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ABSTRACT

Social media has been a widespread phenomenon in the recent years.
People shared a lot of thought in social media, and these data posted
on the internet could be used for study and researches. As one of the
fastest growing social network, Twitter is a particularly popular
social media to be studied because it allows researchers to access
their data. This research will look the correlation between Twitter
chatter of a brand and the sales of brands in Indonesia. Factors such
as sentiment and tweet rate are expected to be able to predict the
popularity of a brand. Being one of the biggest industries in
Indonesia, automotive industry is an interesting subject to study. A
wide range of people buys vehicles, and even gather as communities
based on their car or motorcycle brand preference. The Twitter
results of sentiment analysis and tweet rate will be compared with
real world sales results published by GAIKINDO and AlSI.

Keywords: Sentiment Analysis, Data Mining, Twitter Mining,
Automotive Industry.
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1. Introduction

Social media has become a part of lifestyle in the community. Since the beginning of their
existence, social medias have millions of contents created by people. Because of their ease
of use, speed and reach, social medias become a mean of giving and receiving updates on a
wide range of topics such as politics, technology and entertainment. These makes them a
form of collective wisdom[1].

These collective wisdom, if can be analyzed to infer public attitude the same as traditional
polls, will be a faster and less expensive alternative to collect public opinion[2]. It is also
possible to aggregate the highly varied information from the large user communities to
build models of public opinion and predict future trends. Moreover, these data could also
be used to help designing marketing and advertising campaign[1], [3], [4].

This paper uses Twitter, one of the fastest growing social media, as a medium to predict the
popularity of a brand. As a micro-blogging network, Twitter had a burst of popularity
leading to tens of millions users actively creating contents. These contents are called tweets
and have been used as data sources for social studies such as opinion mining and analyzing
sentiment towards low cost green cars[5] and political parties[6] in Indonesia. Some
researches have also utilized the prediction power of Twitter. It was proven possible to use
Twitter to predict box office movies revenue [1], predict the political polarization of the
people[7], and predicting the stock market performance[8].

In Indonesia, Twitter has become widely used with the number of users that reached twenty
nine million users by March 2013 (Lukman 2013). These users post millions of tweets
daily and these tweets could be used as a research data source. However, there haven’t
been many researches published that utilize Twitter in Indonesia.

In this research, the object of the study is the automotive industry in Indonesia. Automotive
industry is one of the biggest industries in Indonesia. Figure 1 shows sales and growth of
car sales in Indonesia up until May 2014. The blue bars show the number of unit sales in
thousands, and the red line shows growth from previous year. Although there are some
declining years, from the year 1993 to 2013, a significant growth in number of sales could
be seen. Motorcycle sales also see the same growth as cars as seen in figure 2. There are
even automotive section in almost all Indonesian news sites such as kompas.com,
detik.com, and viva.com. This enthusiasm makes automotive industry an interesting
subject to study. Moreover, there haven’t been much researches utilizing Twitter to study
the automotive industry.

g
lllll_-llllllllll I
- » 4 o . + o . > & - £\ & H D NI N P
P ;;“ S P FEF I NI FEIEFESDH N

Gambawr 1 narrdahh dan Pertimbrahian Peopsatan Mobidl Fer Taln di Indosesia, 1914 Jona®
e iee g Mad Vaely ik T

Fig. 1. Indonesian Car Sales YOY Growth and Number by Mid 2014 (Indoanalisis N.D.)
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Fig. 2. Year to Year Sales of Motorcycle in Indonesia from AISI (AISI n.d.)

The objective of this research is to prove whether it is possible to predict the popularity of
automotive brands in Indonesia using Twitter data. The study will involve both cars and
motorcyles industry. After determining the popularity scores of the brands, we compare
them with the sales report released by Gabungan Industri Kendaraan Bermotor Indonesia
(GAIKINDO) and Asosiasi Industri Sepeda Motor Indonesia (AISI) which are posted on
kontan.co.id to see if there are a correlation between the popularity and sales of the brand.
These sales data are posted in Kontan.com.

There will be three categories to be researched on in this paper, which are:
e Motorcycles

e Japanese cars

e Luxury cars

The cars are divided into two categories because in the Japanese cars compete in different
market than the luxury cars. Most Japanese cars have price range that is reachable by a lot
of people and targets as many people as possible, and the luxury cars target executives in
which consist of less number of person.

