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Understanding Communication Dynamics on Twitter during 1 

Natural Disasters: A Case Study of Hurricane Sandy 2 

 3 

 4 

Abstract 5 

This study investigates Twitter usage during Hurricane Sandy following the survey of the 6 

general population and exploring communication dynamics on Twitter through different 7 

modalities. The results suggest that Twitter is a highly valuable source of disaster-related 8 

information particularly during the power outage.  With a substantial increase in the number of 9 

tweets and unique users during the Hurricane Sandy, a large number of posts contained firsthand 10 

information about the hurricane showing the intensity of the event in real-time. More 11 

specifically, a number of images of damage and flooding were shared on Twitter through which 12 

researchers and emergency managers can retrieve valuable information to help identify storm 13 

damages and plan relief efforts. The social media analysis revealed the most important 14 

information that can be derived from twitter during disasters so that authorities can successfully 15 

utilize such data. The findings provide insights into the choice of keywords and sentiments and 16 

identifying the influential actors at different stages of disasters. A number of key influencers and 17 

their followers from different domains including political, news, weather, and relief 18 

organizations participated in Twitter-based discussions related to Hurricane Sandy. The 19 

connectivity of the influencers and their followers on Twitter play a vital role in information 20 

sharing and dissemination throughout the hurricane. These connections can provide an effective 21 

vehicle for emergency managers towards establishing better bi-directional communication during 22 

disasters. However, while government agencies were among the prominent Twitter users during 23 

the Hurricane Sandy, they primarily relied on one-way communication rather than engaging with 24 

their audiences, a challenge that need to be addressed in future research.  25 

 26 

Keywords: Disaster management; Social media; Twitter; Social network analysis; Information 27 

diffusion; Hurricane 28 

  29 

1. Introduction 30 

 31 

Climate change is a major threat of our time, and is expected to intensify the frequency of  32 

extreme weather events [1].  Providing emergency information to population living in the 33 

vulnerable areas, therefore, has become a measure of disaster resilience and a policy priority [2]. 34 

With nearly 2 billion Facebook active users, 6 billion YouTube videos viewed and 35 

approximately 700 million tweets posted on Twitter every day, social media platforms have 36 

become the major channels for people to communicate and stay informed [3,4]. Given the 37 

increasing presence of Social media in everyday life, it can be a major platform for sharing 38 

emergency information such as warnings, disaster relief efforts, crisis mapping for escape routes, 39 

search and rescue, and connecting community members following a disaster [5–7]. 40 

Twitter is one of the prime social media platforms, which has been used not only during 41 

emergency situations, but it also changed the way people create, disseminate, and share 42 

emergency information [8]. The real-time characteristic of Twitter makes it a suitable 43 

crowdsourcing platform for dissemination and collection of information including texts and 44 

pictures  during disasters and crisis events [9], which enhances the public awareness of a 45 

situation instantly. One of the major challenging issues facing emergency officials is the 46 



 

 

development of  warning methods for residents at risk in order for them to take appropriate 47 

actions immediately [10]. Twitter use has been growing rapidly especially during disasters by the 48 

local officials [11], but  the effectiveness of this system is an on-going debate. Hence, it is 49 

important to understand its potential as a mean of communication during disaster since it informs 50 

people and in turn might influence their actions in preparing for a natural disaster [2]. While the 51 

potential role of Twitter during disaster has been discussed, the effectiveness of widespread use 52 

of Twitter for receiving and disseminating risk information during such events has been less 53 

investigated in academic research [2,12]. Without evidence-based strategies of how these 54 

technologies are being used, the implementation of social media tools in disaster management 55 

remains challenging [2].  56 

Identifying the appropriate ways to use and analyze social media data is an important task for 57 

researchers to draw reliable conclusions so that the full potential of social media during 58 

emergencies can be achieved [13]. The importance of content analysis and social network 59 

structure during disaster has been identified in the literature [14], but application of Twitter data 60 

in academic research is still at its infancy. Given the anticipated increase in frequencies of 61 

natural hazards such as hurricanes and their resulting damages in the United States in the coming 62 

decades [15], better understanding of social media data is crucial so that it can be utilized by 63 

emergency authorities. Examining the structures of the online social networks, the underlying 64 

mechanism of online users’ behaviors and their shared contents, therefore, is the key to achieve 65 

this goal [14].  66 

This study investigates the usage of Twitter during Hurricane Sandy by conducting a general 67 

population survey of the affected regions, and analyzing the content / social network structure of 68 

messages and users on Twitter during this period. Our objectives are to (1) Identify the sources 69 

of information received by and shared with the coastal areas’ residents affected by Hurricane 70 

Sandy., (2) examine the Twitter users’ involvement in discussions about Hurricane Sandy and 71 

the content of messages shared before, during, and after the hurricane, and (3) examine the social 72 

network structure of Twitter users before, during, and after the hurricane. The paper is organized 73 

as follows: we first present a review of relevant literature regarding social media data and 74 

disaster management in section 2 followed by discussions on study site in section 3, and data 75 

collection and methods in section 4. We then discuss the results of our analysis in section 5. We 76 

present conclusions, limitations and suggestions for future research in section 6.  77 

 78 

2. Social Media Analysis in Disaster 79 

 80 

Social media platforms such as Twitter allow public and officials to share texts and photos, 81 

which can be a powerful means of communications during disasters. Sharing and transferring 82 

local knowledge in all stages of crisis (pre, during, post) and building social capital are essentials 83 

for communities’ resiliency [16,17]. Social media can facilitate this process since a number of 84 

people, disaster-affected communities, and organizations are linked via these online networks 85 

[14]. Research shows that local city officials’ evaluations of their ability in controlling a crisis 86 

and the strength of their responses are positively related to the extent of social media they use 87 

[18]. People also expect fast arriving of help after posting a request on a social media site [19]. 88 

With the rapid growing of social media as emergency communication channels [14], various 89 

scholars have investigated the potential of generated big data using different techniques. For 90 

example, The potential use of Twitter during disasters such as floods [20,21], earthquakes 91 

[22,23], hurricanes [24], tornados [25], tsunamis [26], wildfires [27], volcanic hazards [28], and 92 



 

 

droughts [29] has been investigated.  The shared information on social media platforms such as 93 

Twitter are useful for public and emergency management authorities to understand on-the-94 

ground realities during emergencies [25]. Information exchange behavior of social media users, 95 

their various spatial and temporal activity patterns on social media, and the content of shared 96 

messages are examples of such useful information. These behaviors and activities have been 97 

reported to change based on the crisis life cycle, affected regions, event’s type and characteristics 98 

