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Abstract

Preparing for catastrophes that may happen in the future is an important issue in risk
management. In this research we investigates crisis communication in disaster to clarify
the nature of crisis communication between people who are in various position in the
society.

With advance of information and communications technology, new type of communi-
cation was emerged which is process of exchanging information and opinions regarding
the crisis in disaster situation. The online communication using social media make a
wide range of communications possible globally and regionally. Considerable attention
has been given to the social media’s role in reconstructing and strengthening cooperation
at various levels and in reinforcing the real-world networks, which deteriorated following
the disaster.

The crisis communication contains objective information based on the facts regarding
disasters and accidents as well as subjective assessment and perception of the public
toward disasters. Since communication in crisis is an significant element in management
of crisis, communication during major disasters have to be deliver appropriately, otherwise
it would create societal instability eventually.

From a perspective not limited only to victims but inclusive of society as a whole, it
is important to investigate peoples reactions to crises and the risk perception they have
developed through their experience of the crisis.

In this research, we attempt to examine the contents of actual communication. We are
aiming for clarifying an underlying sentiment of the public in extreme situations, since it
is essential factor to leading people to organize a reasonable process for disseminating and
receiving information. We examine tweets comprising information related to risks caused
by disasters and how they transmitted in the Twitter. And based on the discussion
that it is essential to investigate sentimental elements of the communication, we focus on
latent concerns of the public changing along with state of disaster. Lastly, we suggest the
application to measure anxiety as one of the index to measure sentiment of the public
in disaster. In this research, we apply methodologies in the field of Natural language

processing.
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Chapter 1

Introduction

1.1 Backgrounds of Research

In a disaster, many people participate in crisis communication, including those in
various positions in public and private organizations, as well as victims and non-victims
of the disaster. Mostly, they interchange ideas about potential risks and at the same
time estimate their own capability to deal with them. With the rapid advancement of
mobile communication technologies, it has become easy to share ideas and feelings with
anyone, anywhere, and anytime by means of portable electronic devices. This has led
people to communicate globally and regionally. In fact, in the aftermath of Great East
Japan Earthquake, communication via social media and the Internet immediately emerged
through the use of portable devices. The Great East Japan Earthquake of March 11, 2011,
had a serious impact not only on the region directly affected by the earthquake but also on
the entire eastern part of Japan. Since social media such as Twitter played a role during
the disaster as a means of communication, considerable attention has been devoted to the
effect of social media in reconstructing cooperation at various levels of communication
and in reinforcing real-world networks. Because of these new media, information sharing
during the Great East Japan Earthquake differed significantly from what it had been in
previous disasters. In the 2011 disaster, information about the accident at the regional
or personal level became available on a global scale immediately after the earthquake.

However, the rapid spread of information does not always have a helpful effect on

communication, since fabricated information can also be circulated (i.e., lies and hoaxes).
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While mobile technology can provide tools for intensifying the communication of useful
information, unfortunately it can also intensify communication that may disrupt social
cooperation in a disaster situation and lead to societal instability.

To deliver crisis communication properly, it is necessary to take proper measures for
disaster control. From a perspective not limited only to victims but inclusive of society
as a whole, it is important to investigate peoples reactions to crises and the risk percep-
tion they have developed through their experience of the crisis. In this study, anxiety is
noted as an important emotional sensation in crisis communication, because anxiety, an
underlying sentiment of the public in extreme situations, is a factor essential to leading
people to organize a reasonable process for disseminating and receiving information. In
investigating the contents of crisis communication, it is important to clarify how anxiety
was diffused during the crisis. To clarify, it is necessary that anxiety be measured as a
figure (numerically). This study proposes a methodology and an application for measur-
ing anxiety, in order to analyze crisis communication containing contents related to risk

perception posted on Twitter during the Great East Japan Earthquake.

1.2 Objectives of the Research

In this research we are dealing with crisis communication in disaster situation. To
accomplished appropriate communication between the public and organization such as
government or media, it is necessary to conduct investigation with the actual crisis com-
munication that have actively taken place on the internet by the introduction of social

media and advanced electronic communication device. Our main objectives are:

1. investigating how the tweets containing disaster risks were spread and the contents
of information distribution by organization such as government agencies and how

the information transmitted throughout Twitter.

2. investigating concern of the public and how the concern changed by time and situ-

ation transition.

3. developing an anxiety index to measure anxiety which is achieved by estimating

the risk perception of Twitter users. And examining the feature of ’anxiety’ of the
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public which emerge with societal catastrophe.

1.3 Contribution of the Research

Crisis communication which is using social media as a new communication platform
and utilizing advanced techniques of portable communication device was newly appeared,
though there had been crisis communication before which is done locally in each area.
The new type of communication is not only reinforce existing communication, but play a
important role that had been a place to exchange and transmit risk information regardless
of sites where the people are. Consequentially, this leads crisis communication to macro
level, which people in non-disaster area could easily get into the communication being
discussed in disaster areas. This research attempt to investigate crisis communication
in macro level which necessary to deal with this age of advancements in information
technology.

The research attempts to be one contribution of application corpus linguistics and
natural language processing into field of crisis and risk management. by investigating the
contents of an actual communication. The research suggests some considerable implica-
tions for crisis and risk management, especially policy-making when government agency
who need to conduct effective communication by providing appropriate information in

proper time to the public.

1.4 Structure of the Research

The structure of the research is organized as follows (Figure 1.1). Chapter 2 explains
crisis communication in Twitter which is newly emerged with advanced communication
technologies and its corpus based on corpus linguistics. For investigating sentiment of the
public using crisis communication corpus, we carry out literature reviews on sentiment
analysis and its methodologies.

Chapter 3 shows examination by means of actual communication data of the Great
East Japan Earthquake. By estimating the term frequency and retweets information of

Twitter corpus, firstly, it describes information transmission regarding risks in disaster
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Introduction (Chapt.1)

v
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Figure 1.1: Research Process and Framework

to identify elements of risks that the public encounter, caused by series of disasters and
accidents. Secondly, it explains disaster information distribution by government agencies
through Twitter to examine the effectiveness of using Twitter as a information distribution
tool.

After we understand how and why the information transmission occur in Twitter,
Chapter 4 analyzes how the the concerns of the public changes along the disaster situation
to identify latent risk perception of the public. The aim of this analysis is to clarify what
the public really concern about along time changing. Topic model LDA (Latent Dirichlet
Allocation)[Blei et al., 2003] is applied to extract the concerns of the public.

After we see the latent concern of the public, In Chapter 5, we focus on one of crucial
underlying emotion ‘anxiety’ for understanding crisis communication. we presents mea-
surements of anxiety caused by the disaster to investigate the latent emotional sensation
of the public in extreme situations. As anxiety, an underlying sentiment of the public in
extreme situation, it is a essential factor to lead people to organize a reasonable process
for disseminating and receiving information [Stieglitz et al., 2013][Oh et al., 2010]. In this

Chapter, we propose Anxiety Index to clarify the risk perception based on computational



1.4. STRUCTURE OF THE RESEARCH 15

linguistics.

Chapter 6 concludes this research and proposes some potential future research topics.
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Chapter 2

Crisis communication and
Methodologies for Measuring
Sentiment of the Public

2.1 Crisis Communication in Disasters

Communication in crisis is an significant element in management of crisis. In a case
that organizations such as government agency communicate with individuals in poor way
during crises, it often make bad situations worse [Marra, 1998].

In discussions of crises such as natural disasters, topics usually include risk communi-
cation, which is similar to the concept of crisis communication. While risk communication
is a sort of thought movement reflecting the democratic values of the time, crisis commu-
nication does not encompass values but focuses solely on issues regarding the strategic
skills necessary for bringing about appropriate communication [Kikkawa, 2000]. By carry-
ing out risk communication on a daily basis, society can function and organization can be
upheld, but once a crisis occurs, these tend to fall apart. In a crisis, therefore, crisis com-
munication is activated and communication must be accomplished strategically to reduce
the damage as much as possible [Kikkawa, 2000]. According to Coombs [Coombs, 2014]
and Kikkawa [Kikkawa, 2000], crisis communication is defined as series of communications
that take place before (pre-crisis), in the middle of (crisis event), and after (post-crisis)

a crisis, which could seriously threaten the security of a whole society, including orga-
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nizations or social activities, while risk communication mainly fulfills only the pre-crisis
function. Kikkawa [Kikkawa, 2000] pointed out that especially in the middle of a crisis,
strategic communication, which minimizes the scale of damage directly caused by the
disaster, is necessary. Specifically, it is desirable for communication to be prompt and for
all information to be disclosed. Furthermore, information needs to be transferred through
several different channels and explained redundantly. If communication is not carried out
properly and in a timely manner, the crisis may cause cross-societal panic. For instance,
a lack of information could lead to the proliferation of rumors or fabricated information.

Crisis communication research has been carried out mainly from the perspective of
the organization, focusing on damage to organizations reputations or legitimacy face to
face stakeholders reactions in a structuralist context [Schultz et al., 2011]. However, in a
disaster, communication takes place mainly between organizations such as the government
and the public through such traditional media as newspapers and radio and television
broadcasts, or, more recently, through blogs or social networking services. Since these new
types of news media have changed the traditional structure of communication, Schultz
et al.[Schultz et al., 2011] pointed out that more multiple perspectives are needed to
overcome the organization-centered communication model. They analyze the effects on
reputation of different crisis communication strategies via different traditional and social
media. During a disaster, it is necessary for the process of exchanging information between
the government and public to encourage society to restore order out of chaos.

In this study, crisis communication mainly refers to communication whereby the gov-
ernment and the public mutually send information about their respective statuses, mainly

in the middle of a disaster.

2.2 Corpus and Corpus Linguistics for Analyzing Con-

tents of Crisis Communication

2.2.1 Corpus and Corpus Linguistics

To enhance the effectiveness of crisis communication, methodology to investigate pub-

lic sentiment is proposed in this study. Public sentiment was analyzed by means of Corpus
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based on Corpus linguistics.

Corpus linguistics, like all linguistics, is concerned primarily with the description and
explanation of the nature, structure and use of language and languages and with partic-
ular matters such as language acquisition, variation and change. But corpus linguistics
nevertheless has a tendency to focus on lexis and lexical grammar of languages in use
through corporalkennedy, 1998]. A corpus is a large sample of how people have used lan-
guage. And it is a reconstructive method for analysis of language data using a computer
[Jeong et al.,2008]. Bennet [Bennett, 2010] pointed out that corpus linguistics serves to

answer two fundamental research questions:

e What particular patterns are associated with lexical or grammatical features?

e How do these patterns differ within varieties and registers?

More specifically, investigating corpora (singular:corpus) provides answers to questions

like below

e What are the most frequent words and phrases in English?
e What tenses do people use most frequently?

e Which words are used in more formal situations and which are used in more informal

ones?

According to Stubbs [Stubbs, 2002], the meaning of words depends on how they are
combined into phrases, and on how they are used in social situations. In other words, their
meaning depends on both linguistic conventions and inferences from real-world knowledge.
And the main evidence for these constraints, linguistic and social expectations, comes from
observations of what is frequently said, and this can be observed, with computational help,
in large text collections.

In this study, contents of crisis communication are investigated by means of corpus
which was created during a disaster.

In urban management research fields, there are few studies that utilize a corpus related
to investigate the contents of public debate. For examining both structural analaysis and

contents analysis of public debate, Jeong et al. [Jeong et al., 2008|[Jeong et al., 2007]
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developed a computational method to analyze and visualize the semantic similarities of
utterances between participants involved in public debates for accurate understanding of

the contents and structure.

2.2.2 Crisis Communication using Twitter

As communication technologies advanced a great deal, especially internet enable pub-
lic to connect each other without media, the way of how people communicate and ob-
tain source to assess a situation during disasters has changed in recent years. Coombs
[Coombs2014] argues that these advances make the transmission of communication easier
and faster. And also they make the world more visible and crises are easy to be revealed.
So it is difficult that crises are isolated from rest of the world. In recent years, it has been
possible to communicate easily with anyone, anywhere, and anytime by means of portable
electronic devices and the rapid advancement of mobile communication technologies and
social media. Social media is one of communication tools that attract great attention
these days. It is a broad term that overs a variety of different online communication
tools and dominated by user-created content [Coombs2014]. Crises all over the world
are continuously showing that citizens, traditional media (newspapers or TV), and orga-
nization(government agency) use social media such as Twitter, Facebook and YouTube
extensively to express their feelings and to share opinions and information [Terpstra et
al., 2012].

In this study, the corpus of Twitter data has been highlighted as a representative
social media among all of them. Since Twitter played a major role in the aftermath of the
Great East Japan Earthquake as a new type of communication tool between people who
are in disaster area and the rest of the society. Twitter is responsible for a large stream
exchanging subjective information between its users regarding disaster risks in crisis. And
the most distinguishable feature from previous crisis communication is that, it contains
the individual context of communication.

For clarification, Twitter is a form of social media that allows its users to send short
messages (140 characters or less) to others [Kireyev et al., 2009]. Its user can decide
that the contents are visible to only a limited group of users or in general. It is a new

type of chat service based on real-time platforms, and strict sorting of the vast amount of
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Government

Citizen in
disaster area

Citizen Mass¢l\/ledia

Twitter

Figure 2.1: Crisis Communication in Disaster using Twitter

information produced based on the social relationships of users is not required. Starbird
et al.[Starbird et al., 2010] pointed out that unlike Wikipedia, content passed through
Twitter is short-lived; therefore, it cannot be discussed, verified, or edited. While most
social media have places for interaction, interaction on Twitter occurs in and on the
data itself, and through its distribution, manipulation, and redistribution. Information
is part of a life cycle of generation, derivation, synthesis, and innovation that combines
skills with information production to shape the information space. Because of the unique
characteristics of information interaction, information diffusion is determined by its users
who decide what is valuable and what is not.

There are researches that examine the communication which is newly appeared espe-
cially in natural disasters (Figure 2.1). Several case studies have been conducted that
highlight unique characteristics of interaction such as stream of information or user’s be-
havior in social media. Starbird et al.[Starbird et al., 2010] examined Twitter activity over
a concentrated period, where stable elements of geography and features of the hazards
threat may be connected to Twitter communications. They examined computer-mediated

communication that took place during the flooding of the Red River Valley in the US and
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Canada in March and April 2009. They show that Twitter user’s who are in disaster
areas, tend to tweet more about flood-related issues. However, once the river level begins
to subside, they return their interest to everyday lives. They emphasized that Twitter
users have evolved their own curation mechanisms, a form of bottom-up self-organizing.

