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ABSTRACT
The development of information technology affects the investor's behavior in stock
investment. Thus data in Indonesia Social Media, hold important information to predict the
movement of the stock price. Unfortunately, the research about investor sentiment in social
media repeatedly using the same methods that focus on the amount of stock return and
mainly analyzes the stock market in the US. So, we will use logistic regression to model stock
buy/ sell decision using investor sentiment as the predictor. We find that the logistic
regression model we developed is not fit, and thus, investor sentiment in Social Media alone
cannot be used as the predictor of stock buy/ sell decision. We argue there are five possible
reasons why we did not find a significant relationship between investor sentiment and stock
return. There are the speed of information diffusion on stock prices, data sources, market
structure, market capitalization, and investor sentiment measurement methods.
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INTRODUCTION
The stock market in Indonesia becomes more attractive to the investor. This
attractiveness is proved by the growing number of Single Investor Identification (SID), a
unique investor ID, in Indonesia (KSEI 2016). The number of SIDs in Indonesia doubled
from around 400,000 in 2015 to 1,000,000 in 2017. It shows that investment in the stock
market is increasingly more popular in Indonesia. One of the reasons for this popularity is the
potential profit they will get when they invest in the stock market. These investors must
determine which one is the right stock to invest in, and when is the right time to buy or sell
the stock they have, to maximize their profit (Lee and Jo 1999). To make this decision,
investors often use several approach, such as fundamental analysis, which is based on
fundamental data, such as financial report and market conditions (Nassirtoussi et al. 2014)
and technical analysis, which is based on a set of rules using historical stock price and trading
volume (Nazário et al. 2017). To get all of the information needed to do these two analyses,
investor’s search and share stock-related information to get opinions from the other investors
or analysts.
Due to a recent information technology development, the investors can easily find all
of the information on the internet, whether by searching it on Google, stock forum, or social
media. They also will be able to share the information they got to the other investors by using
the stock forum or social media. It shows that the internet changes how the investors get the
information and how the investor acts with the information they have (Barber and Odean
2001). This phenomenon is especially true in Indonesia, as one of the largest active social
media users in the world, with a penetration rate of 40% and growth rate up to 34% per year
(Hootsuite and We Are Social 2017) because the social media can be used by the investors to
search and share the information about stock market (Wieczner 2015). So, it is possible that
the information on social media, as measured by investor sentiment, can be a valuable source
of information for the investors.
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Bukovina (2016) argues that through information demand and the reaction of society
mechanism, the investor sentiments can be captured on social media and can be used as a
proxy of investor sentiment measure. The information demand mechanism begins with the
investor use an investment forum or social media as a publicly available source of
information about the stock market because they have limited sources and access to the
professional database. While, the reaction of society mechanism occurs because social media
enable the investors to create, share, and respond to the existing information about the stock
market. These two mechanisms make social media become a valuable source of data about
attention, opinions, emotions, or social mood shared by social media users. Many researches
finds that there is a relationship between investor sentiment on social media with stock price
movement, for example, Mao et al. (2011) found that Twitter Investor Sentiment can be used
as the predictor of stock returns. Other researchers also found that there is a correlation
between tweet sentiment and stock return (Sprenger et al. 2014) and can be used to improve
the predictability of stock return (Jin et al., 2014). Similar results also founded on a different
platform, such as Facebook (Siganos et al., 2014), stock forum (Sprenger et al. 2014), and
stocktwits (Sun et al., 2016). Different from previous research which is conducted on the US
stock market, the research about investor sentiment in Indonesia also shows that investor
sentiment in social media can be used to predict stock buy/sell timing (Rizkiana et al. 2017).
Unfortunately, the growing number of research about the relationship between social
media and stock price repeatedly using the same method to solve the problem, such as linear
regression (Mao et al. 2011), Vector Auto Regression (Li et al., 2016), and correlation (Li et
al. 2016) that focus on the amount of expected return for the investors while using continuous
dependent variable. We argue while it is true that investor is interested in the amount of
expected return, the information that will benefit investor the most is the information about
the decision to buy or sell the stock, which can be reflected using binary variable. The
question we want to answer in this research is whether the investor sentiment alone is enough
to determine the buy-sell stock decision. As far as we know, the investor sentiment research
using binary variable as the dependent variable is scant.
To empirically test this relationship, we use logistic regression model, a specialized
form of regression that is formulated to predict and explain binary (two-group) categorical
variables, in our case is whether to buy or sell the stock, rather than a metric dependent
measure (Hair et al., 2014). Using logistic regression, we can test whether the investor
sentiment in social media can be used as a predictor of whether investors must buy or sell the
stock.
Therefore, our research has four contributions. First, we add to the current investor
sentiment literature by using logistic regression model to empirically test the relationship
between the investor sentiment and buy-sell stock decision. Second, different from previous
research that uses many variables to predict stock returns, in our research, we will use
investor sentiment in social media as the predictor to simplify the decision process and isolate
the effect of investor sentiment to the buy-sell decision, similar to Rizkiana et al. (2017).
Third, we try to generalize the findings on previous research using data on social media and
the stock market outside of US. Fourth, we analyze the relationship between investor
sentiment and the stock market on the individual company level, not on the aggregate stock
market.
Method
We will use Stockbit, a microblogging platform for the financial and investing
community in Indonesia, to measure the investor sentiments. Different from the other
microblogging platform in Indonesia, Stockbit specializes itself on ideas and news related to
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the stock market so we can minimize the noise, i.e., comment unrelated to the stock market,
that usually presents on other social media data, such as Twitter and Facebook. We limit our
research to the top five banking company in Indonesia because it generated enough chat in
Stockbit to be analysed. The methodology we used in this research for each stock is as
following:
1.

