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Abstract: Understanding how vulnerability conditions are related to disruptions in social support and trajectories of recovery after disasters
is important for promoting resilience. Based on household survey data from New Jersey counties impacted by Superstorm Sandy, a hier-
archical clustering method was utilized to classify recovery trajectories as well as common patterns of social support reflecting contrasting
dimensions of social capital over time. Residents with a higher level of home damage relied largely on institutional sources for material
and information support over the course of recovery. Younger and higher-income residents had a higher proportion of informal sources,
particularly for emotional support. Patterns of social support were associated with recovery trajectories when vulnerability and disaster impact
were controlled, where institutional sources for material and informational support combined with informal sources for emotional support
were associated with quicker recovery trajectories. Results provide implications for bonding and bridging forms of social capital in recovery
and motivate research and investments for assessing and cultivating both informal relations and institutional networks from which postdisaster
social support can be mobilized. DOI: 10.1061/(ASCE)NH.1527-6996.0000548. © 2022 American Society of Civil Engineers.
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Introduction

Social capital, or value embedded within social structures (Woolcock
and Narayan 2000), emerges as important for individuals and com-
munities in the aftermath of natural disasters. Social capital influen-
ces economic and social activities after disasters as a function of the
trust, norms, and relationships in networks (Nakagawa and Shaw
2004). The definition of social capital by Bourdieu (1985) addresses
resources that result from a durable set of network relationships.
Several elements comprise social capital and influence the extent
and utilization of these resources, including the number and readi-
ness of people to provide help, the available resources, and the den-
sity of the social network (Bourdieu 1985).

The operation of these elements of social capital is constrained
in disaster situations. For example, the level of damage influences

the motivation of impacted individuals to cooperate and coordinate
social capital resources (Kawamoto and Kim 2015). Potential sour-
ces of aid, like personal contacts and institutionalized relief, tend to
be limited in their ability to organize and assist. Likewise, in more
impacted areas where residents are displaced, social capital can also
be difficult to mobilize logistically (Aldrich 2011).

The exchange of social support in an individual’s interpersonal
and broader social ties is a behavioral manifestation of various el-
ements of social capital. In other words, social support is a dynamic
set of resources, like information sharing and esteem building, that
can be derived from a person’s network. Receiving social support is
crucial to long-term coping with adverse situations including natu-
ral disasters (e.g., Kaniasty and Norris 1993). Theoretical models
conceptualize recovery as a process (Kates et al. 2006; Quarantelli
1990), suggesting that the trajectory of recovery varies across
individuals and social groups. Beyond physical and material factors
such as the magnitude of damage and the restoration and recon-
struction capacity of communities, vulnerability and protective
factors impact the extent to which individuals can access recovery
resources (Kates et al. 2006).

Prevalent vulnerabilities for disaster recovery include demo-
graphic factors like marginalized race or ethnicity and lower socio-
economic status and community attributes like higher population
density (Cutter and Finch 2008), whereas examples of protective
factors include better mental health and more social support
(Hetherington et al. 2018). The loss of social networks is well-
established as contributing to lower quality of life during long-term
recovery (e.g., Stough et al. 2017). However, the extent to which
social support and recovery move in tandem or in conflict with each
other over time is less clear due to scant research empirically
tracking received social support and recovery outcomes across
multiple time points. In addition, it is important to examine how
vulnerable populations may be disproportionately affected by dis-
ruptions in social support in an extended period of time. In other
words, are there any identifiable patterns in which social support of
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certain types and from certain sources diminishes over time for
households from different demographic and socioeconomic back-
grounds? How do these changes in social support influence the
course of recovery? Understanding the relationship among vulner-
ability conditions, social support, and recovery has implications for
promoting long-term resilience and rebuilding outcomes.

Superstorm Sandy provides a useful context for examining
long-term social support and recovery because it was one of the most
damaging hurricanes in history and the recovery was, and continues
to be, lengthy and arduous. Superstorm Sandy made landfall in the
US on October 29, 2012, producing record high tide levels and
powerful storm surges along the New Jersey and New York coast-
lines (Blake et al. 2013). Over 1 year later, only half of the survivors
who requested assistance from the Federal Emergency Management
Agency received it, leaving 30,000 residents of New York and New
Jersey displaced (McGeehan and Palmer 2013). And 5 years after the
hurricane, former residents still struggled to rebuild and remained
displaced (Devecka-Rinear et al. 2017).

This study develops and predicts typologies of social support
garnered in long-term recovery based on retrospective survey data
collected from households impacted by Superstorm Sandy. The
data capture three dimensions of social support (i.e., instrumental,
emotional, and informational). In addition, three major sources
(i.e., informal, institutional, and online ties) of received support
are measured, which reflect contrasting forms of social capital.
After discussing theoretical approaches to examining social support
and social capital over time, we test and answer two exigent ques-
tions: (1) whether and how indicators of vulnerability conditions
impacted the patterns of social support individuals accessed during
long-term recovery; and (2) whether and how these typologies
of social support influenced the reported trajectory of household
recovery.

Literature

Recovery and Support as Long-Term Processes

The disaster recovery process evolves over time as households and
communities move through various phases. Some definitions of
recovery phases are based on time following the disaster (Drabek
1986), and others emphasize the specific actions undertaken
(Dynes and Quarantelli 1989; Oloruntoba et al. 2018). These two
aspects are sometimes blended, as by Kates et al. (2006), who
identified a sequence that include the emergency phase (e.g., search-
ing and rescuing, and emergency sheltering), restoration phase
(e.g., returning and repairing), Reconstruction I (e.g., rebuilding
and replacing), and Reconstruction II (e.g., commemorating and
bettering, making improvements exceeding pre-event conditions,
and ending the recovery process). These phases are not always
distinct segments of similar durations but may overlap.

Further, both continuity and change characterize the pathways
to recovery and resilience, directing attention to the ways in which
communities may persist in a similar state or experience transfor-
mations in postdisaster periods (Masten and Obradović 2008). Due
to these fluctuations that exist in the recovery process, measuring
recovery at a particular point in time does not fully show the capac-
ity of individuals and communities to move forward after a crisis
(Marin et al. 2015). Adaptive capacity of households and commun-
ities, reflected in the length, patterns, and outcomes of the recovery
phases, can be influenced by the background conditions (e.g., vul-
nerabilities) as well as actions carried out before the event (e.g., mit-
igation and preparation), during the event, and in earlier recovery
phases (Neal 1997; Smith and Birkland 2012).

Protective factors such as social support provide a buffer against
adverse impacts. Similar to recovery, social support constitutes a
process over time. In long-term recovery, being able to receive sus-
tained support is important but challenging. The community sup-
port fostered during the response and relief phases of natural
disaster have been termed the honeymoon phase because volunteers
are more likely to commit to restoration during this time (Silver and
Grek-Martin 2015). Yet, community perceptions of togetherness
felt initially dwindle after disasters (Moore et al. 2004), implying
the difficulties of sustained support provision. Natural disasters
have been referred to as a “double jeopardy” for victims; victims
must have access to social support and yet the disaster likely weak-
ens their networks of support (Kaniasty and Norris 1993).

Recent research suggests that bonding social capital (e.g., seek-
ing resources from within one’s immediate network) and bridging
social capital (e.g., expanding efforts outside of one’s local net-
work) play different roles across disaster recovery phases (Nguyen-
Trung et al. 2020). Some suggest that collectively oriented
communities with close personal and family ties may have advan-
tages in long-term recovery, whereas more individualized commun-
ities may perform better in short-term recovery (Hill and Hansen
1962). After a tsunami in Chile, an important factor in explaining if
small-scale fishing organizations were able to achieve desirable
outcomes was whether they were able to maintain their pre-existing
level of social capital and gain access to potential resources (Marin
et al. 2015). Similarly, it can be reasoned that variation in the types
and sources of support provided to households over time likely in-
fluences recovery trajectories.

Empirical research observing the processes of social support and
long-term recovery is rare. Due to challenges associated with gath-
ering and analyzing data over long periods of time, studies have
largely collapsed the level or patterns of recovery and social sup-
port into aggregate indicators (Lee et al. 2019). These approaches
tend to assume a linear relation between social support and recov-
ery outcomes. However, attention is needed to the temporal dimen-
sions in studies of the recovery process, particularly the extent to
which pre-event vulnerability conditions and postevent conditions
of interest, like social support, contribute to long-term recovery
trajectories.