For investigating user’s behavior focusing on aspects of the derivative information
propagation function, Retweet behavior was observed which is reposting same contents
that another twitter user published [Starbird and Palan 2010]. This analysis showed that
during crisis, for tweets authored by local users and tweets that contain emergency-related
search terms, retweets are more likely than non-retweets to be about the event. Focusing
on the contents of tweets, it is more likely to be retweeted when it contains information
generated by traditional media (organization) especially local media.

Bruns et al.[Bruns et al., 2012] pointed out that crisis information posted on Twitter
by organization such as government agencies were retweeted many times, that is messages
sent by organization was able to cut through effectively massive stream of communication.
The messages that organization sent contained timely and important information and ad-
vice for flood victims and other information-seekers. It could be said that if messages
contain emergency-related information and sent by organization such as traditional news
media, it is easily spread all over the Twitter. So, these analysis suggest that there is
significant scope for official agencies to play an great role in providing up-to-date infor-
mation and coordinating relief and volunteer efforts through social media, alongside their
more established emergency management procedures.

On the other hand, it is hard to say that all communication was carried out ideally
in crisis communication process because certain information was fabricated (i.e., lies and
hoaxes). Oh et al.[Oh et al., 2010] pointed out that despite many advantages, warnings
have been raised about the information quality of Twitter. As mentioned, transmission
of communication is also faster than before. So, messages containing unconfirmed in-
formation also can spread easily and rapidly, which make people feel insecurity, anxiety
and ultimately society unstable. From the point of view of considering Twitter as a tool
for information distribution in emergencies, it is necessary to understand particular way
of transmission of information as well as motivations that people interact through social

media.
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For investigating crisis communication using Twitter, we can obtain an understanding
about the collective ”wisdom of crowds” [Surowiecki, 2005] and leverage its data in poli-
cymaking, decision support, economic analysis, epidemic behavior (the ”tipping points”
theorem [Gladwell, 2006]) and various other applications [Cheong and Lee, 2009].

In this research, we are focusing on public response and sentiment that change over

time pass during disasters in Twitter.

2.3 Sentiment Analysis for Crisis Communication us-

ing Corpus

2.3.1 Reasons for Sentiment Analysis

Emotions are crucial elements to explain actions that occur in society. Barbalet [Bar-
balet, 2002] argued that ”a well-developed appreciaion of emotions is absolutely essential
for sociology because no action can occur in a society without emotional involvement”.
When natural disaster happen which give a fatal impact on society stability, it delivers
social division and societal panic, accompanied by collective actions such as stocking up
heavily with food or even riots.

According to a study [Baker, 2012]investigating riots recently broke out, They dis-
cussed that the new social media facilitates the riots extension using social networking
in diverse temporal and spatial boundaries, but, more to the point, social media is not
reason of riots. They emphasized that it is a facilitator rather than the underlying cause
of riots. Instead, attempts to understand the causes of riots must recognize that emotions
play a crucial role in motivating thought and action with the "mediated crowd” which
is a nascent social phenomenon that emerges before the evident crowd gathering. The
emergence of "mediated crowd” in recent riots, relay on newly emerging social media by
means of advanced technology of internet and mobile communication, and this feature
make it distinguish from a standard crowd. And it is necessarily emerging from either
a common ”emotional atmosphere” or a shared ”emotional climate” [Baker, 2012][Rivera,
1992]. The ”"emotional atmosphere” refers to collective and temporary moods or behavior

towards a common event that group of society may show, so it is event generated moods
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Figure 2.2: The Concept of Formation of Collective Actions

such as the grief arise from sudden death of celebrity or the collect joy ensues from victory
of sports events, while "emotional climate” is more lasting than emotional atmosphere
and "more pervasive emotional phenomena that are related to underlying social structures
and political programs”, often be said as names of emotions, such as joy and fear[Baker,
2012][Rivera, 1992]. During a formation of collective behavior such as riots and after it
broke out, "mediate crowd” appear which interact each other disregarding the time and
place in new social media. In this sense ”emotion operate as the intermediary between
social structure and agency, with individual and collective action reflecting the agent’s
evaluation of a given circumstance” [Baker, 2012][Barbalet, 2002] (Figure 2.2). Therefore,
investigating the emotion in disaster may give us to understand the cause of social division

by unexpected catastrophe.

2.3.2 Utility of Twitter Corpus as a Data for Crisis Communi-

cation Analysis

The societal context of risk perception measures during the disaster was examined

based on Twitter data from public who addressed their conditions through social me-
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dia. It contains both cross-societal and local context. With regard to local context,
Twitter corpus includes information regarding locations of users and times when users
tweet with their mobile communication devices. Twitter provides information valuable in
understanding the areas affected by a disaster. Risk information disseminated by the gov-
ernment and news media tends to ignore the local context, as evidenced by the fact that
crisis communication geared to the local level had not been observed in prior disasters.
Communication by means of social media can overcome this problem.

Another feature of Twitter corpus is that it contains very little lexical redundancy in a
single tweet and the distribution of information is rapid [Kireyev et al., 2009]. By investi-
gating the contents of Twitter, it enables researchers to capture the early phases of crisis
communication. This feature also encourages the government to utilize for distribution
of information via Twitter (i.e., real-time risk information).

Twitter is a social media containing subjective assessment created by individuals, while
newspapers and Wikipedia are inter-subjective social media that publish information
through cross-validation. Therefore, this study considers Twitter corpus as an important

means of information exchange within crisis communication.

2.4 Methodologies for Sentiment Analysis in Disas-

ters

2.4.1 Review of Related Research

In the research field of crisis communication, there have been studies examining public
response or reaction during a disaster, in order to demonstrate which factors are correlated
to the publics perception of the emergency situation.

Utz et al.[Utz et al., 2013] examined three factors: medium, crisis type, and emo-
tions. They demonstrated that anger, which is chosen as an emotion factor, is related to
reputation, public communication, and reaction. In the analysis, they used a question-
naire survey to obtain the reactions of participants about a crisis scenario, in this case
the Fukushima nuclear incident. Answers were given on seven-point Likert scales, and a

co-relation was seen among factors and reactions. Since it acquired participants response
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in a direct way, the questionnaire was different from the application method for crisis
communication via social media.

Stefan et al.[Stieglitz et al., 2013] focused on the relationship between emotions and
information diffusion in social media. They demonstrated that emotionally charged Twit-
ter messages tend to be re-tweeted (information diffusion) more often and more quickly
than neutral ones. To determine the level of sentiment strength in a short message, Sen-
tiStrength [Thelwall et al., 2010] was applied. This is an algorithm that uses a dictionary
of sentiment words with associated strength measures [Thelwall et al., 2010]. Since it
was developed through comments from social media (Myspace), the algorithm includes a
correcting process for non-standard spellings.

There is little research that focuses on anxiety as a significant factor to explain a
pattern of information-distribution in extreme events. Oh et al.[Oh et al., 2010] investi-
gated social media (Twitter) in a disaster scenario, the Haiti Earthquake of 2010. They
applied rumor as an important factor for analysis, focusing on emotional statements as
a proxy of the anxiety variable. Twitter messages were categorized mainly as emotional
statement or authenticating statement. This classification of Twitter messages was done
manually. The authors observed that the quantity of emotional statements and authenti-
cating statements changes according to time series, with emotional statements (anxiety)
arising rapidly at the early stage of events and authenticating statements, such as new
reports, increasing gradually toward the later stage. However, this research did not adopt
an automatic classification algorithm. It is difficult to examine the trend of fluctuating
emotions in the extremely rapidly expanding volume of social media data in a natural
disaster situation.

Baek et al.[Baek et al., 2013] investigated the co-relation between information dis-
tributed by organizations and citizens risk perception in a catastrophe. They focused on
comparing the anxiety of citizens and organizations appearing in Twitter post.

This study focused on an anxiety index proposed as a sentiment analysis application
to accomplish proper crisis communication. Anxiety is utilized as an indicator to estimate
risk perception. To evaluate anxiety, the authors proposed an Anxiety Index containing
polarity of terms and frequency of terms. The polarity (positive or negative) of each term

in the corpus is categorized automatically by a dictionary of term-polarity (semantic
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orientation). Though the methodology of identifying the topics applied in this research
is general in the field of sentiment analysis, output derived from the analysis would give
useful information for effective crisis communication, which could open a new window in

the public policy strategy dimension of sentiment analysis.

2.4.2 Topic models as a Tools for analyzing Twitter Data

In this research, we propose applications to investigate the Twitter data during disas-
ter. To clarify the contents of the communication, Topic models are applied. Since Topic
models are appropriate to examine corpus such as Twitter.

Kiyeyev et al.[Kireyev et al., 2009] examine the use of Topics models for process-
ing Twitter data. The topic models are not originally developed for analyzing Twitter
data but probabilistic models for analyzing the semantic contents of large document cor-
pora. They argue that topic models is a particularly promising methods for analysis of
disaster-related Twitter data. They raised 4 specific reasons that are Bag-of words, Latent
variables, Representation and Adaptability.

Ramage et al.[Ramage et al., 2010] also argue that contents analysis on Twitter are
relatively short compared to the standard written language on which many supervised
models in machine learning and Natural Language Processing are trained and evaluated.
For effective modeling to analyze contents on Twitter data, it is required to adapt method
with little supervision.

Text mining techniques that we applied in this study to investigate contents of Twitter

data are unsupervised models such as LDA (Latent Dirichlet Allocation) and TFIDF.

2.4.3 Topic Model (LDA)

In this study, we apply LDA(Latent Dirichlet Allocation) model to clarify the concerns
of the public in disasters. LDA is one of the latent variable topic models that require no
manually constructed training data|Ramage et al., 2010]. It is a generative probabilistic
model for collections of discrete data such as text corpora developed by Blei et al.[Blei
et al., 2003]. With this methodology, we can find topics which is latent variable of data

collection. To identify topics in documents, it is assumed that documents is mixtures of
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probabilistic topics, which the main problem to solve is for discovering the set of topics
that are used in a collection of documents [Griffiths and Steyvers, 2004]. For parameter
estimation, we apply variational inference algorithm proposed by Blei et al.[Blei et al.,

2003].

2.4.4 Topic Model (TFIDF)

To measure Anxiety of the public, we use natural language proceedings techniques
with combined methods including Term Frequency Inverse of Document Frequency Im-
plementation (T'FIDF') and Co-Occurrence Frequency (COF). TFIDF scheme was a
topic-extracting model proposed by Salton et al.[Salton et al., 1988]. Terms are weighted
with TFIDF scores and it is used to determine the significant keywords in a document.
The term frequency of word appearance is used to define the score which could be calcu-

lated as below.

TFIDF,,=TF,, x IDF, (2.1)

N
IDFw:log(DF )—i—l (2.2)

TF, . = Number of occurrences of term w in a document a

DF,, = Number of documents containing term w

N = Total number of documents

TFIDEF score, the total weight of significance TFIDF,, ,, is defined with term w fre-
quency in document a (T'F,,) and inverse of document frequency containing term w
(IDF). Term w with high TFIDF represents a significant term in a document a. However,
high frequency terms are not necessarily important. So, the IDF' is applied to express
whether the term appears frequently in other documents as well. So, IDF considers
the number of documents that the term occurs (DF,) and is defines as the logarithm
of rate of the total number of documents and DF. A term with high TFIDF score is
the term that occurs in @ document frequently but not in other documents. Likewise,
A term with low TFIDF score is the term that occurs in a document infrequently in a

document but appears in many other documents. In our research, we utilized this topic
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model to extract the keywords to identify the concerns of the public. Among terms with
high TFIDF score, HOUSYA (radiation) was chosen as a topic related closely to risks

originated from the Fukushima Daiichi nuclear accident.

2.5 Conclusion

In this chapter, we examined the necessity of the sentiment analysis to investigate
the crisis communication and availability of Twitter data as a representative social media
in the recent disaster. since the new type of news media contains the local context and
individuals level of communication which never observed in pre-existing communication,
it have changed the traditional structure of communication. According to the several
researches related to crisis communication with Twitter, it could have dual-aspect. One
is reinforcing the communication between the stakeholders in our society most importantly
the public and the government. On the contrary, it also have a aspect of disturbing their
interaction. From the point of view of considering Twitter as a tool for information
distribution for the public, especially, in emergencies, the ’emotion’ turns out that the
most crucial factor motivating the public to make the emotional atmosphere which is the
stream of gathering and interacting in society such that was shocked by catastrophe.

For investigating the emotion of the public using Twitter data, we explained some
unique characteristic of information interaction in Twitter and its adaptability to analysis
of crisis communication. We reviewed other researches that developed the methodologies
and application tools to demonstrate the co-relation of emotional statements and infor-
mation diffusion using data collected from social media. As we deal with the text data, we
explained topic models such as TFIDF and LDA which is promising method for analysis

of disaster-related Twitter data.
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Chapter 3

Analysis of Tweets in Disaster

3.1 Introduction

In the Great East Japan earthquake, disaster information regarding disaster areas,
damage condition by earthquake or tsunami, the confirmation of someone’s safety or ra-
dioactivity quantity was transmitted quickly through Twitter. Social media such as Twit-
ter was utilized as a means of information delivery. Disaster information that produced
by government agencies and media such as newspapers, new broadcast was transmitted
in Twitter as Twitter users who were sent the messages containing disaster information
resent the messages by retweeting (resenting the message to their account followers).
Especially, in Twitter, the information was also transferred without going through the
traditional media, but government agencies or experts group distributed the disaster in-
formation directly to the public. So, information flow was more direct passing through few
channel to reach the public, comparing with previous disasters. Both of central and local
government released the disaster information by means of Twitter to notify the public
who are in local areas and also all over the Japan.

