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important communication channel on public opinions because they work a virtual
space to raise new public issues, discussion on these issues, make i rections on
them. With the recognition of the importance of soc |a ma terprises and
governments try to use social media as marketing ~ ipion sensing tools.
Nuclear power has become one of trending public @ Fukushima nuclear
disaster. Nuclear power is a double-edged sword Be€ause it is most efficient way to
generate electricity currently and it also has@;gerous tial risk such as radiation

Abstract \/’
Due to their popularity and rapid propagation capability, social med@%ﬁécome
a“main

leakage. Governments and policy makers,n onitor c opinion on nuclear power
continuously because it can be chang d events. In this study, we aim to
propose an approach to sense publlc@ns 0 power and to analyze their trend
based on opinion mining technigu 0 we pr a measure to trace the changes on
directions of public opinion on& ar pp To show the usefulness of the proposed
approach, we had gathered t on nu wer in Korean from 2009 to 2013. After
classification of tweets fr 009 to entlmental dictionary including positive and
negative terms had be tructe erformance testing using tweets from 2012 to
2013 showed thatt oSed ap h can be applied in practice.
Keywords: Pu |n|0n M\é ntiment Analysis, Nuclear Power
1. Introdu

Due to the inter s@d popularity of social media such as Twitter and Facebook, the
boundary betwee orld and virtual world became ambiguous, and they are used as tools
for expressing personial opinions and information sharing on social issues including politics,
economics,\%we, and government-related issues. Social media has also changed the role of
formation consumers to prosumers who can initiate new issues and influence
the dir, of public opinions. However, as a shadowy aspect of social media, there are
backs on online public opinion on social media such as fraudulent and biased
es, witch hunting, extrusion of personal information, and information distortion on
social issues.

Social conflict levels within countries can be influenced by social media in the countries
which have matured internet infrastructure such as Korea, EU and USA. In the case of Korea,

social conflict level is ranked as the second among 27 OECD countries in a cross-country
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survey on social conflict level in 2010 [22]. The economic loss due to social conflict in Korea
is estimated as 7.5 ~ 22.4 million US dollar. If social conflict level in Korea can be reduced
by 10%, it is estimated that GDP per person can be improved additional 1.8~5.4%, and if that
can be reduced as the average of OECD, GDP improvement is estimated as 7~21%. Also, the
countries which have weakness on conflict management have limitations to overcome
economic risk and recession and to deploy policies [20]. So, many governments have interests
on social media as spaces for communication and participation of citizens and strategic tools
to deploy country policies [7]. Based on such needs, there are related researches on public
opinion trend analysis, information diffusion analysis, and election prediction [12], [26].

Nuclear power is a country-level political issue in many countries. Some people focus on
the economic benefits of nuclear power, but some people highlight risks of nuclear power. To
construct nuclear power facilities, governments need to make consensus nationwideyand
agreement from people who live in adjacent areas of intended construction pla V
and deploy long-term national nuclear power policy, government officers negerto\gense and
monitor public opinions on nuclear power. Without such efforts, the cost t@ e related
conflicts can grow seriously. Traditional survey-based puhli im’on on nuclear
power has limitation in terms of cost and time delay. Socj e a-b sed on monitoring
can be complementary approach for the traditional a aeh [%, 8].

In this study, we aim to suggest and verify publi @ ion ap Wn nuclear power. To
[ISE tweetsx uclear power’ issue in

show the usefulness of the proposed approach,
Korea from 2009 to 2013. Tweets from 2009( %/\2011 ar d to construct a sentiment
2013 arengfSed to test the performance of

dictionary on nuclear power and those from

the proposed approach. Also, a measure ar Opinion Index) is proposed to

trace the temporal changes on pu ic n on power. The paper is organized as

follows. In section 2, we will @Sues on nu power generation and literatures on

public opinion mining on soci I In sectl@ the proposed approach will be suggested.
th

Section 4 presents experimental™esults to e usefulness of the suggested approach.
Section 5 will include som clusion and further research issues.