Calculate the daily return of stocks: the daily return of a stock can be calculated by (1)

(1)
Where,
is closing the price of company stock in days t. Closing price data is collected from
yahoo.finance.com using the company’s stock ticker from 10 April 2017 to 1 December 2017 and generated 165
data point.
2. Convert the daily stock return to the binary variable, i.e. buy (coded as 1) or sell (coded as 0)
depending on the next day's return. We coded as 1 (buy the stock) when the next day (t+1) stock return
is positive and coded as 0 (sell the stock) when the next day (t+1) return is negative. It means that we
will buy stock on day t when the predicted next day t+1 stock return is positive and sell the stock when
the predicted next day t+1 stock return is negative.
3. Calculate the Twitter Investor Sentiment (TIS). The predictor used as the proxy of investor sentiment
is Twitter Investor Sentiment, adapted from Twitter Investor Sentiment (Mao et al. 2011). We collect
the data from Stockbit (http://www.stockbit.com) through 3 steps. First, we filter the comment on
Stockbit using stock ticker to ensure only comment related to one specific company shows up. Second,
we scrape the comment from the website using the python program to extract information about
username, comment content, and date and time for each comment posted on the website. Third, we
clean the invalid data, i.e., unreadable data, invalid comments, etc. Fourth, we manually categorize the
comment as bullish if it contains positive comments and bearish if it contains negative tweets about
company stock performance. Fifth, we calculate investor sentiment for day t, TIS by using (2):

( )

(2)

Where Nbull t is the number of the bullish tweet in time t, Nbear t is the number of bearish tweet in time t.
4. Using Logistic Regression to estimate the effect of the covariates, TIS as a independent variable, on
the outcome of investor decision, i.e., buy or sell as the dependent variable. Our logistic regression
model is as follow:

(3)
So the result is we will have five logistic regression model. One model for each stock.
Before we can use the models to decide whether we buy or sell the stock, we must ensure
these two models have acceptable goodness of fit. We use Nagelkerke R square and HosmerLemeshow to assess model fitness. Nagelkerke R square had a range of 0 to 1 and interpreted
as reflecting the amount of variation accounted for by the logistic model, with 1.0 indicating
perfect model fit (Hair et al. 2014). As for Hosmer-Lemeshow statistics, the logistic
regression model is fit when it is significant (P-value<0.05).
RESULTS AND DISCUSSION
Data Collection
We collected 165 stock price data for each stock, i.e. BBCA, BBNI, BBRI, BBTN,
BMRI, from 10 April 2017 to 01 December 2017. Then, we calculate the one-day return and
coded it to 1 or 0. One-day stock return for TLKM has an average of 0.184% and a standard
deviation of 0.015. We also collected the tweets from Stockbit for the same periode using
each stock ticker as the search term and manually categorize the tweets as bullish or bearish,
resulted in a total of 294 tweets for BBCA, 528 tweets for BBNI, 280 tweets for BBRI, 427
tweets for BBTN, and 612 tweets for BMRI.3.2 Statistics and Data Analysis.
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Data Processing
We use IBM SPSS 26 to test the logistic regression model, using TIS for independent
variable and buy or sell (coded as 1 or 0) for dependent variable. The result of goodness of fit
test for the model is presented in Table 1.