In this chapter, we are focusing on an actual communication occurred in The Great
East Japan Earthquake and The Fukushima Daiichi Nuclear Disaster between the public,
the government agencies and media. We investigated how the information containing
disaster risks were spread and the contents of information distribution by organization

such as government agencies and how the information transmitted throughout Twitter.
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3.2 The Great East Japan Earthquake and The Fukushima
Daiichi Nuclear Disaster

The Great East Japan Earthquake occurred on 11 March, 2011. It was the strongest
earthquake ever recorded in Japan. The magnitude that shows a scale of the earthquake
was 9.0 and it also generated tsunamis which were over 10 meters high and caused great
damage to a wide range of coastal areas of Japan. By the earthquake and tsunami,
18,460 were reported dead and missing and almost 4 hundred thousand building were
overly destroyed. After about an hour later the earthquake, the tsunami caused The
Fukushima Daiichi nuclear disaster. It produced power supply equipment failure followed
with three nuclear meltdowns and releases of radioactive materials beginning on 12 March
[Strickland, 2011]. Since the amount of electric supply by The Fukushima Daiichi nuclear
power plant occupied great deal for electric provision in east Japan, it affected not only the
region struck by the large earthquake but the whole eastern part of Japan and led planned
power outage and unstable electricity supply. Additionally, the transportation network
suffered severe damage, as many roads were cut off and more than 16,000 people were
isolated in the disaster area (Iwate, Miyagi, and Fukushima prefectures). In this analysis,
we decided that Iwata, Miyagi and Fukushima prefectures as disaster areas, of which the
number of dead and missing is over a thousand. Especially, these three prefectures suffer

a severe damages by the earthquake, tsunami and Nuclear accident.

3.3 Tweets as an utterance of the public and its Trans-

mission in Twitter

3.3.1 Data

Twitter data was provided by Twitter Japan via Project 311 (The Great East Japan
Earthquake Big Data Workshop Project 311, 2015). It was collected over the seven days
from March 11 (about an hour before the earthquake occurred) to March 17, 2011. Tweets
posted during those 7 days and also those written in Japanese were included. The data

comprises tweet 1Ds, user IDs, time and tweet contents (Figure 3.1). Every tweet has its
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own ID, so there is no tweet which has same tweet ID. And each user account have its
own ID, so a tweet that a same user tweeted (posted a message) has the same user ID.
Figure 3.2 shows the content of the data arranged randomly regardless of time. Table 3.1
shows the number of tweets for each days and the total number of tweets in dataset. The

number of tweets was biggest on March 12 and showed decreasing trends after the day.

SR Coosal kesennum: HEIEE
ﬂaiaﬁ:ﬁrﬁ L (CaaniEzt

SABHEREER oo ecenune ) User ID
RN L L= 9 Tweet contents
RERSRFEST <O

o= ==—trT——%. (contents .ID)

Aftershocks have occurred frequently.
Tsunami warning was issued. evacuate immediately from tsunami

“% )] Time

@bosai_kesennuma

SABHEEER bosal_kesennuma MEIR 1R
Eiﬂ} E ’!\J_EL;’\:;?;JEM?E?( [CERENEEE

Figure 3.1: Twitter Data comprising tweet IDs, user IDs, time and tweet contents
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Table 3.1: The Number of Tweets

11-Mar 12-Mar 13-Mar 14-Mar 15-Mar 16-Mar 17-Mar
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Figure 3.2: Data provided by The Great East Japan Earthquake Big Data Workshop

Project 311
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3.3.2 Tweeting by the public Related to the Disaster

After the disaster occurred, People exchanged the information regarding the disaster.
As disasters such as radiation(HOUSYA), earthquake(JISHIN) and Tsunami that gave
serious impact on the Japanese Society, people recognized those disaster as ‘risk’ may or
may have given damage to their life. So, those terms were included in the tweets a lot
when people communicate in disasters. Figure3.3 and table 3.3 shows the time series of
the quantity of tweets containing the words. The number of tweets which contain the
words earthquake was highest on 11 March and it declined after 12 March. Those of
tsunami shows the similar pattern. On the other hands, those of radiation was biggest on
15 March which was second time increasing after 12 March. We could observe that people
were more like to mention the risks when it is actually happening or immediately after,
since the severe damages caused by earthquake and tsunami were recognized on 11 march
right after the first violent shaking of earthquakes, while Fukushima Nuclear power plant

accident was facing serious difficulties on 15 March with series of explosion accidents.
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Figure 3.3: The Time Series of the Quantity of Tweets Containing Words Radia-
tion(HOUSYA), Earthquake(JISHIN) and Tsunami
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3.3.3 Transmission of Tweets by Retweet Related to the Disas-

ter

In Twitter, tweets containing disaster information transmitted rapidly as twitter user
retweeted, that resent the messages they provided by their following users. It is a behavior
that transmit the information which they were given from their following users to the users
who follow them. There are two ways to retweet which is called an official retweet and
unofficial retweet [Yamamoto et al., 2012]. First one is created by pressing the “retweet
button” and it automatically transmitted the messages to the follower of the user. Second
one is created by user themselves that copy and paste the messages conforming to forms

as below.
e RT @name of Twitter account: The contents of tweet

In the data we have, official retweet is represented as same as unofficial retweet, which
is, both way of RT represented as same as above. So, in this analysis, we consider both
of an official and an unofficial retweet as a retweet. Therefore, tweets can be sorted as
original tweets and retweets. As mentioned, retweet is defined as information transmission
behavior. In the disaster, Twitter was utilized as a platform to share disaster information
which is originally created by organization such as government agencies, broadcast and
experts. Especially, a series of explosion accidents in nuclear power plant made people
express alarm at the danger of radiation. Since, the radiation is one of the risk that
people perceived it as poorly understood and unknown risk but also dread risk that latent
cancer fatalities are expected, it produced huge societal impacts compare to other risks
[Slovic, 1987]. Table3.3 shows the proportion of original tweets and retweets in tweets
mentioning ‘radiation(HOUSYA)’. After the messages regarding radiation is created, they

were transmitted almost twice as many as originally created tweets. Table3.4 shows which

Table 3.3: The Proportion in Tweets including Word ‘Radiation (HOUSYA)’

Tweets (Original Tweets) | Retweets
34% 66%
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Twitter account were retweeted the most in those days. Mainly, Experts in radiation-
related research field and broadcating organization such as NHK (Japan Broadcating
Corporation) were played great role in initial distributor of information about danger of
the radiation. Particularly, tweets that created by the expert in physics who has Twitter
account name ’hayano’, was widely shared. Because the feature of the risk radiation is
complicated for public to understand the meaning of information without background
knowledges such as technical terms, people were seeking views and opinion about the

unfamiliar risk and sharing it with others in Twitter.

Table 3.4: The 10 most Retweeted Twitter Account and the The number of Times their
Tweets were Retweeted in Tweets Containing Word Radiation (HOUSYA)

Name of Twitter | Organization/Profession The number of | The Proportion
Account Times their Tweets | in Retweeted
were Retweeted tweets including
Word  ‘Radiation
(HOUSYAY
1 | hayano Expert in Physics 79,882 5%
2 | NHK_PR Broadcasting  Organiza- | 58,755 4%
tion
3 | fukanju Radiotherapist 50,467 3%
4 | nhk HORIJUN Broadcasting  Organiza- | 38,225 3%
tion
5 | team_nakagawa Group of Expert in Radi- | 36,761 2%
ation Therapy
6 | nhk_kabun Broadcasting  Organiza- | 35,543 2%
tion
7 | funky_konbu Unknown 25,087 2%
8 | itokenstein Composer 23,998 2%
9 | CAjapan Flight Crew Association | 23,077 2%
of Japan

10 | ikedanob Economist 26,071 2%
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3.4 Disaster Information Distribution by Government

Agencies

3.4.1 The Contents of Disaster Information Distribution

Government agencies is one of the key information distributor in the disasters. Some
of them were actively communicate through Twitter which is useful platform to inform
the emergency instructions of evacuation when communication through telephone call or
short messages was disable but connecting to the internet was possible with their smart
phone. Not only the disaster area, but central government agencies were also provided
disaster information to citizen in all parts of Japan. Since not all of government agencies
send messages in those period of time, Table 3.5 shows the information of government
agencies that distributed the disaster-related information through Twitter on the 7 days.
For selecting the agencies, we investigated every prefecture if there are official twitter
account and they utilized Twitter on the days. Especially, among government agencies of
disaster areas which are Fukushima, Miyagi, Iwate Prefecture and Hachinose City(Aomori
Prefecture), only 5 agencies tweeted on the 7 days. Osyu city (place in Iwate prefeture)
tweeted the most, over 700 times in the days.

The contents of disaster information sent to Twitter were different from each govern-
ment agency and areas. Table 3.6 shows the 30 most spoken terms (Term Frequency) of
agencies in each areas. As the central government agencies who had made announcement
aiming at people in all over the Japan, their contents ranged over all major risks such
as ‘GENPATSU (nuclear power plant)’, ‘JISHIN(earthquake)’ and ‘TSUNAMI(tsunami)’
and also ‘TEIDEN(planned power cut)’. On the other hand, the agencies in the disaster
areas mentioned many times regarding areas suffering from disaster such as ‘OSHU (oshu)’,
‘HACHINOSE (hachinose)” and ‘iwate’. And also the information(‘JYOUHOU (informa-
tion)’) of evacuation(‘HINAN (evacuation)’) and restoration(‘ HUKKYUU (restoration)’)
had become a much-talked-about issue of those agencies. About agencies of areas close to
the disaster area, ‘TEIDEN(planned power cut)’ was the most spoken risk, because the
planned power cut was emergently carried out in east-japan area and they talked a lot
about ‘HOUSYASEN (radiation)” as well which is influential on a broad area compared
with “TSUNAMI (tsunami)’ and ‘JISIN (earth- quake)’. In non disaster- stricken area,
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Table 3.5: The number of Tweets provided by Government Agency

Government Agency User 1D

The number of Tweets

Central Government Agency

Prime Minister of Japan and His Cabinet Kantei_Saigai 198
Fire and Disaster Management Agency FDMA_JAPAN 98
Ministry of health, Labour and Welfare MHLWitter 17
Ministry of Economy, Trad and Industry meti NIPPON 18

(Tokyo Electric Power Company) (Official TEPCO) (2)

The Disaster Area
Iwate Prefecture Oshu City oshu_city 731
Miyagi Prefectrue Kesennuma City bosai_kesennuma 67
Fukushima Prefecture Aizuwakamatus City | aizuwakamatsuct 74
Fukushima Prefecture Minamiaizu Town minamiaizu_town 53
Aomori Prefecture HachinoheCity HachinoheCity 178
Area Close to The Disaster Area

Aomori Prefecture AomoriPref 300
Aomori Prefecture Aomori City AomoriShi 165
Aomori Prefecture Mutsu City mutsukoho 79
Akita Prefecture pref_akita 64

Ibaraki Prefecture Ibaraki_Kouhou 54
Saitama Prefecture Tokigawa Town tokigawamachi 147
Saitama Prefecture SaitamaCityPR 24
Chiba Prefecture Matsudo City matsudo_city 163
Chiba Prefecture Urayasu City urayasu_koho 136
Kanagawa Prefecture KanagawaPref PR 38
Niigata Prefecture Niigata_Press 179
Ishikawa Prefecture Nomisi City nomicity 4
Sizuoka Prefecture rc_shizuokaken 118

Non Disaster-Stricken Area

Mie Prefecture Kuwana City kuwana_city 20
Tottori Prefecture tottori_kouhou 24

Kochi Prefecture pref_kochi 69
Saga Prefecture saga_kouhou 332

Nagasaki Prefecture Hirado City HIRADOcity 32
Kumamoto Prefecture KumamotoPre_koh 3

Oita Prefecture Oita City OitaCity_PR 74
Miyazaki Prefecture miyazakipref 28
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even risks such as ‘TSUNAMI (tsunami)’ and ‘JISIN (earth- quake)’ were still spoken a
lot, words ‘SHIEN (sup- port)’ and ‘BUSHI (commodities)” was ranked in first and third

most spoken terms. It seems that they mentioned things about supporting commodities

or contribution (GIENKIN) for disaster areas. As shown above, government agencies

provided information considering the concerns of the people in corresponding area.

Table 3.6: The Contents of Information provided by Government Agencies

Central Govern- The Disaster Area Close to The Non Disaster-
ment Agency Area Disaster Area Stricken Area
Word TEF Word TF Word TF Word TH

1 | KAIKEN (in- | 140 oshu 48() aomori 336 SHIEN (sup- | 219
terview) port)

2 | CHOUKAN 125 jishin 364 JYOUHOU (in- | 332 JYOUHOU (in- | 186
(secretary ) formation) formation)

3 | HIGAI (dam- | 116 JYOUHOU (in- | 306 AOMORI (ao- | 267 BUSHI  (com- | 132
age) formation) mori) modities)

4 | FUKISHIMA 102 OSHU (oshu) 221 TEIDEN 260 HISAT (suffer- | 13(
(fukushima) (power cut) ing from)

5 | GENPATSU 97 | HINAN (evacu- | 20 TSUJYOU (or- | 212 TSUNAMI 127
(nuclear power ation) dinary) (tsunami)
plant)

6 | JYOKYOU 71 | HACHINOSE 1653 JISIN  (earth- | 191 SAGA (saga) 11§
(state of things) (hachinose) quake)

7 | SYOUBOUCHOU56 | JYOKYOU 123 JYOKYOU 187 JISHIN (earth- | 11
(fire  Defense (state of things) (state of things) quake)
Agency)

8 | PDF 55| TAISAKU 98 | KEIKAKU 181 HINAN  (shel- | 109

(countermea- (plan) ter)
sure)

9 | KANBOU (sec- | 53 | KAIGI (meet- | 98| UNKOU (oper- | 178§ HIGAI  (dam- | 93
retariat) ing) ation) age)