L 4
2. Issues on Nud@)w r %

Korea is aergy depe t country. For example, the total annual cost of energy

import is est
million dollar

currently and it jasvadvantages on low greenhouse gas exhaustion. However, it has fatal
potential f radiation exposure. Chernobyl disaster in 1986 and Fukushima Daiichi
nuclear di&h 2011 show the impacts and drawbacks of nuclear power. Other weaknesses
of nuclea wer are high construction cost, difficulties in waste disposal treatment, and
d I cost. Especially, after Fukushima nuclear disaster, citizens in Korea feel a growing
s%( insecurity on nuclear power. In addition, negative news such as stops of operation of
nucl&r power plants and corruptions related on nuclear power increase negative emotion on
nuclear power.

Traditionally, public opinion monitoring has been performed using survey-based approach.
It is time consuming and expensive. Also, respondents may not have enough information and
interest on topics. In addition, there is possibility to express uncertainty on their intention by
way of passive participation. In practice, a survey result by a Korean institution in 2011
showed that 27.5% of respondents felt unsafety of unclear power, 31.0% of them distrusted
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government on nuclear power issue, and 35.2% of them did not support government nuclear
power policy [28]. However, another survey result by a foreign institution is quite different.
By a survey of Asahi newspaper, 70% of Korean thought that nuclear power is unsafe, 89%
of them did not trust government on nuclear power issue, and 64% of them did not support
government nuclear power policy [32]. The two cases show that the survey results can be
changed by the intention of survey institutes and sampling method. So, in this study, we try to
propose complementary way to monitor public opinion on nuclear power using social media.

3. Public Opinion and Social Trends

Due to the popularity of social media, the power on policy decision making is shifted from
mass media and major politicians to citizens. Social media can work as new cheap direct
communication channels between governments and citizens. So, there are trials tQus ial
media as new tools to establish public agenda setting and to evaluate the re I%olicy
execution. For example, USA government established ‘Cash for Clunkers Pr@T in which
government supported car renewals as an economic activa%mlicy i he initial

planned execution period of the program was 4 months an vernm ared required
budget based on rough demand forecasting. However, d hé un good response,
the budget was exhausted within one week and the ent nBeded,¥0 prepare additional
budget in a rush. However, Google predicted the respeag/level ba the number of related

terms in Google search, and forecasted budget
predicted the need for additional budget, a ly [4, 3 additional, there are many
researches to sense and monitor social tr d publj inton using social media [6, 23].
Some researches focused on political res ietion based on Twitter information
[2, 3], and others aims to monitor c&xer senti a certain brand [33]. Another study

ased ometweets on movies [13, 14]. Based on online

tried to prediction movie perfor d
search behaviors, there are “teals to trac; ase and disasters [29], and to predict

ustion, tipte, Base on the results, Google

unemployment rate in US ]. Publi nigyT monitoring using social media can contribute
to reduce social cost improve quality of citizens’ lives based on systematic

monitoring and acc%\ rédiction o,%cial trends [7].
4, Opinion& a
As a part t mini g’wion mining refers to the use of natural language processing,

text analysis and co nal linguistics to identify and extract subject information from
source material. part of opinion mining, sentimental analysis tries to measure
emotional score@ﬂce documents, which include classification of positive or negative
documents [5]. Even though traditional text mining tries to find relevant ‘facts’ in source
documents%v&on mining challenges identifies ‘attitude’ of authors on certain subjects and
issues [1

jon mining, various techniques can be applied depending on characteristics of texts
a% ages. In the case of Korean language, it is difficult to identify positive or negative
senteyices because there are difficulties in identifying sentence structures using morphological
analyzers, and emotional directions could completely change based on context and combined
ending [19]. Many opinion mining studies mainly use the number of word frequencies
regarding grammars, and try to build sentimental dictionaries to meet a certain context and
purpose [8, 9, 34]. Some researches classify based on sentence structure, relationships
between sentences, patterns on sentence component using PMI (Pointwise Mutual
Information), Navie Bayes, and SVM (Support Vector Machine), and try to apply general
term dictionaries such as WordNet and SentiWordNet [9, 16, 24, 25, 36]. Natural language
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processing techniques based on machine learning are studied in computational linguistics, and
made progresses in morphological analyzers, sentimental analyzers, and sentimental
ontologies [1, 17, 18, 21, 31].

