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Keywords: ABSTRACT
Twitter Humans are social beings and they loved to comratmiwith each other.
Sentiment analysis With the transformation of communication nowadag®pgle interact using

social media such as Twitter. Even Indonesian gessiand political figures
used twitter to express their feelings, emotiorentisnents) and ideas of
different aspects every day. We interested to fintithe feeling or emotion
(sentiment) of Indonesian president based ontiglitie. Our application can
determine @SBYudhoyono's timeline. We used thressels of sentiment:
positive, negative and neutral. Model that usetbtermine timeline sentiment
comes from our previous research. We found a gesdltrwith accuracy 79,
42% on collected timeline testing set. By using application we found that
Indonesian president timeline dominated by nesgatiment.
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1. INTRODUCTION

Twitter has become a phenomenon. It is becomiaggest micro blog with 106 million accounts and
180 million unique users every day in April 2010nMTter Chirp Conference 2010) and this statisticeve
growing. Even the Indonesian president and polifigaires used twitter to express their feelingsoéions
(sentiments) and ideas on different aspects evayy d

Twitter also becomes a political phenomenon. Maalitipal revolutions in the last year are initiated
by tweet and made several countries in Middle Baserated a temporal regulation to control traffita on
Twitter. A number of young social media activistayifor almost two years, exchanged information via
Facebook and Twitter also helped to initiate theohation [1]. There were a number of individual isists
with sufficient knowledge of social media resouredw helped bring the revolution to life. Thesenasts
created Facebook groups, personal blogs and Taitteyunts to engage supporters and followers aqudson
on current conditions in Egypt [2]. According tetRew Internet and American Life Project, six in &S.
internet users, nearly 44% of American adults veetiine to get news or information about politic2id08.
Additionally, Americans are taking an active ratethe online political discourse, with 20% of intet users
contributing comments or questions about the palifprocess to social networking sites, blogs beobnline
forums [3].

On the other hand, several political figures, cesgman even the president are using Twitter as thei
social media for campaign, communication media,news center media. Indonesian President, Susilo
Bambang Yudhoyono also used Twitter. His accourfwitter is @ SBYudhoyono and tweeted since 13 April
2013. This research is a preliminary research dleioto gain timeline sentiment of Indonesian presicand
how it correlation with others account. In this Iprénary research we want to know what the majority
sentiment of president timeline is.

Opinion mining or sentiment analysis is a compotal research about opinion, sentiment and
emotion expressed in text [4]. With the growth mternet using and social networking phenomenorgshlo
online review, (called user generated content) malaa source available for opinion mining become n
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longer limited. This made opinion mining becomingapular research topic nowadays in Natural Languag
Processing and web data mining.
2. RELATED WORKS

Research by [5] used machine learning to clagsifiyie reviews. These researches do sentiment
classification on movie review and determine if theiew was positive or negative. Movie reviews ever
extracted different features. The generation adsifacation model was used Naive Bayes and Supeutor
Machine (SVM). They got 78, 7% accuracy when usatv&Bayes on unigram. When used SVM on unigram,
the accuracy was 72, 8%.

Research by [6] used emoticons to build a traiseigof sentiment classification. Read collected te
contains emoticons from Usenet Newsgroup. Resdardb] did a classification experiment based oridop
dependency. For mixed topic on data training aidedhtopic on data testing, [6] got 84, 6% accurfmy
Naive Bayes and 81, 1% for SVM. Another classifmattopic, Read got 81, 5% for SVM and 78, 9% for
Naive Bayes when used domain dependency on seritotaesification.

Research by [7] used data source from Pang and be®vie review corpus, corpus gathered from
blogs, discussion blogs and other websites. [7d d&ve Bayes, SVM and Maximum Entropy for its migde
While many of the methods show encouraging resthiése are still challenges to be overcome whetyamp
them to data gathered from World Wide Web, esplgcfabm blogs. They demonstrated circumstances
improvements over states of the arts method fairaent recognition in texts are possible.

Research of [8] were trying to replicate moviegew sentiment classification experiment by [5] fo
Indonesian. They used machine translation toolsaieslate English corpus that made [5] into Ind@ares
Result of this translation used to train classifara Average accuracy that they got were 74,62¢d\five
Bayes and 75,62% for SVM. The best result was déingeswhen experimet were did in English.

