, Alsd AlE
Health Communication Research, 2019, Vol. 18, No. 1, 31-62
DOI: 10.24171/hcr.2019.18.1.31.

Social Media and Influenza Emergency: Content Analysis
of Tweets during the 2015 MERS Outbreak in Korea

Byoungkwan Lee’
(Professor, Department of Advertising & PR, Hanyang University)
Hyun Jung Oh™
(Assistant Professor, Department of Health and
Strategic Communication, Cha University)
Hyunmi Baek
(Assistant Professor, School of Media & Communication,
Korea University)
Sangrock Lee
(Adjunct Professor, Department of Advertising & PR, Hanyang University)

The risk perception is a key issue for effective health risk communication.
This study gathers and analyzes MERS-related tweets in order to monitor
and understand the public perception on Twitter during the MERS outbreak

of 2015 in South Korea. The main purpose of study is to identify and
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describe the changes in the number of MERS-related tweets. Using Naive
Bayesian classifiers, this study investigates the public sentiments on Twitter
and examines how the sentiments affect the spreading volume, duration, and
speed of MERS-related tweets. The results show dramatic changes in the
amount of MERS-related tweets during these sequences of time periods. The
results of sentiment analysis also showed that the emotional response of the
public on Twitter had changed in a variety of ways depending on the types
of triggering events. Moreover, an emotional (positive or negative) message
in social media seems to receive more attention and feedback than a
non-emotional message and induce cognitive and arousal-related effects that

trigger sharing behavior in social media communication.

Key words : Social Media, Health Risk Communication, MERS in South Korea,

Public Sentiments, Information Diffusion, Tweets

1. Introduction

“What each man does”, Walter Lippmann (2017) argued, “is based
not on objective knowledge, but on subjective pictures made himself or
given to him.” In the context of public health emergency, individuals'
actions against risk are vulnerable to their subjective and (or) intuitive
perception rather than objective and (or) scientific facts. Indeed, the
public perception of risk is in discord with its scientific assessment by

experts as revealed by previous risk communication studies (Sjoberg,
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2000; Slovic, 1987; Slovic, Peters, Finucane, & MacGregor, 2005). Risk,
as Slovic (1987) mentioned, means different things to different people.

With the advancement of communication technologies, the public
derives its perception of health from a variety of sources. With the
recent advancement of social media, the public can gain grounds to
judge the situation. Particularly in relation to health issues, the public
exchanges opinions on social media, obtains information, and determines
health trends. As more and more people tweet about health topics,
Twitter becomes good sources of public opinion and sentiment (Ghiassi,
Skinner, & Zimbra, 2013). Such information can be a great help to
researchers with an enormous amount of dataset that can be easily
accessed (Hornikx, & Hendriks, 2015). Therefore, it is important to
understand public opinion in social media and establish an effective risk
communication strategy.

This study gathered and analyzed MERS-related tweets in order to
monitor and understand the public perception on Twitter during the
MERS outbreak of 2015 in South Korea. MERS is one of the newly
discovered respiratory diseases caused by a new kind of coronavirus,
originally identified in Saudi Arabia in 2012. Most MERS patients
developed severe acute respiratory illness with symptoms of fever, cough
and shortness of breath, and about 3 to 4 out of every 10 patients
diagnosed with MERS have died (CDC, 2016). In 2015, the MERS
outbreak put South Korea in an immense social and economic turmoil.
It resulted in 186 confirmed cases of infections with 38 deaths during

the 218-day period from May 20th, 2015, when a person passing
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through a region in the Middle East became the first confirmed patient
to be diagnosed with the MERS, to the official date of termination on
the 24th of December, 2015. This was the second largest MERS
outbreak in the world, and the largest outbreak recorded outside Saudi
Arabia (WHO, 2015).