Linking Vulnerability with Types and Sources of
Long-Term Social Support after Disasters

This study unpacks social support by paying attention to both the
types and sources of social support. Social support is multidimen-
sional in the sense that people need multiple types of support. Three
differentiated types of support after disasters are typically identi-
fied: instrumental, emotional, and informational support (Norris
et al. 2008). These types of support provide individuals with resour-
ces, such as financial assistance, cathartic conversations, and
procedural clarification, that can facilitate their rebuilding and resil-
ience. In addition, households affected by disasters typically have
multiple types of support sources. Informal support may be re-
ceived from kin networks, friends, and neighbors (Quarantelli
1990). Personal social networks are often viewed as greater sources
of disaster relief than government agencies (Forgette et al. 2009;
Lee et al. 2020). Support can also be received from institutionalized
networks of agencies and programs offering disaster relief. Re-
search is also progressively emphasizing social support organized
through various online platforms after natural disasters (e.g., Taylor
et al. 2012).

The ability to obtain social support depends on a variety of fac-
tors. Survivors generally report experiencing much less aid than
they expected, with greater disaster exposure being associated with
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lower perceptions of support and social participation (Kaniasty
et al. 1990). Household damage after a tornado positively predicted
the receipt of instrumental support, like transportation, food, and
shelter (Lee et al. 2019). Along with disaster characteristics, differ-
ent types of support are subject to varying levels of demand
and supply depending on individual’s sociodemographic character-
istics that may make them vulnerable. Vulnerability refers to
external or contextual circumstances which make individuals or
social groups more susceptible to damage when being exposed
to disasters (Adger 2006; Cutter et al. 2003). Specific vulnerabil-
ities in long-term recovery include household poverty, land hold-
ings (i.e., rented or owned land), and ethnicity (Nguyen-Trung et al.
2020).

Some vulnerability conditions may preclude one from receiving
instrumental support in particular, as in the case of retired residents
having difficulty acquiring bank loans for rebuilding (Quarantelli
1999). Dimensions of support can also be differentiated by gender,
with females being more likely to receive emotional and informa-
tional support (Lee et al. 2019). Similarly, findings indicate that
informal support, or support originating from bonding ties that in-
volve kin and friend relationships, are more likely to be experi-
enced by people with low income and education (Marsden 1987;
Nakagawa and Shaw 2004).

Although these studies provide helpful insights on the relation-
ship between vulnerability conditions and social support, there is
limited knowledge about how these findings apply to long-term re-
covery after disasters. In addition, disaggregating the concept of
social support by types and sources can allow for a more nuanced
understanding of households’ postdisaster experiences. How does a
household’s access to social support over time depend on their vul-
nerabilities? Are there indicators of vulnerability conditions that
lead to rapidly diminishing social support, particularly for certain
types or sources of support? For example, the disaster situation may
present a quicker decline of informal support provision for vulner-
able populations. Hypothetically, the weakening of social networks
may be observed to a greater extent among low-income populations
due to a greater need to attend to immediate work and family con-
cerns such as securing economic and material resources. Because
examination of the full spectrum of social vulnerability conditions
(e.g., Cutter et al. 2003) in the social and built environment is
beyond the scope of the current study, the following hypothesis
focuses on demographic and socioeconomic characteristics:

Hypothesis 1 (H1). Indicators of households’ vulnerability con-
ditions (i.e., respondents’ age, sex, marital status, and household
income) will influence the pattern of social support received during
long-term recovery measured by changes in the types and sources
of support after disaster impact is controlled.

Patterns of Social Support and Trajectories of
Postdisaster Recovery

The strategies implemented throughout recovery are not always
equitable across populations (Dynes and Quarantelli 1989) because
pre-event conditions of a household impact recovery trajectories.
The literature has suggested various factors that impact the recov-
ery process. The effects of the disaster on a community, such as
damage to retail facilities (Liu et al. 2012) and time taken to restore
key utilities (Cimellaro et al. 2010), are important considerations
for household recovery. Additionally, Smith and Birkland (2012)
argued the extent to which a community has planned for recovery,
as well as its funding and technical infrastructure, influence the
progression of recovery. The presence of formal and informal or-
ganizations in the area postevent also has an impact (Bolin and

Bolton 1986) because federal, state, and local resources vary in
their distribution.

Along with these community-level characteristics, two key
individual-level factors impact the process of recovery: conditions
of vulnerability and protective factors such as social support.
Vulnerability is often linked to disadvantaged demographic charac-
teristics. Predisaster inequalities relate to varying trajectories of
population return and recovery for different sociodemographic
segments (Fussell 2015). Older populations and those of lower
socioeconomic status have more difficulty returning to pre-event
conditions (Quarantelli 1990). Older adults with higher vulnerabil-
ity conditions (e.g., low levels of income, low functional ability,
and more chronic medical conditions) and lower social support
4 to 6 years prior to Hurricane Sandy were more likely to have
developed posttraumatic stress disorder syndrome after the storm
(Heid et al. 2016). African American’s perceived sense of recovery
after Hurricane Katrina was predicted by their income and psycho-
logical distress (i.e., depression and anger), which was related to
experiencing human loss and not having home insurance (Lee
et al. 2009). Antecedent conditions of households such as adequate
access to financial resources (Olshansky et al. 2012) and insurance
also have an impact.

The ability to receive and mobilize social support is an im-
portant protective factor when responding to stressful situations
such as disasters (e.g., Lee et al. 2020). Weak social support
can cause greater levels of psychological distress and maladjust-
ment (e.g., Holahan and Moss 1981). The quantity and quality
of social support also has implications for effective and affective
recovery. Recovery time is influenced by the strength of social
support stemming from family, extended kin, and neighbors
(Bolin and Bolton 1986). Kaniasty (2012) found that those people
who received greater amounts of social support after a flood tended
to more favorably appraise their communities and interpersonal
networks; conversely, those who were dissatisfied with support re-
ported lower levels of social psychological well-being (i.e., quality
and quantity of their personal and communal bonds).

The amount and type of social support people need when deal-
ing with a disaster change over time. An inverse relationship exists
between social support received earlier in the year after a natural
disaster and posttraumatic stress in later stages (Kaniasty and
Norris 2008; Platt et al. 2016). When minimal community support
develops after a disaster, communities may experience secondary
trauma (Erikson 1976). Social networks of survivors from Hurri-
cane Katrina decayed immediately after the storm and did not re-
cover fully a year after, indicating social networks may lack
resilience to natural disasters (Forgette et al. 2009). Because of
secondary trauma, communities were unable to aggregate enough
support to recover, ultimately leading to increased rates of crime
and poverty (Gill 2007). Consequently, secondary trauma may
be noticeable in recovery trajectories via a steep or sloping decline
in perceived recovery. These studies suggest that the provision of
social support earlier in recovery may have implications for earlier
phases of recovery, as well as impacts in the long-term. When
considering different types and sources of support, this study tests
the following hypothesis:

Hypothesis 2 (H2). The patterns of received social support
during long-term recovery measured by changes in the types and
sources of support will influence the reported trajectory of house-
hold recovery, after indicators of vulnerability conditions and dis-
aster impact are controlled.

Fig. 1 presents a summary of the relationships among variables
tested in H1 and H2.
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Methods

Data Collection and Sample Description

This study is based on a survey of New Jersey households’ recovery
experiences throughout the 5 years following Superstorm Sandy.
Guided by information gathered through a series of focus group
interviews of residents within Ocean and Monmouth Counties
undergoing the household recovery process following the storm
(Lee et al. 2020; Siebeneck et al. 2020), the survey included ques-
tions pertaining to the respondents’ experiences during their initial
and permanent return home, the restoration of key utilities and serv-
ices in their home and township, their household’s recovery, and
their sources of instrumental, emotional, and informational support
since the storm. To gather data about the recovery process, survey
packets were mailed in March 2018 to 8,000 households located
in Monmouth, Ocean, and Atlantic Counties in New Jersey. The
sampling strategy focused on surveying households located within

ZIP codes that reported damage to residential structures due to
storm surge, inland flooding, and high winds (Blaikie et al. 1994;
Blinski et al. 2015; Halpin 2013). In all, 46 ZIP codes, as shown in
Fig. 2, were included in the study area.

Additionally, because the focus of this study is to examine
household recovery, the sample was limited to only homeowners
who lived at the same address during both Superstorm Sandy
(2012) and at the time of the survey mailing. Guided by the pre-
viously stated criteria, a random stratified sample was utilized to
solicit responses from residents within the study area.

Applying a modified version of Dillman’s (1999) Tailored
Design Method, participants were first mailed a survey packet in
which they were introduced to the study and with provided a con-
sent form to participate, a copy of the survey, and a preaddressed
and stamped return envelope. Next, each household was sent a
follow-up postcard reminder at 2 and 4 weeks after the initial mail-
ing. Included in the survey packet and on the postcard reminders
was a survey URL and QR code so the participants could opt to take

Fig. 2. Map of the study area from which household survey data were collected, Superstorm Sandy’s track, and storm surge inundation. (Shapefile
data courtesy of FEMA Modelling Task Force 2013; National Hurricane Center 2013; NJFloodMapper 2013.)