Research by [9] proved that machine translation lmamused to generate a subjectively-annotated
corpus and to effectively train tools for subjeetanalysis by using SVM and Naive Bayes. [9] usedtihihe
Translation (MT) of manually annotated corpora, MfTsource language training, MT of target language
training data, MT of targeted language trainingad8T of target language test data.

Research of [10] and [11] also used emoticordier to make data labeled easier on English tweet
sentiment analysis. [10] classified tweet sentinogriiwo classes that are positive and negativésent class.
The accuracy was 81, 3% when used Naive Bayeg%0yhen used Maximum Entropy and 82, 2% when
used Maximum Entropy on unigram. [11] labeled cerpuith positive, negative and neutral sentimeassbs.
Training data in neutral class were come from tedaiglish news media account. They used Naive Bayes
with n-grams. The best performance when used bigram

Research of [12] used emoticon to build Indonesianpus and used Naive Bayes machine learning
with unigram with term frequency (Laplace smoothiagd TF-IDF to build classification model. Theeasch
built training corpora with three classes sentimtérdre are positive, negative and neutral. Thaltesebtained
an accuracy of 77,45% using term frequency withlaee smoothing and 75,86% using TF-IDF on teist se
that annotated by emoticons. The results of mayumiirked test set are 70, 68% for term frequendi wi
Laplace smoothing and 71,26% for TF-IDF. The accyraeasurement also used Support Vector Machine.
The results obtained an accuracy of 77, 79% usng frequency and 77,57% using TF-IDF. Accuracy of
Support Vector Machine is better than Naive Bayes.

Research by [13] perform a series of 3-class isemii classification experiments on a set of 2,624
tweets produced during the run-up to the Irish @&relections in February 2011. [13] also introddieenew
dataset of political tweets which will be made #adalie for use by other researchers. Each twediisrset has
been annotated for sentiment towards of politicdlty as well as for the presence of sarcasm. H$)
omitting the sarcastic tweets from its experimentse highest accuracy achieved was 61,6% usingégpd
learning and a feature set consisting of subjigtlexicon-based scores.

This research was used the probability model wigeherated by [12]. The object that wants to
analyze is Twitter timeline (especially Indonespmasident timeline) that is a long stream showihgweeets.
Timeline in Twitter is similar to chronology on Facebook. We built an application that can determine latest
timeline sentiment of Indonesian president.

3. RESEARCH METHOD

This research built and designed the system tlsaahidity to determine sentiment on tweet according
to a Twitter user’s timeline (@SBYudhoyono’s tinmel). Determining sentiment of Twitter user’s timeli
resulted from tweet classification process by deteing all tweet class. Because we used the prtityabi
model which generated by [12] so we just need tainlreal time data from @SBYudhono's timeline lshse
on query user. Then, we can conclude what is thensent of @SBYudhoyono’s timeline based on raakti
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query. We also collected data from @SBYudhoyonwiteline and annotated them in order to check the
accuracy of classifier.

3.1. Preprocessing query on @SBYudhoyonao's timeline
The process of obtaining clean data from @SBYudhois timeline as follows:
a. Case folding. This stage changes all the capitt@rien tweets becomes lower case.
b. Remove repeated tweet. Sometimes Twitter API retduplicate tweet.
c. Remove any tweet containing both positive and riegamoticon. This may happen if a tweet contains
two subjects.
d. Removedretweetgresponse tweet). “RT” commonly abbreviates retaied®etweeting is the process of
copying another user’s tweets and posting to atleepunts. This usually happens if a user likestarot
user’s tweet.
Tokenization
Removed URL link and Twitter username
Filtering, by eliminating illegal character in twesich as %, /,* and so on.
Removed any replacing slang words with formal wdisted in local dictionary.
Stoplistremoval, by removing character and words listedstapwordsor words with high frequency
availability (such asdan’ and “yang).
j- Rearrange the token to become a clean tweet. Weletérmine the sentiment of the @SBYudhoyono's
timeline.

—Ta ™o

3.2. Accuracy Measurement

We used equation (1) in order to calculate accufady said that classifier accuracy could be estémat
by using equation (1).
(true_pos+true_neg) (1

Accuracy = acc (M) =
Y ( ) (all_pos+all_neg)

3.3. Data

Data that used in this research was a timeline@dmesian president account: @SBYudhoyono. We
used probability model which generated by [12]. Bbgect that we want to find its sentiment was tineeof
account @SBYudhoyono. President account: @SBY udimyweet since 13 April 2013. The data collection
of timeline started from 13April 2013 until 5 Med 23 and we have 230 tweets. A collection has besrually
annotated. We annotated the sentence that doesmétdentiment into neutral class.

