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I[. Introduction

Herding means imitating the behavior of others or following decisions (Barber et al.
2009). When investors impact the market while herding, they form bubbles, make an
abnormal impact, or create greater momentum. Examples of herding are bank runs
and system collapses (Diamond et al. 1983). Therefore, it is important to know
which factors cause the herding. Herding has been studied by dividing it into several
investor types. Looking at the previous studies on the institutional investors’ herding,
money managers may mimic the actions of other money managers in order to
preserve reputation and compensation (Scharfstein et al. 1990; Trueman 1994;
Graham 1999). Institutional investors tend to follow each other in buying and selling
the same securities and their own lag trades and that they tend to follow momentum
strategies (Sias 2004). The institution has been herding like this in the past and now.

The study on the herding of individual investors is very sparse. In the past,
individual investors were considered as noise trader. Therefore, they do not herd. But
recently, the use of social media has increased rapidly, individual investors still have a
noise characteristics, but there are various sources to obtain information, and there
are many phenomena that herd through various information channels. Therefore, if
we can confirm the effect of activity and opinion of social media which can play an
important role in the market through the study, we will observe whether the herding
affects the market. In particular, we conducted research on the data of Naver
Financial stock discussion room, which has a very large activity in Korea, is working
well. Gamestop is a representative example of individual investors who are able to
herding on social media and focus on specific stocks to disturb the market. In other
words, it is an example that shows that individuals are united and affect the price of
the market. After COVID-19, the trading volume of individual investors increased.

The number of posts posted by Naver Financial stock discussion room, which has a
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large activity of social media, also increased. The correlation coefficient of these two
is 0.78, which is large. So, as opinion sharing becomes active in social media, we
want to see if opinion is formed and this affects the market by creating a herding of
individual investors.

It is difficult to use the sentiment dictionary built in general words because there is
no specialized sentiment dictionary in the financial market in Korea and words are
used interchangeably according to the context. Also, there is a limit to classify the
sentiment of text using common sentiment dictionary because the writers who create
post represent differently according to the source of text, and the words according to
the source of text are also changed. In addition, financial markets are sensitive to
economic conditions, and the sentiments of the words used in the text may vary
depending on the time when the text is created. Therefore, there is a limit to use
them for analysis using the existing sentiment dictionary. This study aims to classify
the posts’ sentiment into positive opinions and negative opinion by using the
classification model of machine learning without using the sentiment dictionary. The
more positive sentiment the post has, the more buying opinion we can see and the
more negative sentiment the post has, the more selling opinion we can see. SVM,
Support Vector Machine, on of the machine learning methods, is used for classifying
posts into buying and selling opinions according to the sentiment. The purpose of this
study is to identify the degree of opinion score, which is the daily investment
sentiment index of individual companies, by integrating the posts of each company
classified as buying and selling opinions by the classification model of machine
learning. The process of collecting and processing the posts is carried out by Python.
The reference point for distinguishing the upper and lower returns is the return rate
equivalent to the extreme 1% of the daily return.

In this study, we use a Bullish measure presented in the paper of Antweiler and

Frank (2004), as an investment sentiment index for the posts. We follow Lakonishok
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et al. (1992) herding measure to estimate daily trading herding index by each stock
and each type of investor covering retail, institutional and foreign investor. We
modify the model of Da et al. (2011; 2015) to compute the Abnormal Search
Volume(ASVI) index. They download each listed firm’s historical search volume
index(SVD) from Google Trends because Google Search Volume Index can be the
proxy for the information demand of informal individual investors. However, Google
Trends has a disadvantage of including the amount of searched for people who do
not invest in stocks. Therefore, in this paper we redefine information creation activity
(ICA, hereafter) as a variable that indicated information creation and supply by
utilizing the number of daily posts in Naver Financial stock discussion room where
investors form their opinions directly by modifying the model of abnormal search
volume index provided by Da et al. (2011; 2015).