[8,30]. 99 

Social media contents during disasters have been analyzed using text mining and sentiment 100 

analysis. Text mining is becoming a popular method to understand the unstructured text 101 

information [14]. A word cloud is commonly used to determine the most frequently used words 102 

and illustrate a visual representation of text data generated in social media [14]. However, to 103 

understand the true meaning of the text, sentiment analysis has been mainly applied to classify 104 

texts into positive and negative [12]. Researchers have become more interested in sentiment 105 

analysis during emergency situations using machine learning techniques. Ragini et al., [31], for 106 

example, used support vector machine (SVM) to classify the tweets and their positive or negative 107 

sentiments of individual’s needs during different disasters. In another study, Vo and Collier [32] 108 

identified various emotions such as anger, calm, unpleasantness, sadness, anxiety, fear and relief 109 

during four of the Japan’s earthquakes. The content analysis of social media data coupled with 110 

spatial and visual analysis techniques are becoming a major research area to understand potential 111 

of such data in disaster management [33]. 112 

Another line of study related to social media is exploring online users’ behaviors and 113 

interactions through social network analysis. Social network analysis is used to study network 114 

structures, relationship properties of networks, communication’s patterns between users, the role 115 

of various actors in the network, and community detection [34,35]. Graph theory is the major 116 

approach in social network analysis where a network of nodes and links is created to examine the 117 

relationship among social media users [36]. Three main analyses found in literature are influence 118 

analysis, link analysis, and community detection [36]. Studies have used various metrics (e.g., 119 

degree centrality) and algorithms (e.g., modularity) to explore online network structures, 120 

communities and the users’ engagement during disasters [6,14]. As the number and expectations 121 

of social media users during disasters continue to grow [19], the sources and types of information 122 

received by and shared with people and the functioning of social media during extreme whether 123 

events need more investigation particularly from a social network perspective. Data generated by 124 

social media such as Twitter has been applied in various fields of academic research such as 125 

public health, crime analysis and transportation [37–39]. Its application in disaster management 126 

research, however, is still at its early stages [12] and our paper intend to fill that gap in the 127 

disaster management literature. 128 

 129 

3. Context of the Study  130 

 131 

Hurricane Sandy started on October 22, 2012, moved from the Caribbean to the U.S. Eastern 132 

Seaboard, and finally made landfall near Brigantine, New Jersey, around 8:00 p.m. on October 133 

29, 2012 (Figure 1) [40]. Sandy caused 147 direct deaths, and around 650,000 damaged or 134 

destroyed houses, and left approximately 8.5 million customers without power during and after 135 

the storm [40], making it one of the deadliest and most destructive hurricanes in the history of 136 

the United States [41]. New York, New Jersey and Connecticut, especially in and around the 137 

New York City metropolitan received the record levels of storm surges (Figure 2) [40]. Despite 138 



 

 

heavy power outages and disruptions, people used social media such as Twitter as a critical 139 

platform to express the impacts of Sandy on their lives and material goods  [42–44]. The 140 

hurricane-related tweets that were posted during the Sandy across the entire Twitter platform, 141 

and a large volume of geo-tagged Twitter data generated in the affected coastal counties in New 142 

York, New Jersey and Connecticut are used for our research. 143 

  144 

            Figure 1. Track of Sandy (source: NHC  [45]).    Figure 2. FEMA Hurricane Sandy impact 145 

analysis (source: FEMA MOTF [46]) 146 

 147 

4. Data and Methods 148 

 149 

In addition to Twitter data, this study includes survey data. For the first research objective 150 

(section 5.1), a two-part survey of respondents who lived in the coastal counties of Connecticut, 151 

New Jersey, and New York at the time of Hurricane Sandy was conducted (Figure 3).The first 152 

phase of data collection involved the use of a telephone-based survey. Since we were highly 153 

interested in the ways respondents used Twitter during Hurricane Sandy, the telephone-based 154 

survey was supplemented with a web-based survey of respondents recruited via Twitter. The 155 

web-based survey of Twitter users also helped to ensure a large enough sample of Twitter users 156 

so that meaningful comparisons between Twitter users and non-Twitter users can be made. The 157 

data collection period was started on January 28, 2015 and ended on May 7, 2015. 158 



 

 

 159 

Figure 3. Survey catchment area. 160 

 161 

4.1 Telephone-Based Survey 162 

 163 

The first phase of data collection involved a telephone-based survey of a representative 164 

sample of residents from 23 counties (Figure 3) in Connecticut (Fairfield, Middlesex, New 165 

Haven, New London), New Jersey (Atlantic, Bergen, Cape May, Essex, Hudson, Middlesex, 166 

Monmouth, Ocean, Somerset, Union), and New York (Bronx, Kings, Nassau, New York, 167 

Queens, Richmond, 168 

Rockland, Suffolk, Westchester). Respondents were screened to ensure that they were residents 169 

of one of the appropriate states and counties at the time Hurricane Sandy made its landfall. The 170 

telephone numbers were purchased from Survey Sampling International. A dual-frame 171 

(cellphone & landline), random-digit-dialing (RDD) sample was purchased that included a 172 

random sample drawn from the universe of existing telephone numbers assigned to the 173 

catchment area. The final sample size for those recruited and surveyed via telephone was 514, 174 

with a cooperation rate of 12.4%. We think that the relatively low cooperation rate is likely due 175 

to the length of time that passed between Hurricane Sandy and the data collection period 176 

(approximately 2 ½ years). The low cooperation rate might have also been influenced by 177 

respondents’ reluctance due to the large number of research projects that have attempted to 178 

survey the local population in the years following Hurricane Sandy. Regarding the sample of 179 

respondents recruited via telephone, the demographic characteristics (Table 1) were evenly split 180 

according to gender, with the sample comprised of 49.2 percent men and 49.8 percent women. 181 

The racial composition of the sample was comprised of 51.6 percent white, 18.9 percent black, 182 

5.1 percent Asian, 12.5 percent “others” and 3.7 percent multiracial. With regard to level of 183 

education, the respondents were above average compared to the national population, with about 184 

half of the sample holding a bachelor’s degree or a graduate degree. The survey includes 185 

questions about the source of information received by residents during the hurricane and the 186 

types of information they shared. Example of survey questions are represented in Table 2. 187 