Fig. 1. Hypothesized relationships among vulnerability, patterns of received social support over time, and recovery trajectory tested in the study.
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the survey online. The first wave of surveys resulted in 438 com-
pleted responses, primarily from older households. To increase the
number of completed surveys and to gain more data from younger
households, a second wave of surveys were mailed out to 4,000
households selected at random from the original address list. These
surveys were only mailed to prospective participants under the age
of 50. The second wave yielded another 102 returned surveys. In
all, 556 surveys were returned, achieving a response rate of 6.95%.
The final data set for analysis includes 544 responses, which had an
acceptable rate of completion.

In all, 280 respondents (51.6%) were male and 263 (48.4%)
were female. The average age was 61.2 years [standard deviation
(SD) = 12.1, median ¼ 61] and participants were primarily
Caucasian (92.2%) with annual household incomes over $95,000
(48.5%). Out of 544 respondents, 189 (34.7%) evacuated and 353
(64.9%) did not evacuate. Most respondents were homeowners
(95.6%), with only 6 (1.6%) renters and 19 (3.4%) missing re-
sponses. The analysis excluded the six respondents who identified
themselves as renters to focus on homeowners’ recovery. In com-
parison with the population demographics of Atlantic, Monmouth,
and Ocean Counties (Table 1), the sample was somewhat older and
wealthier, possibly because the sample only included homeowners
who were living at their current address during Superstorm Sandy
and 5 years after. Although demographic data specific to homeown-
ers were not available for the study area, homeowners in the US are
generally older and have higher annual household incomes than
renters (US Census Bureau 2020), providing evidence that the older
age and higher household income of respondents by and large
aligns with what would be expected for homeowners.

Variables and Measures

Respondents were asked to report about the people or groups that
were the most important in helping with their return and recovery
for three types of support. The three types included instrumental
support (i.e., resources such as shelter, food, and help fixing home),
emotional support, and informational support (i.e., information
about which resources were available and whom to contact). For
sources of support, respondents were given nine options regarding
people or groups they received support from. The sources were
classified into three categories in the analysis: informal ties (family
and friend, coworker, or neighbor), institutional ties (relief groups
or charity, FEMA, private insurance company, church or other
faith-based groups, and local government and services), and online
ties (people or groups known through social media or online).
These questions about types and sources of support were asked
for six time points: up to 1 week after Superstorm Sandy; up to
3 months; up to 1 year; up to 2 years; up to 3 years; and more than
4 years after Superstorm Sandy.

Respondents were also asked to rate the level of their household
recovery at the same six time points, as well as at the time of their
response. Respondents were provided a five-point scale of very
good, good, fair, poor, and very poor for reporting their recovery,
giving them the autonomy to self-identify what recovery meant to
their household, as well as what the differences among good, fair,
and poor recovery might be. In addition, respondents reported
when they returned home initially, started rebuilding their home,
returned home permanently, and completed rebuilding.

Demographic variables included age, sex, race/ethnicity, marital
status, and income. Home location based on ZIP code was used to
derive the distance from coast. For disaster impact, level of damage
sustained by the home and by the town was self-reported, with
damage being defined at the respondents’ discretion. The following
ordinal categories are used for home damage and town damage:
none (0%), minor (1%–10%), moderate (11%–49%), major (50%–
99%), and destroyed (100%).

Analysis

Studying how individuals access social support and evaluate their
recovery over time involves the consideration of several dimen-
sions. First, magnitude can be examined by observing the begin-
ning level as well as the average level of support and recovery.
Second, the overall trend (i.e., decrease, increase, or stay constant
in the magnitude) as well as the rate of change (i.e., how fast
the magnitude increases or decreases per unit of time) can be
examined.

To consider magnitude, trend, and rate, the longitudinal patterns
were grouped by similarity using a hierarchical clustering method.
An agglomerative clustering method was used where the algorithm
initially treats each observation as its own group (i.e., cluster),
and merges similar groups into a bigger group based on similarity
metrics Rokach and Maimon 2005). This bottom-up process is re-
cursively performed until the total within-cluster variance is mini-
mized, which is also known as the Ward’s Method (Kaufman and
Roussew 1990). Hierarchical clustering was adopted in this study
given its advantage over other methods such as k-means, including
not requiring assumptions about the distributions of the data and
not requiring a predefined number of clusters.

To determine the number of clusters in each data set, the elbow
method was used. The elbow method plots the explained variance
as a function of the number of clusters and picks the elbow of the
curve (i.e., a change of slope from steep to shallow) as the appro-
priate number of clusters to use. The algorithms were implemented
in Python, by using functions implemented in the scikit-learn
library (Pedregosa et al. 2011) which utilizes NumPy, Pandas,
and SciPy libraries. Then, multinomial logistic regression was run
to predict factors that explain respondents’ membership in clusters
of social support patterns and recovery trajectories.

Table 1. Comparison of sampled and County demographic characteristics

Demographic characteristics

Atlantic County Ocean County Monmouth County

Sample Census Sample Census Sample Census

Female (%) 46.2 51.6 48.7 51.8 48.5 51.4
Median age (years) 63 41.5 62 42.9 60 43.2
Population over 65 (%) 41.3 16.9 43.1 22.3 32.9 16.6
White (%) 81.5 69.2 96 92.6 90.4 84.1
Median income (USD) 65,000–79,999 55,998 80,000–94,500 68,021 Over 95,000 95,699
Home ownership (%) — 67.4 — 80 — 73.7

Source: Data from US Census Bureau (2019).
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Results

Predicting Social Support Patterns (H1)

Fig. 3 shows changes in the pattern of the three types of support
over the six time points. The bar graph shows the total number of
support sources, which represents the frequency of support cases
reported by all respondents. The total number of support cases de-
creases over time for all three types of support. Therefore, to ex-
amine the relative role each support source played over time, the
line graphs were created. Each of the three lines display the pro-
portion of each support source. For example, the line for informal
sources shows the number of reported support cases from informal
sources divided by the total number of support cases.

For instrumental support, informal sources played the biggest
role. The proportion of support from informal sources was high
immediately after the disaster, decreased slightly at 3-month and
1-year time points, and increased again in the longer-term recovery
phase as shown for the 2-year time point and after. Institutional
sources, on the other hand, had the largest role in the 3-month
to 2-year time frame after the hurricane.

For emotional support, informal sources remained as the most
frequently reported source by a large margin and remained stable
over time. There were far fewer instances of institutional sources
and online sources providing emotional support.

For informational support, institutional sources occupied the
highest proportion of support sources for all time periods, with in-
formal sources also playing a large role. Although the proportion of
reported online sources was low across all three support types, it
was relatively higher for informational support than in the cases of
instrumental or emotional support.

Based on the hierarchical clustering method, we identified four
clusters of residents for the pattern of received social support. A
total of nine graphs displaying the combinations of each of the three
support types and three support sources are shown in Fig. 4. The
Y-axis of each graph in Fig. 4 indicates the frequency of reported
support cases. The X-axis indicates six time points after the disas-
ter. Based on observing the patterns extracted from the data, the
name of each cluster is labeled as follows to improve our under-
standing and readability of the results:

• The cluster labeled the Minimal Support Cluster (n ¼ 178) in-
cludes the largest number of respondents. Respondents in this
cluster reported receiving overall little support from all sources
throughout the six time periods for all three support types.

• The next largest is the Descending Support Cluster (n ¼ 93).
This cluster shows a moderate amount of support for all three
support types and from all sources initially, but the support
quickly decreases after the 3-month posthurricane time frame.

• Respondents in the Partial Support Cluster (n ¼ 66) reported a
large number of informal support sources in general. However,
this cluster shows very few institutional sources, which distin-
guishes it from other clusters. The contrast between these two
types of sources reflects the two differing forms of social capital,
e.g., a stronger role of bonding social capital compared with
bridging social capital.

• The cluster labeled Sustained Support Cluster (n ¼ 47) is char-
acterized by many cases of support from all sources for all types
of support. In particular, this cluster indicates a distinctively
high and stable level of support from institutional sources
and online sources for all three support types. It reveals a lower
number of informal sources for instrumental and informational
support, yet a slightly higher number of informal sources for
emotional support compared with the Partial Support Cluster.
Table 2 presents results from a multinomial logistic regression

for predicting respondents’ membership in one of the four clusters
(H1). The table presents all independent variables included in the
model. The Partial Support Cluster was selected as the base out-
come in the model because this cluster is the most representative
of respondents having bonding social capital (i.e., the key theoreti-
cal focus of this study), rather than bridging social capital. As men-
tioned previously, the Partial Support Cluster is comprised of
people who received support from many informal sources and very
few institutional sources.