10| TEIDEN 50 | iwate 98 | HINAN (evacu- | 165 CHIHOU (re- | 83
(power cut) ation) gion)
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Table 3.6: The Contents of Information provided by Government Agencies
Central Govern- The Disaster Area Close to The Non Disaster-
ment Agency Area Disaster Area Stricken Area
Word TEF Word TF Word TF Word TH
11| SOURI (prime | 46 | HUKKYUU 93 | TSUKI (month) | 162 ONEGAI 80
Minister) (restoration) (please)
12| JISHIN (earth- | 40 | save 85| KENNAI 147 TATHEIYOU 80
quake) (within the (pacific)
prefecture)
13| JYOUHOU (in- | 39 | HONBU (head- | 83 | NIIGATA 135 RT 7
formation) quarter) (niigata)
14| KOKUMIN 37| SAIGAI (disas- | 82| aomorist 128 OKI (offshore) | 77
(citizen) ter)
15| TSUKI (month) | 35| SHINAI (in the | 81 | MINAMIUONUNIA2§ TOUHOKU 74
city) (minami- (tohoku region)
unuma)
16| KISYA  (jour- | 34| koho 79| OSHIRASE 127 oita 69
nalist) (notification)
17) KEIKAKU 33| ANZEN 79| YOTEI (sched- | 123 pref 68
(plan) (safety) ule)
18| HISAI  (suffer- | 33| JISIN  (earth- | 76 | SOUDAN (con- | 111 iwate 63
ing from) quake) sultation)
19| EDANO 31 | hachinohe 75| GURUUPU 110 UKETSUKE 60
(edano) (group) (acceptance)
20| APPU (Up) 29 | ONEGAI 74| HOUSYASEN 110 KETHOU 57
(please) (radiation) (warning)
21| BAKUHATSU | 27| TSUKI (month) | 71| AGA (aga) 102 KENNAI 54
(explosion) (within the
prefecture)
22| MESSEIGI 27| TSUNAMI 69 | urayasu 99 | SAIGAT (disas- | 52
(message) (tsunami) ter)
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Table 3.6: The Contents of Information provided by Government Agencies
Central Govern- The Disaster Area Close to The Non Disaster-
ment Agency Area Disaster Area Stricken Area
Word TEF Word TF Word TF Word TH
23| HINAN (evacu- | 25| TAIOU (corre- | 68 | GENPATSU 99 | JYOKYOU 51
ation) spondence) (nuclear power (state of things)
plant)
24| ONEGAI 24| ANSHIN  (re- | 64 | KOUTSUU 97 | KOUCHI 48
(please) lief) (traffic) (kochi)
25| SAIGAI (disas- | 24 | OSHIRASE 62 | KASHIWAZA | 93| GIENKIN (con- | 46
ter) (notification) KI (kashi- tribution)
wazaki)
26| km 22| KOUSHIN (re- | 59 | BASU (bus) 92| KYOURYOKU | 44
new) (cooperation)
27| DOUGA 22| ENGAN (coast) | 59 | TAIHEIYOU 92 | OSHIRASE 43
(video) (pacific) (notification)
28| TSUNAMI 21 | HOMUPEEJI 58 | NISHI (nishi) 91| RT 41
(tsunami) (homepage)
29| TEKISUTO 21 | ESASHI 57| NAGAOKA 90 | KEN  (prefec- | 39
(text) (esashi) (nagaoka) ture)
30] CHIHOU (re- | 21 | MINAMIAIZU | 54| SENTA  (cen- | 90 | TSUKI (month) | 39
gion) (minamiaizu) ter)

Table 3.7 shows more clear difference between agencies. It compares agencies in disaster

areas. Their tweets was containing terms of serious risks which they faced with. Kesennuma

City (Twitter account name: bosai_kesennuma) which had huge damage from the tsunami em-

phasized the ‘HINAN(evacuation)’ from tsunami by going up ‘TAKADAI(hill)’ in their tweets.

On the other hand, Minamiaizu town (Twitter account name: minamiaizu_town) concerned

about ‘HOUSYASEN (radiation)’ issue, mentioning the information related to radiation using

scientific words such as ‘microsievert’, since the town is placed near Fukushima nuclear power

plant.
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Table 3.7: The Contents of Information provided by Government Agencies of The Dis-

aster Areas

oshu_city
Word
1 oshu

2 jishin
3 OSHU (oshu)
JYOUHOU

(information)
JYOKYOU
(state of things)

6 KAIGI (meeting)

7 iwate

TAISAKU
8 (countermeasur
e)

9 HINAN (shelter)

10 save

HUKKYUU
(restoration)

HONBU
(headquarter)

SHINAI (in the
city)

TAIOU

(correspondenc

13

15 ESASHI (esashi)

HOUMUPEIJI

16 (homepage)

TF
480

318

221

191

bosai_kesennuma

Word

HINAN (shelter)
TSUNAMI
(tsunami)
KEIHOU

(warning)

TAKADAI (a hill)

0 KASAI (fire)

98

98

95

87

84

81

81

58

58

o7

52

HASSEI (an
outbreak)
JYOUHOU
(information)
HATSUREI (an
official
announcement)
SHIGAICHI
(urban area)
KESENNUMA
(kesennuma)
YOSHIN (an
aftershock)

SHINAI (in the
city)

SHINSUI
(flooded)

MIYAGI (miyagi)

FUKIN (nearby)

kesennuma

TF
43

43

20

12

9

7

6

6

5

5

Disaster Area
aizuwakamatsuct
TF Word
31 MINAMIAIZU (minamia

Word
SAIGAI (disaster)

aizu

TSUKI (month)
SOKUTEI

(measurement)
JYQUHOU

(information)

HINAN (shelter)

SIZEN (nature)

AIZUWAKAMATSU

BORANTIA

(volunteer)

SENTAA (center)
AIZU (aizu)

MATSUNAGA(mat
sunaga)

SUKURININGU

(screening)

CHIHOU (region)
HOUSYASEN

(radiation)

KANKYOU

(environment)

minamiaizu_town

30 minamiaizu

HOUSYASEN
(radiation)

19 FUKUSHIMA
(fukushima)
KANKYOU
(environment)
REBERU
(level)

TAIKI (the
atmosphere)

4 OHABA
(big gap)

13 JINTAI (human body)

CHOQOUSA
(investigation)
EIKYO
(influence)

GOUDOUCHOSYA
13 (commeon building for

government offices)

MIKUROSIBERUTO

12 (microsievert

)

12 HINAN (shelter)

11 YAKYOKU (farmacy)

TAIOU

(correspondence)

HachinoheGity

TF Word
54 HAGHINOHE
JYOUHOU

(information)
29 koho

ANZEN
(safety)

14 hachinohe

HATHINOHE
(hachinohe)

14 ANSHIN (relief)

JISIN
(earthquake)

14 hMail

14 HINAN (shelter)

14 jishin
SHINDO (a

13 seismic
intensity)
HAPPY QU

12 (an
announcement)

10 OKI (sea)

MAGUNICYUDO
(magnitude)

SHINGEN (origin
of earthqaueke)

TF
102

84

79

76

63

54

93

47

46

40

32

30

28

28
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3.4.2 Disaster Information Transmission by Retweets

After each agency release disaster information, people who were sent the information passed
it on to another user by retweeting. Table 3.8 shows the number of retweeted of immediately
after their tweets. Tweets of two central government agencies (Prime Minister of Japan and
His Cabinet and Fire and Disaster Management Agency) were retweeted the most, indicating
that their information got a lot of attentions as they released the information targeting audience
who were not only disaster areas but whole nation. Meanwhile, there was no a clear correla-
tion between the number of tweets and retweeted. There could be several reasons, but one is
that retweeting is depends on network which is already formed. The information in Twitter is
transmitted through preformed network. This indicates that if government agency make use of
Twitter for disaster information announcement, it is necessary to investigate process of delivery

of information in Twitter.

3.5 Conclusion

In this chapter, we investigate the actual crisis communication in The Great East Japan
Earthquake and The Fukushima Daiichi Nuclear Disaster. People who are in disasters, use
Twitter to describe the events or accidents that is happening or happened just before. In
addition, it it observed that they apply twitter as a tool for delivery of information that originally
created by group of experts or official organization. It indicates that as they retweeted, they
distributed the information by themselves without the media. As for government organization
who play a role as a information provider in communication, the contents of information they
provide usually depend on concern risks that they are encounter with. So, the contents of
central government covered disaster risks such ‘radiation’ which affected broadly across wide
areas, while local government focusing on specific risks such as ‘tsunami’ that they are faced
with. As there was no a clear correlation between the number of tweets and retweeted, it is
necessary to consider other elements such as a preformed network which is constructed before

the disaster occur to investigate process of delivery of information in Twitter.
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Table 3.8: The Number of Retweets of Government Agencies’s Tweets

Government Agency The number of | The number of | The Proportion
Tweets Retweeted in Total number
of Retweets
Central Government Agency
Prime Minister of Japan and His Cabinet | 198 96,099 0.21%
Fire and Disaster Management Agency 98 134,945 0.30%
Ministry of health, Labour and Welfare 17 24,957 0.05%
Ministry of Economy, Trad and Industry 18 997 0.00%
Tokyo Electric Power Company 2 23,162 0.05%
The Disaster Area
Iwate Prefecture Oshu City 731 8,032 0.02%
Miyagi Prefectrue Kesennuma City 67 13,981 0.03%
Fukushima Prefecture Aizuwakamatus City | 74 15,990 0.04%
Fukushima Prefecture Minamiaizu Town 53 3,109 0.01%
Aomori Prefecture HachinoheCity 178 273 0.00%
Area Close to The Disaster Area
Aomori Prefecture 300 25,256 0.06%
Aomori Prefecture Aomori City 165 1,374 0.00%
Aomori Prefecture Mutsu City 79 441 0.00%
Akita Prefecture 64 1,723 0.00%
Ibaraki Prefecture 54 1,000 0.00%
Saitama Prefecture Tokigawa Town 147 167 0.00%
Saitama Prefecture 24 407 0.00%
Chiba Prefecture Matsudo City 163 3,039 0.01%
Chiba Prefecture Urayasu City 136 42,352 0.09%
Kanagawa Prefecture 38 194 0.00%
Niigata Prefecture 179 5,211 0.01%
Ishikawa Prefecture Nomisi City 4 11 0.00%
Sizuoka Prefecture 118 508 0.00%
Non Disaster-Stricken Area

Mie Prefecture Kuwana City 20 72 0.00%
Tottori Prefecture 24 30 0.00%
Kochi Prefecture 69 2,478 0.01%
Saga Prefecture 332 3,423 0.01%
Nagasaki Prefecture Hirado City 32 81 0.00%
Kumamoto Prefecture 3 57 0.00%
Oita Prefecture Oita City 74 202 0.00%
Miyazaki Prefecture 28 45 0.00%
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Chapter 4

Estimating Concerns of the Public

with Latent Dirichlet Allocation

4.1 Introduction

In this chapter, we examine how concerns of the public changes along with the state of situ-
ation changes in disaster. In modern society, risk has become extremely complex [Koabayashi,
2013]. And it leads people to make difficult to predict and reason the situation. In a disas-
ter, situation regarding damages or accidents changes from moment to moment, the public are
surrounded by various kind of information.

To deliver communication and make appropriate response, it is important to identify the
concerns of the public toward emergency situation and risks that newly emerge.

So, the aim of this analysis is to clarify the concerns which people possess along time changing
in disaster and examine risk perception in disaster. Since there has been great advancement
in mobile communication technology, tools for individuals to communicate have been highly
diversified. It leads the public to actively communicate with others regardless of time and place
using mobile phone. Recently, social media (Twitter) has been used as a place to exchange the
information related to disaster or to share their perception of the risks and sentiment.

In the analysis, topic model LDA (Latent Dirichlet Allocation) [Blei et al., 2003] is applied to
extract the concerns of the public. For inferencing model, we use variational inference algorithm.
We extract the significant terms for every 12 hours and examine the topics of each document
from Twitter data collected right after The Great East Japan Earthquake. Given the topic of

Twitter in disaster, results showing what people are concern about and how it changes may
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provide clues about risk perception of public in the early stage of the disaster.

This chapter is organized as follows. 4.2 explains the basic ideas about the concerns of
the public in disaster. 4.3 explains the Twitter data we use. 4.4 describes the topic models
(LDA) and application proposed in this study. 4.5 presents Twitter corpus based analysis using
proposed application, investigating the concern of the public during the disaster. 4.6 explains

implication. Finally, 4.7 describes conclusions and future work regarding this research.

4.2 Basic Idea

4.2.1 Concerns of the public in disasters

In the middle of the crisis, people carry out communication for minimizing the scale of the
damage [Kikkawa, 2000]. They focused on not only the tasks that directly caused by disaster
but also the threatening factors that they may widen the scale of the damage in the near future.
So, the former is more related to, for instance, restoration or recovery from the damages and
the latter is regarding the risks they newly encounter.

Concern of the public could be defined as public awareness of a problem. In other words, it
is a thing that people pay attention to in disasters. Among numerous information, they focused
on certain subjects. According to Lupia [Lupia, 2008], for making reasoned choices, people pay
attention to the information which help them to avoid the risk of future pain or increase the
opportunity for future pleasure. When people evaluated information for reasoned behavior, the
way that they perceive the risk influences it.

In modern society, the profound development of science and technologies has been accom-
plished. Risk has become increasingly complex nowadays. As the dependency on nuclear tech-
nologies and biological and chemical substances generated by genetic engineering grows, it will
be difficult for people to assess the hazard by statistical analysis [Slovic, 1987] [Kobayashi, 2013].
Since risks caused by a catastrophe are specialized, expertise has become fragment. There exist
a large gap between experts and the public in background knowledges which require for un-
derstanding the impact or the harmfulness of the hazard in disaster [Kobayashi, 2013]. And
this gap affect to both of them and it determines how differently they define the risk they en-
counter. According to Slovic [Slovic, 1987], people’s risk perception often significantly deviate
from objective risk and concept of risk means different from each person, while experts judge

risk by correlating with technical estimates of annual fatalities. It seems that people judge risk
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by assessing catastrophic potentials or impact to future generations. This finding explains why
the public’s perception of risk sometimes subjective, hypothetical and even irrational in the
disaster compared to risk that assess by experts. For people, the risk is not the thing that can
be evaluated only with objective value, rather it is inherently subjective and reflect people’s
social value or societal situation that they are surround by [Slovic, 2001] [Kobayashi, 2013].
The disagreement regarding risk between main participants of crisis communication could cause
misunderstanding or confusion throughout a whole society. In disasters, an announcement by
government containing information regarding a disaster produced by experts of the each area of
expertise sometimes does not reflect the public’s concept of the risk, as a result, it have little
effect on changing people’s behavior and attitude. So, first, to understand the risk perception of

the public, it is necessary to clarify that what actually people are concerning about in disasters.