Regression analysis is conducted to investigate the abnormal effect of social media
information creation activity, AICA on the herding behavior of individual investors.
Bullish is negatively related to herding when sentiment is not good. The main
variables have stronger impact in investor’s herding behavior after COVID-19. Finally
the individual investors’ transaction volumes are divided into three groups and
regression analysis is conducted for each group.

The sample firms that have transactions are chosen from January 2018 to
December 2021, so 2237companies are selected as samples. In this study, the posts of
Naver Financial stock discussion room for four years from 2018 to 2021 are collected
by web crawling method using Python. The stock price data about the sample firms
were collected from DataGuide provided by FnGuide. Empirical results are as follow.

Regression analysis is conducted to investigate the effect of social media information
creation activity, ICA, on the herding behavior of individual investors. The abnormal
information creation activity(AICA, hereafter) variable, which means information

creation activity of social media, is created by retail investors, so it is assumed that it
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has a positive correlation. In other words, it can be confirmed that the information
creation supply of social media leads to actual transactions. Also, we could observe
that AICA have a negative effect on institutional and foreign investors’ herding,
because they are not the main subjects of writing in social media. Institutional
investors may obtain more advanced and complicated information than individual
investor, who can obtain financial information using online surfing.

Regression analysis is conducted to check whether the Bullish is negatively related
to herding when sentiment is not good. And it is applied to all types of investors.
The Bullish variable has statistically significant negative relationship with the three
investor types of herding. That is, when sentiment and bullish is not good, all three
types of investor can confirm their herding behavior. Another egression analysis is
conducted to check whether the main variables have stronger impact in investor’s
herding behavior after COVID-19. The impact of the Bullish variable on retail
investor herding has become stronger after COVID-19. The effect of the bullish
variable on retail investor herding is stronger after COVID—- 19. In other words, this
indicates that individual investors are herding when they sell and do not herding
when they buy. Foreigner herding shows a pattern of opposition before and after
COVID-19, which should be confirmed through further verification. Finally, the
individual investors’ transaction volumes are divided into three groups and regression
analysis is conducted for each group. In case of bullish, it is confirmed that there is
a statistically significant negative relationship regardless of the trading activity of
individual investors. AICA, which indicates information creation activity, shows that
there is no correlation at all in high group with large trading volume of individual
investors. n other words, it is confirmed that it does not affect the herds at all. The
reason for this result is that the herding is to be explained, and this result seems to
have come out because the value of the herding itself is small. In addition, most of

the transactions consist of individual investors, which can be interpreted as having a
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noise characteristic, so the herding seems to have decreased and these results are
likely to come out.

The contribution of this paper as follows. We propose investor sentiment
constructed based on informal text specially adapted to the context of the dataset
without relying on preexisting dictionaries. The study on the herding of individual
investors is very sparse. We use variables using social media to analyze the Herding
of individual investors. And the effect of social media activity and opinion on
investors’ herding is confirmed, suggesting that these can be used as a variable to
explain the herding. The effect of variables formed from social media before and after
COVID-19 on investors’ herding is confirmed.

The remainder of this study is organized as follows. Section 2 reviews the past
literature. Section 3 offers the data and methodology. Section 4 presents the results

and analysis. The final section consists of the conclusions.
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II. Literature Review

With the rapid increase in the amount of text data that can directly represent the
writer’s psychology, the improvement of computer performance and the development
of analysis technology, the amount of text data, which is atypical data, can be
handled at a lower calculation cost. The approach to build investment psychological
indicators through text data has increased. This approach can be divided into two
parts. One is to analyze the opinions of texts, and then to establish a list of
emotional words such as positive and negative words, and then to measure the text’s
sentiments and to examine the relationship with the stock market. In the early days,
the text data is measured using Harvard IV-4 Dictionaries, a common emotion
dictionary that can be used in all fields, and the relationship with stock returns is
analyzed (Tetlock 2007; Kothari et al. 2009). However, there is a limit that the
classification of the texts using such public emotion dictionary did not give sufficient
accuracy (Li 2010), and Loughran and McDonald (2011) established and presented a
specialized emotion dictionary in the stock market.