First, the level of disaster impact was associated with the support
patterns. Larger home damage was associated with belonging to the
Sustained Support Cluster, where respondents reported more insti-
tutional and online sources overall, and less informal sources for
information and instrumental support. Once disaster impact was
controlled, several demographic characteristics predicted respond-
ents’ membership in different clusters. Respondents who lived

Fig. 3. Changes in the overall number of support sources (bar graph) and the proportion of each support source (line graph) for the three types of
support over time. The number of support sources is measured as the frequency of support cases reported by the respondents. The proportion of each
of the three support sources is measured as a percentage out of the total number of support cases.
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longer in the impacted community had a higher likelihood of being
in the Partial Support Cluster compared with the Minimal Support
Cluster, indicating that they reported a more continued support
from informal sources. Several variables significantly predicted
a higher likelihood of being in the Partial Support Cluster compared
with the Descending Support Cluster: being younger, living further
from the coast, and being single or widowed rather than married. In
other words, older residents, married residents, and residents living
closer to the coast reported a larger number of institutional sources,
especially immediately after the disaster. On the other hand, these
residents experienced a quick drop of support received from infor-
mal sources over time. These residents also reported fewer cases of
receiving support from online sources in general, compared with
those in the Partial Support Cluster. In general, these results support
the prediction of H1.

For an in-depth examination of how support sources vary across
support types over time, a regression model was run to predict the
proportion of informal sources in contrast to institutional and online
sources (Table 3). Table 3 contains three columns for each of the

three types of support. Although the same set of predictor variables
as in Table 2 were included in the regression, Table 3 only presents
the significant variables. The proportion of informal sources for
instrumental support was predicted by the level of home damage
(i.e., lower level of home damage was associated with higher pro-
portion of informal sources), especially in the earlier time frame
including up to 1 year after disaster. The proportion of informal
sources for emotional support was associated largely with age
and income (i.e., younger people and higher-income people having
more informal sources). The proportion of informal sources for
informational support was generally predicted by home damage
(i.e., lower level of home damage predicted higher proportion of
informal sources) and distance from the coast (i.e., larger distance
predicted higher proportion of informal sources).

Predicting Recovery Trajectory (H2)

Four clusters were derived for household recovery over time, as
shown in Fig. 5. The mean level of initial housing damage reported
by respondents in each of the four clusters is indicated in Fig. 5(b).

Fig. 4. Clustering results of patterns of social support over time, distinguished by the three sources (informal, institutional, and online, displayed as
columns) and three support types (instrumental, emotional, and informational, displayed as rows).
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The four clusters are labeled according to the speed of the recovery
trajectory. The Slowest Recovery Cluster has the largest housing
damage (n ¼ 25). The Slow Recovery Cluster (n ¼ 104) experi-
enced moderate levels of housing damage and slower recovery

compared with the Quick Recovery Cluster (n ¼ 162). The
Quickest Recovery Cluster, which experienced minimal initial
housing damage, included the largest number of respondents
(n ¼ 169).

Table 3. Variables predicting a larger proportion of informal sources for each of the three types of support

Time points Instrumental support Emotional support Informational support

1 week Home damage (−) Age (−) (p < 0.10), female (−) Distance from coast (+), home damage (−), single (+)
(p < 0.10), marital statusa: divorced (+)

3 months Home damage (−), marital statusa:
widowed (+)

Age (−), income (+) Age (−) (p < 0.10), female (−) (p < 0.10)

1 year Home damage (−) Age (−) Distance from coast (+), home damage (−) (p < 0.10)
2 years — Income (+) Female (−) (p < 0.10)
3 years — Age (−), income (+), home damage (+) Distance from coast (+), home damage (−)
4+ years — Age (−) (p < 0.10), income (+) Female (−) (p < 0.10)

Note: Significant variables from each of the regression models for support types and time points are listed; p < 0.05 except when otherwise noted.
aReference category for variable Marital Status is Married.

(a) (b)

Fig. 5. (a) Clustering results of recovery trajectories over time, based on respondents’ perception of household recovery rated on a five-point scale;
and (b) reported level of initial housing damage for the four clusters derived.

Table 2. Multinomial logistic regression results for variables hypothesized to predict individuals’ membership in one of the social support clusters

Variables

Minimal support cluster Descending support cluster Sustained support cluster

β SE β SE β SE

Age 0.03† 0.02 0.04* 0.02 0.01 0.02
Sex (female) 0.29 0.36 0.38 0.41 0.36 0.46
Marital statusa — — — — — —

Single −0.34 0.56 −1.43* 0.70 −0.30 0.67
Divorced −0.12 0.55 −1.31† 0.75 −1.24 0.91
Widowed −0.66 0.69 −1.89* 0.81 −1.23 0.92

Income 0.04 0.11 −0.11 0.12 −0.03 0.13
Current town −0.03** 0.01 −0.02 0.01 −0.02† 0.01
Distance from coast −0.08 0.08 −0.35** 0.12 −0.25† 0.13
Home damage −0.26 0.16 0.13 0.18 0.43* 0.20
Constant 0.60 1.36 −0.17 1.56 −0.50 1.74

Note: β = regression coefficient; and SE = standard error. Partial Support Cluster served as the baseline comparison group for estimating the likelihood of
individuals belonging to the other three cluster types, e.g., a one-unit increase in variable Age is associated with a 0.04 increase in the relative log odds of
belonging to Descending Support Cluster versus Partial Support Cluster; †p < 0.10, *p < 0.05, and **p < 0.01. Model Pseudo R2 = 0.0799, Log likelihood =
−347.5697, and Number of observations = 296.
aReference category for variable Marital Status is Married, e.g., the relative log odds of belonging to Descending Support Cluster versus Partial Support Cluster
decreases by 1.43 for individuals who are Single versus Married.
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Table 4 presents results from a multinominal logistic regression
model predicting respondents’ membership in one of the four
clusters derived for household recovery trajectory. All of the
predictor variables included in the model are presented in the
table. To identify factors that explain a high level of delay in re-
covery, the Slowest Recovery Cluster was used as the base out-
come in the model. Results show that those with less home
damage were more likely to be in the Slow Recovery Cluster com-
pared with the Slowest Recovery Cluster. In addition, unsurpris-
ingly, less home damage explained membership in the Quickest
Recovery Cluster.

The results address H2, which predicts the effect of social sup-
port pattern on recovery trajectories when demographic and disas-
ter impact variables are controlled for. The Partial Support Cluster
was specified as the reference group in the model. Respondents
who belong to the Sustained Support Cluster, compared with the
Partial Support Cluster, was more likely to be a member of the Slow
Recovery Cluster. In other words, those who received social sup-
port more from institutional sources tend to show an overall quicker
recovery than the base condition, which is the Slowest Recovery
Cluster. This effect was significant for the likelihood of belonging
to either the Slow Recovery Cluster or Quick Recovery Cluster, and
was marginally significant for predicting the likelihood of being in
the Quickest Recovery Cluster compared with the base condition.
Belonging to the Descending Support Cluster was associated with a
higher likelihood of being in the Quick Recovery Cluster, showing
that having a higher level of institutional sources initially, even
when combined with a quick decrease of social support from in-
formal sources, predicted a quicker recovery. Overall, the results
support the prediction in H2 that social support patterns can explain
the different trajectories of recovery.

In addition to overall perceptions of household recovery, the
timing of four key activities in the phases of recovery was examined
to gain a detailed understanding of recovery trajectories. Hierarchi-
cal clustering process yielded four clusters (Fig. 6), which map
closely to the overall recovery trajectories as shown.

The number of complete responses for the timing of activities
was small (n ¼ 141), likely due to the questions being open-ended
and some respondents’ having difficulty remembering specific
dates, so these clusters only represent a subset of the respondents.
The Slowest Recovery Cluster had a prolonged timeline for all four
key activities. The Slow Recovery and Quick Recovery clusters in
Fig. 6 are differentiated by the level of initial housing damage. The
largest contrast in the timing of the four key activities exists in the
permanent return timing. In other words, quicker recovery was par-
ticularly linked with quicker permanent return to home among the
four key activities. The Quickest Recovery Cluster reported all ac-
tivities being completed in less than a week after the hurricane.

Discussion

Individuals go through various stages of adaptation and recovery
after adverse or stressful events, with differing psychological, so-
cial, and logistical experiences (Harms et al. 2018). By measuring
the differing sequences in these trajectories, this study provided an
empirical test of both pre-event and postevent factors influencing
the progression of long-term recovery.

Results show the large and sustained role played by informal
sources for both instrumental and emotional support compared with
institutional and online sources. In particular, when support from
institutional sources (i.e., government, private insurance, relief
groups, and religious groups) declined in the long-term recovery,
informal sources appeared to fill the gap, particularly by providing
instrumental resources to affected residents. This tendency is
shown in all three types of social support, as reflected in the inverse
patterns in which the proportion of institutional sources and infor-
mal sources change over time (Fig. 3).

