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Abstract

Objective: To assist communities who suffered from hurricane-inflicted damages, emergency
responders may monitor social media messages. We present a case-study using the event of
Hurricane Matthew to analyze the results of an imputation method for the location of
Twitter users who follow school and school districts in Georgia, USA.
Methods: Tweets related to Hurricane Matthew were analyzed by content analysis with latent
Dirichlet allocation models and sentiment analysis to identify needs and sentiment changes
over time. A hurdle regression model was applied to study the association between retweet
frequency and content analysis topics.
Results: Users residing in counties affected by Hurricane Matthew posted tweets related to
preparedness (n= 171; 16%), awareness (n= 407; 38%), call-for-action or help (n= 206;
19%), and evacuations (n= 93; 9%), with mostly a negative sentiment during the preparedness
and response phase. Tweets posted in the hurricane path during the preparedness and response
phase were less likely to be retweeted than those outside the path (adjusted odds ratio: 0.95; 95%
confidence interval: 0.75, 1.19).
Conclusions: Social media data can be used to detect and evaluate damages of communities
affected by natural disasters and identify users’ needs in at-risk areas before the event takes place
to aid during the preparedness phases.

In their response to natural disasters, emergency management agencies must have access to real-
time information to respond to the situation. One potential tool is social media data analysis. In
recent years, the usefulness of social media for public health surveillance and their use during
natural disasters has been proposed.1–5 Social media offers emergency management agencies a
tool to communicate emergency information, warnings, and updates in their profiles using short
messages, photos, and videos.1,6 Content analysis and sentiment analysis can help classify infor-
mation extracted from social media messages into different categories and help identify those in
need of assistance and the geographical areas affected by an event.5,7,8

The possible roles of social media data analysis during natural disasters have been studied
before.1,5 Researchers used social media data analysis to study the content of shared posts during
emergencies, identify user’s locations, develop mapping applications as a visual aid for emer-
gency responders, and communicate emergency warnings.3,6,9–13 However, several limitations
were identified in the analyses, including a low number of geolocated tweets, large datasets with
a reduced number of natural disaster-related posts, and tweets being posted from areas not
affected by the disaster.5 Given such limitation, an imputation method was developed to impute
Twitter user geolocations, using the social network connections of Twitter users and the
accounts they follow.14

We applied such an imputation method to analyze the social media behavior of users who
followed schools and school districts in Georgia during Hurricane Matthew. Based on the iden-
tified hashtags and information from the National Hurricane Center, Hurricane Matthew was
selected as the case study to validate the imputation method used to impute the Twitter users’
locations.15–17 Hurricane Matthew was a category 5 storm that affected the Caribbean islands,
Georgia, and North and South Carolina from September 28 to October 9, 2016. The southwest
and coastal regions of Georgia were heavily affected, recording winds from a category 2
hurricane.
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This retrospective case study, using a secondary dataset, show-
cased how the imputationmethodmentioned above can be applied
to impute Twitter users’ locations and its potential to facilitate the
communication efforts of emergency responders if applied in real-
time. This study aims: (1) to describe the topics and sentiment of
Twitter users who follow schools’ and school districts’ accounts in
Georgia before and during Hurricane Matthew; and (2) to evaluate
the association between retweet frequency and topics posted by
Twitter users during Hurricane Matthew.

Methods

Data Collection

The analysis uses secondary data from the social media platform
Twitter, as described in Ahweyevu et al.18 Ahweyevu and collabo-
rators downloaded publicly available public school and school
districts data for the state of Georgia from the National Center
for Education Statistics (NCES) (nces.edu.gov) and identified
Twitter profiles for the schools and school districts.18 For details
on the data collection process, refer to Ahweyevu et al.18

Missing Data Imputation

We developed a method to impute the information of location for
Twitter users who do not share their self-reported locations in their
profiles.14 A location at the Metropolitan Statistical Area (MSA)
level, in Georgia, USA, was assigned to Twitter users who did
not share any location or a real location. An MSA is defined as
a region with a minimum of 1 community with at least 50,000
people.19 There are 14 MSAs in Georgia. The public schools’
and public school districts’ Twitter accounts in these MSAs were
identified.18 The imputation method used the follower- “followee”
relation as a proxy to impute a location to users.