4.2.2 LDA Topic Model for Identifying Concerns of the Public

In this subsection, we explain the LDA model which is a generative model that viewing
documents as mixtures of probabilistic topics the latent variable topic model. Each document
are represented by a multinomial distribution over latent variable topics and each topic is decided
by a multinomial distribution over words. It is unsupervised model which is requiring feature
for Twitter corpus. Contents analysis on Twitter corpus requires little supervision since it
contains few words compared to the standard written English of which normally many natural
language processing model are developed for analysis [Ramage et al., 2010]. Kireyev [Kireyev
et al., 2009] explains several challenges on utilizing Twitter in Natural language processing.
First, the corpus contains ”Esoteric language and grammar”, second, short "message length”
as explained, third, ”Locale-specific references” which explain that Twitter including lots of
proper noun representing specific location, events or name of entities. However, Topic model
have several promising features for coping with those points. It is argue that topic model such as
LDA is available for analyzing the particular data like Twitter for following reasons. First, topic
model does not consider the syntactic construction and order of words, but it only matters the
words occurring. Second, topic model such as LDA are focusing on inferring latent relationships

between words in corpus. So, misspellings is more easy to handle [Kireyev et al., 2009].
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4.3 Data

Twitter data was provided by Twitter Japan via Project 311 (The Great East Japan Earth-
quake Big Data Workshop Project 311, 2015). It was collected over the seven days from March
11 (about an hour before the earthquake occurred) to March 17, 2011. Tweets posted during
those 7 days and also those written in Japanese were included to the data. The data comprises
tweet IDs, user IDs, time and tweet contents. In this analysis, a 2.9% sample extracted from the
provided data is used. As the corpora in LDA model is composed of documents, we amalgamate
tweets for every 12 hours (AM, PM) that 14 documents are made for those 7 days. Every doc-
ument contains 420,000 tweets and 14 documents is prepared for a corpora (except 11 March,

the provided dataset contains the tweets from 9 a.m. in 11, March, so tweets before 9 a.m. is

omitted).
Table 4.1: The Outline of Sample Data

Document Date Sample Data Total (Provided)
;| riMerem | aaoo0 | 2099910
o [izvarem | oo | 2157
6 isMerom | asoon0 | 20003
s ivarom | ssoc00 | 254045
o is-Mar PN | 420000 | 2533860
2 lo-war P | azoooo | 2430838
T i7-Mar P | azooo0 | 22405481
Total 5,145,000 (2.95%) | 174,058,064
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4.4 The Methodology and The Application

4.4.1 Latent Variable Topic Model (Latent Dirichlet Allocation)

The LDA model makes it possible to formulate the problem of discovering the set of topics
that are latent variable in a collection of documents. First, text collections that assume in the
model is collection of ”documents” which called ” corpora” and a document is consist of ”words”.

Formally, the terms are defined as below.

OH-O-

o 0 Z W N

4

M

Figure 4.1: Graphical model representation of LDA
Source:Blei et. al (2003) Latent Dirichlet Allocation

e A word is the basic unit of discrete data, defined to be an item from a vocabulary indexed

by {1,...,V}. So, in corpora, it is assumed that V number of terms exit which is not
duplicated.
e A document is a sequence of N words represented by w = (wy,ws,...,wy), where wy, is

the nth word in the sequence.
e A corpus is a collection of M documents represented by D = {w1, w2, ..., wpr}.

As explained, LDA is a generative probabilistic model of a corpus. The basic idea is that
documents are represented as random mixtures over latent topics, where each topic is charac-
terized by a distribution over words. Figure 4.1 shows graphical model representation of LDA.

A generative process for each document w in a corpus D is:

1. Choose N ~ Poisson(§)
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2. Choose 6 ~ Dir(«)

3. For each of the N words w,:

(a) Choose a topic z, ~ Multinomial(6)

(b) Choose a word wy, from p(wy|2n, ), a multinomial probability conditioned on the

topic z,

Before explaining each variables, we briefly explained several simplifying assumptions that
are made in this model. First, the number of topics in a corpus D is assumed known and
fixed. Second, the word probabilities are parameterized by a K x V matrix 3 where f§;; =
p(w? = 1|zF = 1), which treated as a fixed quantity that is to be estimated. Finally, the Poisson
distribution for choosing number of sequence in a document is not critical assumption and it is
independent of all the other data generating variables(6 and z).

k-dimensional Dirichlet random variable 8 has probability density as below. @ is a K-vector
and lies in the K — 1 simplex if 6; > 0 and lez:1 0, = 1. And its parameter « is a K-vector

with ag > 0.

= Dir o) = F(Zf:lak) ar—1  pag—1
p(0la) = Dir(6) )—71_[&“%)91 0% (4.1)

Given parameters o and [, the joint distribution of a topic mixture 8, a set of N topics z,

and a set of N words w is given by:

=z

p(8, z, w|a, B) = p(f|a) H (20|0)p(wn|2n, B) (4.2)

where p(z,|0) is simply ;. Integrating over € and summing over z, the marginal distribution

of a document is obtained as below.

p<w\a,ﬁ)_/ (6l <H S p(ealO)p wn]zn,,B)> a0 (4.3)

n=1 zn

Since this is the marginal distribution of a single document, Finally, taking the product of

the marginal probabilities of a document, probability of a corpus is obtained as below.

p(D|e, B H/ (0lx) (HZP Zdn|0a)p wdn\zdnﬁ)) dfq (4.4)

n=1 zqn
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We have described the LDA model that how the corpora (a collection of documents) is

generated using data generating variables (04, z4,)and the parameters (a and 3).

4.4.2 Model Inference

For inferencing to use LDA model, it is necessary to estimate the latent variables in a

document. The distribution of the hidden variables given a document is represented as below

p(o’z7w‘a7/6)

p(w|e, B)

Unfortunately this distribution is intractable to compute in general. Also, the distribution

P8, zjw, @, B) = (45)

of the model which we marginalized Eq (4.3) is intractable due to the coupling between 6 and

B [Dickey, 1983]:

w|a :7“215:10%) <K0.°"“_1> TS T (0 wh do
“‘ﬁ)ngmm/gz 12 L @)

Although the distribution of the hidden variables given a document is intractable to compute
for exact inference, there are several approximate inference algorithms that can be considered.
Griffiths and Steyvers [Griffiths and Steyvers, 2004]represent method solving estimating problem
by using a Monte Carlo procedure, resulting in an algorithm that is easy to implement. However
in the procedure, they fixed the parameter o and 3, so estimation is not done explicitly. Blei et
al. [Blei et al., 2003] proposed variational Inference model which is method that estimating the
simplified model which is modified from the original model. In this study, we choose variational

algorithm for inference in LDA for Twitter data (Figure 4.2).

Variational Inference

The variational inference is accomplished by using adjustable lower bound on the log like-
lihood (p(w|a,3)). We consider the lower bound indexed by a set of variational parameters
which is different from original LDA model parameters. So we set a new model which is a
simple modification of original graphical model. For modification, we drop the edges between
0.z and w, since these edges make the model to be explicitly inference. Variational distribution

simplified with variational parameters are as below:
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Figure 4.2: (Left) Graphical model representaion of LDA. (Right) Graphical model
representation of the variational distribution used to approximate the posterior in LDA

Source:Blei et. al (2003) Latent Dirichlet Allocation

N
(6,217, ) = q¢(017) [ | a(znlén) (4.6)
n=1
where the Dirichlet parameter v and the multinomial parameters (¢1,...,¢xN) are the free

variational parameters. Now, we have simplified new probability distribution, and then we de-
termine the variational parameter v and ¢ by optimization procedure. Basically, we measure
the closeness of the two distributions with Kullback-Leibler(KL) divergence. It comes from
information theory, our goal is to minimize the KL divergence. In the case that we have origi-
nal distribution p and variational distribution ¢, the KL divergence for variational inference is

(omitting the parameters v and ¢)

0
KL(q(6,2)||p(6, z|w, o, B)) = Ey [log 1)(‘9210%]
= E, logp(8, z|w, o, B)] — Ey [log q(8, z)]

= B, [logp(0, z|lw, a, B)] — E4 [log q(0, z)] + log p(0, z|w, o, B.7)

This could be also written as below

log p(wle, B) = E, [logp(8, z|w, ¢, B)] — B, [log q(0, 2)] + K L(q(0, 2)||p(8, z|w, o, B)) (4.8)

Actually, minimizing the KL divergence exactly is impossible, but we can solve the problem
by maximizing the lower bound on it. In other words, it coulbe be achieved by maximizing the
first term of the right hand side of equation (4.8) which is a lower bound on the likelihood for
an variation distribution ¢(0, z|7v, ¢). Let us denote this L(7y, ¢; o, 3). So, equation (4.8) could

be also represented as below
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log p(wle, B) = L(v, ¢; 0, B) + KLD(q(8, 2|, #)|[p(0, z|w, a, B)) (4.9)

So, maximizing the lower bound L(7y, ¢; ¢, 3) with respect to v and ¢ maximizing is equiv-

alent to the optimization problem:

(v, ¢%) = arg gndg KLD(q(0,z|v,9)|lp(0, z|w, a, B)) (4.10)

The lower bound could be expand by using the factorizations of p and ¢:

L(v,¢;0,8) = Ey[logp(0]ca)] + Eq [log p(2]0)] + E [log p(w|z, B)]
—Eq [logq(0)] — Ey [log q(z)] (4.11)

And in terms of the model parameters («, B) and the variational parameters(vy,¢ ), the

lower bound is derived as below:

L(v, ¢, B) =logD(X]_ aj) = i log T'(cw) + 320y (s — D)(¥(v;) = U(25-, 7))
+ 300 i B (U () = W (51 7y)
+ 30 Y Z;‘/:l b, wi log Bij
—log (-1 %) = Ti log D) + 20 (v = D(¥ () = ¥(Zj, 7))
- Zr]:[:z Zf:l i log Py (4.12)
Then, by using Lagrange multipliers we maximize the lower bound with respect to both of

®,,;, the probability that the nth word is generated by latent topic i, and ~y,, the ¢th component

of the posterior Dirichlet parameter and value of each variational parameter is

Ppi < Biw, exp{Eq [log(6:)|v]} (4.13)
N

Vi=ait ) b (4.14)
n=1

Variational distribution with parameters v* and ¢* is conditional distribution varying as a
function of w. So, it could be written as ¢(8, z|7*(w), ¢*(w)). Figure 4.3 shows the variational

inference procedure.
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(1) initialize °. := 1/k foralli and n
(2) initialize y; := o; + N/k for all i
(3) repeat

(4) forn=1to N

(5) fori=1tok

(6) O} ' = Bowy exp(W(¥]))
(7) normalize ¢/! to sum to 1.
(8) Y=o+ I 95!

(9) until convergence

Figure 4.3: A variational inference algorithm for LDA

Source:Blei et. al (2003) Latent Dirichlet Allocation

Parameter Estimation

Ultimate reason for inferencing the model is to estimate the parameter o and 3 that maxi-

mize the marginal log likelihood of the data:

M
K(a,ﬂ) = Z logp('wd|a, B)

d=1
In this analysis, we use an empirical Bayes method for parameter estimation in the LDA
model as Blei et. al [Blei et. al, (2003)] presented. As we explained p(w|a, 3) is intractable
to compute. So, we decided to use variational inference which provide us with a tractable
lower bound on the log likelihood. So, first we maximize the lower bound with respect to the
variational parameters yand ¢, and then, with fixed value of the parameters vand ¢, maximizes
the lower bound with respect to the model parameters a and 3. The derivation of Variational

EM algorithm for LDA yields the following iterative algorithm:

o E-step For each document, find the optimizing values of the variational parameters {~}, ¢ :

d € D}.

o M-step Maximize the resulting lower bound on the log likelihood with respect to the model

parameters o and f.

EM step are repeated until the lower bound on the log likelihood converges. Since the max-

imizing the lower bound of the variational parameters (E-step) is estimated for each document,



4.4. THE METHODOLOGY AND THE APPLICATION 61

it is need to consider all documents when estimating model parameters o and

M
L'(v,¢;0,8) =Y L(v,¢; 0, 8) (4.15)
d=1

Then we can update the M-step for the conditional multinomial parameter 8 and Dirich-
let parameter . First, we maximize L’ with respect to B which is parameter of conditional

multinomials by adding Lagrange multipliers:

M Ng

L= Z Z G niwly, log By; + Z A Z Bij — (4.16)

d=1n=1i=1 j=1

then, take the derivative with respect to f8;;, set it to zero, then we have j;;:

M nqg

Bij o Z Z Pdni W, (4.17)

d=1n=1
Second, « is parameter of Dirichlet distribution and here we omit other terms and consider

the terms which contains « in L':

M k k k

Ly =Z<logF(Za+J’) =S T logT(a) + (e — 1)(¥(v4) Zvdj ) (4.18)

d=1 Jj=1 i=1 i=1

Then, the derivative with respect to a; gives:

M
aaz Z ) = V() + ) (¥(va) Z Yai)) (4.19)

d=1
and this derivative depends on «;, where j # 7 and therefore we have to find the maximal o

using an iterative method. Here, the linear-time Newton-Raphson algorithm is applied to fine

the «.

4.4.3 Application for clarifying the concerns of the publics

In this study, the application has been developed using the corpus of Twitter which collected
every hour to clarify the concerns of the public in disaster (Figure 5.4). Since the disaster

situation changes hour by hour, the response of the public followed the situation changes along
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Figure 4.4: Outline of Application

with it. But to investigate what is the matter of concern to the public during disaster, it is
important to clarify the latent response of the public.

Figure 4.4 shows the outline of the application.

First, we used Twitter data which is extracted every 12 hours from 11 March to 17 March
(except . As we defined crisis communication as cross-societal communication, we consider entire
tweets in an hour as response of the public in the time. So a document in out analysis is tweets
which were tweeted in an hour. With those documents which consist of 14 documents (except
11 March), we examined the contents of Twitter using LDA topi model every day basis.

Second, it is necessary to tag every term in the text collection of natural language to apply
computational linguistics or corpus linguistics. In this study, Cabocha (a Japanese dependency
structure analyzer) was used to produce Global Document Annotation (GDA) tagging, which is
processed language to be annotated and tagged by attributes.

Third, Data need to be pre-processed before analyzing using LDA, since row text data
contains a lot of unnecessary words or characters. It is necessary to select suitable vocabulary
to create a corresponding input data for topic model [Grun and Hornik, 2011]. In the pre-
processing we removed punctuation characters, numbers, some english terms which used for
disclosing web site address (such as http, www, com, or ly) and omitted low frequency terms
occur less than 10 times.

Then, we made input data for topic model which is Term Document Matrix. The rows in

this matrix correspond to the terms and the columns to the documents. The number of rows is
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equal to the size of the vocabulary and the number of columns to the size of the corpus.

Last, we fit an LDA model with 30 topics using variational inference. When we decided
the number of topics, we conduct the 5 fold-cross validation to find out the optimal number of
topics. Fitting LDA model, we utilized R Package (R Package ’topimodels’) developed by Grun
and Hornik [Grun and Hornik, 2011].