2. Related Work

Twitter has been used by several studies to conduct a research on social media. It has used
been as sentiment analysis medium. Kasim [5] has performed sentiment analysis on
automotive industry, specifically on Low Cost Green Cars in Indonesia. Gemilang [6] did
the analysis on political party in Indonesia. In these researches, Twitter was used to get
publics’ opinions on the topics, and the results are classified in positive, negative or neutral
sentiments. These works only analyze the polarization of the tweets and made no further
analysis on them.

Twitter has also been used as a mean of prediction, such as political election results [9],
stock market performance [8] and box office movie revenue [1]. In these studies, tweet rate
with certain pre- determined keywords are used to predict the popularity of an object, with
addition of sentiment analysis to support the results. According to Asur [1], positive
sentiments only act as a support for the prediction and doesn’t impact the result much
compared to tweet rate.

In this research, Asur’s [1] method of predicting movie revenue will be applied to study the
Indonesian automotive market and see if it also applicable and able to see the relationship
between automotive sales and Twitter. Although the data is not enough to determine the
prediction power, this study could see a preliminary result whether the tweets have a
relation to real world data.
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3. Twitter

Twitter is a very popular micro-blogging website that was launched on July 13%, 2006. It
has a very large user base, and by March 2015, it has 288 million monthly active user [10].

Each user in Twitter creates 140 characters maximum posts, which typically consist of
personal opinion, news, and links to pictures, videos and articles. These posts are called
tweets and are displayed on the user profile page as well as his/her follower’s timeline. It is
also possible to direct the posts to other users, either privately using direct message, or
publicly by mentioning the targeted user using the format ‘@userid’ in a tweet. Tweets
could also be forwarded by a user to his/her follower in which the forwarded tweet is
called a retweet.

Twitter allows developers to create application connected to it, and it provide an
Application Programming Interface (API). The two main API of Twitter are Search API
and Stream API. Search API allows developer to search through up to 7 days old tweets,
whereas Stream API listens to new tweets in the public timeline. Both API enable filter
through keywords, location, language, and username so the developer could retrieve the
desired tweets. These retrieved tweets are returned in JSON Format.

4. Dataset Characteristic

The dataset we used was obtained by crawling Twitter using the Stream API. The retrieved
data was in JSON format, which then converted and stored in MySQL database. The
crawling was done by filtering through language and keywords to ensure the data retrieved
was from Indonesia and in accordance to the study case, which is about brands in
Indonesia. We stored the content of the tweets, timestamp and their author.

We collected data containing keywords of car brands in Indonesian language that are
posted in April 2015 and compare it to the sales report of the month. In each category, we
select brands that are popular and have sold many cars during the previous months. Table 1
shows the keywords we used to filter through tweets mentioning the brands in each
category.

Table 1. Categories and Keywords Used

Categories Keywords

honda, kawasaki, suzuki, tvs,
yamaha

toyota, mitsubishi, daihatsu,
nissan, datsun, honda, suzuki
audi, bmw, bimmer, mercedes,
benz, mercy, lexus

Motorcycle

Japanese Car

Luxury Car

Since the brand ‘BMW’ and ‘Mercedes-Benz’ are often abbreviated as ‘Bimmer’ and
‘Mercy’ respectively, we used those keywords as filters to have more accurate number oOf
tweets mentioning those brands.
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5. Methodology

A. Analysis Construction

We first look for papers as bases and apply the methods to the research. We will define
keywords and collect data from Twitter public timeline. After the data is collected, they
will be classified and found out the tweet rate for each brands in the month. With the
support of sentiment analysis, the popularity of the brands will be determined.

B. Data Collection

We use Twitter4j library to collect data. We created a program based on the library and run
it for two months. Twitter4;j is a third party library based on Twitter API version 1.1, which
to be able to be run, needs authentication tokens from Twitter. These tokens were obtained
from Twitter’s developer website and consist of four tokens:

e Consumer Key (API Key)

e Consumer Secret (APl Key)
e Access Token

e Access Tiken Secret

The tokens were put in properties file of Twitter4j. The crawler runs on the stream library
of Twitter4j which was based on Twitter Stream API. The crawler were set to retrieve the
following information of a tweet:

e Tweet ID

e Username of the owner
e Tweet content

e Time posted

We also add filters in the code to get the tweets relevant to the research. We made the
keywords determined before, and Indonesian language as the filter. This will make
Twitter4j to retrieve tweets containing one of the keywords, and in Indonesian language.
The crawler could then run and start collecting data from Twitter. The crawler run for two
months, April and May 2015.

