smart cities m\w

Article

Use of Social Media to Seek and Provide Help in
Hurricanes Florence and Michael

Morgan Faye DiCarlo *'© and Emily Zechman Berglund

Department of Civil, Construction, and Environmental Engineering, North Carolina State University,
Raleigh, NC 27695, USA; emily_berglund@ncsu.edu
* Correspondence: mdicarl@ncsu.edu

check for
Received: 28 August 2020; Accepted: 7 October 2020 ; Published: 14 October 2020 updates

Abstract: During hazardous events, communities can use existing social media networks to share
information in real time and initiate a local disaster response. This research conducted a web-based
survey to explore two behaviors around the use of social media during hurricanes: seeking help and
responding to help requests. Through the survey, we sampled 434 individuals across several counties
affected by 2018 hurricanes Florence and Michael, which were both designated by the National
Oceanic and Atmospheric Administration as billion-dollar weather disasters. The survey questions
collected data about demographics, social media use habits, perceptions towards social media,
hurricane damages, and actions taken during a hurricane to seek and provide help. The Theory of
Planned Behavior (TPB) was used to conceptualize and frame parameters that affect intentions
and behaviors regarding the use of social media during hurricanes to seek and provide help.
Survey responses are analyzed using statistical regression to evaluate hypotheses about the influence
of factors on seeking help and responding to help requests. Regression analyses indicate that
attitude and perceived behavioral control predict intention to access social media during a hurricane,
partially supporting the TPB. Intention and experiencing urgent damages predict help-seeking
behaviors using social media. Posting frequency to social media under normal conditions and the
number of help requests seen during the event predict help-responding behaviors. Linear regression
equations governing intention and behavior were parameterized using survey results. The factors
underlying social media behavior during hurricanes as identified in this research provide insight
for understanding how smart information technologies, such as personal devices and social media
networks, support community self-sufficiency and hazard resilience.
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1. Introduction

Information and communications technology (ICT), including social media, is an essential aspect
of smart connected cities [1]. Community members provide real-time observations and reactions
about their city through social media updates, creating easily accessible networks to share information
quickly among peers [2]. Real-time information sharing is a smart city functionality that is an important
component of hazard response, as social media users provide and access information about resources to
supplement conventional means of emergency aid [3-6]. For example, social media platforms provide
hazard response features, including crisis mapping and virtual safety check-ins [7]. Whatsapp is
a messaging service that was widely used by 2018 flooding victims in Kerala, India to share their
locations [8]. During Hurricane Sandy (2012), the American Red Cross used Instagram photos to
identify heavily damaged areas [9], and researchers used Twitter data to develop models of evacuation
behaviors in hurricanes [10]. In 2018, Facebook launched a suite of services under their Crisis Response
Hub, which includes a geolocated webpage for individuals to find or offer help and share information.
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Natural disaster data can be collected through crowdsourced and geotagged social media information
for purposes including flood forecasting [11]. Social media analytics have been coupled with census,
remote sensing, or information from governmental bodies in several applications to generate insight
about disaster impacts [12]. While some research studies have explored the parameters that influence
social media behaviors under normal circumstances [13-18] and the influences that affect decisions to
evacuate or prepare for a disaster [19-21], there is a lack of data and information around social media
behaviors during a hazard. Knowing how individuals use social media to request and provide help
during disasters can inform emergency communication planning, resource allocation, and coordination
among different actors in response efforts.

The goal of this research is to explore how social media is used during hurricanes and to identify
the parameters that influence decisions to use social media during a hurricane to seek help and respond
to requests for help. Hurricanes inflict high winds, rainfall, and storm surges, which interrupt the
critical infrastructure services of cities. Under a changing climate, hurricanes are becoming slower
with more opportunity for inundation and heightened impacts on lives and property [22]. As a result
of flooding and damages, individuals can become stranded without food, clean water, or the means to
move to safety. Smart technologies that enhance social connectedness can improve hurricane response
and consequence mitigation [23]. This manuscript uses a survey-based approach to explore how social
media was used by populations affected by 2018 hurricanes Florence and Michael. The survey was
conducted to collect Theory of Planned Behavior (TPB) information related to perceptions and use of
social media. In total, 434 survey responses were collected. Path analysis was conducted using TPB
parameters to identify if social media perceptions and habits predict intention to access social media,
help-seeking behaviors, and help-responding behaviors during a hurricane. In addition to testing
canonical TPB components of attitude, subjective norms, and perceived behavioral control, the TPB
was extended to test for the effects of additional variables, including experiencing damages, frequency
of making social media posts, and the number of help-seeking posts seen.

2. Background

2.1. Social Media Use in Resilient Smart Cities

Smart cities consist of interconnected engineered infrastructure and ICT, which function together
to meet the demands for resources and services of urban constituents [1]. Social behaviors affect the
diffusion of information and can have a major effect on the performance of interconnected ICT and
infrastructure systems. Users share updates about the level of service provided by infrastructure and
can influence the way that their peers perceive and use infrastructure. Responsive and human-centered
smart cities can use capabilities of ICT to provide two-way communication, informing citizens about
infrastructure and allowing citizens to participate in decision-making processes that affect public
safety and quality of life [24]. In their review of big data use cases for smart city applications,
Lim and Maglio [25] identify major types of ICT employed by cities, including geographic and
visualization software, Internet of Things (IoT) for real-time data transmission, blockchain for data
security, and cloud computing for data storage and processing. Development and planning of smart
cities and smart infrastructure projects need to be informed through data and understanding about the
intention and behavior of individuals around the adoption of emerging technologies [26]. Social tmedia
is an ICT tool that functions as an interactive online platform to facilitate generating and sharing
content about users’ reactions. On social media, “millions of city dwellers share their daily observations,
thoughts, feelings, and experiences”, providing potential benefits for smart city operations [2]. The vast
human-sensed information captured by social media has not yet been fully utilized for smart city
planning, management, and engagement [27]. Several frameworks exist to leverage useful event
monitoring information from social media data, such as text classification methods to generate incident
intelligence reports from tweets [28] and rapid flood mapping based on social media photos [29].
Social media platforms can provide real-time feedback for communities affected by hazards through
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crowdsourced damage reports, wellness checks, and capabilities to seek help and respond to the needs
of victims [30].

2.2. Social Media Use during Hurricanes

Traditional media, such as radio and television, remain important and reliable information
sources during an emergency [31]. Unlike social media, however, traditional communication channels
function only to disseminate news and lack an interactive component. In 2010, the American Red
Cross surveyed 1058 Americans about the burgeoning role of social media during disasters and
emergencies. They found that 75% of respondents participate in social media networking, and that 16%
of respondents used social media to obtain information about an emergency [32]. Additionally,
86% of respondents reported that they would use Facebook to report their safety, and 18% of
respondents would use digital media if traditional emergency services, like 9-1-1, were unreachable [32].
The user-created nature of social media creates some limitations in its use, as there is a risk of
spreading misinformation [31]. Despite limitations, social media enables a two-way dialogue between
government bodies or relief organizations and individuals [4]. Prior surveys and existing literature
indicate that social media offers capabilities that can enhance disaster response and behavior modeling
across sectors of the population [3,5,10,32].

The research described in this manuscript explores social media use during 2018 hurricanes
Florence and Michael. These storms impacted populous cities, including New Bern, North Carolina
and Panama City, Florida. Our analysis of publicly available data demonstrates that social networking
sites were used during these events. For example, CrowdRelief.net is a crowdsourced website to
coordinate rescue operations and supplies, where nearly 800 help requests were filed during Hurricanes
Florence and Michael. We conducted a Twitter analysis to better understand help-seeking and
response phenomena during Hurricanes Florence and Michael. We used DiscoverText, a proprietary
software offering paid access to tweets, to collect 29,000 tweets related to Hurricane Florence from
13-19 September 2018. Using text analytics, 963 tweets were identified that directly related to rescue
activities, including language around victims being stranded, wellness checks, and rising water
(Figure 1). The most frequently used word in this set of 963 tweets was “help”, with 602 occurrences.

w/ #NewBern My aunt, who has a medical condition, her
“* husband needs help evacuating.

¥ #HurricaneFlorence #MarinaDocks are breaking up, can't
get to shore. Need help getting my friend off sailboat

g Familyis in trouble in #NewBern first floor breached,
family is in their attic asking for rescue

Figure 1. Sample of tweets mined during Hurricane Florence.