 188 

 189 

 190 



 

 

 191 

Table 1. Demographic characteristics of telephone and web surveys. 192 

 Gender Racial Composition Education 
 Male Female White Black Asian Others multiracial Bachelor/Graduate 

degree 
Telephone 
Survey 

49.2% 49.8% 51.6% 18.9% 5.1% 12.5% 3.7% 50% 

Web 
Survey 

57% 43% 57.3%, 3.9% 6.8% 3.9% 5.3% 50% 

 193 

Table 2. Examples of survey questions. 194 

Survey Questions 
During Hurricane Sandy, did you get any weather‐related information from the following 
sources (Check all that apply)? 
In what ways did you receive weather‐related information? 
Of the ways you received weather‐related information, from which did you get most of your information? 
During the storm, did the way that you received most of your information change? If yes: 
a) After it changed, how did you get most of your information? 
b) Why did the way you received most of your information change during the storm? 
At any time during Hurricane Sandy, did your household lose access to: 
During Hurricane Sandy, did you tweet or retweet storm‐related information? If yes: 
a) What was the nature of the information that you tweeted or retweeted? 
b) What was the source of the information that you tweeted or retweeted? 
c) What form of information did you tweet or retweet? 
Do you follow any of these sources of information on Twitter? 
 195 

4.2 Web-Based Survey 196 

 197 

In the second phase of data collection, participants were recruited through Twitter. We used 198 

all geo-tagged tweets sent from the catchment area (Figure 3) before, during, and directly 199 

following Hurricane Sandy’s landfall to identify Twitter users. From this data, approximately 200 

26,000 unique Twitter users were identified, 20,000 of which were randomly selected for 201 

inclusion in the web-based survey sample. A Twitter message was sent as a “@ reply” to each 202 

Twitter user. When participants clicked a link embedded in the tweet, they were directed to a 203 

web-based survey which was virtually identical to the telephone survey. The 20,000 tweets 204 

generated 207 click-throughs for a total of 170 completed surveys, resulting in a response rate of 205 

slightly less than one percent. Much like the telephone sample, this low response rate is likely 206 

attributable to the length of time between the event and the data collection period, and to the 207 

respondent’s reluctance. Furthermore, Twitter-based survey recruitment is a relatively novel 208 

approach and users may have been less willing to consider surveying a legitimate use of 209 

Twitter’s platform. Regarding the sample of respondents recruited via Twitter, the demographic 210 

characteristics are as follows (Table 1): The modal category for gender is men, with men making 211 

up 57.0 percent of the sample and women comprising 43.0 percent of the sample. Regarding 212 

race, the vast majority of the sample was white 57.3%, followed by 6.8 percent Asian, 5.3 213 

percent multi-racial, 3.9 percent black, and 3.9 percent “others”. For level of education, the 214 

respondents were above average compared to the national population, with about half of the 215 

sample holding a bachelor’s degree or a graduate degree. 216 

 217 

4.3 Twitter Dataset 218 

  219 



 

 

 A total of 13.7 million Twitter messages were collected from Oct. 22 to Nov. 7, 2012 using 220 

Firehose streaming API via GNIP [47]. The raw data were indexed and inserted into a distributed 221 

NoSQL (MongoDB) database for storage. This database serves as the central repository of data 222 

for all subsequent analyses. We created two datasets based on: 1) Keyword – Twitter messages 223 

matching a set of Sandy-related terms comprised of keywords, hashtags, and user names (9.3 224 

million Twitter messages); and 2) Geo-tagged – Twitter messages from New York, New Jersey, 225 

and Connecticut (4.4 million Twitter messages). Both datasets (keyword and geo-tagged) were 226 

further divided into three temporal phases: 1) Pre-hurricane (10/22/2012 – 10/28/2012), 2) 227 

During-hurricane (10/29/2012 – 10/31/2012), and 3) Post-hurricane (11/01/2012 – 11/07/2012). 228 

 229 

4.4 Temporal Analysis 230 

 231 

Identifying temporal trends during a disaster is an important method to determine the 232 

tracking system of tweets over different phases of the disaster [48,49]. The collected datasets 233 

contained metadata attributes of the time at which the messages were posted on the Twitter 234 

network. The time-stamp attribute has a resolution of milliseconds in relation to the GMT time 235 

zone. Analysis on the keyword and the geo-tagged datasets were conducted to illustrate the peaks 236 

and valleys in the data in order to better understand the involvement of Twitter users in 237 

discussions about Hurricane Sandy during the three identified phases. The data were aggregated 238 

by number of messages per-hour and the number of unique users’ per-hour to visualize the 239 

results in the temporal zones. 240 

 241 

4.5 Klout Analysis 242 

 243 

Each user captured by the data, contains the metadata attribute of Klout score. Klout score is 244 

a metric to measure influence of users on online social networks [50]. Klout score of a user is 245 

measured based on three components including: true reach, which measures how many people a 246 

user influences; amplification, which refers to how much the user influences them; and network 247 

impact that measures the influence of the user’s network [51]. This score for a Twitter user is a 248 

numerical value from 1 to 100, with a higher score representing a higher level of influence. It is 249 

based on the size of user’s social network (friends, followers) and correlates with the reactions to 250 

the user’s posting by other Twitter users. In this research, the scores pertaining to individual 251 

users were aggregated by hour to understand the involvement of influential users in the 252 

discussions about Hurricane Sandy. The data were then compared across the temporal zones for 253 

both the keyword and the geo-tagged datasets. It should be noted that the Klout scores were 254 

collected after the Hurricane Sandy and there might have been changes in the scores during that 255 

time. The Klout score service provider was shut down later and there is not a way to verify the 256 

information.  257 

 258 

4.6 Text Analysis 259 

 260 

The contents of the Twitter messages were analyzed using word cloud and word collation/co-261 

existence in order to understand the key-topics that were discussed in the temporal phases of the 262 

study. The text contents of the tweets for the different phases of the hurricane from both datasets 263 

were extracted. The text was then processed for cleanup (removal of stopwords, hyperlinks, 264 

common terms), and word stemming was utilized for abbreviations in the short messages. Word 265 



 

 

importance weights were calculated using Term Frequency – Inverse Document Frequency – TF-266 