C. Data Pre-Processing

The data collected will first need to be cleaned up before being processed for it to provide
a more accurate results. In this step we remove duplicate tweets, classify the tweets into car
and motorcycle tweets, and check for unrelated tweets. We don’t remove retweets and
advertising tweets because retweets and advertisement do affect the possibility of people to
buy[1], [11]. Since there are brands that produce both car and motorcycle, the keywords
used twice in the two instance of the application that run. Those brands are Honda and
Suzuki. This makes the same tweets to be inputted twice and therefore there are duplicates.
To remove the duplicates, we will discern the tweets by their ID and add ‘unique’ property
to the ID column while removing the duplicate entries.

The brands that produce multiple categories of automotive will need to be separated,
whether the tweet is talking about the car or motorcycle brand. To do this, we used
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products of each brands that were mentioned with the brand in a tweet. Table 3.2 shows the
list of products launched in Indonesia taken from Honda and Suzuki’s official Indonesian
websites [12]-[15].

Table 2. Products of Honda and Suzuki

Brand Car Motorcyde
Honda Accord, City, Civic, Brio, CR- | Blade, Revo, Supra X, Beat, PCX,
V, Jazz, Freed, Odyssey, CR- | Scoopy, Vario, CBR, MegaPro,

Z, Mobilio, HR-V Verza, CBISOR, Spacy
Suzuki Ertiga, Splash, APV, Vitara, | Nex, Hayute, Shooter, Axclo,
Swift, Karimun, Carry Satria, Address, Inazuma,
Thunder, Hayabusa, Burgman,

GSR, V-Storm

Tweets mentioning Honda and Suzuki are labeled with NEU or neutral because it cannot
be determined whether the tweets are talking about the car or motorcycle part of the
brands. We consider these tweets contribute for popularity in both part of the brands. After
labeling all as neutral, we start classifying the tweets to car and motorcycle. We set the
label for tweets mentioning the word Honda and Suzuki, and one of their product as CAR
and MTR based on the category of the products. We further separate the tweets between
cars and motorcycles by labeling the brands that was mentioned with another car brands or
motorcycle brands. If the Honda or Suzuki is mentioned with for example Toyota, then we
label the tweet as talking about Honda’s or Suzuki’s car, and we applied the same to the
motorcycle counterpart. The tweets are separated with mentions of words ‘mobil’ and
‘motor’ which are Indonesian words for car and motorcycle respectively. Since Honda
participate in formula-1 race with the name McLaren-Honda, we look for the word
‘mclaren- honda’ and label them as ‘car’. Honda also participate in MotoGP as Repsol
Honda and Suzuki as Suzuki Ecstar, therefore we also look for the mentions of ‘repsol’,
‘ecstar’ and ‘motogp’ in the tweets and classify them as tweets for motorcycle.

Twitter Stream API will capture any tweets containing the keyword we specified.
Therefore, some unrelated mentions might be included. This cannot be checked
automatically so we have to perform manual check. While checking manually, we found
that using the keyword ‘mercy’ where we intended for it to be abbreviation of Mercedes-
Benz, there are tweets that use it as the real English meaning ‘to forgive’. The word usually
comes with ‘God’ or ‘have’, therefore we remove tweets that have these words alongside
the word ‘mercy’. We also found some reference to people’s name such as the football
player ‘Keisuke Honda’. Other names that were found were ‘Tsubasa Honda’, ‘Suzuki
Emi’, ‘Suzuki Konomi’, ‘Suzuki Tatsuhisa’, “Yu Suzuki’, and ‘Moe Toyota’. There are
also names from a popular comic book character named ‘Sonoko Suzuki’ found. Since
Yamaha have music products, we looked for tweets with keywords related to music with
Yamabha, such as ‘music’, ‘drum’, ‘guitar’, ‘piano’, and ‘keyboard’.