2.3. Theory of Planned Behavior

The survey that is developed in this research is based on the TPB to characterize behaviors around
accessing social media during a hurricane to seek and provide help. Although human behavior
is difficult to predict, several psychological theories suggest that there is a discernible pattern to
individual behaviors. The TPB poses that an intention to engage in a behavior is predictable from
attitude, subjective norms, and perceived behavioral control [33]. Attitude is an individual’s feeling
that an action is favorable or unfavorable. A subjective or social norm is an individual’s perception
about whether their peers would approve of a behavior. Perceived behavioral control refers to the
degree to which an individual feels they have agency and can perform a behavior. Intention is
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formed when a positive attitude, subjective norms, and a high perceived behavioral control align,
and individuals are likely to choose a behavior for which they have an intention [34]. The TPB has
been extensively tested in empirical studies to understand a wide range of behaviors, including the use
of information technology [35], and to provide insight on the use of smart technologies for informing
the design of effective smart city solutions [26].

The TPB has been widely applied as a model to describe human interactions with information
technologies [13] and decision-making about social media [15-18]. The TPB can provide essential
understanding of the perceptions and use of smart technologies. In previous studies, attitude and
subjective norms were found to significantly predict intention to use social networking websites,
and intention predicted social networking behaviors [15]. Further research found that self-identity
significantly predicts both intended and actual social media use [15]. Another study found that attitude
and perceived behavioral control are significant predictors of an intention to participate in virtual
communities [17]. Perceived behavioral control is a significant predictor of social media behavior,
as those who do not feel self-efficacy with a computer are not likely to have an online presence [18].
Attitudes, subjective norms, and perceived behavioral control, in addition to narcissism, were shown
to predict an intention to post self-pictures, and intention predicted the behavior of posting “selfies” to
social media [16]. Much of the literature on TPB and social media use agrees that performing a certain
social media behavior is predictable from an intention to use social media [15,16,18].

The TPB has also been used to describe people’s behaviors in emergency situations [19-21,36,37].
Attitudes, subjective norms, and perceptions of behavioral control are significant predictors of
intention to prepare for a disaster [21]. TPB parameters were tested using responses to a telephone
survey of hurricane damages after Hugo and Andrew, and the results demonstrated that subjective
norms and a strong understanding of risk were important in forming an intention to evacuate [19].
Self-efficacy, or the feeling that one is able to understand and execute certain actions, is an aspect of
perceived behavioral control that was identified as an important predictor of the behavior of seeking
hazard information [20]. Attitude, subjective norms, and perceived behavioral control also have been
demonstrated to significantly predict willingness to drive through flooded waterways [36].

3. Hypothesis Development and Proposed Models

According to the TPB, attitude, subjective norms, and perceived behavioral control underlie
an intention to act, and intentions predict behavior. This research tests the hypothesis that attitude,
subjective norms, and perceived behavioral control predict an intention to access social media during a
hurricane. Additionally, we hypothesize that certain social media use habits, specifically the frequency
of making posts, predict intention. This research explores how intention predicts two types of social
media behaviors related to hazard: help-seeking and help-responding. In this context, help-seeking
behaviors request emergency rescue or supplies, and help-responding behaviors provide aid, such as
performing a rescue or sharing a help post to garner attention. We hypothesize that, in addition to
intention, experiencing hurricane damages would motivate a behavior to seek help. Finally, we test a
hypothesis that seeing many help posts influences decisions to engage in help-responding behaviors.
All hypotheses are tested by conducting a path analysis of scored survey responses. Concept models
of the casual linkages between these factors are proposed and tested via multiple linear regression
in path analysis. The first model predicts help-seeking behavior (Figure 2a), and the second model
predicts help-responding behavior (Figure 2b).

The hypothesis testing is repeated for three groupings of the survey responses: North Carolina,
Florida, and the combined sample. This approach is selected to determine if there are any differences
in the predictors of behavior based on hurricane location or intensity. Local factors, specific storm
forecasts, and risk perception likely play a role in the forming of intentions and behaviors. The two
hurricanes included in this sample were different categories on the Saffir-Simpson hurricane wind
scale. By assessing the different hurricanes both individually and as a combined sample, we explore
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the possibility of different drivers of intention and different urgency effects for Category 5 (Hurricane
Michael) and Category 4 (Hurricane Florence) events.

Attitude *
H2 Intention to
Subjective Use Social H4a
Norm y Media \
Perceived H6 H5a Help-Seeking
Behavioral Urgency of |__— Behavior
Control Damages
Posting (a)
Frequency
Attitude *‘
H2 Intention to
Subjective Use chial H4b
Norm H3 Media \

. Help-
Percel_ved H6 Urgency of H5b Responding
Behavioral Damages Behavior

Control H7
Posting Number of
Frequency Seen
Help Posts

(b)
Figure 2. Conceptual models for (a) help-seeking behavior and (b) help-responding behavior.

3.1. Attitude toward Social Media

Applications of the TPB demonstrate that a positive attitude toward an action predicts an
intention to perform that action [38]. Prior studies indicate that a positive attitude toward
social media is related to receiving positive gratification and can motivate behaviors such as
posting self-pictures [16]. Positive perception of social media connections—that social media are
useful, enjoyable, and reliable—may motivate intention to access social media during a hurricane.
Conversely, those who do not enjoy social media platforms and do not feel these are reliable may be
less likely to use social media to find help or information during an emergency.

Hypothesis 1 (H1). Attitude toward social media is positively related to an intention to use social media during
a hurricane.

3.2. Subjective Norms

Another factor that may drive the use of social media is the desire for inclusion among peers,
and social normative factors have been shown to predict social media use among a sample of 17-24 year
old users [15]. Individuals who feel that their friends and relatives use social media may be more



Smart Cities 2020, 3 1192

inclined to access social media for actions such as finding help, checking on others, and responding to
requests for help.

Hypothesis 2 (H2). Subjective norms about social media are positively related to an intention to use social
media during a hurricane.

3.3. Perceived Behavioral Control

Literature indicates that perceived control can significantly impact behavior and reduce the effects
of attitude on intention. For example, in a study about sustainable practices among residents of a
Finnish city, many people had a positive attitude about environmentalism, but few intended to take
sustainable actions [39]. Situational control, such as stress, time constraints, and lack of knowledge,
created barriers to the adoption of a sustainable lifestyle [39]. Barriers to using social media can be
reduced if an individual feels in control while navigating social media, such as understanding how to
log in and search for information. High perceived behavioral control can increase the likelihood that
one would intend to use social media platforms during a hurricane.

Hypothesis 3 (H3). Perceived behavioral control in using social media is positively related with an intention to
use social media during a hurricane.

3.4. Intention

According to the TPB, actual behaviors are preceded by an intention to perform that behavior [33].
Hypothesis H4 reflects that the intention to use social media during the hurricane positively predicts
actual social media behaviors. Hypothesis H4a proposes that the intention to use social media
positively predicts the behavior of seeking help, and H4b proposes that intention predicts the behavior
of responding to social media help requests.

Hypothesis 4a (H4a). The intention to use social media during a hurricane is positively related to help-secking
behaviors using social media during a hurricane.

Hypothesis 4b (H4b). The intention to use social media during a hurricane is positively related to performing
a help-responding behavior using social media during a hurricane.

3.5. Urgency

In this analysis, urgency is defined as the severity of damages that are experienced, measured by
the damage cost and damage type (Q18 and Q21 in Appendix A). Expansions of the TPB indicate that
external interventions can be the deciding factor in whether a behavior is performed. In a study of
more than 700 survivors of Hurricanes Hugo and Andrew, one-third of respondents did not evacuate
because they did not feel a serious threat [19]. A TPB study of 175 Australian drivers demonstrated
that an individual’s level of perceived severity of flooding relates to their willingness to drive during a
flood event [36]. Failure to recognize urgency has also been demonstrated through the application of
TPB to predict the risky behavior of entering floodwaters [40]. Urgency may also be experienced as an
immediate need for help, beyond the severity of damages. As urgent conditions such as high winds,
floodwater, and electrical outages develop, the need for help can escalate and force the transformation
from intention to action. Hurricane damages that are perceived as severe and pose immediate threat
could predicate the behavior of seeking help through social media (H5a). Hypothesis H5b reflects that
individuals who experience urgent damages are likely to disengage in help-responding behaviors,
as they would be focused on self-preservation.

Hypothesis 5a (H5a). Urgency of hurricane damage is positively related to the help-seeking behaviors using
social media during a hurricane.
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Hypothesis 5b (H5b). Urgency of hurricane damage is negatively related to help-responding behaviors using
social media during a hurricane.

3.6. Posting Frequency

Social media habits under normal non-hazard conditions may contribute to predictions of how
an individual uses social media during a hurricane event. Active social media users frequently
post updates to their online communities [41]. Those who are already active may be more inclined
to access social media during a hazard event. Other TPB studies of social media behavior have
included parameters beyond attitude, subjective norms, and perceived behavioral control (PBC) as
predictors of intention, finding narcissism [13] and self-identity [15] to influence social media activity.
The relationship between posting frequency and intention to use social media during a hurricane is
tested here. H6 proposes that posting frequency positively predicts intention to access social media
during a hurricane.