Therefore, the aim of the present study is two-fold. Firstly, this study
investigated the number of MERS-related tweets during the MERS
outbreak in South Korea. Specifically, this study longitudinally tracks the
changes in the number of MERS-related tweets during the MERS
outbreak and identifies the reasons for such changes. Secondly, this study
explored the public’s responses on Twitter during the outbreak. Using
Naive Bayesian classifiers, the study investigates the public sentiments on
Twitter during the MERS outbreak and, in addition, examines how the
sentiments affect the spreading volume, duration, and speed of
MERS-related  tweets. Understanding the relationship between  the
characteristics of tweets and their spread pattern is very crucial to
practitioners during public health crisis. Although many studies have
been designed to reveal the relationship between the characteristics of
messages and that of information spread (Hoang, & Lim, 2011; Son,
Kim, & Lee, 2012; Yang, & Counts, 2010), few studies have examined
how emotion, especially in tweets, affects the characteristics of RTs
(Stieglitz, & Dang-Xuan, 2013). This study provides additional
information to the body of knowledge on risk perception and risk
communication by showing how public sentiment affects the pattern of

information spread during the outbreak of a pandemic disease. Given
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that controlling the spread of news on epidemic diseases on online social
networking platforms during a public health emergency is one of the
most important and challenging tasks for public health practitioners, the
findings of the current study will provide implications for the

practitioners.

2. Literature Review

The risk perception is a key issue for effective health risk
communication. As many previous empirical studies and real-world
incidents such as SARS (Severe Acute Respiratory Syndrome: hereafter
SARS), HINI1, and MERS (Middle East Respiratory Syndrome
Coronavirus: hereafter MERS) have shown (Brug et al., 2004; Gidengil,
Parker, & Zikmund-Fisher, 2012; Seale et al., 2010), a better
understanding of and response to the public perception of the risk is a
crucial prerequisite for effective risk management during a public health
emergency. The public’s risk perception, which is driven from various
sources, is a social and cultural construct beyond the individual
(Weinstein, 1980). While traditional mass media has been one of the
most powerful communication channels that shape public perception, the
recent progress of communication technologies have made social media
(i.e., Twitter, Facebook, FourSquare, Instagram etc.) as another important
source that risk communicators should consider during the public health

emergency. For example, during the HIN1 outbreak of 2010, more than
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2 million tweets containing the keywords “HIN1”, “swine flu” or
“swineflu” were posted, and health authorities used Twitter content as a
complementary source of information to monitor public opinion and
respond to public concerns in real time (Signorini, 2014).

Social media, however, is a double-edged sword for health risk
communicators. Social media is a wseful tool to disseminate and share
health information in an efficient way during a public health emergency.
Social media can be employed to “disseminate time-sensitive health
information, promote information sharing to encourage behavioral changes
(including corrective changes during potential health crises), be a
platform for conversation between agencies and constituents (rather than
just as an information provider) and allow the public to provide useful
information and feedback” (Dosemagen, & Aase, 2016). At the same
time, social media challenges the very tasks that health risk
communicators perform. It may become difficult for practitioners to
manage health crises if social media create biased public responses.
During the 2010 earthquake in Chile, it was found that rumors posted
and re-posted on Twitter contributed to an increase the sense of chaos
and insecurity among the local population (Castillo, Mendoza, & Poblete,
2011).

Consequently, monitoring public opinion on social media and
responding to it in a timely manner has become necessary for effective
risk communication during a public health emergency. But, technically,
traditional survey or content analysis as a monitoring tool for social

media has its limits. As new data scientific approaches, namely,
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“infoveillance” that mine, aggregate, and analyze the social media data in
real-time are becoming available, researchers and practitioners are
provided with an instantaneous comprehension of the public’s opinions
and behavioral responses on social media (Chew, & Eysenbach, 2010).

As a result, sentiment analysis has attracted much attention from
researchers. Sentiment analysis is a natural language processing technique
that extracts subjective information from texts created using algorithms
and can identify the degree of positive or negative emotion of the
message (Beaunoyer, Arsenault, Lomanowska, & Guitton, 2017; Gohil,
Vuik, & Darzi, 2018). Sentiment analysis methods are often used to
predict various social phenomena. These techniques have been used to
analyze and predict people's behavior on elections and the launch of new
products or services (Borras-Morell, 2015; Hirschberg, & Manning, 2015).
It has also been used in the health field to identify the degree of
sentiment (D'Alfonso, Santesteban-Echarri, Rice, Wadley, Lederman, R., &
Alvarez-Jimenez, 2017; Greaves, Ramirez-Cano, Millett, Darzi, &
Donaldson, 2013; Mazzocut, Truccolo, Antonini, & Tasso, 2016).