The clustering results show noticeable contrast in patterns of
support over time. The Minimal and Descending Support Clusters
are primarily residents who did not require much support given a
low level of home damage (Table 2). The Partial and Sustained
Support Clusters show meaningful contrasts. The Partial Support

Table 4. Multinomial logistic regression results for variables hypothesized to predict individuals’ membership in one of the recovery trajectory clusters

Variables

Slow recovery cluster Quick recovery cluster Quickest recovery cluster

β SE β SE β SE

Age 0.05 0.04 0.04 0.04 0.05 0.04
Sex (female) −0.33 0.78 −0.41 0.83 −0.68 0.79
Marital statusa — — — — — —

Single −0.98 1.10 −1.49 1.20 −1.88 1.17
Divorced −0.14 1.32 −0.67 1.39 −0.14 1.32
Widowed 15.03 2730.31 14.05 2730.31 14.50 2730.31

Income −0.38 0.27 −0.32 0.28 −0.28 0.27
Current town −0.02 0.03 −0.02 0.03 −0.01 0.03
Distance from coast −0.19 0.23 0.17 0.24 −0.02 0.23
Home damage −1.03* 0.47 −2.26** 0.51 −1.75** 0.48
Town damage −1.06 0.71 −1.38 0.74 −0.78 0.72
Support pattern clusterb — — — — — —

Minimal support 17.09 1214.66 18.78 1214.66 18.16 1214.66
Descending support 1.78† 0.93 1.90† 1.05 2.06* 0.95
Sustained support 1.95* 0.93 2.25* 1.07 1.72† 0.97

Constant 8.04 4.74 11.22 4.91 8.21 4.76

Note: β = regression coefficient; and SE = standard error; Slowest Recovery Cluster served as the baseline comparison group for estimating the likelihood of
individuals belonging to the other three cluster types; †p < 0.10, *p < 0.05, and **p < 0.001. Model Pseudo R2 = 0.2418, Log likelihood = −240.71734, and
Number of observations = 257.
aReference category for variable Marital Status is Married.
bReference category for variable Support Pattern Cluster is Partial Support Cluster.
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Cluster relies largely on informal sources for support and much less
on institutional sources, implying a high reliance on bonding social
capital over the course of recovery. Residents in the Sustained Sup-
port Cluster, in contrast, draw support from institutional sources,
but also nominate informal sources to a considerable degree. A
significant variable predicting these contrasts was disaster impact.
The primary contrast between the Partial and Sustained Support
Clusters lies in the level of reliance on informal versus institutional
sources, and this contrast was associated with differing levels of
home damage. In other words, experiencing more home damage
explained receiving a large proportion of institutional support, in-
dicating that utilizing informal sources of support may be challeng-
ing for those experiencing severe disaster impacts. Yet, the effect
could also be due to support from institutional sources being less
likely to be directed to households with less severe disaster damage,
therefore seemingly inflating the relatively proportion of support
from informal sources.

Existing literature from routine contexts suggests that condi-
tions of vulnerability, such as lower income and education, are as-
sociated with a stronger reliance on close-knit and bonding ties.
These conditions likely limit individuals in taking advantage of cer-
tain network positions that in particular offer brokering or bridging
opportunities (Burt 2000). Findings from the current study differ
from this general idea that vulnerable people tend to rely more
on bonding social capital than on bridging social capital. The find-
ings also suggest that younger and higher-income respondents, in
general, had a higher proportion of informal sources for support,
particularly in the case of emotional support.

In addition, a high level of bonding social capital, reflected in
having a membership in the Partial Support Cluster, was predicted
by living in the impacted community longer, younger age, and not
being married. In disaster contexts, elderly and lower-income pop-
ulations might not have sufficient capacity to mobilize close social
circles. Subsequently, the limited capacity of pooling or buffering
of resources among informal ties, some of which may be local
(e.g., family, friends, or neighbors), could lead to a higher reliance
on external support resources.

Residents with high demand for support relied on official and
institutional relief and, at the same time, did not rely as much on
support from informal sources in terms of material and information
support. The effect of home damage on the low proportion of

support from informal sources was pronounced in the early time
points, whereas the effect extended to the 3-year-after time point
for informational support. On one hand, the result may be explained
by institutional support being channeled into residents with much
need. On the other hand, the lighter role of informal sources could
be a function of the limited capacity of their personal ties. Overall,
the results show the effect of households’ demographic and socio-
economic vulnerability conditions on patterns of social support re-
ceived over time (H1).

In predicting recovery, the initial condition measured by hous-
ing damage had a significant effect. Yet, the progress of recovery
phase was predicted by several additional factors, which include
postevent conditions involving social support. Although informal
support occupies a substantial portion of overall support, a consis-
tent predictor of quicker household recovery was receiving support
from institutional sources, as shown in the effect of the Sustained
Support Cluster and the Descending Support Cluster compared
with the Partial Support Cluster. These findings may imply that
even when informal sources of support are sustained, if they are
not accompanied by institutional sources of support, the positive
impact on recovery is limited. In sum, the Sustained Support Clus-
ter appears to represent an ideal condition in which institutional
sources operate for providing material and informational resources,
and yet individuals can also turn to informal sources for emotional
support. Further, given that pre-event demographic variables did
not directly predict recovery, it may be reasoned that the impact of
vulnerability conditions on recovery operates through postdisaster
conditions such as social support.

Disaster recovery necessitates instrumental support in all phases.
The short-term recovery phase involves activities such as meeting
the immediate needs of citizens including temporary shelter or hous-
ing, restoring utilities, and clearing debris from roads. Moving into
the long-term recovery phase includes rebuilding and restoring
homes, business, and infrastructure. Although institutional support
takes a central responsibility in relief planning, the capacity for re-
sponse becomes strained, especially when multiple disasters occur
in quick succession. As a result, residents who need sustained sup-
port beyond the immediate phase of disaster need to rely on alter-
native sources. Results from this study show that identifying ways to
facilitate informal support in communities affected by disasters can
play an important role in recovery.

(a) (b)

Fig. 6. (a) Clustering results of recovery trajectories over time, based on reported timing of return and rebuilding; and (b) reported level of initial
housing damage for the four clusters derived.
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The relationship among home damage, perceived recovery,
and rebuilding and return patterns (Fig. 6) followed previously
suggested return-entry patterns (Siebeneck et al. 2020). Most
households with minor to moderate home damage started their
rebuilding efforts within the first couple of weeks. Conversely,
for households with larger home damage, independent of when
they began their rebuilding efforts, their permanent returns oc-
curred around a year after the hurricane. Given that permanent
return timing is a key distinguishing factor of recovery speed,
community infrastructure and support that allow residents to com-
plete rebuilding at their home may facilitate the overall recovery
process.

Theoretical and Methodological Implications

This study examined how social support, a function of social
capital, and recovery unfold over time in a postdisaster situation.
A common assumption in network, disaster, and communication
theorizing is that people heavily utilize bonding social capital, re-
lying on their strong ties for social support, when encountering dif-
ficult life events. However, evacuation, relocation, and physical
damages disrupt people’s routines and can inhibit their ability to
mobilize social support (Solomon 2014). These disruptions likely
impact both providers and recipients of social support. With the
accessibility of ties predicting incidental and spontaneous activa-
tion of ties (Small and Sukhu 2016), this finding addresses the
challenges of utilizing strong ties after natural disasters. Social
support from informal sources is sharply decreased at the 3-month
time point for all three kinds of support, whereas institutional sour-
ces have an increase. The results comport with recent findings
(Nguyen-Trung et al. 2020) in highlighting the importance of
bridging social support in long-term recovery. Nonetheless, this
study sheds light on the nuances of these findings by illustrating the
continued role of informal sources in offering instrumental and
emotional support.

Recent research found that quality, but not quantity, of social
support can be an important mediator in reducing posttraumatic
stress during recovery (Shang et al. 2019). Evaluating the patterns
of social support through multiple dimensions (i.e., types, sources,
and change over time), like in this study, provides a richer picture of
social support provision. For example, sustained social support
from a given sources is likely evaluated as more high quality than
social support that is fleeting. A quick decline in emotional support
from informal ties may have a strong impact on residents who are in
vulnerable conditions. Continuing to evaluate multiple sources and
types of social support (e.g., Lee et al. 2020) together and changes
in social support over time to detect such patterns is important for
understanding disaster recovery trajectories.