Hypothesis 6 (H6). Posting frequency on social media is positively related to an intention to use social media
during a hurricane.

3.7. Number of Help Posts

A help request post during a hurricane can describe a specific, urgent need (examples are shown
in Figure 1), and a user who sees a large number of help-requesting posts may be more likely to
respond. Hypothesis 7 states that if more requests for help are seen, an individual is more likely to
offer a help response.

Hypothesis 7 (H7). The number of help requests seen on a social network is positively related to help-responding
behaviors using social media during a hurricane.

4. Method

4.1. Sample

The survey was developed and distributed to zip codes that were affected by Hurricanes Florence
and Michael during the the 2018 hurricane season. All participants consented to sharing information
about their social media use, hurricane experiences, and demographics. The survey consisted of
51 questions and took approximately 10 min to complete. Respondents indicated their state and then
responded to a survey that specifically referenced Hurricane Florence or Michael (a generic form of the
survey is shown in Appendix A). All respondents were incentivized with the chance to win a 50 USD
Amazon gift card, which was awarded to one participant that was selected randomly. Responses were
collected in North Carolina and Florida within three weeks of the landfall of Hurricanes Florence and
Michael, respectively.

The survey was developed and distributed in rapid response to Hurricane Florence and was
subsequently deployed for Hurricane Michael. The survey is shown in detail in Appendix A. In total,
442 respondents participated in the online survey, and the final sample size (N = 434) reflects the
final pool of quality-controlled responses. A soft-launch survey pilot was conducted with Qualtrics
for a brief, several day period directly after Hurricane Florence occurred, in which about 10% of
the total sample size was collected. After this pilot, quality control measures were enforced to
validate and assess the survey instrument. These included eliminations of partial responses, nonsense
responses, and responses that were completed in less than one-third of the average response time.
Seventy-one percent of the respondents were recruited via Qualtrics, which collected representative
responses by text and email from people living within a list of targeted zip codes in North Carolina and
Florida. The remaining 29% of respondents self-selected to participate after the survey was distributed
by the researchers to Facebook community interest groups and Twitter.
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All respondents were residents of North Carolina (233) or Florida (201) during the 2018 hurricane
season. Most responses were collected from coastal North Carolina and the panhandle of Florida,
which are regions that were significantly affected by Hurricanes Florence and Michael, respectively
(Figure 3). Demographics are shown in Table 1. The median income ranged from 40,000 USD to
59,999 USD, and 49% of respondents held at least a college degree. Most participants were women
(70%). The imbalance of the sex ratio that exists in the sample, however, reflects real-world social media
demographics, where 78% of American women use at least one social media platform, compared with
65% of men [42].

Our survey of 434 individuals using social media during Hurricanes Florence and Michael
is smaller in scope than the representative sample in a survey of social media use during a crisis
conducted by the Red Cross in 2010 (N = 1058) [32]. However, our sample size exceeds sample
size used in studies that apply the TPB for understanding social media use, including a survey of
young adults assessing addictive social media behaviors (N = 233) [15], a sample of 89 Instagram
users engaging in picture posting behaviors [16], and a survey of intention to participate in virtual
communities (N = 165) [17]. Other limitations around the survey questions and sample are described
in depth in the Discussion section.

Table 1. Respondent demographics.

Gender North Carolina (233) Florida (201) Combined Sample (434)
Male 30.90% 27.86% 29.49%
Female 69.10% 72.14% 70.51%
Survey Age Group

18-24 11.59% 6.97% 9.45%
25-34 14.16% 16.92% 15.44%
35-44 16.74% 16.42% 16.59%
45-54 18.03% 14.93% 16.59%
55-64 20.60% 23.38% 21.89%
65+ 18.88% 20.90% 19.82%
Level of Education

Less than high school degree  0.86% 3.98% 2.3%
High school degree 17.17% 22.39% 19.59%
Some college 31.33% 25.37% 28.57%
College degree 36.48% 29.85% 33.41%
Graduate School degree 13.30% 18.41% 15.67%
Income Group

Under 10,000 USD 8.15% 4.98% 6.68%
10,000-29,000 USD 6.01% 9.95% 7.83%
20,000-39,000 USD 21.03% 26.37% 23.50%
40,000-59,000 USD 18.03% 12.44% 15.44%
60,000-79,000 USD 12.45% 12.94% 12.67%
80,000-99,000 USD 9.01% 8.46% 8.76%
100,000+ USD 15.02% 18.41% 16.59%

Prefer not to say 10.30% 6.47% 8.53%
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Figure 3. Distribution of survey responses in hazard regions of Florence and Michael. At left, survey
responses by county in North Carolina (top) and Florida (bottom). Dark counties have higher response
rates. At right, the Federal Emergency Management Agency product displaying highest community
exposure to surge, wind, and riverine flooding in areas of the Carolinas during Hurricane Florence
(layer produced 15 September 2018) and in Florida during Hurricane Michael (layer produced 10
October 2018) [43]

4.2. Measures

4.2.1. Theory of Planned Behavior Variables, Intention, and Behaviors

TPB variables, including attitude (A), subjective norms (SN), and perceived behavioral control
(PBC) were evaluated using six survey questions (Q6—Q11 in Appendix A). Each question was
answered using the Likert seven-point scale, where 1 = “Strongly Agree” and 7 = “Strongly Disagree”.
Cronbach’s alpha assesses internal consistency, testing whether multiple Likert scale questions reliably
measure the same latent variable (e.g., attitude). Cronbach’s alpha at 0.7 and above indicates acceptable
agreement [44]. We explored alternative pairings of TPB questions to test consistency and group
questions. For example, when responses to the question Q8, “People generally respond to what I put
on social media (my posts are usually liked, retweeted, shared)”, were evaluated against responses
to “I think social media is a good resource for information”, a low alpha value (0.595) indicated that
these questions do not consistently measure the same variable. Ultimately, two questions tested
attitude: “I think social media is a good resource for information” (M = 2.68, SD = 1.47) and “I enjoy
using social media” (M =2.23, SD =1.16). The two items relating to attitude have an acceptable
internal consistency (x = 0.739). Subjective norms were tested by “Most people I know use social
media” (M = 1.75, SD = 0.95). Perceived behavioral control was tested using the following questions:
“People generally respond to my posts on social media” (M = 2.58, SD = 1.32); “I know how to use
social media to find information I care about” (M =2.19, SD = 1.23); and “I think social media is easy
to use” (M = 2.02, SD = 1.08). The PBC questions have a strong internal consistency (« = 0.803).

An intention to use social media during the hurricane (I) was measured using the survey question:
“Did part of your preparation for the hurricane include charging up devices (like laptop or phone) so
you could access social media?” (Q14) Responses are scored in binary, with “Yes” receiving a score of 1
and “No” and “Not Sure” responses being zero.



Smart Cities 2020, 3 1196

The metric for social media help-seeking behaviors (SB) was created from binary responses to
“Did you use social media to request emergency help (trapped, rescue, or injured) during [hurricane]?”
and “Did you use social media to request food, water, or supplies (including medical or fuel) that you
lacked access to because of the hurricane?” (Q32 and Q36). A value of 2.0 was assigned to individuals
who said “Yes” to both questions and indicated that they used social media to seek both emergency
help and supplies.

Help-responding behavior was evaluated using the question “Did you respond to seeing a post
for help?” (Q43). Help-responding behaviors (RB) are assigned values for each response based on
the activity reported. A value of 2.0 is assigned to highly active responses, indicated by individuals
who physically went to respond to the request for help or called 9-1-1 on the behalf of the help seeker.
Passive responses, including sharing or tagging others to get attention for a help request, are assigned a
value of RB = 1.0. For responses that did not interact with the post, or did so much later via a donation,
RB is assigned as zero. RB values are cumulative over all actions; for example, a respondent who
went in person to help and also reposted is assigned RB = 3.0. The maximum possible RB score is five,
in which the respondent would select all option choices of Q43: sharing the post (+1 point), tagging to
get others’ attention (+1), calling 9-1-1 on behalf of the poster (+2), and going to help (+2).

4.2.2. Hurricane Damage Measures

Urgency (U) is a metric quantifying the severity of hurricane damages that were experienced.
Urgency is scored based on the response to two questions: “Did your household experience any of the
following emergency situations because of the hurricane?” and “Estimate the cost range of damages to
your home during the hurricane.” The points assigned to responses are shown in Table 2. Damages are
accumulated to calculate the value of U; for example, a respondent who reported both flooding in the
house and a physical injury would receive U = 4.0. The two survey questions showed a high internal
consistency (a = 0.795). For quality control in assigning urgency and behavior scores, an independent
researcher reviewed one-fourth of the responses and the scoring criteria, providing scores that were in
agreement with scores assigned by the authors.