IDF [52] for individual words, where each word’s weight is an importance metric calculated 267 

across the corpus of all documents (in our case tweets). The values were represented in word 268 

clouds for both keyword and geo-tagged datasets.  269 

Word co-existence analysis was done by examining existence of bi-grams of words present 270 

in Twitter messages. For all pairs of collated words, a graph was constructed using the word 271 

pairs as nodes in the graph with edges/links denoting a co-existence connection. Weights were 272 

used for the nodes and edges representing the repeated occurrence of entities and pairs. The 273 

resulting network was analyzed and visualized for connectedness (degree), influence 274 

(betweenness centrality) and community memberships. Louvain modularity [53] was used for 275 

detection of communities of words. The method utilizes recursive grouping of smaller 276 

communities by representing them as nodes and evaluating how dense the connections are while 277 

maximizing/optimizing for modularity. The high positive value of modularity measure indicates 278 

the presence of community structure with dense connected nodes within the partition sets [54]. 279 

The network graph was developed using Python, and the analysis of the graph was done using 280 

Gephi, an open source software for network analysis and visualization [55].  281 

 282 

4.7 Sentiment Analysis 283 

 284 

Sentiment analysis is an ongoing field of research determining the positive or negative 285 

opinion of people about a text message, a specific entity, or a topic in general [36]. Support 286 

vector machine (SVM), a common machine learning method for classification [12,56,57] was 287 

used to determine polarity of the messages (positive, negative, or neutral) sent during the three 288 

phases of Hurricane Sandy. The process includes various techniques including text cleanup 289 

(stop-words removal, URL removal, emoticon filtering), feature-extraction (context features, 290 

natural language processing, rare word filter, stemming), and vectorization of text. The model 291 

used for the analysis of the present datasets is based on a trained dataset of approximately 4.2 292 

million codified tweets in each category, and is purpose-built for codifying short text messages 293 

such as tweets with an accuracy of 84% (10-fold cross-validation with 2.1 million codified 294 

tweets). The model also resulted in 81% accuracy in a double-blind verification by human 295 

coders. The sentiment model assigns each tweet a value between -2.0 to +2.0, where -2.0 to -1.0 296 

is codified as negative, -0.99 to +0.99 is codified as neutral and +1 to +2 is codified as positive. 297 

Both the keyword and geo-tagged datasets are codified with sentiment values for each tweet and 298 

average sentiment values are aggregated by hour. 299 

 300 

4.8 Social Network Analysis 301 

 302 

Social network analysis uses the mathematics of graph theory to understand social 303 

phenomenon through the relationship among people, groups, and things [58]. A social network is 304 

represented by a graph of nodes and links, where nodes are individual actors and links are social 305 

ties, relationships, exchanges, or interactions among actors [59]. The user network analysis was 306 

performed based on the metadata of user mentions in Twitter Messages for keyword dataset. 307 

Twitter users can mention other users by posting a message using the format of ‘@username’ to 308 

reference a particular user or reply to another user’s tweet. A directed graph was created for each 309 

mention of the user and edges were added from the originating user to the mentioned user. 310 

Different network metrics (for each stage of the hurricane) were calculated including average 311 



 

 

degree, average weighted degree, graph density, network diameter, centrality (in degree, out 312 

degree, betweenness, eigenvector), average clustering coefficient, and average path length. A full 313 

description of these measures can be found in [60]. Louvain method [53] in Gephi was used to 314 

calculate modularity and divide the graph into groups of users who are well connected or 315 

clustered together in the graph known as communities. The clusters were visualized by Force 316 

Atlas algorithm [61]. 317 

 318 

5. Results  319 

 320 

5.1 Research objective 1: Identify the sources of information received by and shared with 321 

the coastal areas’ residents affected by Hurricane Sandy. 322 

 323 

The telephone and web-based survey instruments were used to understand the use of Twitter 324 

as a communication platform during Hurricane Sandy.  The following three research questions 325 

are addressed from the survey: 1) How did people obtain information during Hurricane Sandy? 326 

2) From whom did people obtain information during Hurricane Sandy and how did these sources 327 

differ between Twitter users and non-Twitter users? and 3) What type of information did Twitter 328 

users share during Hurricane Sandy?  329 

 330 

5.1.1 Telephone and Web-based Survey Results 331 

 332 

In both the telephone and web-based surveys, individuals were asked whether or not they 333 

sought information through ten different mediums. Of particular interest was the difference 334 

between Twitter and non-Twitter users in receiving information. Utilizing Chi-Square test, we 335 

found statistically significant differences between Twitter users and non-Twitter users on four of 336 

the mediums including text message with X2 (1, N = 667) = 19.67 and p < .001; Internet (non-337 

social media) with X2 (1, N = 667) = 44.99 and p < .001; cellphone weather apps with X2 (1, N = 338 

667) = 39.141 and p < .001; and social media other than Twitter with X2 (1, N = 667) = 50.85 339 

and p < .001. Compared to non-Twitter users, a greater percentage of Twitter users reported 340 

receiving weather-related information via the four modalities listed above. Within the full sample 341 

(including both Twitter users and non-Twitter users), there exists a difference in ways of 342 

receiving information when taking into account the loss of electrical power. Television was the 343 

major source of information for 82% of our respondents with power, which is consistence with 344 

past findings [2,62]. Internet and radio were the other main sources of receiving storm-related 345 

information for 32% and 29% of the sample respectively (Figure 4). Only 2% of respondents 346 

received the information through Twitter. Similar results were observed in a study by Feldman et 347 

al., [2] confirming the low usage of Twitter (2.3) in communications related to flood risk for 164 348 

residents of Newport Beach, California. However, Twitter was more desired as a medium of 349 

future communications among these residents. While Feldman et al., [2] did not consider the 350 

impact of power outage on the use of Twitter, our analysis shows how the respondents who lost 351 

power during Hurricane Sandy reported having received storm-related information (Figure 5). In 352 

our study, individuals who lost access to electrical power, moved away from their reliance on 353 

television for receiving weather-related information and toward a reliance on radio, telephone, 354 

cellphones (through both text messages and weather apps), and the Internet, including social 355 

media. Interestingly, 18% of respondents without power used Twitter as their information 356 

source.  357 



 

 

 358 

 359 

Figure 4. Information sources for respondents with power (n=205). 360 

 361 

 362 

 363 

Figure 5. Information sources for respondents without power (n=414). 364 

 365 

Respondents were also asked whether or not they received information from any of seven 366 

different sources including friends, family, household member, local news, national news, 367 

federal agencies, and state agencies. Figures 6 and 7 represent the sources of weather-related 368 

information for Twitter users and non-Twitter users, respectively. 369 

 370 



 