5. Proposed Approach and Experimental Design

The proposed procedure for public opinion mining on nuclear power consists of four
phases: (1) crawling and cleansing on social media data, (2) sentimental term extraction, (3)
construction of a sentiment dictionary, and (4) tweets sentiment classification. The detail of
such experimental procedure is shown in Figure 1

- Sentimental Term *
Twitter Extraction V
Crawling -
StOp Words Training Sentiment
Elimination Data Set dictionary
Tweets Stemming
Mo/l;ph(;loglcal Tes Tweets Sentifént N P];rf(;rmtz}nce
Tweets i Data c& il vauation
Cleansing POS Tagging . \%

Figure 1. {%nme% ocedure

5.1. Crawling and CleansmgA@lal N@Data

In this study, we gathergel, Korean tyweét m 2009 to 2013 which include ‘nuclear’ or
‘nuclear power’ in Kore a crawli ol, LocoySpider®. Twitter, with its great number
of users having di é&pmlon real time update, is a useful tool to sense public
opinion [15].

Among the.etdwled tweet, irre ant tweets are identified and removed for next analysis.
Also tweets @ ticles and tweet from government institutes are removed
because our purpose is entify social opinions rather than government announcement.
Finally, the final data sists of 237 tweets in 2009, 914 tweet in 2010, 5,705 tweets in

2011, 5,081 twee% 2, and 4,655 tweets in 2013 ( refer Table 1 and Figure 2).
ble 1. Number of Tweets by Month (2009~2013)

b. | Mar. | Apr. | May. | Jun. | Jul. | Aug. | Sep. | Oct. | Nov. | Dec. | Total

% - 2 2 7| 16| 23 46| 33| 20 25 63 | 327
10 [V 67 8 9 7 17| 34| 82| 106 | 111 | 120 | 198 | 155 | 914

11 | 309 | 359 | 1874 | 740 | 448 | 241 | 191 | 170 | 226 | 355 | 424 | 368 | 5705

12 | 334 | 458 | 676 | 245 | 248 | 412 | 761 | 625 | 457 | 297 | 371 | 197 | 5081

13 | 198 | 206 | 423 | 534 | 463 | 672 | 553 | 585 | 328 | 510 | 183 - | 4655

3 www.locoy.com
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Figure 2. The Number of @
The number of tweets on nuclear power is relati a in ere were three good
news on nuclear power in Korea during 2009 and_20 efer abl Flrst on December 28

2009, there was the first nuclear power plan rt to » There were two additional
export news in 2010. The most important)st uring th iod was Fukushima nuclear
eelSIn

accident in March 2011. The number of g 11 made a peak. After the event,
mit ¢ in 2012 and several bad news on
ts durlng and 2013. Depending on the events,

there wss a good news (Nuclear Securj
Due to Korean Ia aract ristics mcludmg many variations on roots, importance of

stops of operations at nuclear po
the monthly tweets made fluc@.
distinguish postp03| d compound nouns with space, natural language

5.2. Sentimental term Ex ion
processing in K o more d an that in English. Especially, in social media, users
use compos and |at|ons more frequently, and include many sentences which
do not foIIo mar r |t requires more effort to extract sentimental terms in social
media. In thls study, e text mining package tm* in R and KoNLP (Korea Natural
Language Proces%s ich provides functionalities to parse Korean sentences.

e\l

ortant Events on Nuclear Power during 2009 and 2013

\
A@ date Event
WO9 December 27 First nuclear power plant export to UAE
) :
2010 March 30 First research nuclear reactor export
contract to Jordan

* Ingo Feinerer [aut, cre], Kurt Hornik [aut], Artifex Software, Inc. [ctb, cph] (2014). tm: Text Mining Package. R
Package Version 0.6. http://CRAN.R-project.org/package=tm