The total sample size was 27,598 followers from 53 school or
district accounts.14 The analysis presented in this article used
the sample of Twitter users and their imputed locations to explore
their social media behavior during Hurricane Matthew.

Selection of Hurricane-Related Tweets

The hurricane-related tweets from users in the imputed sample
were extracted by the keywords of “hurricane” and “hurricanes”.
From a total of 26,274 hurricane-related tweets extracted, 3,753
tweets were posted during Hurricane Matthew, from September
28 to October 9, 2016. Three datasets were created to analyze
the tweet content shared by the users. Dataset 1 comprised only
those tweets considered original content posted by the users
(1,679 tweets). Dataset 2 included tweets identified as retweets
in the sample (2,033 tweets), and dataset 3 contained replies to
tweets in the sample (41 tweets). Given its very small size, dataset
3 was excluded from further analysis.

Content Analysis

Content analysis was done to describe the topics mentioned by
Twitter users who followed schools’ and school districts’ accounts
in Georgia before and during Hurricane Matthew. The steps were
repeated for original content tweets and retweets to assess the
differences in content per type of Twitter post and for counties
in the actual hurricane path. We implemented a probabilistic topic
model known as the latent Dirichlet allocation (LDA) model,
which is a Bayesian mixture model20 to determine the importance
of a term in the analyzed text corpus.21 The LDAmodel was trained

using 90% of the dataset in this project, and the model was tested
using the remaining 10% percent of data.22,23 Before model fitting,
the number of topics (k) was determined by running model sim-
ulations with k= 5 to k= 100 in the increment of 5 units,24 with 30
iterations, using the training datasets to assess the value of k. The
optimal number of topics for dataset 1 (original tweets) and that for
dataset 2 (retweets) were both 30 topics.

Sentiment Analysis

Sentiment analysis was applied to describe the sentiment of Twitter
users who followed schools’ and school districts’ accounts in
Georgia before and during Hurricane Matthew. A lexicon-approach
method was implemented to calculate the average sentiment of words
in the tweets.25 Two different lexicon libraries, Afinn and Bing,25 were
compared in their evaluations in a preliminary analysis and the
Afinn lexicon was found to be the more preferred library and thus
the following analysis used the sentiment scores based on Afinn.
Next, general descriptive frequencies were studied for original
tweets and retweets. Finally, the overall changes in sentiment
scores were plotted over time.

Hurdle Regression Model to Evaluate the Association
Between Retweet Frequency and Tweet Topics

We fitted hurdle regression models to evaluate the association
between retweet frequency and topics posted by Twitter users
during Hurricane Matthew. The response variable, the number
of retweets a tweet received, was analyzed in association with
the independent variable topic categories obtained from content
analysis andUS Census demographic data as covariates.26 The hur-
dle model was divided into 2 components. The first part was a zero-
mass component model that determined the chance of having a
zero number of retweets. The second part of the model was a trun-
cated Poisson model that considered only the positive retweet
counts to determine the likelihood ratio of having higher number
of retweets.27,28 The level of significance was specified as 0.05 a
priori.

Results

Descriptive Statistics

Hurricane-related tweets were identified through their hash-
tags (n = 168,184). “Hurricanemaria” (n = 16,346; 0.10%),
“Hurricaneharvey” (n= 12,728; 0.08%), and “Hurricanematthew”
(n= 11,508; 0.07%) were identified as the 3 most common hurri-
cane-related hashtags in the tweets collected from followers of schools
and school districts inGeorgia. Observing tweet frequency and time of
posting, our analysis focused on major hurricanes in the Atlantic
region and those that directly affected the state of Georgia
(Supplementary Materials, Figure S1).

Description of the Topics and Sentiment of Tweets From
Users Who Followed Schools’ and School Districts’ Accounts
in Georgia Before and During Hurricane Matthew

The topics identified by the LDA model in each dataset were man-
ually categorized into 10 different categories (Table 1). The top 3
categories of tweets were “awareness,” “preparedness,” and “call
for help or action” for original tweets and retweets datasets
(Supplementary Materials, Table S6). Users in the Hinesville
MSA, 1 of the MSAs in the hurricane path, posted the highest
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number of original tweets related to preparing for the weather
event (Supplementary Materials, Figure S4).