 

 371 

 372 

Figure 6. Weather-related information sources for Twitter users (n=266). 373 

 374 

 375 

Figure 7. Weather-related information sources for non-Twitter users (n=420). 376 

 377 

The positive impact of news media engagement on Twitter activities during disruptive events 378 

has been identified in literature [63]. While both Twitter users and non-Twitter users in our study 379 

relied on local and national news at about the same frequency, Twitter users reported having 380 

received information from family, friends, and government agencies at a higher rate than non-381 

Twitter users. This suggests Twitter users depend more on information accessed via their family, 382 

friends [64], and government agencies when compared to non-Twitter users. One potential 383 

application of Twitter data, therefore, is that government agencies can utilize Twitter during 384 

emergency situations and, by doing so, reach at least a subset of the population most at risk 385 

during weather-related emergencies. However, our social network analysis shows (see section 386 

5.3.1) the bi-directional communication does not usually happen during emergencies. A 387 



 

 

secondary analysis relating to this research question examined what sources the Twitter users 388 

followed on Twitter (Figure 8). While Twitter users follow a myriad of weather-related sources, 389 

the three top sources were: 1) Local Television News, 2) The National Weather Service, and 3) 390 

The Weather Channel. 391 

For our third question, approximately 59% of Twitter users in the survey reported that they 392 

shared weather-related information via Twitter during Hurricane Sandy. Figure 9 illustrates the 393 

types of information these users shared. The data indicate that photographs were the most 394 

frequently shared form of information (62%) by Twitter users, followed (in frequency) by 395 

personal experiences (56%), and information about storm damage (53%). It is not necessarily the 396 

case that the categories of information Twitter users shared are mutually exclusive, meaning 397 

respondents may have posted a tweet sharing their personal experiences with the storm and 398 

attached an image to that tweet. Regardless, these findings illustrate Twitter’s utility as an image-399 

sharing platform.  400 

 401 

 402 

Figure 8. Weather-related Twitter accounts followed by survey respondents (n=266). 403 

 404 



 

 

Figure 9. Types of information Twitter users shared during Hurricane Sandy (n=156). 405 

5.2 Research objective 2: Examine the Twitter users’ involvement in discussions about 406 

Hurricane Sandy and the content of messages shared before, during, and after the 407 

hurricane. 408 

 409 

Twitter data analysis addressed the following three research questions: 1) How did the 410 

participation rate of Twitter users in discussions about Hurricane Sandy change during the three 411 

phases of analysis? 2) What were the top words posted by Twitter users and how did they change 412 

during the three phases? 3)  How did the positive/negative sentiments of shared messages change 413 

over the three phases?  414 

 415 

5.2.1 Temporal Analysis 416 

 417 

The temporal analysis of the keyword and the geo-tagged datasets shows that the results are 418 

in line with past research that use of social media in a disaster starts very early [65], and reach its 419 

peak mostly while it is happening [66]. Analysis of the keyword dataset (Figure 10) shows that 420 

there was a substantial increase in the number of messages and unique users contributing to the 421 

hurricane discussions from Oct 26, 2012 with the highest peak occurring on Oct 29, 2012 422 

(approximately 237 K unique messages being shared per hour) at 6:00pm EST. At the time 423 

Hurricane Sandy made landfall (8:00pm EST in Atlantic City), approximately 223 K unique 424 

messages were being shared across the network by 187 K unique users per hour. In the following 425 

days, both during and post-Hurricane Sandy, the number of Twitter messages along with the 426 

number of users decreased over time. The post-hurricane phase revealed a larger number of 427 

messages being shared across the network in comparison to the pre-hurricane period. This is due 428 

to large frequency of relief-related tweets in the aftermath of landfall. For example, the increase 429 

in the Twitter users and tweets on November 2 was related to NBC’s live telethon, ‘Hurricane 430 

Sandy: Coming Together’ encouraging Twitter users to live tweet using the hashtag #SandyHelp 431 

[48].  The general patterns observed in this study are in consistent with other Sandy-related 432 

studies [48,49] showing the accuracy of our collected data and analysis. 433 

 434 



 

 

Figure 10. Temporal analysis of keyword dataset aggregated by hour 435 

Figure 11 shows the temporal dynamics of the geo-tagged messages and their corresponding 436 

users collected from the New York, New Jersey and Connecticut area. In comparison to the 437 

keyword dataset, the geo-tagged traffic shows a large number of peaks in all three phases of the 438 

hurricane. During the pre-hurricane phase, the number of tweets shared from the locations 439 

decreased on Oct. 28 and then gradually rose to the peak during landfall at 8:00pm EST on Oct. 440 

29. The traffic then gradually decreased over the following days and peaked again on Nov. 7, 441 

which was a result of President Obama’s re-election. These messages provide valuable 442 

information from individuals residing in the hurricane-affected areas. More specifically, the 443 

messages contain firsthand information about the hurricane, along with disaster-related images 444 

taken in real-time (Figure 12). A large number of posts contained weather-specific photographs 445 

showing the intensity of the hurricane in real-time, along with images of damage and flooding 446 

through which researchers and emergency managers can retrieve information to help identify 447 

storm damage and plan relief efforts. With the growing number of Twitter users particularly 448 

during power outages as our study shows, this information can be useful for a better disaster 449 

management.  450 

 451 

 452 

Figure 11. Temporal analysis of geo-tagged tweets aggregated by hour 453 

 454 



 

 

  455 

Figure 12. Photos in New Jersey (a) and New York (b) shared by two Twitter users on October 30 456 

 457 

5.2.2 Klout Analysis 458 

 459 

The analysis of the aggregated Klout scores shows a decrease in the average score per hour 460 

nearing landfall (Figures 13 & 14). This indicates an increase in participation of the general 461 

population (lower Klout Scores in comparison to influential users) in the discussions leading up 462 

to, and following, Hurricane Sandy. While influential users with high Klout scores also 463 

participated in the discussions, the general population were more active in sending messages that 464 

were being shared across the network. The analysis also shows that for the geo-tagged dataset, 465 

users have a much lower average Klout score than the keyword dataset users. This may indicate 466 

that the majority of the general population have their geo-location services enabled on their 467 

mobile devices. While users with higher scores have been identified as more effective in 468 

spreading the information [50], geo-tagged tweets shared by general public might be more 469 

valuable for identifying the most affected people and areas for a better disaster management.  470 