Resilience is increasingly theorized a process rather than a fixed
trait of individuals (Buzzanell 2018). As this study illustrated, indi-
viduals recovering from natural disaster undergo a range of non-
linear experiences in the process of recovery, often coordinating
both bonding and bridging forms of social capital in the immanent
and prolonged aftermath of a hurricane. Although there is a wealth
of research within natural hazards scholarship that addresses resil-
ience, it is frequently conceptualized as an ability to return to nor-
mal levels of functioning through capacity and adaption (Pelling
2003). Through analyzing long-term recovery, the results support
the conceptualization of resilience as a process, one which draws on
various networked sources and types of social support to work
toward an often-indefinite recovery. The findings suggest that
understanding long-term recovery and resilience from disasters
require an examination of both pre-event conditions of vulnerabil-
ities and postevent factors such as social support, which can protect

individuals and households from adversities. Both the conceptual
and methodological frameworks utilized in the study for investigat-
ing over-time patterns of social support and recovery can inform
future studies.

This study applies a temporal clustering approach to classify and
understand social support patterns as well as trajectories toward re-
covery, instead of examining each of the support and recovery
states in time step independently. Consequently, this study could
unravel how important factors, like vulnerabilities and social sup-
port, sway individuals to follow certain recovery trajectories. Fu-
ture studies should address the influence of wide-ranging factors on
recovery trajectory. For example, the measurement of vulnerability
in this study was focused on demographics and disaster impacts.
Examination of the full spectrum of social vulnerability conditions
(e.g., Cutter et al. 2003) including the built environment (e.g., infra-
structure and commercial and industrial development) and the
broader society (e.g., population growth and medical services) ac-
companied by a larger scale data set will provide a more compre-
hensive understanding of long-term support and recovery.

Practical Implications

Proactively building future resilience by addressing the causes of
their vulnerabilities is important to rehabilitating disadvantaged
communities after a natural disaster (Pomeroy et al. 2006). Practi-
cally, the results support the notion that lack of sustained social
support can be detrimental to recovery. One method to extend
the honeymoon phase of recovery, where support is abundant, is
through focusing rebuilding efforts on restoring degraded places
(Silver and Grek-Martin 2015). Communities may consider focus-
ing their energy on gathering spaces or cornerstones of their com-
munities, like public libraries and parks or long-standing local
businesses. In addition, when people who have great recovery
needs might not be able to receive sufficient institutional support,
local efforts to facilitate informal support across neighbors and
communities can be helpful. Given impacted residents’ high reli-
ance on informal sources, policy makers should note that co-
operative and supportive relations are also influenced by the
presence of social capital in the larger social structure including
norms, trust, and reciprocity (Putnam 1993). Cultivating these
durable relations requires a long-term horizon, which should be in-
corporated in communities in the predisaster phase.

The rate of decay of social support increases notably after the
3-month time point. Agencies should use this narrow time window
to create policies that will help communities rebuild and return. In
addition, in spite of recent usage of online tools and social media
platforms, this study showed that online sources were not a source
of major support except for a modest level of informational support.
New ways to make these tools more relevant in the disaster context
should be identified at the community level.

Limitations

This study relied on retrospective data instead of longitudinal panel
data collected at multiple time points. Although the approach taken
in this study is favorable in terms of cost and response rate, esti-
mating the extent to which biases might have been introduced due
to the inaccuracy of recall is difficult. Further, in limiting the sur-
vey’s length, respondents were not provided with formal definitions
of recovery, damage, household, and township, leaving them to
evaluate their experiences based on their personal understandings
of these terms. Data based on individuals’ recall can be combined in
future research with other data sources to improve the granularity
and scale of the recovery analysis.
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First, recovery trajectories have been studied in spatial and tem-
poral detail using novel data sources, including mobile phone lo-
cation data and social media data (Hasan et al. 2013). These data
can allow us to understand the varying dimensions of heterogeneity
in recovery outcomes. For example, a recent study shows that in-
equality in mobility capacities across socioeconomic population
groups accounts for spatial segregation after disasters (Yabe and
Ukkusuri 2020), suggesting that identifying and satisfying needs
for instrumental support, such as mobility, can impact larger-scale
outcomes related to recovery.

Second, Kaniasty et al. (2020) argued investigations of social
support after natural disaster would benefit from a combined quan-
titative and qualitative analysis. Future research should focus on
scaling and enriching data collected from small sample sizes to
offer additional understandings of the variability in recovery
processes.

Third, another limitation of this study stems from the low re-
sponse rate achieved through the mail surveys. Although studies
such as this one benefit from the ability of mail surveys to tar-
get participants meeting various disaster experience, geographic
parameters, and demographic parameters, the overall trend in
response rates has declined dramatically over the last decade
(Stedman et al. 2019). This can lead to concerns about the extent
to which the sample is representative of the study area. As men-
tioned previously, our sample was limited to homeowners who
were residing at their current address both during Superstorm
Sandy and 5 years after. We believe this condition may be one
reason our data are skewed more toward individuals that are older
and have higher incomes, which aligns with national-level trends
(i.e., older and higher-income population being more likely to own
a home) identified in a recent Census report (US Census Bureau
2020). However, it is also possible that participants in our study
area who completed the rebuilding and recovery of their home
in the 5 years following the storm or who were currently still in
the process of recovering are those who had the financial means
and resources to do so.

Additionally, it is important to note that this study is limited to
residents who either permanently returned home or at the time of
the survey were in the process of rebuilding and returning home
following Superstorm Sandy. Similarly, the survey excluded renters
and many younger residents who were not homeowners during the
storm. Future studies may benefit from examining these popula-
tions who relocated or were unable to rebuild their homes, and
more specifically, the role social networks have in facilitating re-
covery at a different location as well as the constraints or limitations
of social networks that may lead to homeowners not being able to
recover disaster-damaged properties.

Another limitation concerns generalizability. Although this
study provides meaningful findings about social support and recov-
ery for Superstorm Sandy, the transferability of these insights to
other communities or disaster contexts should be explored so that
a coherent national policy can be developed regarding the facilita-
tion of social support.

Conclusion

Following natural disasters, social capital is frequently argued to be
a key component of resilience (Aldrich 2011; Eller et al. 2018).
How do different indicators of vulnerability conditions explain con-
straints of social capital after disasters, which make it difficult for
households to access social support? The current study suggests
theoretical implications for how the different forms of social capital
relate to vulnerability conditions and recovery trajectories, assisted

by an analytic framework for classifying common patterns of social
support and recovery trajectories at multiple time points. Overall,
respondents reported a decay in social support starting 3 months
after the storm. Residents with high demand for support relied
largely on institutional sources as opposed to informal sources
for material and information support over the course of recovery.
Younger and higher-income residents had a higher proportion of
informal sources for support, particularly in the case of emotional
support. Patterns of social support predicted recovery trajectories
when pre-existing vulnerability and disaster impact were con-
trolled, indicating that the postevent conditions of receiving support
serve as a protective factor. In particular, beyond the initial condi-
tion of housing damage, utilization of institutional sources for
material and informational resources combined with informal sour-
ces for emotional support predicted quicker recovery trajectories.

In sum, this study draws attention to policies that consider not
only infrastructure recovery but also more sustainable and long-
lasting mechanisms to enable social support after disasters. Con-
tinued research and investments are needed for assessing and
cultivating both informal relations and institutional networks from
which postdisaster social support can be quickly mobilized.

Data Availability Statement

Some or all data from household survey without individual iden-
tifying information that support the findings of this study are avail-
able from the corresponding author upon reasonable request and
upon completion of the authors’ use of the data. Some or all models
or code for hierarchical clustering and regression analyses that sup-
port the findings of this study are available from the corresponding
author upon reasonable request.

Acknowledgments

This work was supported by the National Science Foundation
under Grant CRISP-1638311.

References

Adger, W. N. 2006. “Vulnerability.” Global Environ. Change 16 (3):
268–281. https://doi.org/10.1016/j.gloenvcha.2006.02.006.

Aldrich, D. P. 2011. “Ties that bond, ties that build: Social capital and
governments in post disaster recovery.” Stud. Emergent Order 4 (Dec):
58–68.

Blaikie, P., T. Cannon, I. Davis, and B. Wisner. 1994. At risk: Natural
hazards, people’s vulnerability and disasters. New York: Routledge.

Blake, E. S., T. B. Kimberlain, R. J. Berg, J. P. Cangialosi, and J. L. Beven II.
2013. “Tropical cyclone report: Hurricane Sandy (AL182012).”
Accessed October 12, 2021. https://www.nhc.noaa.gov/data/tcr/AL18
2012_Sandy.pdf.

Blinski, J., G. Buchanan, D. Frizzera, R. Hazen, L. Lippincott, N. Procipio,
B. Ruppel, and T. Tucker. 2015. “Damage assessment report of the ef-
fects of Hurricane Sandy on the State of New Jersey’s natural resources:
Final.” Accessed October 12, 2021. https://dspace.njstatelib.org/xmlui
/handle/10929/68472.

