection activities spanning 42 years (from 1972 to 
2014) across nine different divisions of the United States 

Census Bureau and assimilated into a single data repository 

called the General Social Survey (GSS) [20], as well as 
historical data from the U.S. Bureau of Labor Statistics 

[21][22] and the World Bank Open Data repository [23].  
Using this well-pedigreed data model (c.f., Section II), in 

Section III we then present a technique for transforming the 
multifaceted, disparate data into ordinal measures of a single 

common construct: human capital. Once transformed, we next  

employ advanced statistical techniques in Section IV to 
characterize both the strength and direction of relationships of 

community resilience factors (i.e., human and social capital, 
economic climate, political climate, etc.), which allows us to 

capture causal (thus, descriptive and predictive) models of the 
social side of community resilience. Section IV presents the 

results of our initial SEM analysis and discusses some of the 

limitations associated with the approach. Section V concludes 
by situating our work in current and prior literature, and makes 

recommendations on future directions for this sort of research. 

II. SOCIAL FACTORS OF COMMUNITY RESILIENCE 

We define social aspects of community resilience using a 
combination of theory and available data (e.g., survey data, 

public reports, and scientific findings). To begin, we briefly  
elaborate on the theoretical definitions for the community 

resilience factors in the present study. Also, we elaborate upon 
the types of data employed to create these factors.  

A. Constituants of Human Capital: SWB and SOL 

Folds and Thompson  [2] argue that human capital is a 

complex latent (i.e., not directly observable) construct that can 
be split into two factors: objective quality of life 

measurements (i.e., standard of living) and subjective well-

being measures. These two factors can be further broken down 
into sub-factors to account for the broad range of resilience-

protective factors related to the assemblage of health, well-
being, and livelihood for a given community: 

1) Subjective well-being (SWB): The subjective emotions 

and attitudes a person maintains in regards to their own life 

are collectively referred to as “subjective well-being” 

[24][25]. Using the GSS and other public data resources, we 

integrate at least 25 manifest indicators of general happiness 

and overall satisfaction with their personal life. The manifest  

indicators are organized into latent variable constructs 

representing four principal constituents of subjective well-

being [26][27], as initially operationalized by Folds and 

Thompson [2] for use in our human capital modeling efforts:  

a) Affective Experiences: the longer-term experiences 

of pleasant affect (as well as a lack of unpleasant affect) as 

indicated, for example, via a person’s general perceived 

happiness in life, in their marriage, and with their cohabitation 

companion (e.g., partner or roommates).  

b) Global Life Judgements: a person’s judgements 

about their sense of purpose and general feelings of optimism 

towards the future. Examples of global life judgements 

include a person’s overall belief regarding how interesting 

they find their own life in general (e.g., whether they consider 

life to be dull, routine, or exciting), and judgements about the 

general nature of humanity (whether they believe most other 

people to be trustworthy, fair, and helpful).  

c) Cognitive Appraisals: a person’s subjective self-

assessment of their own current socioeconomic state relative 

to their life goals, as well as broader social comparisons. 

Determinants include financial status self-appraisals, 

appraisals regarding their career and wages, social status self-

appraisals (e.g., social rank and social class), and self-

appraisals regarding the relative quality of their domicile.  

d) Domain Specific Satisfaction: the degree of 

fulfillment or contentment with important social elements 

such as satisfaction with their family life, friends hips, 

recreational interests, job, health, and their city of residence.  

2) Objective measures of quality of life and standard of 

living (SOL): Measures of subjective well-being should be 

complemented with objective measures like income and 

property value when evaluating community health and 

livelihood [28]–[30]. When used in tandum with subjective 

measures such as SWB, objective measures of standard of 

living (SOL) allow researchers to assess the degree to which 

a person’s beliefs about present life conditions (e.g., a 

person’s belief that they are in the upper-middle class) maps 

on to objective information about their tangible present life 

conditions (e.g., actual earning wage and property value). We 

operationalize SOL using 17 indicators from the GSS data to 

capture objective measures of individual quality of life and 

standard of living in our human capital model. These 

indicators include, for example, records of individual’s  

highest education level attained, the number of people living  

in their household, type of dwelling (and whether owned or 

rented), various employment characteristics (part time, full 

time, student/homemaker, unemployed, retired, etc.), and 

constant (i.e., annual inflation adjusted) income in dollars. 

Standard of living is closely connected with subjective well-

being—that is, decreases in objective standard of living 

results in reduced subjective feelings of well-being and 

increased mental health risks which, which then in turn can 

further reduce objective standards of living [31]–[35].  
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In addition to SWB and SOL, we must also consider other 

important elements of the social side of community resilience. 
The next section addresses many of these additional factors. 

B. Other Socially Oriented Community Resilience Factors 

Together, subjective well-being (SWB) and standard of 

living (SOL) capture the respective subjective and objective 
aspects of Human Capital; but, this is only a part of what 

comprises the social side of community resilience. We must 
not neglect consideration of individual and community 

demographics, nor the greater context the community; we 
need to account for demographic information as well as social 

perceptions of the national economic conditions, the general 

political climate, and the general security atmosphere. 