 471 

 472 

Figure 13. Average Klout scores aggregated by hour in keyword dataset  473 



 

 

 474 

Figure 14. Average Klout scores aggregated by hour in geo-tagged dataset  475 

 476 

5.2.3 Text Analysis 477 

 478 

The word cloud analysis shows clear differences among the words used before, during, and 479 

after the hurricane, a result confirmed in other disaster-related studies [14]. The level of hazards 480 

and risk, and trend of the incident can be identified through word analysis [14]. In the keyword 481 

dataset (Figure 15), analysis of the word distributions reveals that the most frequently occurring 482 

words in the pre-hurricane phase were: Sandy, Hurricane, Frankenstorm, Storm, New York, 483 

Coming, and Tomorrow. In comparison, the most frequently occurring words during hurricane 484 

were: Sandy, Hurricane, Power, HurricaneSandy, Safe, Stay Safe, East, Prayer, and Good. In the 485 

post-hurricane phase, the most frequently occurring words were: Help, Relief, Sandy, Hurricane, 486 

New York, SandyHelp, Aftermath, and Power. The analysis shows the transition of discussion 487 

across the different phases of the hurricane from people advising and spreading the news of the 488 

hurricane → Twitter users being concerned about the well-being of their friends and followers → 489 

relief and rescue efforts in the aftermath of the hurricane. The results are paralleled with another 490 

study by Spence et al., [67] examining the content of tweets during Hurricane Sandy. The 491 

discussion of power outages also occurred in the during- and post-phases of the hurricane. The 492 

geo-tagged dataset presents similar results with one key difference in the post-hurricane phase, 493 

where the discussion was more of an everyday social interaction along with some discussions on 494 

President Obama’s re-election (Figure 16). 495 

 496 
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 507 

Figure 15. Word clouds in pre, during and post hurricane phases (keyword dataset) 508 

 509 
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 520 

Figure 16. Word clouds in pre, during and post hurricane phases (geo-tagged dataset)  521 

 522 

The word co-exsistence analysis shows that the words hurricane and sandy were the top 523 

ranking words in the pre-phase (Figure 17). They were connected by less occurring words such 524 

as frankenstorm, storm, hurricanesandy, school, and monday. The during-phase (Figure 18) 525 

shows a substantial change in the words that were tweeted. Words that formed clusters included: 526 

[stay, safe, strong], [friends, family, share], [New, York, Jersey, Atlantic], [prayers, thoughts], 527 

and [power, out, home]. The increasing use of more emotional tweets in this phase might be a 528 

good mechanism to release anxiety or stress, return people to a normal state, and provide a sense 529 

of connection among those who experience the similar situation [68]. In the post-phase (Figure 530 

19), clusters related to the aftermath [power, still, out], relief [food, water], [help, relief, 531 

sandyhelp] and donation [redcross, donate] formed the main topics of discussion.  532 

With the sheer volume of data shared during emergencies, one key problem is how to select 533 

proper information at different stages. Looking for keywords such as sandy or hurricane will 534 

result in a large dataset that might not be helpful. A closer look at the frequency and coexistence 535 

of words can help us to identify specific keywords to search for at different stages of 536 

emergencies. For example, the keywords please, need, flooding, and power had a higher 537 

frequency in the during-phase of Hurricane Sandy (Figure20). The word victim, on the other 538 

hand, had a higher frequency in the post-phase. These keywords might be useful to locate the 539 

event and people in need during disasters. Another useful information are Tweets containing the 540 

word evacuate. These tweets were mostly started on 28th and increased sharply during 29th when 541 

the mandatory evacuation order was announced. These data in combination with geo-tagged 542 

information can help in understanding the evacuation behavior of residents. The coexistence 543 

analysis also revealed valuable information. The word power, for example coexisted with words 544 

Pre-hurricane phase During-hurricane phase Post-hurricane phase 

Pre-hurricane phase During-hurricane phase Post-hurricane phase 



 

 

such as outages, knock, lost, lose, cuts, downed, dead, nuclear, plants, customers, homes, and 545 

still, in the during-phase of Hurricane Sandy. These words might be appropriate search keywords 546 

for power-related companies to identify affected areas. In the post-phase, the words food, water, 547 

shelter, clothes, distribution, drive, truck, and their co-existence with words such as victims and 548 

need not only show useful keywords to search for, but also are valuable for disaster-related 549 

agencies to identify victims and provide their urgent needs in a timely manner. The co-existence 550 

of the words gas, lines, stations, situation, problems, shortage, and long shows other useful 551 

keywords that can help to identify gas-related problems in specific areas. 552 

 553 

 554 

 555 

Figure 17. Word co-existence: pre-hurricane phase (keyword dataset) 556 

 557 

Figure 18. Word co-existence: during-hurricane phase (keyword dataset) 558 

 559 



 

 

 560 

Figure 19. Word co-existence: post-hurricane phase (keyword dataset) 561 

 562 

 563 

Figure 20. Frequency of words aggregated by hour (keyword dataset) 564 

 565 

5.2.4 Sentiment Analysis 566 

 567 

Sentiment analysis of different phases of the study (Figures 21 & 22) reveals the messages 568 

shared by Twitter users were more negative in the during-hurricane phase of the study. The pre-569 

hurricane phase of the study in both datasets displayed a more positive sentiment, while 570 



 

 

gradually decreasing toward the mid-point of the during-hurricane phase (lowest sentiment 571 

average scores) and then increasing in the post-hurricane period. This shows the dynamics of 572 

Twitter users who were posting messages with an increasingly negative attitude to Hurricane 573 

Sandy at the peak of the storm. The comparison of the keyword and geo-tagged datasets also 574 

reveals that the sentiment of Twitter messages originating from the Hurricane Sandy areas (geo-575 

tagged dataset score range between -0.2 to +0.5) are more negative than the keyword dataset 576 

(score range between +0.1 to +0.5) suggesting the influence of distance (from disaster area) on 577 

sentiments of tweets. While sentiment analysis is a valuable approach to detect and locate 578 

disasters [69], it is not fully used by authorities. This is due to the inability to efficiently sort and 579 

categorize the sheer volume of data generated during disasters [66]. Our analysis is a 580 

confirmation of the concept that for a better utilization of social media data during natural 581 

disasters and this type of analysis, authorities should mostly use the negative tweets in the 582 

during-phase of disaster, when more people use social media to communicate their needs. 583 