Table 2. Urgency scores (U) associated with survey responses.

Points Assigned

Survey Question Response toward Urgency Score (L)

1000 to under 10,000 USD

Please estimate the cost of property 10,000 to under 50,000 USD
damages your household because of [hurricane]: More than 50,000 USD

Not sure

Water rescue

Trapped in car/ Car accident

RPN W[N]~

Flooding in the house

Did your household experience any of the No emergency 0
following emergency situations because of [hurricane]:

1-3, Text analyzed and
coded for severity
Other (e.g., some water = 1;
wind, roof damages = 2;
injury and fires = 3)

4.2.3. Posting Frequency and Number of Help Posts Seen

Posting frequency was measured by the question (Q12), “On the social media platform you
use most, about how often do you make a post?”. Responses were assigned a score (Fyosts) based
on frequency: multiple times a day (Fpsts = 5.0); about once a day (Fposts = 4.0); about once a week
(Fposts = 3.0); every few weeks (Fposts = 2.0); and once per month (Fyosts = 1.0).
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The number of help requests seen (Npsts) was assessed from responses to “Did you see anyone
you know asking for help on social media?” Those that reported seeing multiple help requests received
two points; those who reported seeing at least one help post received one point; and no points were
assigned if the respondent did not report seeing any help requests.

5. Results

5.1. Survey Results: Social Media Use

Descriptive statistics demonstrate the normative use of social media among survey respondents.
Participants responded to two questions about social media use, reporting how often they check social
media and how often they make posts to social media: multiple times a day (71%), about once a day
(16%), about once a week (4%), every few weeks (2%), less than once a month (2%), and never (4%).
The distribution of responses to these questions across demographic groups is shown in Figure 4.
The nineteen respondents who indicated they never used social media were not shown subsequent
questions about regular social media use. Older respondents (45-65+) reported checking social media
less often, but posting more often, when compared with younger respondents (Figure 4a). Middle- and
high-income respondents reported checking social media and posting to social media marginally less
often compared with low-income respondents (Figure 4b). Women reported making posts more often
than men (Figure 4h), and advanced degree holders post more infrequently than less educated groups
(Figure 4g). The most commonly used social media platforms were Facebook (43%), Instagram (22%),
Twitter (17%), and Snapchat (13%). On the platform that they use most often, 74% of participants
actively use social media to make a post or share information at least once a week, and 27% of
respondents post multiple times a day.
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Figure 4. Social media use and posting frequency by survey demographic. Vertical axes are:
O0—never; 1—less than once per month; 2—every few weeks; 3—about once a week; 4—once a day;
and 5—multiple times a day. Low income is reported as under 40,000 USD; middle income is reported
as 40,000-80,000 USD; and high income is reported as more than 80,000 USD. Responses to social media
use frequency are reported for (a) age, (b) income, (c) education, and (d) gender. Responses to posting
frequency are reported by (e) age, (f) income, (g) education, (h) gender.

Eighty percent of respondents used some form of social media during or shortly after a hurricane.
The most used platform was Facebook (Figure 5). This finding is consistent with a study reporting that
Facebook is the most popular virtual network for community engagement [45]. Facebook includes
features that may explain why it emerged as the primary platform respondents used during hurricanes,
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including a “Mark Myself Safe” feature that asks if users are safe from a hazard near their location.
Sixty-nine percent of participants reported seeing at least one request for help on their social network,
and Facebook was the most common platform where respondents saw a help request posted.

Which social media platforms did you use during the hurricane?
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Figure 5. Number of respondents who used social media during a hurricane, by platform. Respondents
may select more than one platform.

People used social media during the hurricanes for the following functions: to let people know
they were safe (37%), to share updates from their location (32%), to seek supplies (13%), to organize
help for someone else (9%), and to seek emergency help (2.5%). Emergency help is defined as help
needed for being trapped, needing rescue, or experiencing an injury. Of the small percentage of
respondents seeking emergency help, eight saw someone respond to or interact with their post, and the
median response time to receive the help as requested in the post was reported as 30 min to one
hour. Help-seekers are those who reported seeking supplies or seeking emergency help (15.5% of
respondents). Responses to help are reported by platform: 90% of Twitter users who requested supplies
via a social media post saw someone respond to their post, compared with 88% of Facebook users,
84% of Instagram users, and 63% of Snapchat users.

Figure 6 explores how social media was used by North Carolina respondents during Hurricane
Florence and by Florida respondents in Hurricane Michael. More people cited using social media as a
resource to find supplies during Hurricane Michael (42) than in Hurricane Florence (23). The most
commonly selected purpose for using social media during a hurricane was to “Let others know I was
safe” in both North Carolina (37.8%) and Florida (37.7%). A nonparametric Mann-Whitney U test
was applied to the social media use responses to Q40 from both states to determine if social media
use differed during the two hurricanes. The critical value of the U-statistic is a function of the sample
size for each response to to Q40 “Complete the following sentence. During [hurricane], my household
used social media to”. The results of the Mann-Whitney test indicate that in this combined study,
regardless of hurricane category or location, the purposes for which people used social media during a
hurricane are not statistically different.

5.2. Survey Results: Hurricane Damages

Survey questions were assessed to determine user-reported hurricane damages. Ninety percent
of respondents experienced power outages during a hurricane. Hurricane Michael had greater impacts
on respondents than Hurricane Florence. For Hurricane Michael, 72% of respondents reported
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property damages, while 59% of respondents reported property damages due to Hurricane Florence.
Longer power outages were reported during Hurricane Michael (median of more than one week) than
Hurricane Florence (median of four to five days). The median range of reported property damage
costs associated with Hurricane Michael was from 10,000 to 50,000 USD, and less costly damages were
reported during Hurricane Florence. Reported damage costs also varied by income demographics
(Figure 7). In North Carolina, households with incomes greater than 80,000 USD reported more
instances of expensive damages valuing at 50,000 USD or more. In Florida, the middle-income group
earning between 40,000 and 80,000 USD reported the most instances of very expensive damages.

How did you use social media during a hurricane?
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Figure 6. Reported uses of social media during hurricane events. Responses are reported for Q40
“Complete the following sentence. During [hurricane], my household used social media to?”.

5.3. Survey Results: TPB and Regression Parameters

Attitude, engagement level, and perceived behavioral control (PBC), such as confidence while
navigating social media, vary by demographics, including age and education level. The six TPB
questions contained a seven-point Likert scale to measure attitude, subjective norms, and perceived
behavioral control in regard to social media use (1 = “Strongly Agree” to 7 = “Strongly Disagree”).
Ninety-six percent of the total survey respondents answered TPB questions. Figure 8 shows the
distribution of survey responses to questions related to attitude (Q6 and Q7), subjective norms (Q11),
and perceived behavioral control (Q8, Q9, and Q10) over several key demographics. The responses to
the TPB questions are generally positive, indicating positive attitude, subjective norms, and perceived
behavioral control around using social media among respondents (Figure 8). The older population
(65+) disagreed more than other groups that they enjoy using social media and that it is a good
resource for information (Figure 8: Attitude). This age group also displayed a more negative perceived
behavioral control toward using social media (Figure 8: Perceived Behavioral Control).

Survey respondents self-reported intention and help-seeking and help-responding behaviors.
Three hundred and forty nine respondents indicated an intention to use social media during the
hurricane. A total of 66 respondents received a help-seeking behavior (SB) score of at least 1.0 by
responding that they used social media to seek emergency help or supplies. One hundred and eighty
three respondents indicated they responded to help posts seen on social media and received a score for
RB. Ninety-one survey-takers provided only one social-media-based response, and thus received a RB
score of 1.0 for sharing the post or tagging others to bring attention to the post. Thirty-five respondents
received an RB score of 2.0 or above.
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Figure 7. Reported costs of hurricane damage by income range. Low income is reported as under
40,000 USD; middle income is reported as 40,000-80,000 USD; and high income is reported as
more than 80,000 USD. (a) is for responses from Hurricane Florence and (b) is for responses from
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Figure 8. Responses to Theory of Planned Behavior (TPB) categories, shown with distribution
across age and income. Low income is reported as under 40,000 USD; middle income is reported as
40,000-80,000 USD; and high income is reported as more than 80,000 USD.
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5.4. Correlation

Correlation was assessed to determine if the hypothesized predictors, including TPB parameters,
posting frequency, urgency, and number of help posts seen, can be treated as independent variables in
the subsequent regression analyses. Figure 9 displays the correlation between parameters included in
regression analyses of the full set of survey responses. Correlation matrices and variance inflation factor
(VIF) values (Table 3) are indicators that are used to detect multicollinearity in multiple regression
analyses. Multicollinearity is very likely at correlations above 0.9 [46], and VIF values should
not exceed 10 [47]. As shown in Figure 9, the highest correlated pairing is perceived behavioral
control (PBC) and attitude at 0.71. New variables that are introduced in this study, including posting
frequency, number of help posts seen, and urgency, are not highly correlated with the existing TPB
attributes. Multicollinearity is not detected in the regression models for intention, help-seeking
behavior, or help-responding behavior, as all VIF values are below 2.0 (Table 3), and the correlations
between the variables in the multiple regression analyses are not indicative of multicollinearity.