When focusing on the emergency cycle phases, it was found that
most original tweets were posted during the preparedness phase of
the emergency response cycle and were mainly associated with
content categories “preparedness,” “awareness,” and “call for action
or help.” Original tweets posting frequency decreased during the
response phase, but high numbers of “awareness” tweets and “call
for help or action” tweets were found. Compared with prior phases,
the response phase saw the least number of tweets captured in the
dataset, however, the “awareness” category as the most identified
one (Figure 1). When focusing on the retweets during Hurricane
Matthew, it was observed that all categories had a higher number
of tweets during the emergency cycle’s preparedness phase than
other phases, with “awareness,” “call for help or action,” and “pre-
paredness” as the 3 most common categories (Figure 2).

Analysis of tweet count by MSA during Hurricane Matthew
reflected a spike in tweet frequency was observed near the end of
the preparedness phase of the emergency response cycle for all
MSAs. Original tweet signal decreased as the response phase started,
with the lowest number of original tweets detected during the recov-
ery phase for allMSAs. Savannah andHinesvilleMSAs had the high-
est number of original tweets during the recovery phase (Table 1).

The sentiment changes throughout all phases of the emergency
response cycle presented a decrease in sentiment value, accompa-
nied by a decline in the number of Twitter posts related to
Hurricane Matthew. On September 28, both original tweets and
retweets reflected a positive sentiment score. On this day, the
National Hurricane Center declared the development of the
weather event as a tropical storm Matthew.29 Overall, among both
original tweets and retweets, an increase in negative sentiment
through the preparedness phase was observed with a change to
an increase in positive sentiment during the response phase. As
the day of landfall in Georgia approached, negative sentiment val-
ues increased. The days after hurricane landfall, overall sentiment
started to show more positive values for original tweets and
retweets (Supplementary Materials, Figure S5; Figure S6).

Hurdle Regression Model to Evaluate the Association
Between Retweet Frequency and Content Categories Posted
by Twitter Users During Hurricane Matthew

A multivariable hurdle regression model was adjusted for con-
founding variables to evaluate the association between retweet

frequency and Twitter content categories (Table 2). The logistic
model component presents the adjusted odds ratio (aOR) of a
tweet being retweeted; the truncated Poisson model component
presents the adjusted risk ratio (aRR) of retweet count if retweeted.
As seen in Table 3, compared with tweets in the preparedness cat-
egory, tweets in the hurricane damage category were less likely to
be retweeted (aOR: 0.84; 95% confidence interval [CI], 0.63, 1.12);
however, if retweeted, they were retweeted 53% more (aRR: 1.53;
95%CI: 1.52, 1.53). Likewise, tweets in the awareness category were
less likely to be retweeted (aOR: 0.83; 95% CI, 0.69, 1); however, if
retweeted, they were retweeted 74%more (aRR: 1.74; 95% CI, 1,74,
1.74). Similarly, tweets “calling for help” were 30% less likely to be
retweeted (aOR: 0.7; 95% CI: 0.57, 0.85); if retweeted, the retweet
count was estimated to increase by 1.62 (95% CI: 1.61, 1.62) com-
pared with tweets in the preparedness category. Location is impor-
tant when studying Twitter behavior. If the user who posted the
tweet was in Hurricane Matthew’s path, their tweet’s probability
of being retweeted was reduced by 5% (aOR: 0.95; 95% CI: 0.75,
1.19), and if it was retweeted, its retweet count was reduced by
89% (aRR: 0.11; 95% CI: 0.11, 0.11) (Table 3).

When we stratified our data by the phase of the emergency
cycle, our results demonstrated that the timing of the tweet (in
terms of the phase of the emergency cycle) was an important factor
to consider in social media analysis for emergency response. If a
tweet was posted during the preparedness phase and was published
in the path of the hurricane, it was 1.16 (95%CI: 0.85, 1.58) times as
likely to be retweeted, and if the post was retweeted, being posted
from the hurricane path reduced the retweet count by 91% (aRR
0.09; 95% CI: 0.09, 0.09). During the preparedness phase of the
emergency cycle, the retweet count of tweets in the “damage” cat-
egory, if retweeted, was 73% more than tweets in the preparedness
category (aRR, 1.73; 95% CI, 1.72, 1.73); the retweet count for
tweets in the “call for help or action” category was estimated to
increase by 1.40 (95% CI: 1.39, 1.40) compared with tweets in
the preparedness category when retweeted. Also compared with
the retweet count of tweets retweeted in the preparedness category,
if retweeted, tweets posted in the warning category was 1.89 (95%
CI: 1.88, 1.89) times in their retweet count, those in the shelter cat-
egory was 1.82 (95% CI: 1.81, 1.82) times in their retweet count,
and those in the emotion or religious categories was 1.58 (95%
CI: 1.58, 1.59) times in their retweet count (Table 4). When ana-
lyzing the same model with tweets only posted during the response
phase of the emergency cycle, it was observed that those users who