D. Data Processing

Asur mentioned that the key factor to predicting from Twitter is to get the tweet rate, the
number of tweets mentioning a keyword in a period of time, of the keywords we want to
predict [1]. Therefore we process the data to show the number of tweets each brand got
during the crawling period. The next step is to perform sentiment analysis. Using tweet
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rate, Asur had already obtained coefficient of determination of 0.79. The number increased
to 0.92 by adding sentiment analysis. We will find out how the coefficient will be in
Indonesian automotive industry. The sentiment analysis will be done using a classifier
application provided by Akon Teknologi.

Before being able to classify sentiments, the application will need a model as a base for
classification. In creating the training set, we exported the tweets in the database into csv
format, and manually label it with positive, negative, or neutral sentiment. In this case we
took 1000 tweets to be the training set. We tried to choose tweets that are as varied as
possible and that aren’t a retweet. The classifier application was written in Java on Maven.
This makes it require some configuration. Using the Netbeans IDE, the configuration will
automatically be done. The application will look for a file as a training set, and classify the
text based on it. The tweets that will be classified is placed on a file named listText.txt. The
output of this application is supposed to be a text file, but we modified the program to
directly update the table containing tweets in the database.

E. Evaluation

The data will be evaluated and compared to the real world sales published by GAIKINDO
and AISI in news sites. In this research, the data is taken from www.kontan.co.id. The sales
result will be compared with tweet rate to see if it is enough to see the correlation between
Twitter popularity and the real world. Sentiment analysis will then be added to improve the
accuracy. To do this, a score will be created by adding tweet rate and positive — negative
ratio which will be calculated monthly.

To get the tweet rate score, the number of tweets obtained will be divided by the time it is
collected, in this case one month which is 720 hours in April and 744 hours in May. The
positive — negative ratio could be calculated by dividing the number of positive tweets with
negative tweets.

[tweets| |Tweets with positive sentiments|

PNRatio =

Tweet —ratg = ———— = = - =
|Time (in hours)| |"weets with negative sentiments|

After finding out the scores and compare them with the real world sales data, the
correlation measure will be found. The measure goes from -1 to 1, from negative
correlation to positive correlation (MathisFun 2014).

nix;y; — Zx;Ly;

Tey =
anxf — Ex)? anyﬁ - Ey)?

Where:

I = Pearson’s Correlation

n = Total individual sample or the sample size
x = total score from variable x

y = total score from variable y

Lastly, we will do content analysis. The content of the tweets will be analyzed to gain more
insight. What people talked about a brand will be categorized and analyzed to see the
popular traits of each brands. To ensure positive sentiments, words that contradicts the
traits are excluded such as ‘tidak’, ‘kurang’ and ‘tidak’. The classified conversation will be
presented in pie charts to compare what people talked about most.
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Table 3. Category of Conversation

Conversation Explanation Keyword

Category
Performance How the cars perform, Irit, tenagn, kencang,

Fuel economy, Speed, and | copat

Power.
Price Price of the vehichles. Murah, sanggup,
Cheap, and reachable terjangkau, turun harga
Interest Desire to own the Idaman, incar, ingin,
vehicles pakad, punya, may
Feature and Safety Comfort and safety Airbag, aman, fitur,

technology included in the | canggih

vehicles

Design Preference of design and Bagus, keren, suka,

looks of the vehicles cool, menyukai

6. Results

During our crawling in April and May 2015, we have found 931927 tweets using the
keywords we determined. After we cleaned the data, the number got down to 700987
tweets and the table is 183.9 MB in size. We also found 150190 unique users in our
database. This means that user to tweet ratio is 1:5.

We counted the tweet rates and the positive-negative ratios for each month and sum the
results to obtain the popularity scores, and compare them to the real world sales.

Our finding shows that Twitter data has inaccuracies in reflecting the real world. In the
Japanese car category for example, despite selling the second most number of cars in April,
the score of Daihatsu is smaller in rank. In May, it was Honda that was out of place in the
score. The same also happened to the luxury car category in which Lexus got the bottom
rank in popularity score where in real world, it sold more than Audi. In the motorcycle
category, although in April the rank was in order, the result was inconsistent in May, with
TVS having a very big popularity score although having the lowest sales.