Nposts 0.07
Intention 029 0.07 e
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PBC 052 036 034 006
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Attitude N 044 038 034 007 - 1.0
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Figure 9. Correlation matrix among the regression parameters included in the behavior models.

5.5. Theory of Planned Behavior Regression Analysis

Path analysis was applied to explore the potential sequence of relationships linking the
TPB variables to intention and intention to behaviors, as shown in Figure 2. In this approach,
linear relationships are assumed to link predictors, or regression parameters, with predictands,
and linear regression is used to determine the significance of regression parameters. This approach
is similar to the approach taken in previously reported TPB studies [15,16,48]. Attitude, subjective
norms, perceived behavioral control, and posting frequency responses were tested as predictors of
intention to access social media during a hurricane. Intention and urgency of damages were tested
as predictors of help-seeking behaviors, and intention, urgency, and number of help requests seen
were tested as predictors of help-responsive behavior. Hypothesis testing was performed for North
Carolina respondents, Florida respondents, and the combined datasets.
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Table 3. Variance inflation factor (VIF) for each parameter in regression analyses for the combined
sample. No values of VIF exceed 10, which is the threshold that indicates multicollinearity [47].

Model Regression Parameter  VIF

A 1.916
. F 1416

posts
Intention Model PBC 1.991
SN 1.354
_ u 1.004
Help-Seeking Model I 1.004
Nposts 1.131
. F 1.182

: posts
Help-Responding Model u 1.007
I 1.131

Table 4 presents the results of linear regression that tests attitude (A), subjective norms (SN),
perceived behavioral control (PBC), and posting frequency (Fposts) for predicting an intention to use
social media during the hurricane (I). In Florida, PBC was the only significant predictor of an intention
to use social media during the hurricane. In North Carolina, attitude, subjective norms, and posting
frequency were important predictors of intention, but PBC did not appear significant. In the combined
sample, attitude, posting frequency, and PBC were significant predictors of an intention to access
social media during a hurricane. Although the R? value is low for the overall model, goodness-of-fit is
difficult to assess in a model of human behavior. The F statistic was largest for the hypothesis test on
the combined sample, indicating that the regression model fits the survey data better than a model
with no explanatory variables.

Table 4. Regression results for intention for each state and the combined sample. All coefficients are
unstandardized [49].

. Unstandardized
Dataset Independent Variables Coefficient (B) Standard Error  p-Value
Florida A 0.011 0.016 0.483
(N =201, SN 0.003 0.034 0.927
R? =0.10, PBC 0.030 0.013 0.027 *
F=5.02) Fposts 0.028 0.023 0.231
North Carolina A 0.056 0.014 0.000 **
(N =233, SN —0.056 0.028 0.045 *
R%=0.24, PBC 0.013 0.010 0.212
F=16.57) Fposts 0.048 0.021 0.021 *
Combined Sample A 0.037 0.010 0.000 **
(N =434, SN —0.030 0.022 0.165
R?=0.17, PBC 0.020 0.008 0.013*
F =19.82) Fposts 0.038 0.015 0.014 *

* indicates significance at the p = 0.05 level; ** indicates significance at the p = 0.005 level.

Urgency of hurricane damages (U) and the intention to use social media (I) were tested as
predictors of the behavior of using social media for help-seeking behavior during a hurricane (SB)
(Table 5). Urgency of the damages is significant for predicting a help-seeking behavior across
all three datasets, which confirms that help-seeking behaviors on social media increase with the
severity of hurricane damages. In the combined sample, both intention and urgency were significant
predictors of help-seeking behavior, which reinforces the TPB principle that intention is an antecedent
to behavior [33].
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Table 5. Regression results for help-seeking behavior for each state and the combined sample.
All coefficients are unstandardized [49].

Dataset Independent Variables Unstandardized Coefficient (B) Standard Error p-Value
Florida (N =201, I 0.112 0.089 0.191
R?=0.10, F = 11.5) u 0.078 0.018 0.000 **
North Carolina (N = 233, I 0.103 0.054 0.058
R? =0.48, F = 34.9) u 0.120 0.015 0.000 **
Overall (N =434, I 0.106 0.050 0.034 *
R?=0.12, F = 29.5) u 0.080 0.011 0.000 **

* indicates significance at the p = 0.05 level; ** indicates significance at the p = 0.005 level.

Intention to use social media (I), urgency (U), posting frequency (Fposts), and the number of help
requests seen (Nposts) were tested to predict help-responding behavior (Table 6). The number of help
requests seen is included in linear regression, even though it was not part of the hypothesis formulation.
We used an empirical approach to evaluate if any of the antecedents of intention (attitude, perceived
behavioral control, and posting frequency) could predict help-responding behaviors. This empirical
analysis found that posting frequency is a significant predictor of help-responding behaviors, and it
is included in the regression model reported in Table 6. Number of help requests seen (Nposts) was
highly significant for Florida, but not North Carolina. Posting frequency is a significant predictor of
help-responding behavior for the three datasets. In the combined sample, posting frequency and the
number of help requests seen were highly significant in predicting help-responding behavior.

Table 6. Regression results for help-responding behavior for each state and the combined sample.
All coefficients are unstandardized [49].

Dataset Independent Variables Unstandardized Coefficient (B) Standard Error p-Value
Florida u 0.081 0.019 0.000 **
(N =201, I —0.047 0.097 0.627
R? =0.210, Nposts 0.143 0.039 0.000 **
F =12.057) Fposts 0.070 0.028 0.013*
North Carolina u 0.070 0.014 0.000 **
(N =233, I 0.037 0.070 0.599
R? =0.126, Nposts 0.063 0.031 0.000 **
F =8.68) Fposts 0.021 0.020 0.297
Overall u 0.041 0.078 0.052
(N =434, I —0.018 0.108 0.870
R? =0.367, Nposts 0.598 0.045 0.000 **
F =58.77) Fposts 0.091 0.030 0.003 **

* indicates significance at the p = 0.05 level; ** indicates significance at the p = 0.005 level.

Hypothesis Testing and Concept Model

The results of linear regression (Tables 4-6) were used to analyze hypotheses H1-H7, and are
shown in Table 7. For the combined dataset, attitude, perceived behavior control, and posting frequency
emerged as significant predictors of intention to access social media during a hurricane, validating H1,
H3, and Hé6. Intention is a significant predictor of help-seeking behaviors, supporting Azjen’s theory
and Hypothesis H4a. Urgency of damages also corresponds to increasing help-seeking behaviors
during a hurricane, in agreement with H5a. Frequently posting on social media and seeing social
media help requests were found as positively related to help-responding behaviors, supporting H7.
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Table 7. Results from hypothesis and empirical testing.

Result NC Dataset FL Dataset Combined
H1. A is positively related to I. Accepted Rejected Accepted
H2. SN is positively related to I. Accepted Rejected Rejected
H3. PBC is positively related to I. Rejected Accepted Accepted
H4a. I is positively related to SB. Rejected Rejected Accepted
H4b. I is positively related to RB. Rejected Rejected Rejected
Hb5a. U positively related to SB. Accepted Accepted Accepted

H5b. U is negatively related to RB. Rejected * Rejected *  Rejected **

HS6. Fposts is positively related to I. Accepted Rejected Accepted

HY7. Nposts is positively related to RB.  Accepted Accepted Accepted

TFposts is positively related to RB. False True True

* indicates U is positively related to RB; ** indicates U is not significantly related to RB; t indicates this result
was found via empirical testing of the dataset.

Only two of the hypotheses about the factors that predict social media behaviors during a
hurricane were accepted in all three respondent pools (North Carolina (NC), Florida (FL), combined).
Experiencing urgent damages predicts whether people seek help using social media, and the number of
help posts seen predicts help-responding action (H5a and H7). Contrary to Hypothesis 5b, urgency was
positively related to help-responding behaviors for both Florida and North Carolina respondents.
Intention to access social media during the hurricane was not predictive of help-responding behavior
in any of the respondent pools (H4b). Subsequently, we took an empirical approach, as described
above, to evaluate which of the antecedents of intention predict help-responding behaviors, and found
that posting frequency is a significant predictor of help-responding behaviors. Across the three
datasets, only the number of social media help requests seen (Nposts) was a significant predictor of
help-responding behaviors (Table 7).