1) Demographics: these characteristics form the basis by 

which “communities” are defined in the first place. As such, 

it is important to have access to information at the individual 

and aggregate level about community demographics 

including aspects of personal identity (e.g., ethnicity, age, 

gender, marital status), geographic identity (e.g., 

city/community size and geolocation), and cultural identity 

(e.g., political and religious affiliations, preferences and 

practices). Using items from the GSS, we operationalize 

community demographics at the national and regional levels.  

2) Larger contextual environment: the general political 

climate incorporates public opinion regarding the utility and 

morality of national programs (e.g., satisfaction with  

healthcare and transportation services) as well as general 

attitudes about the government (e.g., public trust and 

perceptions that social liberties are protected). The general 

political climate influences—and is also influenced by—the 

general economic climate and the general security climate. To 

represent the general economic climate, we access national 

level historical information from the U.S. Bureau of Labor 

Statistics [21][22] and the World Bank Open Data repository 

[23]. This includes annually recorded economic data such as 

national unemployment rates, consumer price indices, 

inflation rates, prime lending interest rates, and annual gross 

domestic product (GDP) per capita. Our representation of the 

general security climate incorporates community exposure to 

crimes, feelings of fear, and beliefs of the efficacy of the court 

system as constructed from data immediately available 

within the GSS.   

III. METHODS 

A. Principal Data Source 

The General Social Survey has been administered to a 

representative sample of the American public from 1972 

through 2016. The present study used data from the years 

1972 through 2014. Survey items include feelings about 

national spending, community safety, membership and 

engagement in social groups, income and subjective feelings 

of financial health. We selected this survey because it offers 

a long-term examination of social changes within American  

communities while also providing us with important  

information that can be adapted to represent the theoretical 

underpinnings of human and social capital. The GSS consists 

of hundreds of questions with varying degrees of 

hypothesized relationships to community resilience. For 

instance, a person’s astrological sign is unlikely to be 

indicative of their subjective well-being or objective quality 

of life. For this reason, we went through each question 

surveyed on the General Social Survey looking for those that 

were most representative of our theoretical conceptions of the 

community resilience factors. Items were selected based on 

evidence from existing scientific literature and a-priori 

hypotheses about the theoretical makeup of identified  

community resilience factors. 

B. Transforming Dissimilar Data Into a Common Form 

Responses to selected items on the GSS were next  

transformed into ordinal variables—that is, we translated 

(typically categorical) data into their corresponding linearly  

ranked associated to either SWB or SOL. Transformations  in 

this case were generally informed by the GSS data itself (e.g., 

people of lower income score lower in objective quality of 

life than people with higher income; people with more 

positive global life judgements score higher on subjective 

well-being than people with more neutral or negative global 

life judgements). All ordinal transformations were further 

vetted using a top-down approach where we identified 

predominant scientific studies examining the relationship 

between variables of interest and their hypothesized 

community resilience factors. Using age variables as an 

example, we ordinally transformed age response categories 

in terms of their hypothesized human and social capital 

clusters, resulting in 5 groups with people between the ages 

of 15 and 20 having the lowest value (i.e., “1”) and people 

between the ages of 60 and 75—retired and still healthy—

having the highest value (i.e., “5”).  

This transformation step has three important 

characteristics: (1) it relies on a systematic, principled, and 

scientifically-grounded mapping of survey item responses to 

their appropriately ranked (ordinal) impacts on a common 

construct (human capital), (2) it is extensible to any data type, 

as long as a relationship can be defined in terms of direction 

and magnitude of influence on a factor or sub-factor within  

the human capital model (3) once transformed, it allows  

researchers to employ advanced statistical techniques (such 

as structural equation modeling) to create causal models with 

predictive capabilities. Fig. 1 illustrates the social aspects of 

community resilience; the full list of factors considered for 

the model (discussed in Section II) consists of 68 variables . 

Because documentation for these factors is voluminous (it is  

more than 26 pages alone), we provide the factors, the GSS 

survey items (and response options) associated with those 

factors, and literature and data-derived rationale for the 

transformation of the typically non-linear (categorical, or 

nominal) data into linear (polytomous, or ordinal) data for our 

model in a supplementary package accompanying this paper.
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Figure 1.  Factors associated with the social side of community resilience. 

 

C. Causal/Predictive Modeling for Community Resilience 

Any ordinally transformed variable—like the age 

variable in our earlier example—can be employed in complex 

statistical analyses including structural equation models of 

community resilience. Structural equation modeling (SEM) 

allows for objective item selection based on the degree to 

which items “load” onto their respective factors (i.e., the 

strongest predictive relationships to underlying theoretical 

factors will have the highest factor loadings). Additionally, 

SEM models provide information about the viability of 

hypothesized relationships between variables and factors via 

model fit indices. All our statistical analyses were performed  

in R to make our findings easily accessible, replicable, and 

repeatable.  
SEM provides information about the direction and 

strength of relationships between variables and factors (either 
directly observable or latent) while assessing the viability of 

causal relationships among variables and factors  [36]. 