Table 1. Number (%) of tweets by content analysis category for MSAs in or out of Hurricane Matthew’s path posted by followers of schools and school districts in
Georgia, USA, during Hurricane Matthew

Content analysis categories Definition

Tweet in the hurricane path

Yes No

No. of tweets (%) No. of tweets (%)

Awareness Topics related to hurricanes information 407 (38%) 180 (37%)

Call for help or action Topics related to asking for help or action from individuals or government 206 (19%) 101 (21%)

Preparedness Topics related to preparation before the event 171 (16%) 81 (16%)

Evacuation or Migration Topics with words related to moving from the area or evacuations 93 (9%) 57 (12%)

Damage Topics related to any structural damage 73 (7%) 34 (7%)

Warnings Topics related to emergency warnings 34 (3%) 0

Miscellaneous Topics that do not fit in any other designated category 32 (3%) 0

Emotions or Religious Topics related to any type of emotion or religion 30 (3%) 19 (4%)

Shelter Topics related to shelter needs 24 (2%) 20 (4%)
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Figure 1. Distribution of number of original tweets by category and emergency management cycle phase during Hurricane Matthew posted by followers of schools and school
districts in Georgia, USA. The timeframe for each response phase was determined based on the reviewed literature, the emergency cycle phases, and the official FEMA incident
period for Hurricane Matthew in Georgia (October 4, 2016, to October 15, 2016).5,30,31
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Figure 2. Distribution of number of retweets by category and emergency management cycle phase during Hurricane Matthew posted by followers of schools and school districts
in Georgia, USA. The timeframe for each response phase was determined based on the reviewed literature, the emergency cycle phases, and the official FEMA incident period for
Hurricane Matthew in Georgia (October 4, 2016, to October 15, 2016).5,30,31
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resided in counties in the path of the hurricane were 9% less likely
(aOR: 0.91; 95% CI: 0.63, 1.32) of being retweeted, and if retweeted,
the retweet count was lowered by 74% (aRR: 0.26; 95% CI: 0.26,
0.26) (Table 5).

Discussion

This case-study incorporates the results from a new imputation
method of Twitter users’ locations14 into a retrospective analysis
of Hurricane Matthew-related Twitter corpus. The analysis iden-
tified higher tweet frequency in the preparedness phase and a
decline in tweets after the response phase. Also, the results showed
that tweets posted by those in the actual path of the hurricane and

those in low-income areas were less likely to be retweeted, present-
ing a challenge if help is needed in these areas. Our results highlight
the strengths and limitations of Twitter data analysis for public
health emergency response.

The literature suggests that less than 1% of Twitter users share
their exact geolocations with geographical coordinates and that
users with privacy settings share their location when they feel
safe.4,32 The lack of geolocated data presents a challenge for public
health agencies interested in harvesting social media information
for emergency response purposes. Our analysis uses the locations
of schools and school districts with Twitter accounts as a proxy for
user location, imputing the location of 67.0% of the sample.14

Public health agencies can use this newly available information

Table 2. Content analysis categories by emergency response cycle phase for tweets during Hurricane Matthew in Georgia, USA analyzed in the hurdle regression
model (logistic model for the probability of being retweeted and Poisson model for the positive retweet count)