Figure 10 presents significant relationships identified by linear regression analysis on the concept
models in Figure 2 for the combined sample of 434 respondents. The model for help-responding
behavior includes the relationships that were found through hypothesis testing and empirical testing
(Figure 10b). As shown in Table 7 and Figure 10, constructs of the TPB support predictability of
help-seeking behaviors, but do not represent help-responding behaviors well. The lack of fit may be
attributed to the design of the instrument or the dataset, which did not include as many respondents
that displayed help-responding behaviors. Future research can improve the instrument and explore
theories and constructs that may better explain spontaneous response to help requests during hazards
and natural disasters.

Attitude 0.037**

Percei‘ved ﬂ Intention  .0.106* Number Help | 0.598**
Behavioral \ Posts Seen \ Help-
Control ~ " .
.. Help-Seeking 0.091 esponding
DIOEG Behavior Frequency Behavior
Frequency p.038* Urgency Posting
Posting

(@) (b)

Figure 10. Linear regression models predicting (a) help-seeking and (b) help-responding behaviors
using social media during hurricanes for the combined sample of 434 respondents. Arrows are
labeled with the unstandardized regression coefficient; * indicates significance at the p = 0.05 level and
** indicates significance at the p = 0.005 level.
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6. Discussion

Social media is a resource to facilitate community resilience through self-organization and
spontaneous, altruistic response to those seeking help during a hazard event. The interactive
nature of social media provides information and a network that can be used to improve hurricane
response. Existing studies have identified that social media can play an important role during a
hazard for real-time information acquisition [4-6,9]. This research conducts and analyzes a survey
to explore how individuals are using social media during hurricanes to seek and provide help.
While other studies have specifically used the TPB to explain disaster preparedness [21] and flood
risk perceptions [19,20,36], this is the first application of the TPB to explain social media use during
a disaster.

The path analyses of the survey responses that are reported here partially support the TPB.
We identify additional factors that affect social media help behaviors, extending the TPB to better
describe help-seeking and help-responding behaviors. In the full respondent pool, attitude and
perceived behavioral control predicted intention to access social media, and intention significantly
predicted behavior to seek help on social media. Here, we propose the behavior of actively engaging
on social media, or posting frequently, as a new extension of the TPB. Frequent social media activity
was identified as a significant predictor of intention to access social media. This research evaluates
how damages affect help-seeking and help-responding behaviors. The hurricane damages reported
include extensive power outages in both storm events, and property damages amounting to more
than 1000 USD were experienced by 72% of Floridan respondents and 59% of North Carolinian
respondents. Approximately half of the respondents who reported receiving hurricane damages
estimated those damages at 10,000 USD or more. Urgent hurricane damages are a significant predictor
of help-seeking behavior. An intention to access social media was not found as a significant predictor for
help-responding behaviors. Subsequently, the variables that predict intention were tested, and posting
frequency, or general social media activity level, were found to significantly influence help-responding
behaviors. Help-responding behavior was also affected by the number of help posts seen by the
responder, and those who saw a higher percentage of their network reaching out for help were more
likely to respond. In the combined pool of responses, intention was a predictor of help-seeking
behavior, in accordance with the TPB and related literature [15,16,18].

Important survey insights about social media use include that the most used platform was
Facebook, and the most common use of social media during the hurricane was to mark oneself as
safe. These results corroborate results of other studies reporting that Facebook is the most frequently
cited platform during hazards, and that Facebook is a key platform to post safety information [32].
Descriptions of how social media is being used during a hazard event and definitions of people’s social
media behaviors during disasters are needed to capitalize on these platforms as a hazard response tool.
An intention to access social media during the hurricane was indicated by 80% of survey respondents,
demonstrating importance of connectedness and real-time information for disaster planning. In all,
17.5% of respondents reported using social media to seek help, with needs including seeking food,
water, and medical supplies or requesting emergency help while trapped. Nearly half of respondents
(42%) indicated responding to help posts by sharing, reposting, calling for help, or even physically
going to help the poster. Reports of these behaviors indicate the two-way dialogue forming on
social media between help-seekers and responders and suggest interesting community-led hazard
response dynamics.

Social media can be a powerful tool for community engagement, but previous studies note
inequities, such as communities with lower levels of unemployment engaging less on virtual
platforms [45]. In this survey, there is marginal difference among different groups in two measures
of social media activity: how often social media is checked and how often posts are made (Figure 4).
Older people may not benefit from emergency help that is available via social media, as survey
results indicate they check social media marginally less often. Older people post more, so they could
be instrumental in reposting, which increases resilience of a community overall. The frequency of
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checking social media is the same regardless of education level, although those with advanced degrees
post less often. On average, women and men reported checking social media just as often, and women
make posts more often. These demographic trends are important to consider, as hazard planning that
incorporates social media requires knowledge of which groups may be neglected due to their presence
on social media. Further research is needed to explore ways of engaging more households across social
media to ensure that community resilience is improved for underserved groups. Social media insights
can be socioeconomically skewed and can lack spatial context, as only three percent of all tweets are
geotagged [50]. A lack of geolocated data can create unnecessary difficulties in help and rescue efforts;
however, users may be reluctant to share location data due to privacy concerns. New platforms for
sharing and protecting data are needed to mitigate emergencies while protecting security and privacy.

6.1. Limitations

The survey instrument was developed, briefly piloted, and deployed in rapid response to the
2018 Hurricane Florence. The survey relies on respondents’ memories to self-report their hurricane
damages and subsequent behaviors. The survey was developed quickly to ensure that distribution
began within three weeks of the landfall of Hurricane Florence to preserve the accuracy of respondents’
recall. The study was expanded to include Hurricane Michael, which occurred shortly after Florence.
Due to the time-sensitive nature of data collection, the survey instrument was tested to a limited degree,
and some questions should be improved for future distribution. For example, the measure testing
Nposts, “Did you see anyone you know asking for help regarding [hurricane] on social media?” (Q41)
limits the participants” answers to the number of posts published by users they are acquainted with and
excludes help requests that may have been visible from more distant connections. Potential response
bias could be mitigated by removing the phrase “you know” for future applications of the survey.
The bias introduced by this question, however, is not considered as significant, as the response choices
do not ask for respondents to report specific numbers of posts, but rather an estimate of the number
of posts.

The design of the survey questions may also contribute to some of the findings in this research that
did not support the TPB. Subjective norms are a core component of the TPB, but were not significant
in predicting intention in the combined study, and a weakness of the survey is that subjective norms
were tested with only one question. Additional survey questions could improve the testing of the
importance of subjective norms. In addition, other questions could be developed to define attitude and
perceived behavioral control to reduce a slight correlation between these two parameters. Responses to
questions about providing help to others may be inflated due to the self-reported nature of collecting
responses. Social desirability bias is a documented trend in which people tend to portray themselves
as good persons willing to help others in a written survey [51]. Strategies such as an indirect line of
questioning around responsive behaviors and providing multiple-answer choices were used to mitigate
this bias [51]. However, the behavior data in this study were self-reported by the survey respondents,
with repercussions on the reliability and validity of the questionnaire. Ideally, behavioral information
could be corroborated with another source, such as records of respondents’ social media activity.

In this study, all final concept models had low R? values, indicating that model fit could be
improved and that other explanatory variables underlying intention and behaviors exist. There are
limits to how well the TPB variables—including attitude, subjective norms, and PBC—alone can
explain actual decision-making, and criticisms of the TPB are that it does not include unconscious
influences of behavior, like fear, which may be a significant factor during a hazard event [52]. Not all
predictors of intention and behavior are consistent among the North Carolina, Florida, and combined
response pools, and additional explanatory variables may be important in understanding behaviors.
For example, residents of Panama City, FL. may have more experience with hurricanes than those
of New Bern, NC, and decisions around seeking and providing help may vary based on these
experiences. Hurricane Florence had a lengthy approach period during which it weakened to a
Category 1 hurricane, and it moved sluggishly across North Carolina once it made landfall, resulting
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in record-breaking rainfall. Michael was the strongest storm of the season and made landfall as a
Category 5 hurricane with high wind speeds. These dynamics affect power outages, rates of damage,
and flooding, which can affect the ability and propensity of individuals to use social media to seek
help. Additional location-specific variables may be important to explore in future surveys around
social media use during hurricanes.