Selecting these negative tweets would be more helpful to detect and locate people at risk in a 584 

timely manner rather than focusing on all tweets. Evaluating negative tweets in time and space 585 

and integrating them into a system that use various modalities such as text and network analysis 586 

remains for future research.  587 

 588 

Figure 21. Average sentiment score aggregated by hour before, during and after hurricane (keyword 589 

dataset) 590 

 591 



 

 

 592 

Figure 22. Average sentiment score aggregated by hour before, during and after hurricane (geo-tagged 593 

dataset) 594 

 595 

5.3 Research objective 3: Examine the social network structure of Twitter users before, 596 

during, and after the hurricane. 597 

 598 

Network analysis of the users addressed the following three research questions: 1) How did 599 

the network structure of Twitter users evolve during the three phases of Hurricane Sandy? 2) 600 

How did the users’ communities form during the three phases? 3) Who were the key influencers 601 

across the networks?  602 

 603 

5.3.1 Social Network Analysis 604 

 605 

We used users’ networks to analyze the interconnectivity of Twitter users during each phase 606 

of the hurricane. Network data statistics are shown in Table 3. The highest numbers of nodes and 607 

edges were observed in the during-hurricane phase representing a larger number of active users 608 

communicating during the hurricane. The larger network diameter in the during-phase also 609 

supports the analysis with larger participants increasing the size of the connected network. 610 

Average degree and weighted degree are larger in the post-hurricane phase indicating stronger 611 

bi-directional communication in the relief efforts. In-degree (the number of incoming edges) and 612 

out-degree (the number of outgoing edges) centrality measures represent the prominent and 613 

influential users in a network respectively [70]. In our study, news agencies, political figures, 614 

weather, and other disaster-related agencies and organizations (e.g., FEMA, Red Cross) were the 615 

users with top in-degree centrality (Tables 4). However, the low out-degree measure of these 616 

users show the one-way communication between these users and general public. While many 617 

people mentioned disaster-related agencies such as FEMA, these users were not much 618 

responsive. Similar results were observed for the users with the highest eigenvector centrality 619 

(Table 6). The assumption behind the eigenvector centrality is that the centrality of a node is 620 

proportional to the sum of the centralities of its neighbors, therefore it describes how well the 621 

node in the network is connected to other well-connected nodes [71].  This suggests the 622 



 

 

central/influential roles of identified users in the overall structure of the network [70] as potential 623 

sources of disaster-related information and social engagement. However, the users spreading the 624 

information were mostly among public figures as shown by out-degree measures (Table 5), a 625 

result observed in other disaster-related studies [14]. These public figures were engaged with 626 

approximately 100-200 other users, a much lower number compared to the number of users who 627 

mentioned top in-degree users. Interestingly, disaster-related agencies such as FEMA were not 628 

among the top out-degree users, while the public expectation is to receive more information from 629 

these users. Betweenness centrality measures the extent to which a node in the network lies 630 

between other nodes [71]. Our results for the top betweenness centrality (Tables 6) include 631 

political and public figures, weather agencies, and other disaster-related agencies and 632 

organizations suggesting their role as bridges in the communication network. Users with high 633 

betweenness centrality in a network are also called gatekeepers since they control how 634 

information flow between communities [71]. Public and political figures can play a significant 635 

role during disasters. Authorities can benefit from connecting to these users to spread relevant 636 

information and receive more information on the people’s need, but our analysis did not find 637 

these connections.   638 

 639 

Table 3. Network statistics of Twitter users (keyword dataset) 640 

 Pre-hurricane During-hurricane Post-hurricane 
Network Type Directed Directed Directed 
Nodes 10,788 50,607 32,879 
Edges 36,269 234,000 176,396 
Average Degree 3.362 4.624 5.365 
Average Weighted Degree 4.961 6.269 8.284 
Network diameter 17 30 18 
Graph Density 0.000 0.000 0.000 
Average Path Length 5.472 6.683 5.605 
Modularity 0.571 0.502 0.521 
Average Clustering Coefficient 0.057 0.045 0.069 
 641 

Table 4. Users with top in-degree measure and their associated out-degree 642 

Pre-hurricane During-hurricane Post-hurricane 
 In- Out-  In- Out- 

 
 In- Out- 

MikeBloomberg 599 13 GovChristie 4312 0 GovChristie 5140 27 
fema 467 26 MikeBloomberg 2636 20 MikeBloomberg 4365 14 
twc_hurricane 458 47 NYGovCuomo 2468 55 RedCross 3731 3 
NHC_Atlantic 420 0 CoryBooker 2116 93 CoryBooker 3299 201 
GovChristie 396 7 NYCMayorsOffice 1953 20 nytimes 3125 0 
NYCMayorsOffice 396 18 twc_hurricane 1933 117 ABC 2961 0 
weatherchannel 384 17 RedCross 1929 11 NYGovCuomo 2798 67 
AP 376 0 BarackObama 1856 0 FoxNews 2791 0 
CoryBooker 367 67 AP 1653 3 CBS 2428 0 
JimCantore 359 5 cnnbrk 1499 0 NPR 2328 0 

 643 

Table 5. Users with top out-degree measure and their associated in-degree 644 

Pre-hurricane During-hurricane Post-hurricane 
 Out- In-  Out- In-  Out- In- 
editchick 102 0 rightnowio_feed 203 10 CoryBooker 201 3299 
weatherplaza 95 6 SeanPCollins 183 16 farside314 181 7 
MarnieTWC 73 25 weeddude 180 101 BlondeVelvet 163 6 



 

 

JustCouch 71 5 ScottBeale 150 64 blogdiva 158 78 
CoryBooker 67 367 JustCouch 146 0 wishuponahero 154 17 
blogdiva 64 23 ninatypewriter 143 53 GrandmaJer_ETSY 134 0 
sahnetaeter 62 6 DAKGirl 142 11 HealthcareWen 115 40 
HumanityRoad 58 30 farside314 137 0 EarlyShares 114 3 
trdelancy 58 6 azipaybarah 132 80 ConEdison 104 1770 
weeddude 57 14 SustainablDylan 122 0 SINYCliving 100 114 