Content analysis categories

Preparedness þ response þ
recovery phases Preparedness phase Response phase

% RT RT total RT median % RT RT total RT median % RT RT total RT median

Preparedness 14.8% 732 14.8 14.4% 455 0.35 15.9% 252 0.37

Damage 5.9% 294 5.9 5.6% 176 0.23 6.7% 107 0.25

Warnings 2.5% 126 2.5 2.4% 75 0.15 3.2% 51 0.18

Evacuations or migrations 9.6% 473 9.6 9.6% 305 0.3 9.4% 150 0.29

Awareness 37.5% 1856 37.5 37.9% 1199 0.49 36.9% 587 0.48

Call for help or action 20.8% 1028 20.8 21.4% 676 0.41 19.3% 307 0.39

Shelter 3.1% 152 3.1 3.0% 94 0.17 2.8% 44 0.16

Emotions 3.1% 155 3.1 3.1% 98 0.17 3.1% 49 0.17

Miscellaneous 2.6% 128 2.6 2.7% 84 0.16 2.6% 42 0.16

Note: The timeframe for each response phase was determined based on the reviewed literature, the emergency cycle phases, and the official FEMA incident period for Hurricane Matthew in
Georgia (October 4, 2016, to October 15, 2016).5,30,31

Abbreviation: RT, retweet.

Table 3. Association between content analysis categories and retweet count of tweets tweeted in the preparedness, response, and recovery phases of Hurricane
Matthew in Georgia, USA, as given by the hurdle regression model (logistic model for the probability of being retweeted and Poisson model for the positive retweet
count)

Coefficients

Zero hurdle model coefficients (binomial
with logit link)

Count model coefficients (truncated Poisson with
log link)

aOR aOR 95% CI P-Value aRR aRR 95% CI P-Value

Intercept 11.01 (7.57, 16.00) <0.001 7690.36 (7663.53, 7717.28) <0.001

In the hurricane path 0.95 (0.75, 1.19) 0.66 0.11 (0.11, 0.11) <0.001

Content analysis categories

Preparedness REF

Damage 0.84 (0.63, 1.12) 0.23 1.53 (1.52, 1.53) <0.001

Awareness 0.83 (0.69, 1) 0.05 1.74 (1.74, 1.74) <0.001

Call for help or action 0.7 (0.57, 0.85) <0.001 1.62 (1.61, 1.62) <0.001

Warnings 0.91 (0.61, 1.36) 0.65 1.02 (1.02, 1.03) <0.001

Evacuation 1.1 (0.82, 1.36) 0.68 1.37 (1.37, 1.38) <0.001

Shelter 1.28 (0.86, 1.90) 0.22 1.71 (1.70, 1.71) <0.001

Emotions or religious 1.27 (0.86, 1.88) 0.23 1.56 (1.55, 1.56) <0.001

Miscellaneous 0.85 (0.57, 1.26) 0.42 0.36 (0.36, 0.37) <0.001

Percent of poverty level 0.94 (0.91, 0.96) <0.001 0.95 (0.94, 0.95) <0.001

Percentage of not owning a car in the house 0.93 (0.87, 0.97) 0.01 1.09 (1.08, 1.09) <0.001
Percentage of mobile homes 1.01 (0.99, 1.02) 0.42 0.98 (0.97, 0.97) <0.001

Note: The timeframe for each response phase was determined based on the reviewed literature, the emergency cycle phases, and the official FEMA incident period for Hurricane Matthew in
Georgia (October 4, 2016, to October 15, 2016).5,30,31

Abbreviations: aOR, adjusted odds ratio; aRR, adjusted relative risk; CI, confidence interval; REF, reference category.
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to understand the needs, worries, and awareness of individuals
residing in the MSA included in our analysis.

This study analyzed Twitter data and observed its possible uses
as a tool by emergency response agencies during the preparedness
and response phases. The “awareness” category was identified as
themost frequent category in both original (37.64%) and retweeted

)37.0 %) content associated with Hurricane Matthew. The majority
of tweets in the “awareness” category were related to weather infor-
mation pertinent to Hurricane Matthew. The identification of the
“awareness” category as the most common content category in the
sample was consistent with findings of social media data analysis
during flooding and earthquake events.5,9,33–35 Other common

Table 4. Association between content analysis categories and retweet count of tweets tweeted in the preparedness phase of Hurricane Matthew in Georgia, USA, as
given by the hurdle regression model (logistic model for the probability of being retweeted and Poisson model for the positive retweet count)

Coefficients

Zero hurdle model coefficients (binomial
with logit link)