The results of the analysis of the prediction of stock returns by classifying the
sentiments by the dictionary of Loughran and McDonald (2011) and the Harvard
IV—4 Dictionaries, which is a common emotion dictionary, are as follows: First, the
predictions of the sentiments were high when the sentiments were classified into the
stock market specific emotion dictionary (Henry et al. 2016), and the current
sentiments of Loughrna and McDonald are estimated to be high. It is actively used in
research in English—speaking countries. In the case of analyzing the emotion of the
text at the present time using the existing emotional dictionary, it is difficult to divide
the text containing the words mainly used on the Internet because the words that can
be used as other emotions can not be accurately classified according to the words or

times that do not exist in the past (Kraus et al. 2017; Ke et al. 2019). There is a
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limit to analyzing the investment sentiment of text data based on the previous. Next,
there is machine learning as a way to classify the text’s sentiments even if, there is
no existing emotional dictionary. Machine learning is not only dependent on the
presence of emotional dictionary, but also is becoming more popular as computer
technology development makes it easier to handle large amounts of unstructured data
(Ke et al. 2019). Accordingly, studies are increasing to measure investment sentiment
and analyze the relationship with stock returns by classifying the text data through
the classification model of machine learning. Antweiler and Frank (2004), an early
study that analyzed online posts, classified the posts’ sentiments and measured the
scores of the purchase opinions and the degree of disagreements to examine the
effects of stock returns and volatility. As a result, the higher the buyout opinions of
the posts, the lower the return rate of the next day. It is more accurate, and the
stock market movement is related to the active degree of the individual investor’s
sentiment and discussion board, which are the main users of the post. Unlike foreign
countries where there is a specialized emotional dictionary in the stock market, Korea
does not have a specialized emotional dictionary in the stock market, so there is no
active study to analyze the stock market through text data. The domestic research
using text data for stock market analysis measured investment sentiment using Naver
Financial stock discussion room posting, and the number of posts by investment
opinion is analyzed by writers as investment sentiment, and the relationship with
herding is analyzed.

In economics and finance with the term herding or herd behavior, we mean the
process where economic agents are imitating each other actions or base their decisions
upon the actions of others (Spyrou 2013). In herding literature, there are so many
herding measurement. The cross—sectional absolute deviation (CSAD) and the
cross—sectional standard deviation of returns (CSSD) regards the overall herding

existing in a specific market and do not allow researchers to distinguish between
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different types of investors as important (Christie et al. 1995; Chang et al. 2000;
Demirer et al. 2006; Chiang et al. 2010; Lao et al. 2011; Chong et al. 2017). So,
we follow the LSV measure (Lakonishok et al. 1992) to estimate herding behavior of
each investor type. The LSV is able to categorize market participants into different
types of investors (Wermers 1999; Shyu et al. 2010; Choi et al. 2015). Li et al.
(2017) apply a trading volume based herding measure and bring to a conclusion that
individual investors are more sensitive to public information than institutional
investors, and exhibit more significant herding to public information.

The most of the literature about herding exploring different types of investors
explores institutional investor herding behavior. Few studies have concentrate on retail
investor herding. Barber et al. (2009) find that retail investor herding behavior can be
systematic and especially that buyout behavior could be driven by past performance
and the abnormal trading volume observed from individual invetor trading. Therefore,
they document systemic trading among individual investor as noise traders.

In the Korea stock market where individual investors™ trading volume is numerically
superior, so there is a crucial need to understand individual investor herding in depth.
This would also be a substantial contribution to the literature. Da et al. (2011) first
contend that abnormal search volume index (ASVI) is a better proxy of investors
searching for information. Hsieh et al. (2020) discover that ASVI as a relevant proxy
of the information demand allows us to examine the relationship between information
demand and individual investor herding behavior.