Bolin, R. C., and P. Bolton. 1986. “Race, religion, and ethnicity in disaster
recovery.” In Program on environment and behavior. Monograph 42.
Boulder, CO: Univ. of Colorado.

Bourdieu, P. 1985. “The forms of capital.” In Handbook of theory and
research for the sociology of education, edited by J. G. Richardson,
241–258. New York: Greenwood Press.

Burt, R. S. 2000. “The network structure of social capital.” Res. Org. Behav.
22 (1): 345–423. https://doi.org/10.1016/S0191-3085(00)22009-1.

© ASCE 04022002-12 Nat. Hazards Rev.

 Nat. Hazards Rev., 2022, 23(2): 04022002 

D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

M
as

sa
ch

us
et

ts
 I

ns
tit

ut
e 

of
 T

ec
hn

ol
og

y 
(M

IT
) 

on
 0

5/
06

/2
2.

 C
op

yr
ig

ht
 A

SC
E

. F
or

 p
er

so
na

l u
se

 o
nl

y;
 a

ll 
ri

gh
ts

 r
es

er
ve

d.



Buzzanell, P. M. 2018. “Communication theory of resilience: Enacting
adaptive-transformational processes when families experience loss and
disruption.” In Engaging theories of family communication, 2nd ed.,
edited by D. Braithwaite, E. Suter, and K. Floyd, 98–109. New York:
Routledge.

Cimellaro, G. P., A. M. Reinhorn, and M. Bruneau. 2010. “Framework for
analytical quantification of disaster resilience.” Eng. Struct. 32 (11):
3639–3649. https://doi.org/10.1016/j.engstruct.2010.08.008.

Cutter, S. L., B. J. Boruff, and W. L. Shirley. 2003. “Social vulnerability to
environmental hazards.” Soc. Sci. Q. 84 (2): 242–261. https://doi.org/10
.1111/1540-6237.8402002.

Cutter, S. L., and C. Finch. 2008. “Temporal and spatial changes in social
vulnerability to natural hazards.” Proc. Natl. Acad. Sci. U.S.A. 105 (7):
2301–2306. https://doi.org/10.1073/pnas.0710375105.

Devecka-Rinear, A., J. Limbacher, E. Marshall, M. Ochsner, L. R. Murray,
and F. Zouhour. 2017. “The long road home: Understanding Sandy re-
covery and lessons for future storms five years later.” Accessed October
12, 2021. http://online.flipbuilder.com/zaub/ticw/#p=1.

Dillman, D. A. 1999. Mail and internet surveys: The tailored design
method. Hoboken, NJ: Wiley.

Drabek, T. E. 1986. Human systems responses to disaster: An inventory of
sociological findings. New York: Springer.

Dynes, R. R., and E. L. Quarantelli. 1989. “Reconstruction in the context of
recovery: Thoughts on the Alaskan earthquake.” In Disaster research
center preliminary: Paper #141. Newark, DE: Univ. of Delaware.

Eller, W. S., B. J. Gerber, and S. E. Robinson. 2018. “Nonprofit organiza-
tions and community disaster recovery: Assessing the value and impact
of intersector collaboration.” Nat. Hazard. Rev. 19 (1): 05017007.
https://doi.org/10.1061/(ASCE)NH.1527-6996.0000269.

Erikson, K. T. 1976. Everything in its path: Destruction of community in the
Buffalo Creek flood. New York: Simon & Schuster.

FEMA Modelling Task Force. 2013. “Sandy surge extent.” Accessed
December 20, 2021. https://gis-fema.hub.arcgis.com.

Forgette, R., B. Dettrey, M. Van Boening, and D. A. Swanson. 2009.
“Before, now, and after: Assessing Hurricane Katrina relief.” Popul.
Res. Policy Rev. 28 (1): 31–44. https://doi.org/10.1007/s11113-008
-9113-6.

Fussell, E. 2015. “The long-term recovery of New Orleans’ population after
Hurricane Katrina.” Am. Behav. Sci. 59 (10): 1231–1245. https://doi.org
/10.1177/0002764215591181.

Gill, D. A. 2007. “Secondary trauma or secondary disaster? Insights from
Hurricane Katrina.” Sociol. Spect. 27 (6): 613–632. https://doi.org/10
.1080/02732170701574941.

Halpin, S. 2013. “The impact of Superstorm Sandy on New Jersey towns
and households.” Accessed December 20, 2021. https://doi.org/doi:10
.7282/T36H4FTS.

Harms, P. D., L. Brady, D. Wood, and A. Silard. 2018. “Resilience and
well-being.” In Handbook of well-being, edited by E. Diener, S.
Oishi, and L. Tay. Salt Lake City, UT: DEF Publishers.

Hasan, S., C. M. Schneider, S. Ukkusuri V, and M. C. González. 2013.
“Spatiotemporal patterns of urban human mobility.” J. Stat. Phys.
151 (1): 304–318. https://doi.org/10.1007/s10955-012-0645-0.

Heid, A. R., Z. Christman, R. Pruchno, F. P. Cartwright, and M. Wilson-
Genderson. 2016. “Vulnerable, but why? Post-traumatic stress symp-
toms in older adults exposed to Hurricane Sandy.” Disaster Med. Public
Health Preparedness 10 (3): 362–370. https://doi.org/10.1017/dmp
.2016.15.

Hetherington, E., S. McDonald, M. Wu, and S. Tough. 2018. “Risk and
protective factors for mental health and community cohesion after
the 2013 Calgary flood.” Disaster Med. Public Health Preparedness
12 (4): 470–477. https://doi.org/10.1017/dmp.2017.91.

Hill, R., and D. Hansen. 1962. “The family in disaster.” InMan and society
in disaster, edited by G. Baker and D. Chapman. New York: Basic
Books.

Holahan, C. J., and R. H. Moos. 1981. “Social support and psychological
distress: A longitudinal analysis.” J. Abnormal Psychol. 90 (4):
365–370. https://doi.org/10.1037/0021-843X.90.4.365.

Kaniasty, K. 2012. “Predicting social psychological well-being following
trauma: The role of postdisaster social support.” Psychol. Trauma

Theory Res. Pract. Policy 4 (1): 22–33. https://doi.org/10.1037
/a0021412.

Kaniasty, K., and F. H. Norris. 1993. “A test of the social support deterio-
ration model in the context of natural disaster.” J. Personality
Soc. Psychol. 64 (3): 395–408. https://doi.org/10.1037/0022-3514.64
.3.395.

Kaniasty, K., and F. H. Norris. 2008. “Longitudinal linkages between per-
ceived social support and posttraumatic stress symptoms: Sequential
roles of social causation and social selection.” J. Traumatic Stress
21 (3): 274–281. https://doi.org/10.1002/jts.20334.

Kaniasty, K. Z., F. H. Norris, and S. A. Murrell. 1990. “Received and per-
ceived social support following natural disaster.” J. Appl. Soc. Psychol.
20 (2): 85–114. https://doi.org/10.1111/j.1559-1816.1990.tb00401.x.

Kates, R. W., C. E. Colten, S. Laska, and S. P. Leatherman. 2006.
“Reconstruction of New Orleans after Hurricane Katrina: A research
perspective.” Proc. Natl. Acad. Sci. U.S.A. 103 (40): 14653–14660.
https://doi.org/10.1073/pnas.0605726103.

Kaufman, L., and P. J. Roussew. 1990. Finding groups in data: An intro-
duction to cluster analysis. Hoboken, NJ: Wiley.

Kawamoto, K., and K. Kim. 2016. “Social capital and efficiency of earth-
quake waste management in Japan.” Int. J. Disaster Risk Reduct. 18 (1):
256–266. https://doi.org/10.1016/j.ijdrr.2015.10.003.

Lee, E. K. O., C. Shen, and T. V. Tran. 2009. “Coping with Hurricane
Katrina: Psychological distress and resilience among African American
evacuees.” J. Black Psychol. 35 (1): 5–23. https://doi.org/10.1177
/0095798408323354.

Lee, S., B. C. Benedict, C. M. Jarvis, L. Siebeneck, and B. J. Kuenanz.
2020. “Support and barriers in long-term recovery after Hurricane
Sandy: Improvisation as a communicative process of resilience.”
J. Appl. Commun. Res. 48 (4): 438–458. https://doi.org/10.1080
/00909882.2020.1797142.

Lee, S., A. Sadri, S. V. Ukkusuri, R. A. Clawson, and J. Seipel. 2019.
“Network structure and substantive dimensions of improvised social
support ties surrounding households during post-disaster recovery.”
Nat. Hazard. Rev. 20 (4): 04019008. https://doi.org/10.1061/(ASCE)
NH.1527-6996.0000332.