In healthcare, sentiment analysis can help you better understand how
people talk and feel about a particular health topic or health condition.
The use of sentiment analysis is particularly relevant to the social media
context where social media has become a natural environment in which
people can share and obtain health information (Gabarron, Lau, &
Wynn, 2015; Li, Wang, Lin, & Hajli, 2018; Nath, Huh, Adupa, &
Jonnalagadda, 2016). Social media content influences individual

decision-making, as it not only finds information but also can grasp the
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degree of positive or negative emotions in the message (Oyeyemi,
Gabarron, & Wynn, 2014; Wynn, Opyeyemi, Johnsen, & Gabarron,
2017). Few publications currently study the use of emotional analysis in
relation to MERS. Understanding the emotions expressed by social media
users about MERS can provide information on the knowledge framework

of risk awareness and risk communication.

3. Methods

1) Data Collection and Analysis

(1) Tweet Data

Twitter is a social networking and microblogging service that allows
users to post real time messages, called tweets. Tweets are short
messages, restricted to 140 characters in length. Due to the nature of
this microblogging service (quick and short messages), researchers use
Twitter as indicator of emotional expression. We collected 3,785,125
tweets, which included the keyword “MERS (middle east respiratory
syndrome)” or “Korean term of MERS,” from May 5, 2015 to August
7, 2015. We collected daily tweets and user information on the Twitter
API (application programming interface) by wusing the programming
language Python. The metadata include tweet texts, times of tweets,
retweet counts, user ID’s, etc. Tweets were searched continuously by

including target keywords at the appointed time every day.
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(2) Classification of Tweets for Sentiment Analysis

We developed neutrality classifier and public response classifier to
classify MERS-related tweets automatically by using machine learning
approach (see <Figure 1>). There are two main approaches for
automatic text classification: machine learning approach and lexicon-based
approach. The lexicon-based approach uses a dictionary of words, whereas
the machine learning approach requires a training stage based on
manually coded training data set. Neutrality classifier was developed to
classify tweets into neutral tweets and emotional charged tweets.(Why?
Provide sources of information and explain/justify) During the MERS
outbreak, the public responded emotionally, expressing criticism, fear, and
praise etc. The contents of MERS-related emotional charged tweets were
mainly classified into tweets to 1) criticize the government’s
incompetence in managing the risk, 2) express the fear of MERS

infection, and 3) encourage medical staffs and emergency workers.

Therefore, we tried to classify emotion charged tweets into three

MERS tweets

Neutrality classifier

‘ Neutral tweets ‘ ‘Emotionaltweets

Others

Public response classifier

A\

‘ ‘ Praise tweets

Criticism
tweets

!
‘ Fear tweets ‘ ‘ Others i

(Figure 1> Tweet Classifiers: neutrality tweet
classifier and public response tweet classifier
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categories of major public reactions - fear, criticism, and praise - by
using public response classifier (Citation needed; provide an explanation
about this classifier). When a tweet includes the other emotion except
for “criticism”, “fear”, and “praise”, it is classified as “others”.

There are several kinds of machine learning approach for text
classification, such as decision tree, Naive Bayes, Support Vector
Machines, etc. (Zhang et al. 2011). By developing two Naive Bayes
classifiers (neutrality classifier and public response classifier), we classify
tweets into neutral, fear, criticism, praise tweets. For the classification,
two human coders, independently from one another, classified a total of
2,121 tweets, which have more than 200 retweets, into emotional
/neutral tweets to develop neutrality classifier and criticism/fear/praise to
develop public response classifier. The two coders produced highly
congruent classifications with 95%. 1,999 tweets (1,500 tweets are used
as the training set and 499 as the test set) for which identical
classification occurs were utilized for manual labeling data. Second, the
neutrality tweet classifier and the public response classifier were developed
by applying strong independence assumptions to Bayes’ theorem
(Bhargavi, & Jyothi, 2009) on the 1,500 manually coded tweets (training
set). Morpheme (excluding postpositional particle) tokenize method and
2,000 feature sets with the highest accuracy among various combinations
are used for the Naive Bayesian classifiers. Naive Bayes is commonly
used for text classification because it is simple and efficient (Oscar et al.,
2017). To evaluate the accuracy of developed two classifiers, we used the

499 manually coded tweets (test set). The neutrality classifier showed
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71.1% accuracy and the public response classifier exhibited 76.8%
accuracy, which is consistent with other previous studies (Lee et al.,
2011; Read, 2005; Rui, Liu, & Whinston, 2013). Finally, we applied the
neutrality classifier and the public response classifier to a full set of

collected tweets to classify the remaing tweets automatically.