Table 4. Japanese Car Score and Sales
April May

! PN
Tweet PN Score Sales Tweet - Sales
Rate Ratio Rate  Ratio

[Toyota | 6820 | 531 | 7352 | 30053 | 5043 | 7.70 | 67.13 | 23223 |

Mitsubishi = 3682 | 1686 5368 9662 9.72 | 2619 | 3591 9126

Dalhatsuy 1765 | 3878 56.43 14855 | 2242 | 1960 | 4201 14485

[Nissan | 3897 | 255 | 4152 | 1321 | 2596 | 1.72 | 27.68 | 2091 |
[ Datsun 508 | 3964 | 4471 | 1711 | 21.75 | 955 | 3134 | 2874
[Hords | 6429 | 458 | 6887 | 10583 | 67,92 | 2006 | 87.98 | 11301 |
[ Suzuki 4106 | 379 | 4485 | 8019 | 33.27 | 612 | 39.39 | 10017
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Table 5. Luxury Car Score and Sales

April May
Brand et PN s sl [ Tweet PN sco Sales
Rate Rato o “ | Rate = Ratio il e
| Auli 12.B8 10.84 23.73 17 2030 1599 36.29 16
| BMW 2544 814 317.58 130 2176 11073 | 13248 200
‘ Mercedes |
| Benz 3823 423 42.46 236 5607 @ 1161 67.68 566
|Lexus | 793 | 143 | 938 | 22 | 571 | 2022 | 2593 | 47
|
Table 6. Motorcycle Score and Sales
| April May
Brand
Tweet PN Tweet PN
Rita | matse | 9O | B | e | nem |Se| S
[Honds | 7241 | 1022 | 82.63 | 371584 | §3.07 | 2288 | 10594 | 304900
| Kawasaki | yog3 | 210 | 1653 | 5679 |17.43 | 3549 | 5291 | 6330

iSuzuki 4286 | 707 | 4993 | 11754 | 3182 | 7326 | 10508 | 7358
[ TVS 231 | 023 | 254 | 796 | 6.13 |503.40 | 50953 300

‘;Ya.mnhu 76242 | 426 | 66.68 | 158958 | B4.17 | 4243 | 126.60 | 150745

On contrary to what Asur said, the PN-ratio in this research actually reduced the
correlation between Twitter and real world, instead of supporting it. Table 4.13 shows the
correlation between real world sales and tweets using mentions only and popularity score.
Although by glance the relation improved with the addition of sentiment analysis, the
correlation score actually less than comparing tweets and real world using only mentions.
In a scale of 0 to 1 with 1 being perfectly related, in April the correlation was 0,61 without
PN-ratio, and 0,58 with PN-ratio, and in May it was 0,7 and 0,28 respectively. While in
April the difference is not much, in May the score had a really big difference. This means,
in Indonesia, it is likely to be better to use only mentions to see the correlation between
Twitter and sales data of automotive industry.

Table 7. Correlation Score

Month | Mentions (Monlhly Tweet | Score (Tweet Rate + PN |
Rate) Ratio)
April ] 0,61 l0,58
May ' 0,7 0,28
Average ] 0,65 1043

When we tried to see the content, we found that people’s interest towards a brand makes
more of a deciding factor for them to buy a Japanese car and motorcycle. Whereas features
come second. In the luxury car category though, brand that have more talks about feature
and safety, and performance tend to sell more in real world. Participation in Formula-1 and
MotoGP seems to also affect sales since brands that participate like Mercedes in Formula-
1, and Honda and Kawasaki in MotoGP tend to sell more. In the word cloud of Mercedes
and Honda motor, the biggest words were mostly about the Formula-1 and MotoGP.
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7. Conclusion

In our research, we found that Twitter doesn’t reflect real world sales of automotive
industry in Indonesia. The result of the analysis is also inconsistent, with some categories
being more related than others. Sentiment analysis also affected the result greatly and in
negative way. Sentiment analysis actually reduced the Pearson correlation score.

Each category of vehicle has preference of factors in popularity. In the Japanese car and
motorcycle category, customers usually already have interest in a brand when buying a car,
whereas in Luxury car category, people look for cars that have a lot of feature and safety
measure.

This shows that just by the surface, Twitter data cannot reflect popularity of Indonesian’s

automotive brands in real world, but there is a possibility to find more correlation when the
contents are analyzed deeper.
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