® Heewon Jeon (2013). KoNLP: Korean NLP Package. R Package Version 0.76.9. http://CRAN.R-
project.org/package=KoNLP
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MOU on nuclear power plant between

June 15 Turkey and Korea after a summit
meeting
2011 March 11 Fukushima nuclear accident
March 26 and 27 Nuclear Security Summit
2012 July Stop of operation at Youngkoyang

nuclear power plant

Stops of operation at nuclear power

2013 March, August, and November
plants

Potential sentimental terms are extracted though stop words elimination, s mming
morphological analysis and POS (Part of Speech) tagging. In stop words elim t| he
special characters such as twitter tags (for example, ‘@’ and ‘#’), punctuat y URL
(started with ‘http://’), and numbers are removed as stop words Finally, uns are
extracted potential sentimental terms.

In the previous study, nouns and emoticons are more
than adjectives due to the limitation of the number of.che rs in T ittep [19]. Also, in our
case, representative nouns such as ‘export’, ‘s afi drsaster are used
frequently to express users’ emotion. These are the TeaSons Why on3|der nouns first as

Iy use press emotion

potential sentimental terms. Q
The followings are several examples pf h-transla eets. First two tweets are
examples of positive tweets, and the next ets e@atlve tweets.

(1) a. “South Korea has a h f nucle ty systems” http://XXX/XXXXX

b. “Do you know tha 1c of' Korea exports ‘nuclear technology’ as
well as ‘nuclear safety htt

(2) a. #xxxx @m *ety ignorance of nuclear, more serious than

Fukus
b. It 1 of than@ar mafia!” RT@XXXX
5.3. Construction timent Dictionary
Sentimental ¢ ication is usually based on the number of positive terms and negatives

dictionary, e construction of sentimental dictionary is an important part in sentimental
analy ious constructed sentiment dictionaries can be used or a new sentiment
% can be constructed using gathered sentences [27]. In this study, we use latter to

terms in sentences.”The referential positive terms and negative terms are stored in sentiment

ontexts of nuclear power domain.
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Table 3. Example of Terms in a Sentiment Dictionary

Polarity Terms

Safety, Export, Creative, Clean, Economic, Powerful Nation, Clean
Positive Energy, Respect, Profit, Green Growth, Advanced Country,
Technology, Excellent, Green, Alternative Energy, Efficiency......

Disaster, Ignorance, Nuclear Power Mafia, Unrest, Radiation Leak,
Fraud, Irresponsibility, Destruction, Tsunami, Opposition,
Impeachment, Suspicion, Corruption, Conceit, Opacity,

Imprisonment, Dilemma, Catastrophe, Scapegoat....... \/

Negative

The tweets from 2009 to 2011 are used to construct a sentimental dictiopary.j)Nouns are
extracted after potential sentimental term extraction. Thr an eva e classified
positive, negative, and neutral terms separately. The te i in positive or
negative terms by all of three evaluators are finally I negative terms.
The number of positive terms is 1,012 term and that
We can find that the number of negative terms ixa sitive terms.

5.4. Tweets Sentiment Classification

The tweets between 2012 and 2013 ed to, the performance of sentimental
classification. Sentimental classmca n bas %sentlmental scores of tweets. The
sentimental score of a tweet is a d bas d the number of positive terms and the
number of negative terms in q/ . The* of sentimental score is between -1 and 1.
Tweets are classified as positive tWeets \entlmental scores are greater than 0, and as
negative tweets when thos less thaﬁgr e tweets with 0 sentimental scores which mean
that there are no positi/eNerms and*eg ive terms, or the number of positive terms and

negative terms are th\%@ I Q
OQ %@itive_tems(t))—N(Negative_terms(t)) M
=il -

sitive_terms(t)) + N (Negative_terms(t))
Sentimenta I_Sco@' when N (Positive_terms(t)) + N (Negative_terms(t) #0

O O% 0 otherwise
Q
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6. Experimental Results

The performance of proposed approach is tested using tweets between 2012 and 2013. The
prediction accuracy is shown in Table 4. In the case of positive tweets, accuracy rates are
51.57% for 2012 tweets and 50.55% for 2013 tweet. Accuracy rates on negative tweets are
relatively higher than positive tweets. It is 61.19% for 2012 tweets and 64.08% for 2013
tweets. However the accuracy rates on neutral tweets are relative lower those on positive or
negative tweet. It is 38.96% for 2012 neutral tweets and 21.67% for 2013 neutral tweets. The
reason is that we focus on positive or negative tweets and construct only positive and negative
dictionaries without a neutral dictionary.