(3) Retweet Analysis and Characteristics of Information Spread

Acknowledging that retweeting can be a powerful mechanism to
measure the public sentiments on Twitter and the spread of information
(Salathé, & Khandelwal, 2011), the present study analyzed the diffusion
of retweets to reveal how the sentiments of MERS-related tweets are
related to the characteristics of information spread such as the amount of
spread, speed of spread, and duration of spread. To analyze the retweets,
this study identified the tweets that were shared over 50 times among
the entire MERS tweets. The tweets were composed of 2,189,942 tweets
holding 8,748 tweet contents, which was 57% of all MERS tweets
(3,785,125). 1,653 of the tweet contents that did not fit the categories
of sentiment analysis and drawing the characteristics of spread of RTs
were excluded and the remaining 7,095 tweet contents were analyzed
among 8,748 tweet contents retweeted over 50 times. By obtaining
enough tweet data diffused profusely during MERS outbreak, the
relationship  between sentiment of message and characteristics of
information spread could be analyzed.

Based on the previous studies (Hoang, & Lim, 2011; Son, Kim, &
Lee, 2012; Stieglitz, & Dang-Xuan, 2013; Yang, & Counts, 2010),
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characteristics of information spread - diffusion volume, diffusion speed,
and diffusion duration - were defined and measured as follows. The
diffusion volume was operationalized as the total number of RTs spread
during MERS outbreak; the diffusion speed was operationalized as the
number of RT spread during one hour of peak time when the speed of
spread was the fastest. This study defined the highest speed of RT per
hour (number of RTs spread during one hour of peak time when the
spread speed was the fastest) within the target period --when many RTs
were made to form public opinion-- as diffusion speed. Diffusion duration
was defined as the number of days from the first day when the number
of RTs per hour was over 10 to the last day when the number of RTs
per hour is over 10. The reason that the days with more than 10 RTs
per hour was considered is to operationalize the duration with significant
diffusion speed as the diffusion period. Additionally, the diffusion
duration was calculated by considering the number of days with more
than 3 or 5 RTs per hour, and similar results were produced as
compared to the result, calculated with the number of days with more

than 10 RTs.

4. Results

1) MERS-related tweets during the MERS outbreak

First of all, this study attempts to identify and describe the changes
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in the number of MERS-related tweets during the MERS outbreak in
South Korea. In order to achieve such purpose, the study longitudinally
tracked the changes in the number of MERS-related tweets during the
MERS outbreak and identified important events that triggered the
dramatic increase in the number of tweets. For more in-depth analysis,
the total period of the MERS outbreak was divided into three phases
based on the severity of the issue itself. The first phase starts on May

20th, when the first MERS patient was reported. The second phase

1*period : 2 period | 3" period
(5.20-5.31) (6.1-6.20) (6.21~8.7)

(D)

50K L
(A)
K O

(Figure 2> Changes in the Number of MERS Tweets During the
Outbreak

(A) The first MERS patient occurs (15-05-20: 494 tweets, 2 patients)

(B) The first death occurs (15-06-01: 113970 tweets, 7 patients)

(O) The first tertiary case occurs, Schools started to be temporarily closed due to the
MERS outbreak (15-06-02: 403274 tweets, 5 patients)

(D) The names of MERS exposed medical institutions were disclosed (15-06-07: 166401
tweets, 23 patients)

(E) The first quaternary case occurred (15-06-14: 84648 tweets, 5 patients)
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starts on June lst, when the first death occurred. The third phase starts
on June 21st. This is the first day when no confirmed case of MERS
was announced since its outbreak. The third phase continues until the
monitoring officially ended on August 7th. <Figure 2> shows the
trends of MERS-related tweets in each of the three phases.

In order to identify the triggering events that contributed to the
dramatic change in the number of tweets over time, the 100
most-retweeted tweets, spread most frequently in each phase, were
extracted and classified by the topics. During the first phase, 100
most-retweeted tweets were shared 58,418 times in total, accounting for
45% of the entire tweets during the period. In the second phase, top
100 tweets were retweeted 353,840 times, accounting for 11.5% of the
total tweets in the second phase. In the last phase, top 100 tweets were
shared 114,551 times, equivalent to 20.1% of the total tweets during
the period.