4.5 A Changing Concerns of the Public

4.5.1 Model Selection

The number of topics need to be decided a-priori for fitting the variational EM algorithm to
our Twitter data set, since the optimal number of topics is different in every data set. So, for
model selection with respect to the number of topics, we evaluate the likelihood for the data.
In particular, the perplexity is used to evaluated the models on the data and is equivalent to
the per-word likelihood. Model with lower perplexity indicates better probability distribution
at predicting the sample.

Perplexity(w) = e:vp{ - Zgligg‘gwl)zz(jd) } (4.20)

4 means how often the jth term occurred in the dth document. When we evaluate the

nJ
model with perplexity, we uses 5-fold cross-validation. The Twitter data set is split into 5 data
sets. And we conduct 5 testings, which we select one for test data with the remaining data as
training data for every testing.

Figure 4.5 shows the perpelexities of the 5 test data for the models fitted using variational
EM algorithm. The perplexity is lowest about 30 topics, which is the optimal number of topics
of the Twitter data set.

And Figure 4.6 represents the o values estimated in cross-validation. And the mean value

of «r is estimated as 0.026 with 30 topics after 5-fold cross-validation.

4.5.2 Fitting the LDA Model to the Twitter Data Set Using 30
Topics

To identify the concerns of the public in disaster, we use LDA to identify topics in the

disaster. Since topic is defined as latent variables in corpus, we apply this algorithm to Twitter
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Figure 4.5: Perplexities of the test data for the models fitted with LDA. Each line

corresponds to one of the folds in the 5-fold cross-validation
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data which collected in Great East Japan Earthquake. As explained, each topic is a probability
distribution over a finite vocabulary of words, topics in a document are represented with words
in order of the probability, which word w having probability in topic z, p(wy|zn, 3). Table 4.2
shows the 10 highest probability For example, 10 terms having highest probability for topic 1.

are:
e japan
e you
e google
e nhk
e blog
e KEIKAKU TEIDEN (planned outage)
e CHIBA (chiba), KAIJI (start)
e and

® 1EeWS

TOKYODENRYOKU (Tokyo Electricity Company)

With those words, we estimate the topic as planned outage which caused by lack of electricity
from Tokyo Electricity Company. When words occurs exactly same, such as CHIBA (chiba) and
KATJI (start), both of terms are recored. When we made the document as a collection of Tweets
for 12 hours, it naturally contains a lot of retweets which means same sequence of the words
belong to the corpus. So, if more than 2 words are same probability such as CHIBA (chiba) and
KATJI (start), those are the words which belongs to a tweet that retweeted a lot and not occur
solely.

Also, each document is consists of mixture of topics 0, 6 defines the topic mixture of the
document, so intuitively 6; (i represent topic) is the degree to which topic; appears in the
document. Figure 4.7 shows topic changing from March 11 to 17. The vertical axis of the
graph indicates the order of the degree of topics in a document and horizontal axis is documents
from March 11 to 17 which represents time. We color topics that show a clear increasing and

decreasing trend. Most of first and second highest degree 6; topics follow this trend. It represents
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Table 4.2: The 10 Highest probability words for each of 30 Topics
Topic 1 Topic 2 Topic 3 Topic 4
o YRR T R
1 |irpan HENEMERIE LS TS T IFERT I Huw)w
N7 e &R ot
Bx B E i~ {FEE
2 |you DI R FEENE tag FEAL
BRI ERm
3 |moogle apan earthouake NEWSs
4 |nhk VO FTLF iphone i tE o
5 |bog Jou EREME NS agan
EF A EHE R R
6 |ETEFE the %;i@?\?g;ﬁ e nglish
7| TFEME v dIve BpEn rau
g |and AR Ak tweeting
9 |(hews twitpic ooogle ouake
fo|mEs — BT = — A R SR =R
- A=t B &S D AT T
Topic & Topic § Topic 7 Topic &
1 |pan DAL AREEMEA |FEE a5 oL iR
2 |news PEE nhk 8B ik
3 |english yorniur %gggfﬁ JUTLEBE
4 |protect the alche mist ==l
- Gl ETRE (P B LD T i
ouake AR S o A 5 5 S EE | = it ElE B REME
- = |BR{EL ALITNE Fi%
5 |(bweeting Lo tweeting o miuri
7 |how AR JapaEn jnsef
8 |person EES TS REETEST |tel EEREE—FH
5 [nhk BpEn Wi il Wi L
VRSO TRER
10 |5 i = B8 i fEfd B 4 E EEH R S |media & haoda
He i
Topic & Topic 10 Topic 11 Topic 12
1 |Bmn itmedia Apan AIFE
BE2EEIAGIL AR
2 |nhk FE5 TR ATEREFS (|the aE=
JIES
3 | rihk Yo [E rs0n
4 |pErson ERIRIRE L HEE D & wamiur for
ME FIRESAGRESR
ﬁ TR A AIHIE |
5 |AEE £hs e [
G |itmedia finder andd nhk.
7 Biihe B8 o ¢
& ) P yomiuri are rom
B |tk radio WS RAEF vou
5 [EESE tweeting o this
10 ggggggﬁ i fEfE B AE RS S EFS |ove lifede co
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Topic 13 Topic 14 Topic 19 Topic 16
1 [vomiuri News the ﬁﬁﬁﬁE$@E
BEHREE
2 |RLx SFEELEREERE TH b ljapan
EE =8
3 [japan EHLTYT dvd ;iﬁggi;g
4 |show EREN you ﬁ;ﬁg;j—ﬁ;y[h
YL TR ILT
5 EHREIENEEST |(HELEEES and are
BTG AL Eyd | BHETEHEDE
ERZES
6 |for VOmmiur out chodo
W EMEEEALRAL
1 |are ;ﬁﬁﬁﬁﬁ%%ﬂ%{i)‘i lifedeco you
KSEERE R AR
8 | FAUA english yomiuri ok
9 |you liapan good nhk
10 |and world wiHTFELEET news
Topic 17 Topic 18 Topic 19 Topic 20
1 |japan H12s %?Efgé"?ﬁﬁ HHRATAIL
2 [&ina twitter the A,
3 |this 74+ you your
4 |ths liapan love llapan
= = FEETHRIREH . .
5 | BERE THATAIL i satgrigvs HEEEREZER
WEREREREE A
[REREREFEEE
6 |FERESEEESE HEEIEREEE JUTLE Bl
EE IR T
BHESDEED
7 |people vour Ul o e and
8 |foreigners are NEews nhk
BINEEHES
9 |love world SEESERHEL news
AMEREE
10 [video news L %ﬁ%ﬁg
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Topic 21 Topic 22 Topic 23 Topic 24
1 |lapan B bk all the
FIhuig e En . T
2 ) Bl ) A TEEE STEEE you
3 |rhk Lol DEEIREE) i AT E  |ever
4 |ths JUTLEBE jBpEn walk
AL A E P HhE
E |recplk Bran FEE R MR Fran
StEFEA FEEETEEH
6 |TERER Vo miuri EREF your
7 |vou IOY R for =
$=EnREgh  |DoTrOAMRE
8 {ﬂﬁ:aﬁﬁﬁ.ﬁb%ﬁ EEEK:FH Lo and
e ESRAHEBEE
o |Bis Vou blog o
i RO T
~ 1FEf
H =
10 |and £ha bloomberg ?E’]%W‘E%uﬁi
UF i g el
EiRmin
Topic 25 Topic 26 Topic 27 Topic 28
1 |person B #kx FEE FAE
BHEEFENT
2 |yvou FEEE pErsOn =TT EEN S
3
3 | =EE S T I ENET JUFLEBE you EREMRF
4 | L= comic tikk ?é;ggggiﬁa
E liphoneists ApEn earthoguake finder
407 e E
gongle & & i Es 5o JEREIBPFT—E N E
5 lammmEaLs ERBR-K goge LEWH BT b0
HERTHR
7 |google FEEE L iphone FE¥E
_ . . an e BPhE S
B 2EEAT BREAFREBEREFRA | o e
O et BN S | BSARRABOLE | o et persarn
JtEEIIII:IﬁEmDEDE
; il a b A NS T .
i AFTHESAEAE [N raps £
10 |ean TP ERIpET) el TR TR
RS ET iR == B EE AL
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that as the situation changes with natural disaster, sequence of nuclear accidents and secondary
earthquakes, the public focused on risks which catches their attentions.
Here, we explain what kind of topic actually observed on 7 days. Afternoon on March 11,

when the first earthquake occurred, Topic 28,25 and 3 is prominent.

e Topic 28 Information about Damaged area (requesting rescue) from Earthquake and

Tsunami

e Topic 25 Information about Damaged area (requesting rescue) from Earthquake and

Tsunami (Miyagi)
e Topic 3 Information about Damaged area from Tsunami (Sendai)

We can see that people’s concerns are targeting the disaster area that directly damaged by
earthquake and tsunami. They exchanged information about safety confirmation of victims who
lost contact or isolated.

On March 12, the topics cover more wide subjects such as a lack of electricity, which is the
risks affecting whole east Japan In addition, topics which contains emotional feeling ’anxiety’
are also observed.

AM March 12

e Topic 27 Information about Damaged area (Safety Confirmation) and Unstable Electric

Power Supply

e Topic 21 Information about Damaged area (Safety Confirmation) and Unstable Electric

Power Supply
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Table 4.3: Topic Changing from March 11 to 17 (not frequently changing topics)
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PM March 12
e Topic 9 Information about Damaged area (Lack of goods and doctor)

e Topic 10 Anxiety about the Society and Thankfulness

Both of positive and negative emotional terms are observed, as positive terms "Thankfulness’
and negative terms ’anxiety’. As the situation went worse after the accidents of Nuclear power
plant, people’s concerns were diversified which nearly lead society to panic comes with anxiety.

On March 13, people are focusing on information regarding disaster areas especially about
sanitary conditions in there:

AM March 13

e Topic 5 Information about mobile communication infra (free wireless internet data service)

e Topic 7 Thankfulness
PM March 13
e Topic 20 Information about Damaged area (Lack of goods and Bad sanitary conditions)

e Topic 14 Information about Damaged area (Bad Sanitary Conditions and Safety Confir-

mation)

On March 14, new topics comes up such as a planned outage or committing Japan Self-

Defence Force troops to disaster areas

AM March 14

e Topic 1 Planned outage (East Japan)
e Topic 23 Planned outage (East Japan)
PM March 14

e Topic 22 Committing Japan Self-Defence Force Troops and Electricity Conditions in West

Japan

e Topic 26 Committing Japan Self-Defence Force Troops and Electricity Conditions in West

Japan

On March 15, the public is newly focusing on the nuclear power plant accident and Response
of Foreign Country.

AM March 15
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e Topic 8 Committing Japan Self-Defence Force Troops
PM March 15

e Topic 6 Response of Foreign Country

e Topic 16 Thankfulness

On March 16 and 17, people discuss power saving issue, which compared with power saving

behavior (YAJIMA operation) in famous animation in Japan. AM March 16
e Topic 24 Power-Saving Movement
e Topic 13 Power-Saving Movement
PM March 16
e Topic 2 Power-Saving Movement
e Topic 13 Power-Saving Movement

On the other hand, Figure 4.3 shows some of topics having not frequent changing degree
in those 7 days. Topic 12, 13, 18, 30 and 17 are never be prominent topics in 24 documents
but maintain the degree higher than 20 during 7 days. Especially, Topic 30 and 17 represents

‘anxiety’ regarding nuclear power plant or whole Japanese society.

e Topic 30 Anxiety regarding Whole Japanese Society

e topic 17 Anxiety regarding Nuclear Power Plant Accident and Societal Panic

Those topics clearly represent that the public have an underlying emotions during the disaster
and it is an anxious about whole Japanese Society threatened by nuclear power plant accident.

Even though people’s concerns are changing and diversify as time goes, we could find that
there are an underlying emotions people have regardless of situation changing. Topics repre-
senting emotions (‘anxiety’) is observed (Topic 30, 17 and 10), for the first time, on 12 March,
when significant explosion from the Fukushima Daiichi nuclear power plant occurred. And it
lasted util 17 March. So, it means that the ’anxiety’ of the public has an intrinsic attribute that

not a temporary changing but continuous.
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4.6 Implication

This analysis shows that societal unstability is observed in the early stage of the disaster.
Nuclear accident on 12 March could be considered as a direct reason for it. Risks being exposed to
radiation was strongly perceived by the public. And it seems it does not disappear immediately.
On the surface, the concerns that the public have are easily changed as new events occur, even
the new event has less risk than former. But, more importantly, there are also fundamental
concerns regardless of the events in disasters. In that sense, once the public perceived the risk,
it is rarely changed or disappears. And according to the review in chapter 2., the public’s
risk perception is strongly related to potentials or impact to future generations not the fatality
of this stage. Announcement toward the public usually contains only the objective facts that
explain the disaster situation of the stage. However, for the public it sometimes intractable to
understand the contents especially when they have to handle extremely complicated risk such
as nuclear plant accident. And also that’s why the public rely on the announcement of the
organization such as the government. Organizations as a provider of the risk information in
disasters, it is crucial that they provide information embracing the concept of potential risks to

conduct the crisis communication effectively.

4.7 Conclusion

To facilitate efficient communication in the event of a future catastrophe, it is important
to clarify concerns of each participant of communication. In this chapter, we investigate the
concerns of the public in The Great East Japan Earthquake who is one of the important partic-
ipants in communication. We shows variety concerns and how those concerns are changing in
disaster. We develop the application to figure out what kind of concerns the public have during
the disaster.

For applying LDA model to Twitter data. With LDA model, we examine the contents of
utterances in the Twitter corpus by applying LDA algorithm, which identify topics of T'witter
corpus by estimating the latent variables of data collection.

Various kinds of concerns have been observed during 7 days. People’s concerns diversify
as time goes, especially from March 12 when significant explosion from the Fukushima Daiichi
nuclear power plant occurred. The public’s concerns changes as the disaster situation changes,
but in the same time, there are underlying concerns that unlikely changes which is ’anxiety’

regarding radiation issue.