Social media has limitations in emergency response during hazards, and social media may be
a less trusted information source than traditional news media [31]. The scope of this work does
not consider misinformation, which may be important in studies of information diffusion around
a hazard. For example, Du et al. found that evacuation rates were lower when social media was
considered as more influential than news broadcasts in an agent-based model of flood evacuation
processes [37]. The survey instrument used in this research asks several questions about how people
sought rescue and their use of 9-1-1 (: Q22-25). These questions, however, had a very poor response rate.
Among Hurricane Florence respondents, 55 people reported experiencing an emergency, and the vast
majority reported flooding in the home as the emergency type. Across Hurricane Michael respondents,
56 reported emergencies, which were reported primarily as flooding issues and some wind damage.
Across both hurricanes, however, only eight respondents reported calling 9-1-1. In Hurricane Michael,
all respondents who called 9-1-1 reported needing water rescue or being trapped on upper floors, roofs,
or outside during a flood. Issues that resulted in calling 9-1-1 during Florence included flooding in the
home, flooding in the business, physical injury, and needing water rescue. When asked specifically
about needing emergency help, 12 respondents reported they used social media to find this help, more
than those who reported calling 9-1-1, but by a very small, inconclusive margin. Among this small
sample size, response time from social media was slower than 9-1-1, and the median satisfaction level
with the help received from social media was slightly lower than that for the help received from 9-1-1.
More respondents used social media to seek non-emergency help, such as acquiring essential supplies,
evacuation information, storm updates, or road conditions.

6.2. Contributions and Future Work

The findings of this work indicate that in a combined sample of 434 individuals experiencing
the effects of hurricanes Florence and Michael, attitude, perceived behavioral control, and posting
frequency under normal circumstances on social media can predict whether people intend to use
social media during a hurricane. Additionally, urgency of damages experienced and intention to
use social media are predictive of whether people use social media to seek help. The TPB was not
supported for explaining help-responding behaviors. Instead, frequency of posting to social media
and number of help posts seen are important parameters to predict help-responding social media
behaviors during hazard. The survey instrument and responses from this study have been made
publicly available. The survey instrument captures perceptions about social media, reports of hurricane
damages, and social media use behaviors; with refinement, it can be used in applications for other
hurricanes or hazard types.

The sample of behavioral data during Hurricanes Florence and Michael collected could provide
valuable insight to emergency managers who are developing approaches to communicate with the
public about hurricanes. Additionally, the results indicated differences by state in the intention
predictors. Attitude and subjective norms toward social media were significant drivers of intention in
North Carolina, but not Florida. PBC in using social media was related to intention in Florida but not
North Carolina. Although our discussion focuses on the combined sample model due to goodness
of fit, our results imply that specific storm forecasts, awareness around hurricanes, risk perception,
and other local factors can affect intentions to use social media during a hurricane. Exploring additional
explanatory variables and controlling for spatial fixed effects are important next steps in future work
to develop a widely applicable model of social media help behaviors during hurricanes.

Finally, the relationships identified by this research can be used to inform new models quantifying
community resilience resulting from social media behaviors. Ongoing research is applying agent-based
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modeling to dynamically simulate help-seeking and responding behaviors. Although we did not
identify a relationship between subjective norms around social media and how people intend to use
social media during a hurricane, our results do not discount the documented importance of social
capital in building community disaster resilience [53]. There are many types of social capital provided
by social media, such as creating bonds between close groups, bridges connecting acquaintances,
and dialogue between governing agencies and constituents [53]. An agent-based modeling approach
can represent peer-to-peer interactions among individuals and can simulate social networks of different
size, linkage, and connectedness, encompassing social capital aspects beyond the norms around
everyday social media use. The coefficients for the significant behavioral predictors identified in
this study can be used to inform rules for how hypothetical communities of agents might behave
during a simulated hurricane (Figure 10). By applying behavioral theory, surveys, and simulation
to understand the motivations of help behaviors on social media, this research and follow-on work
curates information that can help emergency managers and the public capitalize on the potential of
social media as a hurricane response tool.

7. Conclusions

Social media is a virtual platform by which people can seek relief or respond and help during a
crisis event. This work presents data about social media use habits, hurricane damages, and perceptions
of social media based on a survey of populations who were affected by the Hurricanes Florence and
Michael in 2018. During Hurricanes Florence and Michael, there is evidence of interactions between
people who needed and offered help through social media platforms, such as on Twitter. The survey
responses provided demographic information, hurricane damage records, and social media perceptions.
The survey results indicate widespread damages from both the hurricane events. In the two hurricane
events, the purposes for which social media was used were markedly similar across all respondents,
with the most common action being to notify others of their safety. We proposed and tested hypotheses
about which social media perceptions and habits influence intention as well as help-seeking and
help-responding behaviors on social media networks.

Social media networks have a developing role in how people perceive and react during a
crisis, and these technologies can be capitalized on within the paradigm of smart, resilient cities.
This research assessed how people behave on social media during hurricanes, which is not well
documented or understood, with a focus on behaviors that relate to helpfulness and consequence
mitigation. Path analysis of the conceptual questions about the TPB yielded insights about behaviors
of seeking help and responding. By conducting this survey and analysis, important metrics about
hurricane damages and social media use by demographic were collected. Posting frequency, perceived
behavior control, and attitude are important indicators of an intention to seek help from a social
network. Intention and the presence of urgent hurricane damages influence the behavior of seeking
help from the social network. An important contribution of this work is that posting frequency
and the number of requests for help seen are found as antecedents of help-responding behavior.
Although regression analyses partially supported the TPB, there are limitations in the use of behavioral
theories to predict human behaviors. The results provide empirical support for the application of
the TPB to social media behaviors during hurricanes, as a connection between attitude, perceived
behavioral control, intention, and behavior was detected. While this work focuses on empirically
testing why individuals decide to seek help or respond using social media during a hurricane, further
research is needed to compare social media use behaviors with traditional help-seeking behaviors,
such as calling 9-1-1 or reporting to rescue agencies. Because social media allows individuals to share
local information and self-organize, new dynamics in emergency response can emerge, such as rapid
diffusion of information and awareness. Social media users can respond directly within their networks
with speed and proximity that may be unparalleled by traditional hazard response from a limited
number of external rescuers.
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Appendix A. Survey Questions

Below is a generalized version of the survey instrument. Where [hurricane] is used, respondents were shown
either Florence or Michael, depending on the state of residence indicated.
General Social Media Use

Q1: How frequently do you use social media?

e  Multiple times in a day (1)

e About once a day (2)

e  About once a week (3)

e  Every few weeks (4)

e Less than once per month (5)
e Never (6)

Q2: On which of these social media platforms do you have an account? Select all which apply:
e  Facebook (1)

o Twitter (2)

e  Snapchat (3)

e Instagram (4)

e Zello (5)
e  Prefer not to say (6)
e None (7)

Q3: About how many Facebook friends do you have?

e  Between 0 and 50 (1)

e  Between 50 and 100 (2)
e  Between 100 and 200 (3)
e  Between 200 and 300 (4)
e  More than 300 (5)

e I'm not sure (6)

e  Prefer not to say (7)

Q4: About how many followers do you have on Twitter?

e  Between 0 and 50 (1)

e  Between 50 and 100 (2)
e  Between 100 and 200 (3)
e  Between 200 and 300 (4)


https://osf.io/nz96u/?view_only=c4fa3d69f0044c0984a43ef6c3c3a89a
https://osf.io/nz96u/?view_only=c4fa3d69f0044c0984a43ef6c3c3a89a
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e  More than 300 (5)
e I'mnot sure (6)
e  Prefer not to say (7)

Q5: About how many pages are you following on Twitter?

e Between 0 and 50 (1)

e  Between 50 and 100 (2)

e  Between 100 and 200 (3)

e  Between 200 and 300 (4)

e  More than 300 (5)

e ['mnot sure (6)

Q6: I think social media is a good resource for information.
e  Strongly agree (1)

o Agree (2)

e Somewhat agree (3)

e  Neither agree nor disagree (4)
e  Somewhat disagree (5)

e Disagree (6)

e  Strongly disagree (7)

Q7: I enjoy using social media.

e  Strongly agree (1)

o Agree (2)

e  Somewhat agree (3)

e  Neither agree nor disagree (4)
e  Somewhat disagree (5)

e Disagree (6)

e  Strongly disagree (7)

Q8: People generally respond to what I put on social media (my posts are usually liked, retweeted, shared).
e  Strongly agree (1)

o Agree(2)

e  Somewhat agree (3)

e  Neither agree nor disagree (4)
e  Somewhat disagree (5)

e Disagree (6)

e  Strongly disagree (7)

Q9: I think social media is easy to use.
e  Strongly agree (1)

o Agree(2)

e Somewhat agree (3)

e  Neither agree nor disagree (4)
e  Somewhat disagree (5)

e Disagree (6)

e  Strongly disagree (7)

Q10: I know how to use social media to find information I care about.
e  Strongly agree (1)

o Agree(2)

e  Somewhat agree (3)

e  Neither agree nor disagree (4)
e  Somewhat disagree (5)
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e Disagree (6)

e  Strongly disagree (7)