During the first phase, 18 patients were reported to have been
diagnosed with MERS. The most retweeted topics were about (1) the
state of MERS spread, (2) prevention, (3) a MERS patient who went on
a business trip to China, (4) workplace issues, and (5) government’s
management. Tweets on the state of MERS spread were consistently
updated and were shared the most. The most shared tweet was “A
MERS patient is found at downtown Seoul. The fear is spreading” (710
retweets). Tweets on MERS prevention were mostly about complaining
the lack of information on preventive measures. The most shared tweet

also indicated the lack of information in general regarding the outbreak
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(721 retweets). Tweets about a patient who traveled to China were also
widely shared on Twitter; the press interview of the patient’s wife was
retweeted the most (624 retweets). Workplace issues were also discussed
on Twitter, and the tweet “government should fine managers who do
not report employee’s infection” was shared the most (1,355 retweets).
Finally, government’s disease management was the most prominent
agenda on Twitter. The most frequently retweeted message was about
government’s policy that would impose fines on people who refuse
self-quarantine (1,066 retweets).

After the first death occurred, people became more aggressive in
expressing their fear and anger on Twitter. At the second phase, the
number of reported case had dramatically increased; in total, 154 people
were reported to having been infected. Accordingly, many agendas and
incidences were discussed on Twitter, including ‘the prevention rule
involving camels’, ‘Seoul Mayor’s tweets’, ‘disclosing the hospitals where
the MERS patient visited’, ‘government’s response’, ‘temporary closure of
schools’, and ‘deaths of medical staffs. In particular, tweets on
governmental preventive measures to enforce avoidance of contact with
camels for MERS prevention (4,823 retweets), tweets of the Mayor of
Seoul that urged the government to transparently disclose MERS-related
information (8,950 retweets), and tweets criticizing the government for
not revealing the name of the hospital where the MERS infection was
found (7,934 retweets) were mostly retweeted.

In the final phase, the number of infected people had significantly

decreased; in total, 10 people were infected with MERS. As the situation
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became alleviated, tweets in the final phase shifted their focus towards
evaluating government’s MERS management and encouraging health
workers. The most retweeted message on government was about
government’s disciplinary action on television programs that criticized
government’s incompetence in managing the risk (2,495 retweets). Also,
more tweets were posted and shared to praise medical staffs and
emergency workers. The most shared tweet was also about encouraging

other users to cheer for and praise medical staffs (2,168 retweets).

2) Public sentiments and MERS-related tweets

During public health crises such as the MERS outbreak, public’s
emotional responses spread rapidly on social media and influence public
opinion. To take strategic measures to respond to the public opinion, it
is essential to attentively observe the public’s emotional responses on
Twitter during the MERS outbreak. The second interest of the current
study was to investigate the public sentiments on Twitter during the
MERS outbreak and to analyze how it influence the spreading speed of
MERS-related tweets. To this end, a sentiment analysis was conducted by
using machine learning approach. <Table 1> shows the results of the
analysis.

As shown in <Table 1>, 42.7% of the total MERS tweets were
emotional responses, while 31.3% were neutral responses. Compared to
that of the neutral responses, the proportion of emotional responses was

higher in the second and the third phase. Among the emotional
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(Table 1) Number of Tweets and Public Sentiments

1st Phase
(5.20-5.31)

2nd Phase
(6.1-6.20)

3rd Phase
(6.21-8.7)

Total
(5.20-8.7 )

Number of Days

12 days (15%)

20 days (25%)

48 days (60%)

80 days (100%)

Number of

Confirmed Patients

18 (9.68%)

151 (81.18%)

17 (9.14%)

186 (100%)

Number of Tweets

130,645 (3.5%)

3,085,711 (81.5%)

568,769 (15.0%)

3,785,125 (100%)

Neutral

48,169 (36.9%)

979,477 (31.7%)

157,881 (27.8%)

1,185,527 (31.3%)

Emotionally Charged

40,670 (31.1%)

1,298,582 (42.1%)

278,831 (49.0%)

1,618,083 (42.7%)