Relationships are assumed to be linear so that changes at the 
start of a path result in linear changes in variables or factors at 

the end of a path [37]. To accomplish this, structural equations 
are computed allowing relationships to be both tested and 

graphically modeled [38]. When modeling causal 
relationships or in situations where unknown amounts of error 

exists in variables and factors of interest, SEM is generally 
superior to regression [38] making SEM a popular and 

accepted technique for behavioral and social 
modeling[39][40]. Because SEM uses a confirmatory  

approach toward hypothesis and model testing [37][38], it has 
proven to be an ideal method for modeling hypothesized 

human capital [14]. 

The best fitting SEM model is also the most parsimonious 

model because it accounts for the most variance between 

factors using the fewest causal paths. Generally, when sample 

sizes are large—as would be expected in human and social 

capital contexts—the χ2 test is biased and, while still 

reported, is generally not used to assess model fit  [37][38], 

[41]–[46]. Instead, we rely on the comparative fit index (CFI;  

[47]) and root mean square error of approximation (RMSEA;  

[48]) to assess model fit. The CFI tests complete covariation 

between a hypothesized model and actual data providing a 

value constrained between 0 and 1.00. Values greater than 

0.95 generally indicate a well-fitting model [38][42]. 

RMSEA—the best measure of model fit [38]—examines the 

extent that models fit a hypothesized population covariance 

matrix [49]. Discrepancies between population and model 

covariance matrices are reported as a number constrained 

between 0.00 and 1.00. Models with RMSEA values between 

0.05 and 0.08 are considered to have adequate fit; models 

with values less than 0.05 have nearly ideal model fit [49]. 

SEM also provides information about the viability of 

hypothesized relationships between ordinally transformed 

survey items and community resilience factors . That is, the 
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items that best represent a hypothesized factor will also have 

the highest factor loading in the model. Items with weak or 

non-existing (i.e., not significant) relationships to 

hypothesized sub-factors can be objectively eliminated using 

this approach.  

Ordinal transformation also allows for aggregate 

examinations into community resilience factors of interest. 

Once transformed, survey items can be furthered centered to 

the mean (i.e., subtracting a mean constant from a variable of 

interest) and then objectively combined (i.e., summed) to 

form an indicator of total community resilience in an area. 

Total scores for individual community resilience factors can 

also be examined allowing for easy graphical representation 

(e.g., what would be accomplished using a choropleth map) 

for factors of interest in communities or regions of interest.  

IV. RESULTS 

We transformed items from the General Social Survey 

from years 1972 through 2014 into polytomous, ordinal 

measures of human and social capital, as well as the general 

political economic, and security climates. We tested the 

relationships between these variables and their hypothesized 

factors using a structural equation model (SEM). Model fit  

statistics regarding the χ2 test for goodness of fit and the root 

mean square error (RMSE) for the model were adequate, 

though the low score for the comparison fit index (CFI) 

indicates that a model derived from less sparse data—e.g., a 

model that incorporates additional data sources along with 

the GSS—would likely be a better fit (χ2 = 251851, df = 1476, 

p < 0.00; CFI = 0.445; RMSEA = 0.053). We explore such 

models in subsequent research  [50]. Fig. 2 shows a graphical 

representation of the latent variables within our structural 

equation model, as well as information about the strength of 

our hypothesized relationships between factors (e.g., 

subjective well-being, standard of living, demographic data, 

and the general political, economic, and security climates – 

all factors are statistically significant). 

As is common when relying on a single data source, 

questions on the General Social Survey were not consistently 

 

 
Figure 2.  SEM latent variable model with factor weightings. 

asked across years, leaving information for many important  

items unavailable. Thus, even comprehensive surveys like 

the GSS are often not enough to model community resilience 

when used in isolation. We argue that future researchers 

would greatly benefit from either (1) combining multiple 

surveys, reports, and data sources to create a fully 

comprehensive measure or, (2) simulating data based on 

available population statistics . The methods presented in this 

paper support either initiative; we explore the latter in 

subsequent research [50]. 

V.  CONCLUSION 

We present a technique for transforming disparate 

survey data into measures of human and social capital in a 

community resiliency context. This technique allows  

researchers flexibility to create complex and 

representationally accurate models of human and social 

capital using readily available data. Our technique fulfills  

many of the requirements for advancing social science 

research, including methods for enabling researchers to 

analyze data consisting of huge sample collected over 

multiple points in time (i.e., large-N and multiple-T; [19]). 

We also advance social science research because our 

technique can be quickly utilized to extend exploratory and 

predictive analyses for researchers interested in human and 

social capital [19]. Researchers interested in applying this 

technique for data exploration and prediction should refer to 

a subsequently submitted paper [50].   

Our technique was tested using Folds and Thompson’s  

[2] structural equation model of human and social capital. We 

also incorporated model structure proposed by McDermott  

and colleagues [51] who argue that community resilience is 

composed of an interaction of systems including human and 

social capital, built environments, and city infrastructure. Our 

technique and model fit statistics demonstrate reasonably 

good support for these existing models of human capital and 

community resilience.  

We argue that researchers using this technique in the 

future—especially those researchers using our technique for 

simulated data—should incorporate a structural equation 

model to both check findings and provide further tests of 

reliability and replicability.  
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