4.7. CONCLUSION 76

There is still a range of limitations needed to be solved in the future works. For more
accurate observation, it would be necessary to examine a longer period to know the feature of
fundamental concerns ’anxiety’. It is necessary to investigate how the ’anxiety’ changes after
the catastrophic condition to subside. To solve this problem, we would like to improve the result
with applying multiple LDA models to investigate longer period data. For concatenate several
LDA models of each stage, Dynamic Topic Models could be applied, which consider the prior
distribution from previous stage in the model [Blei and Lafferty, 2006][Fujimoto et al., 2013].
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Chapter 5

Measurement of Disaster Anxiety of

the public

5.1 Introduction

This chapter investigates the role of sentiment analysis, which has recently become popular
in the field of crisis communication research. To review disaster management policy and foster
proper communication in large-scale natural disasters, it is important to determine the publics
perceptions of and sentiments about natural disaster events. Sentiment analysis is essential to
numerous pursuits in knowledge engineering and numerous application areas embracing business,
the health sector, the Internet, social networking, politics, and the economy.

To facilitate efficient communication in the event of a future catastrophe, it is important
to understand the contents of utterance of the public who is the one of key players in crisis
communication. Specifically, we focus on the perception of risk during a disaster. By utilizing
"anxiety’ which is a key variable that affect a social disorder, we evaluate the ’anxiety’ which is
changing on 7 days with index we propose in this study.

This chapter is organized as follows. 5.2 explains by means of the corpus the concept of
crisis communication containing anxiety, and highlights related studies. 5.3 explains the data.
5.4 describes the methodology and application proposed in this study. 5.5 presents corpus-based
contents analysis of crisis communication during the disaster, investigating the anxiety levels
proposed in 5.4. 5.6 explains implication. Finally, 5.7 describes conclusions and future work

regarding this research.
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5.2 Basic Idea

5.2.1 Anxiety as risk perception of the public

Crisis communication includes evidence of participants thoughts, behaviors and emotions.
Therefore, several indexes could be considered for evaluating evidence that would be helpful
in understanding crisis communication. For example, attention could be one of the indicators
explaining how people react when considering risk in the disaster. According to Lupia et al.
[Lupia et al., 1998], since the proper choice of information relates closely to gaining higher utility
in the future, it is desirable to make effective use of attention as an indicator for measuring how
people make judgments against various and ever-changing risks. For investigating attention, a
real-time basis indicator presenting the behavior of the public could be applied. Nowadays there
are various data sources on a real-time basis, such as Google Trends, a real-time daily and weekly
index of the volume of queries that users enter into Google [Choi and Varian, 2012]. The query
index is based on query share, the total query volume for the search term in question within a
particular geographic region divided by the total number of queries in that region during the
time period under examination [Choi and Varian, 2012]. The maximum query share in the time
period specified is normalized to be 100, and the query share at the initial date being examined

is normalized to be zero.

—'HOUSYANOU'(Radioactive) ----- 'HOUSYASEN'(Radiation)
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Figure 5.1: Time Series of Variation of Volume of Queries (Google Trends)
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Figure 5.2: Time Series of Variation of Volume of Queries (Google Trends)

Figure 5.1 shows the time series variation associated with volume searching for HOUSYANO
(radioactivity) and HOUSYASEN (radiation) in Japan during the week following the disaster.
Both show a trend similar to that observed above: increasing on March 12, and then again on
March 15 in contrast to March 13 and March 14 which represents relatively low. Interestingly,
March 13 and 14 was the day when people paid attention to risks such as TEIDEN (blackout)
and SETSUDEN (power-saving) (Figure 5.2 ). This observation indicates that people paid
attention to risks closely related to the occurrence of accidents at the time. This implies that
public attention is temporarily fixed, following accidents or problems.

Besides, as an indicator for measuring the level of attention, fastness was suggested, which
refers to how fast people react to considerable risks [Baek et al., 2013]. The authors showed
that people pay more attention to risks such as radiation after a nuclear power plant accident.
Those implications can be evaluated by frequency-based methodology, as shown above.

But in a crisis, when people make a risk perception, they not only pay attention to the
accident itself, but also perceive the overall disaster situation by examining the weight of the
risks and their ability to control them. If they judge there are no considerable threatening
elements, they feel relief, but if it turns out that the situation is out of their control, they feel
anxiety.

In this study, the meaning of anxiety is limited to a certain range that is not an emotion
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related to a social event followed by activation of the sympathetic nervous system, such as
increasing heart rate or blood pressure, but a negative feeling which is not only temporary
[Yamazaki et al., 2004]. Anxiety, in psychology, refers to unpleasant emotions that include
concern, distress, worry, and uncertainty about the results of an event, situation, or deadly
catastrophe, vague anticipation of danger, or presentiment that danger or pain could happen
in the future, with relatively high ambiguity or uncertainty as to what will happen, and when
[Seiwa, 1999] [Tsuru, 1981]. These definitions commonly highlight the intrinsic feature of anxiety
as containing the possibility of a future encounter with danger. Research studies on rumor
have agreed that anxiety is an important factor in understanding how information spreads in a
disaster. They argue that anxiety and informational ambiguity are key variables that affect a
rumor mongering condition in abnormal communication under extreme events such as natural
disasters [Stieglitz and Dang-Xuan, 2013]|[Oh et al., 2010]. In particular, Anthony [Anthony,
1973] discusses the link between the transmission of rumor and the level of anxiety. The results
of experiments show that rumor is more frequently transmitted in high anxiety groups than in low
anxiety groups. As rumor is interpreted as a collective transaction in which many people offer,
evaluate, and interpret information, and from which they predict something [Oh et al., 2010},
it is a type of linguistic expression of risk perception through the rationalizing of ambiguous
information. Therefore, it is important to estimate the level of anxiety in order to investigate
contents of crisis communication. Crisis communication contains evidence of risk perception
indicating interpretation of peoples own capability to deal with the crisis and the emotions
arising from thoughts such as anxiety. In the Great East Japan Earthquake, social media tools
were used widely for individual levels of crisis communication. With the advent of social media,
a place came into being where individuals could conduct crisis communication and convey their

perception of risk during disasters.

5.2.2 Utility of the Twitter corpus as data for evaluating public
sentiment

Twitter is responsible for a large stream exchanging subjective information between its users
regarding disaster risks in crisis. Since it contains the individual context of communication, the
corpus of Twitter data has been highlighted in this study.

For clarification, Twitter is a form of social media that allows its users to send short messages

(140 characters or less) to others [Kireyev et al., 2009]. Its user can decide that the contents
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are visible to only a limited group of users or in general. It is a new type of chat service based
on real-time platforms, and strict sorting of the vast amount of information produced based on
the social relationships of users is not required. Starbird et al. [Starbird et al., 2010] pointed
out that unlike Wikipedia, content passed through Twitter is short-lived; therefore, it cannot be
discussed, verified, or edited. While most social media have places for interaction, interaction on
Twitter occurs in and on the data itself, and through its distribution, manipulation, and redis-
tribution. Information is part of a life cycle of generation, derivation, synthesis, and innovation
that combines skills with information production to shape the information space [Baek et al.,
2013]. Because of the unique characteristics of information interaction, information diffusion is
determined by its users who decide what is valuable and what is not.

The societal context of risk perception measures during the disaster was examined based on
Twitter data from public who addressed their conditions through social media. It contains both
cross-societal and local context. With regard to local context, Twitter corpus includes informa-
tion regarding locations of users and times when users tweet with their mobile communication
devices. Twitter provides information valuable in understanding the areas affected by a disaster.
Baek et al.[Baek et al., 2013] pointed out that risk information disseminated by the government
and news media tends to ignore the local context, as evidenced by the fact that crisis commu-
nication geared to the local level had not been observed in prior disasters. Communication by
means of social media can overcome this problem. Another feature of Twitter corpus is that it
contains very little lexical redundancy in a single tweet and the distribution of information is
rapid [Kireyev et al., 2009]. By investigating the contents of Twitter, it enables researchers to
capture the early phases of crisis communication. This feature also encourages the government
to utilize for distribution of information via Twitter (i.e., real-time risk information). Twitter
is a social media containing subjective assessment created by individuals, while newspapers and
Wikipedia are inter-subjective social media that publish information through cross-validation.
Therefore, this study considers Twitter corpus as an important means of information exchange
within crisis communication.

In the Great East Japan Earthquake, the status of disaster area was disseminated rapidly.
Just nine minutes after the first tremor of the earthquake, the Division of Emergency Manage-
ment in Kesennuma City, Miyagi prefecture (Twitter account name: bosai_kesennuma) dissem-
inated information via Twitter. Messages were spread by Twitter users who received messages.
Immediately, a large-scale chain of communication was created. In this way, the situation re-

garding affected areas became known and discussed instantly throughout the world [Kiyono, et
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al., 2013)].
5.3 Data
Table 5.1: The Outline of Sample Data
The Total number of Tweets
11-Mar 12-Mar 13-Mar 14-Mar 15-Mar 16-Mar 17-Mar Total
26099910 (27315744 | 23065384 | 25404539 | 25338601 | 24368393 | 22465493 | 174058064
The number of Tweets which include the word "HOUSYA (Radiation)”
11-Mar 12—-Mar 13-Mar 14-Mar 15-Mar 16-Mar 17-Mar Total
72986 378322 124573 141684 482370 372543 221830 1794308
The Total number of Literatures (TEPCO)
11-Mar 12—-Mar 13-Mar 14-Mar 15-Mar 16-Mar 17-Mar Total
11 30 28 27 25 22 32 175

Twitter data was provided by Twitter Japan via Project 311 (The Great East Japan Earth-
quake Big Data Workshop Project 311, 2015). It was collected over the seven days from March
11 (about an hour before the earthquake occurred) to March 17, 2011. Tweets posted during
those 7 days and also those written in Japanese were included. The data comprises tweet IDs,
user IDs, time and tweet contents. In this analysis, a 5% sample from the provided data was ex-
tracted randomly. Table 1 shows the total number of tweets in the sample dataset. As HOUSYA
(radiation) had been chosen as a word associated with risk perception in this analysis, Tweets
including the word HOUSYA (radiation) were chosen from the sample data. We carried out
the analysis only with tweets including HOUSYA (radiation). The number of tweets including
the word is given as data in Table 5.1. As a representative for the government regarding the
accident at the nuclear power plant, Tokyo Electric Power Company (TEPCO) was selected to
prepare announcements. TEPCO’s corpus was gathered through the webpage entitled ‘Press
Release’ subpage of TEPCO [TEPCO, 2011] and transformed as text data.

Figure 5.3 shows the time series for variations in the number of tweets in Japanese that
contained HOUSYA (radiation) during the 7 days after the earthquake. Following the explosion
accidents from the Fukushima Daiichi nuclear power plant, the number of tweets that included

the term HOUSYA (radiation) was significant on March 12. Tweets containing the expression
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Figure 5.3: Time Series of Variation of Volume of Tweets including HOUSYA (radiation)

again increased sharply on March 15, when a series of three explosion occurred at the nuclear

power plant. On the other hand, the total number of tweets did not change comparatively.

5.4 The Methodology and The Application

In this study, the application has been developed using the corpus of Twitter to measure
a level of anxiety by investigating risk perception during a disaster (Figure 5.4). To examine
anxiety levels of people and societies suffering from disasters, it is important to investigate
how people perceive risks during disasters. As emotional perception contains an investigation of
states and attitudes toward a specific subject, estimating semantic orientations of risk perception
strategies could be used as an indicator for anxiety. When the corpus is very large, it is important
to identify the semantic orientations of words automatically. In other words, it is necessary to
determine whether the emotional risk perception is positive or negative automatically. In this
study, level of anxiety was measured relative to risk perception determined by a list of semantic
orientations for Japanese proposed by Takamura et al. [Takamura et al., 2005] according to use
of the spin model (Figure 5.5). Terms representing risks or risk perception were extracted with

text mining technology. In this analysis, co-occurrence terms occur with the word denoting the
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Figure 5.4: Outline of the Application

risk were regarded as risk perception. As mentioned, the polarity of each term of risk perception
was weighed referring to the list of semantic orientations. Finally, Anxiety Index denoting
negativity for perception of riska ratio for risk and risk perceptionwas proposed as a possible
index for the quantitative measurement of anxiety. Thus, through a statistical analysis of data
from actual communications, it would be possible to detect the degree of the spread of anxiety.

Figure 5.4 shows the outline of the application. First, it was necessary to tag every term in
the text collection of natural language to apply computational linguistics or corpus linguistics.
In this study, Cabocha (a Japanese dependency structure analyzer) was used to produce Global
Document Annotation (GDA) tagging, which is processed language to be annotated and tagged
by attributes.

Second, topics of collected data were decided according to the TFIDF. They could be defined
as keywords or significant concerns of the public. Among terms with high TFIDF, HOUSYA
(radiation) was chosen as a topic related closely to risks originated from the Fukushima Daiichi
nuclear accident. A lot of Japanese people show high anxiety regarding the accident.

Then, the co-occurrence frequency of the term was extracted from the corpus to investigate
expressions or perception regarding the risk. Co-Occurrence Frequency is the frequent occurrence
of two terms from a text corpus. So, Co-Occurrence Frequency of terms such as radiation could
be presented as a set of two elements, Co-Occurrence term and frequency, which is counted
if it occurs with the term radiation in a sentence. The co-occurrence terms were categorized

as positive, negative, and indistinguishable words according to the list of semantic orientations
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[Takamura et al., 2005]. Terms labeled as negative words are considered as negative perception
regarding the risk.

Finally, measuring anxiety was achieved by applying an Anxiety Index, represents how neg-
atively people estimated the risk.

In the analysis, We apply the Anxiety Index to the corpus of governmental announcements

and Twitter data to evaluate anxiety levels of governmental agencies and citizens.

5.5 Measuring Anxiety using Anxiety Index

To measure the level of anxiety using the Twitter corpus, an Anxiety Index has been proposed
that represents the degree to which a risk (e.g., earthquake, tsunami, or radiation) is perceived

negatively. The proposed Anxiety Index is defined with the Equation below 5.1 .

COFN

Anxiety Index =
nziety Index TF

It is defined as the ratio of term frequency (T Fjqgiation) Of a concerned risk to co-occurrence
frequency of negative terms (COFy ). Co-occurrence terms are classified as a polarity (positive or
negative) of terms according to semantic orientations|Takamura et al., 2005]. As co-occurrence
terms are considered as a risk perception of a concerned risk, anxiety level is decided by quantity
of negative co-occurrence terms per term frequency. Even if the crisis communication corpus
were to include numerous references to HOUSYA (radiation) (7'Fqdiation) and negative percep-
tion terms (COFy) were not great, people’s anxiety levels for HOUSYA (radiation) would be
interpreted as relatively low. On the other hand, even if the crisis communication corpus were
to include only a few references to the term, a risk perception with a greater amount of negative
terms would indicate that anxiety levels about HOUSYA (radiation) were relatively high.