Fear 1,588 (1.2%) 16,593 (0.5%) 63 (0.3%) 18,244 (0.5%)
Criticism 30,126 (23.1%) 994,461 (32.2%) 213,193 (37.5%) 1,237,780 (32.7%)
Praise 36 (0%) 72,802 (2.4%) 26,660 (4.7%) 99,498 (2.6%)
Total Number
130,645 (100%) 3,085,711 (100%) 568,769 (100%) 3,785,125 (100%)
of Tweets

responses, the highest rate of emotion embedded was ‘criticism’, which
occupies 32.7% of the entire MERS tweets. Especially, the volume of
critical tweets increased with the increasing number of super-spreaders
that tweeted about the disease right after the first death was announced
in the second phase. The percentage of ‘fear’ scored the highest in the
first phase and gradually decreased, whereas ‘praise’ increased over time
as it went onto the final phase. According to <Figure 3>, the
sentiment of fear peaked just before the first deaths were reported,
whereas praise showed a high percentage after June 11th. Criticism was

noticeably consistent with the changing trends of the entire MERS

tweets.
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(a) Fear, (b) Criticism, (c) Praise
(Figure 3) Trends of Three Sentiments and overall Tweets
(Z-value)

3) Influences of Public sentiments on Volume, Duration, and
Speed of Retweet Spread

The final interest of this study was to examine the relationship
between sentiment of contained within messages and characteristics of
information spread. As a result of analyzing the tweet contents, it was
found that 3,112 tweet contents were neutral and 3,983 tweet contents
were emotional (including both positive and negative). When analyzing

the characteristics of retweet, it appeared that emotional tweets had more
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diffusion volume than did neutral tweets. As shown in <Figure 4>,
emotional tweets were retweeted 254.5 times on average (SD = 533.2),
which was more than average retweet frequency of neutral tweets M =
219.0; SD = 441.0). It is found, however, that neutral tweets spread
more quickly than emotional tweets. To look at the number of RTs
spread at peak hour, the fastest diffusion speed of neutral tweets was
66.6 times per hour on average (SD = 112.1), whereas that of
emotional tweets was 58 times per hour (SD = 118.5) on average.

Regarding the diffusion duration, emotional tweets spread much longer

than neutral tweets. Emotional tweets lasted 1.56 days (SD = 2.62),
and neutral tweets lasted 1.3 days on average (SD = 1.82).
2545 66.63 156

219 58.07 13

Neutral Sentimental Neutral Sentimental Neutral Sentimental
Information diffusion volume | Information diffusion speed Information diffusion

(number of RTs) (number of RTs/peak hour) duration
(number of days)

(Figure 4> Public sentiments and Retweets Spread
(number of neutral tweet contents = 3112, number of emotionally charged tweet

contents = 3983)
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Among the three emotional tweets, it was found that average retweet
frequency of fear (M = 722.1; SD = 795.7) was significantly higher
than average retweet frequencies of both criticism (M = 253.3; SD =
528.9) and praise M = 379.6; SD = 723.2). In addition, the retweet
speed of fear tweets was 172.7 times per peak hour (SD = 213.0),
which was significantly faster than those of criticism tweets M = 57.7;
SD =117.4 and praise tweets (M= 79.3; SD = 160.6). Looking at the
persistency of the spread, fear tweets and praise tweets lasted for 2.39
days (SD = 3.06) and 2.15 days (SD = 5.20), respectively, while
criticism tweets recorded the lowest period of spread, lasting for 1.54

days (SD = 2.37).

7221 1727

215

379.6

2533

FEak Critkcim Erals Fear Criticism Praise Fear Criticism Praise
information diffusion volume | information diffusion speed information diffusion
(number of RTs) (number of RTs/peak hour) duration
(number of days)
(Figure 5> (number of fear tweets = 54, number of criticism

tweets = 3223, number of praise tweets=275)
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5. Discussion and Conclusions

The main purpose of the present study was to describe the changes in
the number of MERS-related tweets and to explore the reasons for such
changes during the MERS outbreak in South Korea. In addition, this
study investigated the public sentiments on Twitter and examined how
the sentiments affect the spreading volume, duration, and speed of
MERS-related tweets.

First of all, we found dramatic changes in the amount of
MERS-related tweets during these sequences of time periods. These
changes were affected by various triggering events such as releases of
new cases and deaths announcements, updates on government’s policy
and response strategies, and stakeholder actions. The results of sentiment
analysis also showed that the emotional response of the public on
Twitter had changed in a variety of ways depending on the types of
triggering events. The announcement of the government's inappropriate
response lead to immediate criticism, and the government policy for not
revealing the lists of MERS infected hospitals had aggravated the sense
of public confusion and fear. These results are consistent with the
findings of previous researches on how public response on social media
fluctuates during the infectious disease-related crisis (Chew, & Eysenbach,
2010; Salathé, & Khandelwal, 2011; Szomszor, Kostkova, & Louis,
2011).