De et al. (1990) propose that noise traders who are overreaction or undereaction to
information cause stock prices to momentarily diverge from their appropriate price.
There are two categories of investor sentiment indicators, direct emotional and
indirect indicators. The former is constructed based on the survey of bullish/bearish
views of investors for the future market. For example, Shiller et al. (1996) carry out

a semi annual survey of institutional investors  viewpoints on the US and Japanese
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stock markets to obtain sentiment indicators of stock market. The latter is computed
from market observation, and includes excess abnormal return (Barber 2008), trading
volume (Gervais et al. 2001; Barber 2008). It is relatively difficult to directly measure
investor sentiment and literature on it is scarce. Da et al. (2015) examine whether
investors can predict a company’s earnings and profits by using Google search engine
to search for the company’s manufactured goods. They discover that the higher the
ASVI, the more precise the prediction for the positive profits surprise, systematized
unexpected earnings, and abnormal earnings during the earnings announcement period.
Bank et al. (2011) also indicate that there is a positive association between searching
in online and trading movements, which implies that search engines can lower
information asymmetry and enhance the individual investors™ readiness to invest.

There are also previous studies on the herding of Korean market and investors. The
Korean market is examined by Choea et al. (1999) who employ order and trade data
between 1996 and 1997 and find crucial evidence of evidence of herding by foreign
investors before the crisis. Kim and Wei (2002) examine the behavior of investors in
Korea and find that institutional investors herd significantly less than retail investors
and that resident institutional and retail investors herding considerably less than
non-resident investors. Choi and Yoon (2020) research herding behavior and the
relationship between herding behavior and investor sentiment. Korean investor
sentiment is proxy through the VKOSPI that is Korea’s proxy implied volatility index
based on the KOSPI200 option. So we directly, the sentiment is measured and it uses
in the analysis.

We modify the model of Da et al. (2019) to compute the Abnormal
Information Creation Activity (ASVI) index. They store each listed firm's
historical search volume index (SVI) from Google Trends because Google Search
Volume Index can be the proxy of the information demand of informal retail

investors. However, Google Trends has a disadvantage of including the amount
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of searched for people who do not invest in stocks.Therefore, in this paper we
redefined information creation activity (ICA, hereafter) as a variable that
indicated information creation and supply by utilizing the number of daily posts
in Naver Financial stock discussion room where investors form their opinions
directly by modifying the model of Abnormal Information Creation Activity
index.

The study on the herding of individual investors is very sparse, and the relationship
between information creation of social media and the segment formed here is directly
measured and the herding is studied. We set up the following hypotheses and

conducted regression analysis to verify them.

Hypothesis 1. AICA variable, which means the information creation activity

of social media is positively related to retail investor herding behavior.

We expect there is a positive significant coefficient generated by the AICA variable
when dependant variable, Herd, is retail investor herding behavior. Da et al. (2011)
discover that utilizing the Google search engine is the most convenient method for
individual investors to obtain numerous information. Individual investors are relatively
inferior to another investors, so they will use the stock discussion room to obtain
information and share opinions, and the main user of the stock discussion room may
be retail investors (Da et al. 2011; 2015). Therefore, in this study, regression analysis
is conducted to investigate the effect of social media information creation activity,

AICA, on the herding behavior of individual investors

Hypothesis 2. Bullish variable is negatively related to all types of investors’ herding.

We conduct the regression which includes investment sentiment indicator, Bullish.

_10_
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According to the behavioral finance, when the direction of utility is the loss than
profit, it more sensitive, it reacts (Kahneman 1979). In other words, there is greater
pain when it falls, decreases or is bad. Based on this theory, regression is conducted
to check whether the bullish is negatively related to herding when bullish is not good.

And we check that it is applied to all types of investors.

Hypothesis 3. relationship between variables and retail investor's herding is likely to

becomes stronger after COVID-19.