By utilizing the Anxiety Index proposed, Figure 5.6 shows the co-relationship between anx-
iety and time of Twitter corpus.

In this study, COFy with HOUSYA (radiation) were counted for each of seven days. To
analyze the co-relationship between anxiety and time, we applied the Anxiety Index for anxiety
variable y and set a time-serious variable x € (1,..,7) as a day. Thus, the co-relationship

could be stated formally as a linear regression model. In the figure, the regression coefficient of
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Figure 5.6: Time Series Variation of Anxiety

government (TEPCO) is 2.1493; it is positive and its coefficient of determination (R2) is over
0.8. That means government (TEPCO) anxiety regarding ‘HOUSYA (radiation)’ increased as
time passed. On the other hand, Twitter’s regression coefficient was negative, but its R? was
low. It means the co-relationship between anxiety levels of Twitter users and time was not
significant.

To illustrate what terms were included in co-occurrence terms, Table 5.2 shows the 40 highest
ranked co-occurrence frequency terms which is negative for both TEPCO and Twitter. In judg-
ing or assessing ‘HOUSYA (radiation)’, TEPCO tends to use scientific terms such as ‘BUSHITSU
(material object)’, ‘HANDAN (decision)’, and ‘CHOUSA (investigation)’. On the other hand,
Twitter users tend to use terms related to emotional and safety, such as ‘BYOUIN (hospital)’,
‘JINTAI (human body)’, ‘SINPAI (worry)’, and ‘KOWAI (feel fear)’. This table represents that
anxiety was not conveyed through TEPCO announcements, even though negative terms were
used. On the other hand, Twitter users’ terms expressed their anxiety.

To deepen the investigation, terms were examined individually. Among the 40 highest ranked
co-occurrence frequency terms, six terms were observed mutually: ‘BUSHITSU (material ob-

ject)’, ‘HOUSYUTSU (release)’, ‘EIKYO (influence)’, ‘SOKUTEI (measurement)’, “TSUJYO
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. ATAI |5 GAIBL o5 KUIUKI e JISYOLU
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g \ \ 18 2q 36
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(taking measures) (exhaust air) {confirmation) (regulation)
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(decizion) {surround) (in—plant) (disaster)
10 SHII:(ICHI 50 JIKEM 0 O KLUG AL 40 TOKIUTEI
(site) (test) (out of doors) (pamc ular)
Twitter
1 EUSHIT=U » LEVERU 51 SAGYD 1 EAAl
(material object) {leweal) (work) (caze)
5 JISHIMN » HISAL 55 KI 90 ASHITA
{earthguake) (disaster—affectad) {mind) {tomorrow)
q JYQUHD LU 19 HIG Al 57 JIKG 19 FANSORU
linformation) (damage) (accident) (ohservance)
EIKYOU FAMNDL GEMSHIRY DKLU HITsU oL
4 , 14 , 24 a4 .
(irfluence) (possible) (nuclear power) (necessity)
TSUJYD S0OKIUTEIL KIKEM GEMNZ Al
] 15 25 35
(usually) (measurement) (danger) (present)
6 TEIDEM 16 KO AT o6 JIMTAIL 96 Fo AR LINIMN
(hlackout) (feel fear) {human body) {confirmation)
2 AR 17 MY LISU 57 GIJYUTSU 99 BY QLN
(o) (news) {techniqus) (hospital)
HIMAM SINPAIL OSE,N EUSHI
8 18 28 (pollution) 38
{escape) lwormy) (goods)
5 OMNSEMN 15 sU 54 KIBGLU 15 HOUSYUTSU
(hot spring) (prime (element)) { hope) (emission)
FAKUSAMN BAKLUHATSU HODO NOUDO
10 , 20 40 .
(spreading) (hlast) (press report) {concentration)

Table 5.2: 40 Highest Ranked Negative Co-Occurrence Frequency Words
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(usually)’ and ‘GENSHIRYOKU (nuclear power)’. Among these terms, ‘EIKYO (influence)’ and
‘SOKUTEI (measurement)’ were selected excepting terms with similar meanings or grammatical
co-occurrences with ‘HOUSYA (radiation)’, such as ‘nuclear power’ and ‘material object’, as well
as terms not directly related to ‘HOUSYA (radiation)’, such as ‘release’ and ‘usually’. Figure
5.3 and Figure 5.4 show the time series changes of co-occurrence frequency of these words. In
TEPCO’s announcement, co-occurrence frequencies of these terms decreased after March 14,
while the daily changes in occurrence frequency showed a different pattern. TEPCOQO’s anxi-
ety level had not decreased necessarily, but it seems that TEPCO had become silent regarding
‘HOUSYA (radiation)’. In contrast, co-occurrence frequency increased for both terms on Twit-
ter after March 14 (see Figure 5.4) which is same pattern of the number of tweets including
‘HOUSYA (radiation)’. It seems risk assessments of twitter users were influenced by Twitter
users’ utterance pattern about ‘HOUSYA (radiation)’. In order to overcome the utterance pat-
tern of Twitter, it is necessary to improve the measurement of anxiety levels. For instance, if
tweets of users usually contain some words on a routine basis and use of these terms suddenly

stops following a disaster, an expressive disaster-contributing anxiety can be identified.

—8—-SOKUTEI(measurement) -e-EIKYO(aftermath)

COF (SOKUTEI) COF (EIKYO)
15 8

- 6
10 v

- 4
5

-2
0 0

11-Mar 12-Mar 13-Mar 14-Mar 15-Mar 16-Mar

Table 5.3: The Time Series Variation of Co-Occurrence Frequency with ‘HOUSYA
(radiation)’ (TEPCO)



5.6. IMPLICATION 92

—8—-SOKUTEI(measurement) -e-=EIKYOU(aftermath)

COF (SOKUTEI) COF (EIKYO)
1600 3000
1400 5500
1200
1000 - 2000

800 1500

600 - 1000

400

500 - 500
0 0

11-Mar 12-Mar 13-Mar 14-Mar 15-Mar 16-Mar 17-Mar

Table 5.4: The Time Series Variation of Co-Occurrence Frequency with ‘HOUSYA
(radiation)’ (Twitter)

5.6 Implication

As explained, Anxiety is defined as an important emotional sensation in crisis communica-
tion, because anxiety is one of the significant factors that cause people to organize an unrea-
sonable or irrational information process in disasters. Using quantified measures to perceive
changes in anxiety levels, therefore, is essential to policy making. With the anxiety index, we
could visualize the different pattern of the risk perception between the organization and the
public. From the result of the analysis, risk perception of the public shows insensible changes
compared to that of organization, even though the objective level of hazard rise to higher level.
The risk perception of the public does not simply depend on the objective level of hazard. It
is crucial that organization such as government who is a main information provider in disasters
understand that the public who receive the message assess the risk based on their own risk

perception which is not only based on objective facts.
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5.7 Conclusion

This study has proposed a methodology and application for measuring anxiety in a disaster,
based on corpus linguistics and a combination of text mining methods. In the analysis, the
contents of crisis communication were investigated using Twitter data collected during early
phase of the Great East Japan Earthquake. Measurement of anxiety was achieved by estimating
the risk perception of Twitter users with the Anxiety Index, which was proposed in this study as
an indicator of negative risk perceptions regarding the Great East Japan Earthquake. Anxiety
levels of the public did not show clear fluctuations, while that of TEPCO’s announcements
changed noticeably.

By utilizing proposed methodology, the sentiment of the public could be evaluated. If the
government perceives the public sentiment appropriately, it would help them to provide proper
risk information to the public.

However, results of this study leave more to be investigated and answered. It is a limitation
of our study that the analysis proceeded with Twitter data was restricted to only the seven days
immediately following the disaster. For a more precise measurement of public anxiety, it would
be necessary to examine a longer period. Also, our methodology needs improvement. First,
data-mining techniques identifying topics and co-related terms are inadequate when applied to
a corpus such as Twitter data, which is comprised of a superabundance of short sentences gen-
erated by different individuals. Second, the criteria used for determining the polarity (positive
and negative) are established to apply to standard Japanese and do not cover the non-standard
words (e.g., clipped words, repeated letters, or neologisms) used on Twitter. Many words are

therefore omitted in the analysis.
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Chapter 6

Conclusions and Future Research

6.1 Conclusions

In this research, we examine the risk assessment of the public who is one of the key participant
of the crisis communication during the Great East Japan Earthquake by means of Twitter corpus.
We apply Topic models to clarify the contents of the communication. In chapter 4, the result
shows that people’s concerns are changing and diversify as the situation changes, but in the
same time, we could also find that there are an underlying emotions people have regardless of
situation changing which is ’anxiety’ regarding the risk 'radiation’. In chapter 5, we evaluate the
"Anxiety’ of the public using "Anxiety Index’ that we propose. And we examine the co-relation
of Anxiety and time, the results shows insensible changes compared to that of organization, even
though the objective level of hazard rise to higher level. It implies that the risk perception of
the public does not simply depend on the objective level of hazard.

So, Announcement toward the public usually contains only the objective facts that explain
the disaster situation of the stage. However, for the public it sometimes intractable to understand
the contents especially when they have to handle extremely complicated risk such as nuclear
plant accident. And also that’s why the public rely on the announcement of the organization
such as the government.

Organizations as a provider of the risk information in disasters, it is crucial that they pro-
vide information embracing the concept of potential risks to conduct the crisis communication
effectively.

In a brief manner, we summarize every chapter in this dissertation as follows.

In chapter 2, we examine the necessity of the sentiment analysis to investigate the crisis
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communication and availability of Twitter data as a representative social media in the recent
disaster. since the new type of news media contains the local context and individuals level
of communication which never observed in pre-existing communication, it have changed the
traditional structure of communication. According to the several researches related to crisis
communication with Twitter, it could have dual-aspect. One is reinforcing the communication
between the stakeholders in our society most importantly the public and the government. On
the contrary, it also have a aspect of disturbing their interaction. From the point of view of con-
sidering Twitter as a tool for information distribution for the public, especially, in emergencies,
the ’emotion’ turns out that the most crucial factor motivating the public to make the emotional
atmosphere which is the stream of gathering and interacting in society such that was shocked
by catastrophe.

For investigating the emotion of the public using Twitter data, we explained some unique
characteristic of information interaction in Twitter and its adaptability to analysis of crisis
communication. We reviewed other researches that developed the methodologies and application
tools to demonstrate the co-relation of emotional statements and information diffusion using data
collected from social media. As we deal with the text data, we explained topic models such as
TFIDF and LDA which is promising method for analysis of disaster-related Twitter data.

In chapter 3, we investigate the actual crisis communication in The Great East Japan Earth-
quake and The Fukushima Daiichi Nuclear Disaster. People who are in disasters, use Twitter
to describe the events or accidents that is happening or happened just before. In addition, it it
observed that they apply twitter as a tool for delivery of information that originally created by
group of experts or official organization. It indicates that as they retweeted, they distributed the
information by themselves without the media. As for government organization who play a role
as a information provider in communication, the contents of information they provide usually
depend on concern risks that they are encounter with. So, the contents of central government
covered disaster risks such ‘radiation’ which affected broadly across wide areas, while local gov-
ernment focusing on specific risks such as ‘tsunami’ that they are faced with. As there was
no a clear correlation between the number of tweets and retweeted, it is necessary to consider
other elements such as a preformed network which is constructed before the disaster occur to
investigate process of delivery of information in Twitter.

In chapter 4, to facilitate efficient communication in the event of a future catastrophe, it is
important to clarify concerns of each participant of communication.

In this chapter, we investigate the concerns of the public in The Great East Japan Earthquake
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who is one of the important participants in communication. We shows variety concerns and how
those concerns are changing in disaster. We develop the application to figure out what kind of
concerns the public have during the disaster.

For applying LDA model to Twitter data. With LDA model, we examine the contents of
utterances in the Twitter corpus by applying LDA algorithm, which identify topics of Twitter
corpus by estimating the latent variables of data collection.

Various kinds of concerns have been observed during 7 days. People’s concerns diversify
as time goes, especially from March 12 when significant explosion from the Fukushima Daiichi
nuclear power plant occurred. The public’s concerns changes as the disaster situation changes,
but in the same time, there are underlying concerns that unlikely changes which is ’anxiety’
regarding radiation issue.

In chapter 5, This study has proposed a methodology and application for measuring anxiety
in a disaster, based on corpus linguistics and a combination of text mining methods. In the anal-
ysis, the contents of crisis communication were investigated using Twitter data collected during
early phase of the Great East Japan Earthquake. Measurement of anxiety was achieved by esti-
mating the risk perception of Twitter users with the Anxiety Index, which was proposed in this
study as an indicator of negative risk perceptions regarding the Great East Japan Earthquake.
Anxiety levels of the public did not show clear fluctuations, while TEPCQO’s announcements and
the Twitter corpus, anxiety expressed by the government changed noticeably.

By utilizing proposed methodology, the sentiment of the public could be evaluated. If the
government perceives the public sentiment appropriately, it would help them to provide risk

information to the public.

6.2 Topics for Future Research

Each of analysis results of this study leave more to be investigated and answered. It is a
limitation of our study that the analysis proceeded with Twitter data was restricted to only the
seven days immediately following the disaster. For a more precise measurement of public anxiety,
it would be necessary to examine a longer period. Also, our methodology needs improvement.

For more accurate observation in analysis on changing topics as time goes, it is necessary to
examine a longer period to know the feature of fundamental concerns ’anxiety’. It is necessary to
investigate how the ’anxiety’ changes after the catastrophic condition to subside. To solve this

problem, we would like to improve the result with applying multiple LDA models to investigate
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longer period data. For concatenate several LDA models of each stage, Dynamic Topic Models
could be applied, which consider the prior distribution from previous stage in the model [Blei
and Lafferty, 2006][Fujimoto et al., 2013].

The data-mining techniques identifying topics and co-related terms are inadequate when
applied to a corpus such as Twitter data, which is comprised of a superabundance of short
sentences generated by different individuals. Second, the criteria used for determining the po-
larity (positive and negative) are established to apply to standard Japanese and do not cover
the non-standard words (e.g., clipped words, repeated letters, or neologisms) used on Twitter.

Many words are therefore omitted in the analysis.
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