Count model coefficients (truncated Poisson with
log link)

aOR aOR 95% CI P-Value aRR aRR 95% CI P-Value

Intercept 9.39 (5.87, 15.01) <0.001 10463 (10421.00, 10506.00) <0.001

In the hurricane path 1.16 (0.85, 1.58) 0.343 0.09 (0.09, 0.09) <0.001

Content analysis categories

Preparedness REF

Damage 0.92 (0.63, 1.35) 0.684 1.73 (1.72, 1.73) <0.001

Awareness 0.93 (0.55, 1.58) 0.792 0.98 (0.97, 0.98) <0.001

Call for help or action 1.05 (0.76, 1.44) 0.780 1.40 (1.39, 1.40) <0.001

Warnings 0.83 (0.65, 1.04) 0.109 1.89 (1.88, 1.89) <0.001

Evacuation 0.74 (0.57, 0.95) 0.019 1.63 (1.63, 1.64) <0.001

Shelter 1.49 (0.88, 2.52) 0.133 1.82 (1.81, 1.82) <0.001

Emotions or religious 1.11 (0.68, 1.81) 0.669 1.58 (1.58, 1.59) <0.001

Miscellaneous 0.51 (0.32, 0.82) 0.006 0.23 (0.23, 0.23) <0.001

Percent of poverty level 0.96 (0.93, 0.99) 0.047 0.89 (0.89, 0.89) <0.001

Percentage of not owning a car in the house 0.89 (0.83, 0.95) <0.001 1.14 (1.14, 1.14) <0.001
Percentage of mobile homes 1.01 (0.98, 1.03) 0.603 1.01 (1.01, 1.01) <0.001

Note: The timeframe for each response phase was determined based on the reviewed literature, the emergency cycle phases, and the official FEMA incident period for Hurricane Matthew in
Georgia (October 4, 2016, to October 15, 2016).5,30,31

Abbreviations: aOR, adjusted odds ratio; aRR, adjusted relative risk; CI, confidence interval; REF, reference category.

Table 5. Association between content analysis categories and retweet count of tweets tweeted in the response phase of Hurricane Matthew in Georgia, USA, as given
by the hurdle regression model (logistic model for the probability of being retweeted and Poisson model for the positive retweet count)

Coefficients

Zero hurdle model coefficients (binomial
with logit link)

Count model coefficients (truncated Poisson
with log link)

aOR aOR 95% CI P-Value aRR aRR 95% CI P-Value

Intercept 12.15 (5.96, 24.77) <0.001 933.88 (924.67, 943.18) <0.001

In the hurricane path 0.91 (0.63, 1.32) 0.63 0.26 (0.26, 0.26) <0.001

Content analysis categories

Preparedness REF

Damage 0.78 (0.49, 1.25) 0.31 0.8 (0.80, 0.81) <0.001

Awareness 0.97 (0.51, 1.83) 0.92 1.26 (1.26, 1.28) <0.001

Call for help or action 1.23 (0.79, 1.92) 0.35 1.27 (0.97, 0.98) <0.001

Warnings 0.98 (0.72, 1.34) 0.91 0.97 (0.99, 1.01) <0.001

Evacuation 0.76 (0.53, 1.08) 0.12 1.27 (1.27, 1.28) <0.001

Shelter 0.97 (0.49, 1.90) 0.92 1 (0.99, 1.01) 0.97

Emotions or religious 1.46 (0.73, 2.92) 0.28 1.75 (1.173, 1.76) <0.001

Miscellaneous 2.81 (1.19, 6.65) 0.02 0.64 (0.63, 0.65) <0.001

Percent of poverty level 0.93 (0.89, 0.98) 0.01 1.13 (1.13, 1.13) <0.001

Percentage of not owning a car in the house 0.91 (0.83, 1.01) 0.08 0.95 (0.95, 0.96) <0.001
Percentage of mobile homes 1.00 (0.97, 1.03) 0.93 0.89 (0.89, 0.90) <0.001

Note: The timeframe for each response phase was determined based on the reviewed literature, the emergency cycle phases, and the official FEMA incident period for Hurricane Matthew in
Georgia (October 4, 2016, to October 15, 2016).5,30,31

Abbreviations: aOR, adjusted odds ratio; aRR, adjusted relative risk; CI, confidence interval; REF, reference category.
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content categories were “preparedness” and “call for help or
action.” A higher number of retweets from the “damage” category
were detected during the response phase than the preparedness
phase. An increase in negative sentiment as the hurricane
approached the state was observed in the results. A similar pattern
was observed during Hurricane Sandy.36 A change tomore positive
sentiment, expressing hope through religious language, was
detected after landfall.