We estimate the regression by including a dummy variable equal to 1, if the value
after March 22, 2020, when social distance was implemented in Korea, and 0
otherwise. After COVID-19, retail investors increased and social media activity also
boosts in Figure 1. So regression is conducted to check whether the variables have
stronger impact in retail investor herding behavior after COVID-19.

Finally, the individual investors™ transaction volumes are divided into three groups and
regression analysis is conducted for each group. Since the main users who write posts
are individual investors, we looked at the group's herding divided according to the

proportion of individual investors.

_11_
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[Figure 1] Trading volume of retail investor

and the number of daily posts of Naver Financial

This figure shows that trading volume of retail investor and the number of daily

posts of Naver Financial during the sample period.
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III. Data and Methodology

3.1 Data

Naver, the largest portal site in Korea, provides information on the Korean
financial market through Naver Financial (http://finance.naver.com), which provides
stock discussion room services that allow stock investors to share their opinions and
information. Naver Financial stock discussion room is most actively used by users and
has the largest number of posts among the stock relate social media in Korea.

This study utilizes web—crawling method to download the posts of each company
from January 2018 to December 2021 in the stock discussion room provided by
Naver Financial. Downloaded posts are stored daily for each company and the posts
on the website stored are as shown in Figure 2. Each posts consist of a part of
writers” ID and IP, the date and time of writing and the number of good, bad and
lookup. If the part of writer's ID and IP provided by the site are the same, it is
assumed to be the same writer and used for analysis. In this study, the sample data
is selected from 2237 listed companies that are trades in KOSPI and KOSDAQ
market from January 2018 to December 2021.

Figure3 shows the distribution of the average number of posts per day (panel A)
and per time zone (panel B) used on the stock discussion room. Most of posts can
be seen on weekdays, when stock trading takes place (am 9:00) before closing (pm
3:30).Therefore, this study used only the posts posted during the stock market
opening during trading days when measuring investment sentiment.

The financial market data including adjusted price, daily transaction volume,
investor type and so on is acquire from FnGuide. By using the data obtained from
FnGuide, the market capitalization is calculated using the adjusted price and the

number of common stock shares. The return is calculated from the adjusted price of

_13_

Collection @ chosun



individual companies. STD is standard deviation of daily return for individual stock

during the quarter.
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[Figure 2] The posts of Naver Financial stock discussion room

The Naver Financial stock discussion room is a bulletin board that allows stock

investors to exchange information and opinion for each company. These pictures are

screen captured by posts of the stock debate room. In this study, we used message
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[Figure 3] Distribution of posts by day and time
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3.2 Methodology

3.2.1 Opinion labeling process

This papar’s purpose is to analyze the relationship between investment sentiment
formed on Naver Financial stock discussion room and each type of investors’ herding
by measuring the degree of buying and selling opinions in the posts. In this study,
text data are collected from the Naver Financial stock discussion room to under
stand the investment sentiment formed social media.

The more positive sentiment the post has, the more buying opinion we can see and
the more negative sentiment the post has, the more selling opinion, we can see. SVM,
Support Vector Machine, on of the machine learning methods, is used for classifying
posts into buying and selling opinions according to the sentiment. The purpose of this
study is to identify the degree of opinion score, which is the daily investment
sentiment index of individual companies, by integrating the posts of each company
classified as buying and selling opinions by the classification model of machine
learning. The process of collecting and processing the posts is carried out by Python.

The general method of classifying text data is to assign the sentiment score of each
word using the sentiment dictionary when there is an sentiment dictionary in which
the sentiments of the word are classified, and then sentiment scores are given by
summing it up, and to classify text data according to the characteristics through the
machine learning method when there is enough text data without the sentiment
dictionary.