Table 4. Sentimental Prediction Accuracy

‘?\/’
2012 2013 r'A

Sentiment
Accuracy Rate No. of Tweets AC{L@ Rate b weets
Positive 51.58% 948 0\)0.5% 991
,\ - V.
Negative 61.19% 206&_) W 2289
Neutral S {d@e ‘\'%1.67% 1375

7. Public Opinion Index of Nuc{@owg&g

iniolt on nuclear power, we define Nuclear
). NOI is determined based on the number
eets of the month. Based on NOIs, we can
power at a specific period.

To trace the temporary chan s@)ublic
Opinion Index (NOI) as follo fer <form

of positive tweets, negative.tweets, an
trace the change of publi on on nu
*
Q ositive_tweets(m)) — N(Negative_tweets(m)) 2)
NuclearO ndex 100+ 100
p (8®3 N(Total_tweets(m)) ) "

Figure 3 shov@hanges of NOIs during 2009 and 2013. Based on a positive news on
export of nuclearstechnology, public opinion on nuclear power was positive until 2010.
hl

However, it d to negative from Fukushima Daiichi nuclear disaster and was still located
in negati the end of 2013. The NOI chart visualizes the changes of public opinion on

n%a@ er.
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Figure 3. Changes on Monthly Nucl&{%inic@(
8. Conclusion and Future Research Is UQ \\/

Social media advanced as new communicati annels ublic opinion because they
are open to many citizens, easy to use, and des onlirg discussion mechanisms. Attempts
to use social media to monitor public o ﬁ are ji \%@'Stages of studies and practices. In
this study, we proposed and evalu appro% monitor public opinion on nuclear
power using a representative socal 1a, Twitter. We constructed a sentimental dictionary
with positive and negative te ing tweé een 2009 and 2011. Sentimental score is
proposed to classify tweets sentiment o power. Based on sentimental score concept,
we tried to classify twe tween Z%d 2013 to show the usefulness of proposed
approach. The classificdtion accuracy\rates on positive and negative tweets are acceptable.
Also, in order to trax porar s on public opinions on nuclear power, we proposed
NOI (Nuclear QpiQion Tndex) a;ﬁy 0 aggregate tweets’ emotions in a certain period. The
chart of NOI 00940 showed the changes of public opinion reflecting important
events on nuctear’power Fukushima Daiichi nuclear disaster.

Traditionally, surv
power, which is e

d approach has been used to monitor public opinion on nuclear
e and has time delays. Opinion mining approach based on social
media contents vide complementary approach, which is relatively cheap and with no
time delays. Even®though we focus on public opinion on nuclear power, the proposed
approach asily applied to other public opinion cases.

The research issues are as follows. First, in this study, the sentiment dictionary is
copstr based on evaluation of human evaluators. So, it is necessary to minimize human
e%ors’ participation and to automate sentiment dictionary building process. Another
limitetion on sentiment dictionary is that it is static. To reflect changes on social issues,
sentiment dictionary needs to have self-evolution mechanism. That is, it is necessary to
develop automatic update mechanism of sentiment dictionary based on new contents on social
media. Secondly, in this study, we only used rooted nouns as potential sentimental terms
because they are the most important structural components in tweet sentences. We will try to
include other parts of sentences such as verbs and adjectives as potential sentimental terms.
Also, it is an interesting research issue to apply the proposed approach other social media
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such as online communities and news sites. Finally, country level comparison on public
opinion on nuclear power is also an interesting research topic.
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