 645 

Table 6. Users with top Betweenness and Eigenvector measures 646 

Pre-hurricane During-hurricane Post-hurricane 
Betweenness Eigenvector Betweenness Eigenvector Betweenness Eigenvector 
twc_hurricane MikeBloomberg FDNY GovChristie CoryBooker GovChristie 
CoryBooker NHC_Atlantic twc_hurricane MikeBloomberg ConEdison MikeBloomberg 
WSJweather fema CoryBooker NYGovCuomo fema RedCross 
garytx twc_hurricane NYGovCuomo NYCMayors* MikeBloomberg CoryBooker 
NYGovCuomo weatherchannel RedCross CoryBooker FDNY NYGovCuomo 
fema NYCMayors* AntDeRosa RedCross NYGovCuomo nytimes 
RyanMaue RedCross rqskye twc_hurricane GovChristie ABC 
weatherchannel JimCantore fema BarackObama blogdiva FoxNews 
JimCantore NOAA ConEdison AP RedCross NYCMayors* 
USCG GovChristie granthansen fema JCP_L BarackObama 

*  NYCMayorsOffice 647 

 648 

We identified and visualized the user community clusters using the Louvian modularity 649 

measure. The nodes represent Twitter users and the lines between the nodes represent the 650 

connectivity by the attribute of mention. The size of the nodes (and the size of username) 651 

represents the number of times a particular user was mentioned. The varying colors of the nodes 652 

and the edges represent the various clusters. In the pre-hurricane phase (Figure 23), political 653 

Twitter users such as, MikeBloomberg, NYGoverner, NYCMayorsOffice, CoryBooker clustered 654 

together. Whereas news agencies (NHC_Atlantic, breakingstorm, wunderground, twc_hurricane, 655 

weather_channel, ABCnews) and federal agencies (FEMA, NOAA) each form separate clusters. 656 

RedCross and GovChristie have their own influence groups, which are separate from the other 657 

clusters. During hurricane (Figure 24), most of the users clustered together, suggesting a dense 658 

network of communication with information being shared in a bi-directional model across the 659 

platform. GovChristie achieved the highest number of mentions, followed by other political 660 

Twitter users (BarakObama, NYCMayorsOffice, NYGovCuomo, MikeBloomberg, 661 

CoryBooker). FEMA and RedCross gravitated closer to news agencies such as HuffPost, 662 

nytimes, AP, cnnbrk. The formation of a blue circular cluster (on the right side of the data 663 

structure) proved to be noise unrelated to the hurricane. This cluster represents a high volume of 664 

communication between two United Kingdom musical bands and their producers’ discussions 665 

about a song titled “Sandy.” In the post-phase of the hurricane (Figure 25), users clustered near 666 

the center of the graph, suggesting that most of the centroid users where highly connected to 667 

other users in the network. RedCross was highly mentioned as a result of its involvement in the 668 

relief efforts. 669 

 670 
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 672 

Figure 23. User network analysis: pre-hurricane phase (keyword dataset) 673 

 674 

 675 

Figure 24. User network analysis: during-hurricane phase (keyword dataset) 676 
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 678 

Figure 25. User network analysis: post-hurricane phase (keyword dataset) 679 

 680 

6. Discussion and Conclusions 681 

 682 

We examined the usage of social media during Hurricane Sandy from both survey and 683 

communication perspective. Research has validated the prominent role of social media, 684 

particularly Twitter as a source of information [72,73]. Limitations of other media sources in 685 

providing useful information during the disaster is one of the reasons for using social media [27]. 686 

The results of our study indicate that Twitter can serve as a valuable medium for communication 687 

through sharing texts and photos during weather-related emergencies, especially during power 688 

outages time. Our findings also indicate that Twitter users generally receive emergency 689 

information from various sources at higher rates than non-Twitter users. This is due to the easier 690 

access of Twitter users to prominent individuals, organizations, and agencies who share weather-691 

related information as our social network analysis reveals. Temporal analysis of tweets showed 692 

that use of Twitter during Hurricane Sandy started very early and continued in the aftermath of 693 

disaster. With the change of discussions in different phases of hurricane from people advising 694 

and spreading the news, to concerns about the well-being of their friends and followers, and to 695 

relief and rescue efforts in the aftermath of the hurricane. The emergency officials can use such 696 

messages as a valuable source of information from individuals residing in the hurricane-affected 697 

areas.  Lower sentiment scores (negative polarity) of tweets originating from the affected areas 698 

also revealed the influence of distance on Twitter messages. Authorities should mostly use the 699 

negative tweets in the during-phase of disaster to detect people at risk and their immediate needs.  700 

Our major aim was to understand the communication dynamics through different modalities 701 

including temporal, text, user, sentiment, and social network analyses and identify the most 702 



 

 

important information that can be derived from twitter during disasters. Government / relief / 703 

emergency agencies can utilize such information to reach and support at least a subset of the 704 

population most at risk. While government agencies are among the prominent Twitter users 705 

during disasters, they primarily rely on one-way communication rather than engaging with their 706 

audiences [74], a result confirmed by our network analysis. A major advantage of social media 707 

over traditional media sources is its potential for a bi-directional communication where public 708 

could provide the agencies with useful information for disaster management [68]. However, this 709 

was not the case during hurricane Sandy.  710 

With the increasing frequency of extreme weather events, Twitter users’ networks along with 711 

tweets’ texts and geolocation information provide real-time data that can equip emergency 712 

management tools. Our findings illustrate Twitter’s utility as an image-sharing platform that 713 

might be useful for developing applications to identify relevant images for disaster response 714 

using the location information embedded in the messages. However, the major challenge is the 715 

quality assessment of such data [75]. It is important to evaluate the relevancy and credibility of 716 

data and select only tweets related to the event. While current research is mostly focused on 717 

keyword filtering, developing a new approach integrating various data types is an important step 718 

for future research to utilize social media successfully in natural disasters. In our future research, 719 

we will develop an automated data-learned model to filter geocoded images shared across the 720 

Twitter platform by leveraging a multi-model that analyzes geospatial, image, user and text data. 721 

Twitter is a useful medium through which individuals can communicate during weather-722 

related emergencies; a valuable source for researchers to better understand these 723 

communications; and a useful way for agencies to communicate with individuals at risk. 724 

However, various barriers (e.g., lack of resources, lack of organizational support) to the use of 725 

social media analytic tools in organizations need to be first addressed to facilitate disaster 726 

management efforts [76]. With the difficulty of sorting and locating relevant information for 727 

public [68], the government agencies should facilitate the process by developing automated 728 

emergency management tools that extract and analyze information shared on social media. These 729 

tools can also benefit from social network analysis to help authorities in accelerating information 730 

diffusion during disasters. Future studies should examine other social media platforms in a multi-731 

case approach to increase the effectiveness of social media in disaster management. 732 
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