Stock
BBCA
BBNI
BBRI
BBTN
BMRI

Table 1
BEARISH AND BULLISH MODEL
Nagelkerke R square
Hosmer-Lemeshow
0.000
0.362
0.010
0.019
0.024
0.199
0.041
0.075
0.012
0.783

As can be seen in Table 1, all five model are not fit because Hosmer-Lemeshow pvalue > 0.05 and low nagelkerke R square. This result shows that the model cannot be used to
predict the buy or sell stock decision. It means we cannot only use the investor sentiments
from Stockbit on a given day to make stock buy or sell decisions because the predictive
power is low. These results are different from previous research which found the significant
relationship between investor sentiment on social media and stock price movement (Mao et
al. 2011; Siganos et al. 2014; Sprenger et al. 2014; Sun et al. 2016).
We argue, there are at least five possible reasons for these findings. The first one is
related to the speed of information diffusion on stock prices. As explained by Sul et al.,
(2014), it is possible that the investor sentiments on social media spread slowly to investors
and takes longer to be incorporated into stock prices. We only use previous day investor
sentiment to predict next-day stock return, in other words, one day lag. Sun et al. (2016)
confirms this in their research that investor sentiment slowly spread, so it will take longer to
be reflected in the stock market, i.e., more than one day lag needed. There is another
possibility; instead of spreading too slow, the investor sentiments spread too fast, i.e., less
than one day, so there will be stock price reversal the next day (Renault 2017).
The second one is related to the data source. As stated by Mao et al. (2011), different
data sources have a different effect on stock price movement. Initially, we choose Stockbit
Social Media because we will be able to get high-quality data relevant to Stock Market (Sun
et al. 2016) and easier data identification for grouping the social media comments based on
stock ticker (López-Cabarcos et al., 2017). However, these results show that there is a
possibility that the investor sentiment in Stockbit did not reflect the sentiment in the Stock
Market because only 10% of retail investors in Indonesia registered as Stockbit’s users
(Suryadhi 2015). Therefore, the investors in Stockbit did not have a significant impact on the
stock market. Initially, we choose Stockbit Social Media because we will be able to get highquality data relevant to Stock Market (Sun et al. 2016) and easier data identification for
grouping the social media comments based on stock ticker (López-Cabarcos et al. 2017).
The third one is related to market structure. Indonesia's stock market has high
proportions of foreign investors, around 60% of the total stock market (Setiawan 2018). It
means that foreign investor’s trading activities is the main driving force for the movement of
the stock price. Because we use the data in Stockbit, which is the social media platform for
local investors, the investor sentiment formed that affects the trading activities for local
investors is not strong enough to move the stock price.
The fourth one is related to market capitalization. Baker (2007) found that stocks with
low capitalization, young, or not profitable are more sensitive to investor sentiments. All five
stock we used in this research is stock with high capitalization and has excellent financial
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performance, so the effect of investor sentiment will be less and not significant. Further
research needs to be conducted on low capitalization, young, or not profitable stock to test
this argument.
The fifth one is the selection of methods for calculating investor sentiment from social
media. In line with the opinion of Baker (2007) that the method of measuring and quantifying
the impact of investor sentiment on stock returns is something that must be considered
because it can influence the results of research on investor sentiment. In this study, the
method of calculating investor sentiment Mao et al. (2011) which assumes that comment only
has a positive +1 or -1 negative to ease the calculation of decision making for the investors.
In reality, one comment can have very positive values, for example, if there is news about the
200% increase in profit, while other comments can have a slightly positive value, for
example, news about the 2% increase in profit. So, the investor sentiment does not fully
reflect the contents of user comments. There is one possible solution that can be used to
anticipate this weakness. That is following Renault (2017) methodology, which combines the
use of positive and negative dictionary words with each investor sentiment score with
machine learning to weight each comment according to the word occurrence of the words in
the comments.
Based on these results, unfortunately, we cannot use the investor sentiments in
Stockbit Social Media to decide whether to buy or sell stocks. However, we have several
suggestions for further researches. First, develop a new investor sentiment index based on
several investor sentiment indicators using Principal Component Analysis. Second, test the
model on other company stock, especially low capitalization stock. Third, use weightedlexicon for calculating investor sentiment. Fourth, consider using the other social media
platforms to test the model, for example, Twitter, Facebook. Fifth, develop the model to
analyze a longer time horizon, i.e. monthly, yearly.
CONCLUSION
In this research, we try to use investor sentiment in social media Stockbit for
Indonesia investors to predict whether we must buy or sell the stock on a given day. We use a
logistic regression approach to address the problem. The results show that investor sentiments
on Stockbit alone cannot be used to determine stock buy/sell decisions on the same trading
day. We have different findings from previous research, which shows investor sentiment has
a significant effect on stock prices. We argue there are five possible reasons for our different
findings. First, the speed of information diffusion on stock prices, data sources, market
structure, market capitalization, and investor sentiment measurement methods.
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