Secondly, this study examined how the sentiments influence the

spreading volume, duration, and speed of MERS-related tweets.
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Understanding how the characteristics of tweets are related to the spread
is vital for practitioners during public health crisis. Although many
studies have been designed to reveal the relationship between the
characteristics of message and that of information spread (Hoang, & Lim,
2011; Son, Kim, & Lee, 2012; Yang, & Counts, 2010), few have
examined how emotion, especially in tweets, affects the characteristics of
RTs (Stieglitz, & Dang-Xuan, 2013). The findings of the current study
are consistent with previous findings that emotion-charged or simply
emotional tweets tend to be more frequent and to last longer than
neutral tweets (Stieglitz, & Dang-Xuan, 2013). These results can be
interpreted as follows. An emotional (positive or negative) message in
social media might receive more attention and feedback than a
non-emotional message (Huffaker, 2010) or might induce cognitive and
arousal-related effects that trigger sharing behavior in social media
communication (Stieglitz, & Dang-Xuan, 2013). On the other hand, this
study found that neutral tweets spread faster than emotional tweets,
which is in contrast with previous findings that emotional tweets spread
faster (Chen, & Sakamoto, 2013; Stieglitz, & Dang-Xuan, 2013). A
possible explanation might be that when faced with a risk situation,
people decide to share information depending on the utility of the
information rather than the emotional impact of the message.

Given that controlling the commotion due to user-driven spread of
news on epidemic diseases during a public health emergency is one of
the most important and challenging tasks for public health practitioners,

the findings of this study will provide several implications for the
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practitioners in the future. First, the public response on Twitter is closely
related to the government’s response or policy. During the MERS crisis,
most of the Korean government's responses were passive, such as
reporting the status of patients and confirmed patients and explaining
the news articles. It seems that the government’s efforts to communicate
the MERS-related information to the public, to share countermeasures
with the public, and support procedures were relatively insufficient.
Indeed, information uncertainty plays a major role in risk perception.
Since information is processed on the basis heuristic (Tversky, &
Kahneman, 1974), if the information communicated to the people is
inadequate, it can inevitably lead to cognitive biases and, in turn, affect
their decision-making. In addition, if people feel that they are not
getting adequate information from the official source of government, they
will find other sources of information outside the government. In this
process, the government will lose public trust and credibility, the losses
of which will make it harder for the government to manage such risks.
Second, it is also important to manage the public's emotions about
the risk as well as to control the risk itself when it situations of crisis
occur. Emotions are important explanatory factors in risk perception,
attitudes, and actions, and without proper management of the emotions
during health emergency, we cannot expect to achieve effective risk
communication (Sjoberg, 2007; Xie et al., 2011). Covello and his
colleagues (2001) argues that when the communication environment
becomes emotionally charged, familiar and traditional approaches do not

work or can make the situation worse. Indeed, it was found within the
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course of this study that people mainly expressed negative emotional
responses such as criticism and fear on Twitter during the MERS
outbreak, and emotionally charged tweets tended to be more frequent
and lasted longer than neutral tweets. In this situation, it is important
for health practitioners to respond instantly and actively to public anxiety
through social media. Social media is a useful channel for identifying and
responding to public reactions, and the practitioners can minimize the
spread of unnecessary rumors by providing immediate information about
public anxieties.

Finally, the public wants to establish an emotional connection with the
government agency as well as to be provided with accurate information
during the public health emergency. Social media technically has
characteristics of mass media, but with regards to its role as a conveyor
of emotion, it has strong characteristics as an interpersonal
communication channel. Therefore, health practitioners need to be aware
that social media such as Twitter can be employed as powerful channels
that minimize the negative emotion of the public by expressing
sympathy and anxiety in a timely manner and communicating with the
public in real time during public health emergency.

Several limitations of this study should be noted. The neutrality
classifier and the public response classifier were developed using the
Naive Bayesian classification method, but the accuracy was 71.1% and
76.8%, respectively. Compared with the accuracy of contents analysis
through current machine learning approach, the accuracy is not low, but

it is necessary to improve the accuracy to derive research findings that
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are more accurate and, thus, more credible. The purpose of this study is
to examine the trend of tweets related to MERS, and to examine the
diffusion characteristics of public opinion through Twitter. However,
Twitter alone cannot represent various types of social media. To
generalize the research findings, it is necessary to look at various types

of social media platforms such as Facebook and blogs.
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