Q11: Most people I know use social media.
e  Strongly agree (1)

o Agree (2)

e Somewhat agree (3)

o  Neither agree nor disagree (4)

e  Somewhat disagree (5)

e Disagree (6)

e  Strongly disagree (7)

Q12: On the social media platform you use most, about how often do you make posts?

e  Multiple times in a day (1)

e About once a day (2)

e  About once a week (3)

o  Every few weeks (4)

e  Less than once per month (5)
e Not sure (6)

e  Prefer not to say (7)

Q13: Which state do you live in?

e  Florida (1)

e  North Carolina (2)

Q14: Did part of your preparation for the hurricane include charging up devices (like laptop or phone) so you
could access social media?

e Yes(1)

e No(2)

e Notsure (3)

Q15: Was your residence located in a mandatory evacuation zone during [hurricane]?
Yes (1)

No (2)

e  Yes, at first, but the evacuation was lifted (3)

e Notsure (4)

Q1e6: Did your household evacuate during [hurricane]?

e Yes(l)

e No(2

e Notsure (3)

Q17: Was your property damaged during [hurricane]?

e Yes(l)

e No(2)

Q18: Please estimate the cost of property damages your household because of [hurricane]:

e  Less than 1000 USD (1)

1000 USD to under 10,000 USD (2)
10,000 to under 50,000 USD (3)
More than 50,000 USD (4)

Not sure (5)

Q19: Did your household lose power during [hurricane]?

e Yes(1)
e No(2)
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e Notsure (3)
Q20: About how long did the power outage last?

e Lessthan24h (1)

e Oneday (2)

e Two to three days (3)

e  Four to five days (4)

e  Six to seven days (5)

e  More than one week (6)

e  Not sure (7)

Q21: Did your household experience any of the following emergency situations because of [hurricane]? Select all
which apply:

e  Water rescue (being trapped on upper floors, roof, or outside during a flood) (1)
e  Trapped car/car accident (2)

e Flooding in the house (3)

e  Other (please describe): (5)

o  We did not experience an emergency (6)

Q22: If you reQuired water rescue, how did you let people know you needed help? Select all which apply:

e  Word of mouth, shouted for help (1)

e Called 9-1-1 (2)

e  Made a post to social media (3)

e Called someone I know for help (4)

e  Just waited/unable to ask for help (5)

e  Other (please specify): (6)

Q23: Did any members of your household call 9-1-1 regarding [hurricane]?
e Yes(l)

e No(2)

e Not sure (3)

Q24: How long did it take to receive help from 9-1-1?

e  Fewer than 15 min (1)

e 15t0 30 min (2)

e 30 min to one hour (3)

e Longer than one hour (4)

e [ am not sure (5)

Q25: How satisfied were you by the amount of time it took to get help via 9-1-1?
e  Extremely satisfied (1)

e  Somewhat satisfied (2)

e  Neither satisfied nor dissatisfied (3)

e  Somewhat dissatisfied (4)

e  Extremely dissatisfied (5)

Q26: Did you use any social media, website, or an app during or shortly after [hurricane]?
e Yes(1)

e No(2)

e Notsure (3)

Q27: Which of these social media platforms or apps did you use related to [hurricane]? Select all that apply:
e  Facebook (1)

e  Twitter (2)

e  Snapchat (3)

e Instagram (4)
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Q28:
Q29:

Q30:

Q31:

Q35:

Zello (5)

Whatsapp (6)
CrowdSource Rescue (7)
None (8)

Prefer not to say (9)

Did you use any hashtags regarding [hurricane]? Please list any you remember using:

About how long did it take to receive a response from CrowdSource Rescue?

Fewer than 15 min (1)

More than 15 min but less than one hour (2)
One to six hours (3)

More than six hours but less than 24 h (4)
24 to 48 h (5)

Three to five days (6)

More than five days (7)

I am not sure (8)

Did you use Zello to correspond with the Cajun Navy?
Yes (1)

No (2)

Not Sure (3)

I don’t know what Cajun Navy is (4)

About how long did it take to receive a response from Cajun Navy?

Fewer than 15 min (1)

More than 15 min but less than one hour (2)
One to six hours (3)

More than six hours but less than 24 h (4)
24 to 48 h (5)

Three to five days (6)

More than five days (7)

I am not sure (8)

: Did you use social media to request emergency help (trapped, rescue, or injured) during [hurricane]?

Yes (1)
No (2)
Not sure (3)

: Did anyone respond to your social media request for emergency help?

Yes (1)
No (2)
Not sure (3)

: How long did it take after posting the request to receive emergency help via social media?

Fewer than 15 min (1)

15 to 30 min (2)

30 min to one hour (3)

Longer than one hour (4)

I am not sure but I eventually received help (5)
I never received the help I reQuested (6)

Were you satisfied by the time it took to receive emergency help via social media?

Extremely satisfied (1)
Somewhat satisfied (2)
Neither satisfied nor dissatisfied (3)
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e  Somewhat dissatisfied (4)

e  Extremely dissatisfied (5)

Q36: Did you use social media to request food, water, or supplies (including medical or fuel) that you lacked
access to because of [hurricane]?

e Yes(1)

e No(2)

e Notsure (3)

Q37: Did anyone respond to your social media request for food, water, or supplies (like medical or fuel)?
e Yes(1)

e No(2)

e Notsure (3)

Q38: How long did it take after you posted the social media request to receive food, water, or supplies?
e Less than one hour (1)

e  One to six hours (2)

e  More than 6 h but less than 24 h (3)

24-48 h (4)

e  Three to five days (5)

Six to seven days (6)

More than one week (7)
e Iam not sure how long but I did eventually receive help (8)
e Inever received the supplies I reQuested (9)

Q39: Were you satisfied by the amount of time it took to receive food, water, or supplies via social media?

e  Extremely satisfied (1)

e  Somewhat satisfied (2)

e  Neither satisfied nor dissatisfied (3)
e  Somewhat dissatisfied (4)

e  Extremely dissatisfied (5)

Q40: Complete the following sentence. During [hurricane], my household used social media to: Select any
which apply:

e  To let people know we were safe (1)

e  To share what was happening at my location (like road blocked or flood area) (2)

e To organize help or rescue for someone else (3)

e  Look for supplies like food water or fuel (4)

o  Get emergency help (5)

e  Other (Please describe): (6)

Q41: Did you see anyone you know asking for help regarding [hurricane] on social media?

e  Yes, Isaw at least one post asking for help (1)

e Yes, I saw multiple posts asking for help (2)

e No, I don’t remember seeing that (3)

Q42: On which social media platforms did you see people asking for help regarding [hurricane]? Select all
that apply:

e  Facebook (1)

e  Twitter (2)

e  Whatsapp (3)

e Zello (4)
e  Snapchat (5)
e  Other (6)

Q43: Did you respond to seeing this post for help? Select all that apply:
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e  Yes, I went to help them (1)
e  Yes, Ishared or re-posted their message on my page (2)

Yes, I responded with tagging or hashtagging to get attention of someone who could help (3)
e  Yes, Icalled 9-1-1 (4)

e No, Idid not interact with any social media posts asking for help (5)

e  Other—Please elaborate on how you responded to seeing posts for help (6)

Q44: Are there any other ways you used social media during [hurricane] that are not described here?

(Q45: Were you satisfied by the availability of food, water, or medical supplies after [hurricane]?

e  Extremely satisfied (1)

e  Somewhat satisfied (2)

e Neither satisfied nor dissatisfied (3)
e  Somewhat dissatisfied (4)
Extremely dissatisfied (5)

Demographics
Q46: What county do you live in?

(Q47: What is your sex?

e Male (1)
e Female (2)
e  Prefer not to say (3)

Q48: What is the highest level of school you have completed?

Less than high school degree (1)
High school degree (2)
e  Some college but no degree (3)

College degree (4)
e  Graduate school degree (5)

Prefer not to say (6)
Q49: Please indicate the answer that includes your entire household income, or, prefer not to say.

e Less than 10,000 USD (1)
10,000-19,999 USD (2)
20,000-39,999 USD (3)
40,000-59,999 USD (4)
60,000-79,999 USD (5)

e  80,000-99,999 USD (6)
More than 100,000 USD (7)
e  Prefer not to say (8)

Q50: How many people, including yourself, are living in your household?

e 1(1)
e 2(2)
e 3(3)
e 4(4)
e 5(5
e 6(6)

e  More than 6 (7)
Prefer not to say (8)

Q51: What is your age?
e 18-24(1)
o 25-34(2)
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35-44 (3)
45-54 (4)

55-64 (5)

65+ (6)

Prefer not to say (7)
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