Liu, C., W. C. Black, F. C. Lawrence, and M. B. Garrison. 2012. “Post-
disaster coping and recovery: The role of perceived changes in the retail
facilities.” J. Bus. Res. 65 (5): 641–647. https://doi.org/10.1016/j
.jbusres.2011.03.004.

Marin, A., Ö. Bodin, S. Gelcich, and B. Crona. 2015. “Social capital in
post-disaster recovery trajectories: Insights from a longitudinal study
of tsunami-impacted small-scale fisher organizations in Chile.” Global
Environ. Change 35: 450–462. https://doi.org/10.1016/j.gloenvcha
.2015.09.020.

Marsden, P. V. 1987. “Core discussion networks of Americans.” Am.
Sociol. Rev. 52 (1): 122–131. https://doi.org/10.2307/2095397.

Masten, A. S., and J. Obradovic. 2008. “Disaster preparation and recovery:
Lessons from research on resilience in human development.” Ecol. Soc.
13 (1): 9. https://doi.org/10.5751/ES-02282-130109.

McGeehan, P., and G. Palmer. 2013. “Displaced by Hurricane Sandy, and
living in limbo.” Accessed October 12, 2021. https://www.nytimes.com
/2013/12/07/nyregion/displaced-by-hurricane-sandy-and-living-in-limbo
-instead-of-at-home.html.

Moore, S., M. Daniel, L. Linnan, M. Campbell, S. Benedict, and A. Meier.
2004. “After Hurricane Floyd passed: Investigating the social determi-
nants of disaster preparedness and recovery.” Family Community Health
27 (3): 204–217. https://doi.org/10.1097/00003727-200407000-00007.

Nakagawa, Y., and R. Shaw. 2004. “Social capital: A missing link to dis-
aster recovery.” Int. J. Mass Emergencies Disasters 22 (1): 5–34.

National Hurricane Center. 2013. “NHC data in GIS formats, Sandy track
data.” Accessed March 30, 2017. https://www.nhc.noaa.gov/gis/.

Neal, D. M. 1997. “Reconsidering the phases of disasters.” Int. J. Mass
Emergencies Disasters 15 (2): 239–264.

Nguyen-Trung, K., H. Forbes-Mewett, and D. Arunachalam. 2020. “Social
support from bonding and bridging relationships in disaster recovery:
Findings from a slow-onset disaster.” Int. J. Disaster Risk Reduct.
46 (1): 101501. https://doi.org/10.1016/j.ijdrr.2020.101501.

NJFloodMapper. 2013. “County boundaries.” Accessed March 30, 2017.
https://www.njfloodmapper.org/datasources/.

© ASCE 04022002-13 Nat. Hazards Rev.

 Nat. Hazards Rev., 2022, 23(2): 04022002 

D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

M
as

sa
ch

us
et

ts
 I

ns
tit

ut
e 

of
 T

ec
hn

ol
og

y 
(M

IT
) 

on
 0

5/
06

/2
2.

 C
op

yr
ig

ht
 A

SC
E

. F
or

 p
er

so
na

l u
se

 o
nl

y;
 a

ll 
ri

gh
ts

 r
es

er
ve

d.



Norris, F. H., S. P. Stevens, B. Pfefferbaum, K. F. Wyche, and R. L.
Pfefferbaum. 2008. “Community resilience as a metaphor, theory, set
of capacities, and strategy for disaster readiness.” Am. J. Community
Psychol. 41 (1–2): 127–150. https://doi.org/10.1007/s10464-007
-9156-6.

Oloruntoba, R., R. Sridharan, and G. Davison. 2018. “A proposed frame-
work of key activities and processes in the preparedness and recovery
phases of disaster management.” Disasters 42 (3): 541–570. https://doi
.org/10.1111/disa.12268.

Olshansky, R. B., L. D. Hopkins, and L. A. Johnson. 2012. “Disaster and
recovery: Processes compressed in time.” Nat. Hazard. Rev. 13 (3):
173–178. https://doi.org/10.1061/(ASCE)NH.1527-6996.0000077.

Pelling, M. 2003. The vulnerability of cities: Natural disasters and social
resilience. London: Earthscan.

Platt, J. M., S. R. Lowe, S. Galea, F. H. Norris, and K. C. Koenen. 2016. “A
longitudinal study of the bidirectional relationship between social sup-
port and posttraumatic stress following a natural disaster.” J. Traumatic
Stress 29 (3): 205–213. https://doi.org/10.1002/jts.22092.

Pomeroy, R. S., B. D. Ratner, S. J. Hall, J. Pimoljinda, and V.
Vivekanandan. 2006. “Coping with disaster: Rehabilitating coastal live-
lihoods and communities.”Mar. Policy 30 (6): 786–793. https://doi.org
/10.1016/j.marpol.2006.02.003.

Putnam, R. D. 1993. “The prosperous community.” Am. Prospect 4 (13):
35–42.

Quarantelli, E. L. 1990. “The warning process and evacuation behavior:
The research evidence.” In Disaster research center preliminary: Paper
#148. Newark, DE: Univ. of Delaware.

Quarantelli, E. L. 1999. “The disaster recovery process: What we know and
do not know from research.” In Disaster research center preliminary:
Paper #286. Newark, DE: Univ. of Delaware.

Rokach, L., and O. Maimon. 2005. “Clustering method.” In Data mining
and knowledge discovery handbook, 321–352. Boston: Springer.

Shang, F., K. Kaniasty, S. Cowlishaw, D. Wade, H. Ma, and D. Forbes.
2019. “Social support following a natural disaster: A longitudinal
study of survivors of the 2013 Lushan earthquake in China.” Psy-
chiatry Res. 273 (1): 641–646. https://doi.org/10.1016/j.psychres
.2019.01.085.

Siebeneck, L., R. Schumann, B. J. Kuenanz, S. Lee, B. C. Benedict, C. M.
Jarvis, and S. V. Ukkusuri. 2020. “Returning home after Superstorm
Sandy: Phases in the return-entry process.” Nat. Hazard. 101 (1):
195–215. https://doi.org/10.1007/s11069-020-03869-1.

Silver, A., and J. Grek-Martin. 2015. “Now we understand what commu-
nity really means: Reconceptualizing the role of sense of place in the
disaster recovery process.” J. Environ. Psychol. 42: 32–41. https://doi
.org/10.1016/j.jenvp.2015.01.004.

Small, M. L., and C. Sukhu. 2016. “Because they were there: Access, delib-
eration, and the mobilization of networks for support.” Social Networks
47: 73–84. https://doi.org/10.1016/j.socnet.2016.05.002.

Smith, G., and T. Birkland. 2012. “Building a theory of recovery:
Institutional dimensions.” Int. J. Mass Emergencies Disasters 30 (2):
147–170.

Solomon, S. 2014. “Mobilizing social support networks in times of
disaster.” In Trauma and its wake, edited by C. R. Figley, 260–291.
Levittown, PA: Routledge.

Stough, L. M., E. M. Ducy, and J. M. Holt. 2017. “Changes in the social
relationships of individuals with disabilities displaced by disaster.” Int.
J. Disaster Risk Reduct. 24: 474–481. https://doi.org/10.1016/j.ijdrr
.2017.06.020.

Taylor, M., G. Wells, G. Howell, and B. Raphael. 2012. “The role of social
media as psychological first aid as a support to community resilience
building.” Aust. J. Emergency Manage. 27 (1): 20–26.

US Census Bureau. 2019. “American community survey (ACS) 2014-2018.”
Accessed October 12, 2021. https://www.census.gov/programs-surveys
/acs/technical-documentation/table-and-geography-changes/2018/5-year
.html.

US Census Bureau. 2020. “Current population survey/housing vacancy
survey.” Accessed October 12, 2021. https://www.census.gov/housing
/hvs/index.html.

Woolcock, M., and D. Narayan. 2000. “Social capital: Implications for de-
velopment theory, research, and policy.” World Bank Res. Obs. 15 (2):
225–249. https://doi.org/10.1093/wbro/15.2.225.

Yabe, T., and S. V. Ukkusuri. 2020. “Effects of income inequality on evacu-
ation, reentry and segregation after disasters.” Transp. Res. Part D
Transp. Environ. 82 (1): 102260. https://doi.org/10.1016/j.trd.2020
.102260.

© ASCE 04022002-14 Nat. Hazards Rev.

 Nat. Hazards Rev., 2022, 23(2): 04022002 

D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

M
as

sa
ch

us
et

ts
 I

ns
tit

ut
e 

of
 T

ec
hn

ol
og

y 
(M

IT
) 

on
 0

5/
06

/2
2.

 C
op

yr
ig

ht
 A

SC
E

. F
or

 p
er

so
na

l u
se

 o
nl

y;
 a

ll 
ri

gh
ts

 r
es

er
ve

d.