The analysis identified a higher number of original tweets and
retweets pertinent to Hurricane Matthew during the preparedness
and response phases than the other cycle stages, with tweets peak-
ing days before the hurricane landfall. Similar to the results found
by other social media researchers, a low number of tweets were
posted after landfall and during the recovery phase in our sam-
ple.37,38 It is understood that the low number of tweets found dur-
ing the recovery and mitigation phases establishes that Twitter
does not present as a viable tool to study for long-term follow-
up of areas affected by natural disasters. Previous research found
that most social media communication from emergency manage-
ment agencies is 1-sided, meaning the agency does not interact
with their followers.5,13 The increased number of tweets observed
during the preparedness phase of the emergency can represent an
increased awareness of the event, and public health professionals
can take this opportunity to perform communication campaigns
to help alleviate the information gap.

Retweeted content can help information go viral, and their role
in social media communication strategies has been studied. For
example, Liang et al. found that on Twitter, Ebola-related informa-
tion primarily reached a user’s followers (the “broadcast model”).
To make a tweet retweeted beyond the immediate group of fol-
lowers, having individuals who havemany followers (such as celeb-
rities) to retweet a public health agency’s tweet may be a key. This
suggests that the identities of Twitter users and their followers can
influence the reach of a tweet.39 This study did not find that celeb-
rities were the most retweeted accounts in our sample; instead,
individual personal accounts were more frequently retweeted, con-
trary to other studies.13,39,40 Higher Twitter activity levels were
observed in geographical areas (MSAs) outside of the hurricane
path, contrary to other studies.33,41 Twitter users outside the hur-
ricane path and those in the hurricane path posted tweets related to
“awareness” and “call for action or help,” which can be driven by
the news cycle and proximity of the storm.36 Users in the hurricane
path are less likely to be retweeted than those outside the hurricane
path. Therefore, the development of a content analysis guide for
training is highly recommended. For example, it may include a
step-by-step checklist to complete the analysis, what questions
can be answered, and specialists that can assist in the analysis if
necessary.

The regression modeling results suggested no evidence to sup-
port the hypothesis that higher levels of hurricane-related Twitter
activity are associated with the actual hurricane path. During the
emergency response phase, the results demonstrated that original
tweets that were retweeted from low-income areas had an
increased retweet count as the poverty percentage in the area
increased (albeit statistically insignificant). This can help emer-
gency responders quickly identify those that could have been
heavily affected by the event.

Public Health Implications

This case-study demonstrates that retrospective Twitter data
analysis can provide emergency response agencies with insights

into the needs of social media users who might be affected by natu-
ral disasters. However, it is important to recognize that the analysis
is time-consuming. It is difficult to make all the data identification,
data cleaning and processing, and content and sentiment analyses
in real-time. Therefore, to apply this type of analysis in practice, it
is recommended to conduct data verification before the start of the
Atlantic hurricane season or during the planning phase of emer-
gency management agencies to avoid delays in the emergency
communication response.

Strengths and Limitations

There are several limitations to this study. The results are not gen-
eralizable to the general population of the state of Georgia. The
findings only apply to Twitter followers of schools and school dis-
tricts in our sample. Also, the user locations analyzed in our study
were based on the locations of the schools or school districts they
followed. We were not able to verify the veracity of the locations at
the time of the analysis. Results were based on post frequency; net-
work analyses for information dissemination were not conducted.

Public health researchers previously employed the dataset used
in this case study to detect unplanned school closures, establishing
the social media platform’s usefulness to detect a higher number of
school closures than the current systems.18,42 The analysis pre-
sented in this research project gave an existing dataset a new pur-
pose, demonstrating how we can repurpose public health datasets
from 1 field into a completely new area.

Conclusions

In times where social media is a core component of public health
interventions, emergency response should not be the exception.
Despite not being able to pinpoint a location if the social media
user does not share coordinates, our results showed that our impu-
tation method could help impute users’ geolocations and, thereby,
through Twitter data analysis, help provide an overview of the sit-
uation in areas affected by natural disasters. It can help understand
the needs of social media users in at-risk areas before the event
takes place. Future research to further test the imputation method
should focus on official emergency response agencies’ pages and
their followers.

Supplementary material. The supplementary material for this article can be
found at https://doi.org/10.1017/dmp.2022.285.
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