4. RESULTS AND ANALYSIS
We did some experiments by querying on @SBYudhogtimeline by using our application. We
also checked the accuracy of the classifier on @ating comes from @SBYudhoyono'’s timeline.

4.1. Experiment by Real Time Query on Timeline

Real time query on @SBYudhoyono'’s timeline in 21iN813 at 08.00 am got 31 tweets and
application determined 29 tweets as neutral tweetgieets as positive tweets and no negative twades
results show on Figure 1. The twitter API has atlioh 100 tweets in a respond for any request. $barch
API is not complete index of all tweets, but instea index of recent tweets. At the moment thatiridcludes
between 6-9 days of tweets.

Sentiment Result in Pie Chart Sentiment Result in Bar Chart
30.00 29.00
24.00
£ 18.00
a
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29,0 =0 3
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.00, AN y
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Figure 1. Graphic of @SBYudhoyono’s Timeline Semrtithon Application accessed on 21 Mei 2013
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4.2. Accuracy on Timeline Data Collection

We have 230 tweets from @SBYudhoyono's timeline enahually annotated. We annotated 60
tweets as positive sentiment, 3 tweets as negatveiment and 167 tweets as neutral sentiment. Our
application determined 56 tweets as positive atveb@ts as negative and 168 tweets as neutral. Gée rslany
way confusion matrix in Table 1. From table 1, \ae see that there are 33 positive tweets incoyreletssified
into neutral class. Table 1 also show that theee?8@rneutral tweets incorrectly classified intoifyes class.
According to my research, tweets that not contairtiment into neutral class, we consider that fésglared
that it is very confusing even for human to distiistn between neutral opinion and non-opinion begarin
sentences.

Table 1. Many ways Confusion Matrix

Response
Positive| Negative Neutral
Referencel Positive| 27 0 33
Negative| 0 0 3
Neutral | 29 6 132

We found accuracy 79, 42% using sum of One vs Ah¢lission Matrices and 69, 13% using many
way confusion matrices. Sum of One vs All Matriseswn in Table 2.

TableSim of One vs All Matrices

Response

True False
Reference| True 159 71
False 71 389

5. CONCLUSION

Model that using Naive Bayes Method that generdigd12] working good to determine on
@SBYudhoyono's timeline with accuracy 79,42%. Alibb tweets have, unique characteristics compared to
other corpora, machine-learning algorithms showeldssify tweet sentiment with similar performance.

This research showed that the timeline of @SBYudhoydominated by neutral sentiment. In data
collection we annotated tweet lik®ermain volley dengan karyawan Pupuk Kujang dan yawadkat
Karawang. pic.twitter.com/yAvPJfw27hto neutral class. Our suggest it is good if wpasate tweets that
contain sentiment/opinion and not contain sentifepinion. Tweets like We annotated tweet |liRaya
menemukan akun @GNFI , senang rasanya membacahpbsitif dan prestasi Indonesia. Maju terus GNFI.
*SBY*as positive sentiment ai@nflik dan tragedi kemanusiaan di Syria sudah mmgdaui batasnya. Korban
sudah terlalu banyak & terus berjatuhan. *SBa& negative sentiment. We found that positive tsvegst
incorrectly classified as neutral sentiment, suc8aya menemukan akun @GNFI , senang rasanya membaca
hal-hal positif dan prestasi Indonesia. Maju tefBBIFI. *SBY*.

We found that sometimes some tweets were the paksltwit. Kultwit is a series of successive
tweets discussing one particular topic. In thaecaemetimes it is hard to determine sentimertetweets if
we didn’t consider the context of the tweets. Ahdsipossible that a single sentence expresseffeedtit
opinions such asthe voice quality of this phone is good, but thitdpg life is short It is hard to determine
this kind of sentence.

In further research we plan to build a sentencgestibity classifier for Indonesian. As the future
works we plan to build a political corpus in Indsi@ and consider what [13] did. By using thatitjmall
corpus and combining with POS-Tag, hopefully theuaacy will increase. For further research, this
application could detect feature of sentiment.ilitlhe more useful if we can determine the featfreentiment
that president mention about.
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