It is difficult to use the sentiment dictionary built in general words because there is
no specialized sentiment dictionary in the financial market in Korea and words are
used interchangeably according to the context. Also, there is a limit to classify the

sentiment of text using common sentiment dictionary because the writers who create

_1’7_

Collection @ chosun



post represent differently according to the source of text, and the words according to
the source of text are also changed. In addition, financial markets are sensitive to
economic conditions, and the sentiments of the words used in the text may vary
depending on the time when the text is created. Therefore, there is a limit to use
them for analysis using the existing sentiment dictionary. This study aims to classify
the posts’ sentiment into positive opinions and negative opinion by using the
classification model (SVM) of machine learning without using the sentiment
dictionary. Learning data for applying classification model is constructed by using the
daily return calculated by adjusted by price of individual firms. After sorting the daily
returns, the posts of the companies with the highest returns are regarded as buying
opinions and on the contrary the posts of the companies with the lowest returns are
assumed as selling opinions. The reference point for distinguishing the upper and

lower returns is the return rate equivalent to the extreme 1% of the daily return.

3.2.2 Bullish measure

In this study, we use Bullish measure presented in the paper of Antweiler and Frank
(2004), as an investment sentiment index for the posts. The Bullish measurement is as

follows

1+ MBYY
B?/tllZ.Shi’t = IHW (1)
It

Bullish;, the measure of the buyout opinion score, is calculated by the daily (z)

number of buying opinion posts (M%) of the firm (i) and the daily (#) number of

selling opinion post (M:F™) of the firm(i). This measurement has a large value as

the number of posts of the buyout opinion increases. The daily number of posts used

_18_
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to calculate Bullish;, is calculated by including only the number of posts posted on

the trading day and time because the writers who write on the stock discussion room

generally tend to write when the stock market is opened according to Figure 3.

3.2.3 Herding Measure

We follow Lakonishok et al. (2004) herding measure to estimate daily (#) trading
herding index by each stock (i) and each type of investor covering retail, institutional
and foreign investor. Herding measure is as follows :

H, =B,/ (B, +5,) 2)

i, ]yt i jyt

Herd; ;, = (IH,;, — p;,| —AF,;,) x 100 3)

it

where B, is the number of buying trades of stock (i) for investor type (j) in a
given day (#) and S, is the number of selling trades of stock () for investor type
(/) in a given day (#). And where H;;, is the number of buying trades to total
number of trades of stock(i) for investor type () in a given day (). p;, is the

average value of H,;, for all stocks for type (j) of investor in a given day (#). AF,;,

it
is the adjustment factor for herding measure that adjusts the scale different for
trading volume. AF;;, accounts for the fact that under the null hypothesis of no
herding, which is when the probability of a investor being a net buyer of any stock
(@) is p;,. the absolute value of H,;, — p,, is greater than or equal to zero. So AF,,

is defined the expected value of | H;;, — p,,| under the null hypothesis of no herding.

Since B;

.+ follows a binomial distribution with probability p;, of success. So AF,;, is

easily calculated given p;, and the number of investors active in stock(s) in that time

(t). For any stock (7), when the number of investors active, AF; ., decreases.

i jyt
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3.2.4 AICA Measure

We modify the model of Da et al.[9, 10] to compute the Abnormal Information
Creation Activity (AICA) index. They download each listed firm’s historical search
volume index (SVI) from Google Trends because Google Search Volume Index can be
the proxy for the information demand of informal individual investors. However,
Google Trends has an disadvantage of including the amount of searched for people
who do not invest in stocks. Therefore, in this paper we redefine information creation
activity (ICA) as a variable that indicated information creation and supply by utilizing
the number of daily posts in Naver Financial stock discussion room where investors
form their opinions directly by modifying the model of abnormal search volume index
provided by Da et al. (2011; 2015). We adjust ICA variable to control for time
trends. The definition of AICA is the log of ICA during the day minus the log of
median [CA during the previous eight days. The AICA measure is as follows :

AICA;, =log (ICA;,) —log[Med (ICA;, . ....,ICA;, )| 4)

Where the log (ICA;,) is the logarithm of ICA for each stock(i) in that time(#) and
log [Med (ICA;, _,....,ICA;, )| the logarithm of median value ICA for each stock(s)
during the previous eight days.

3.2.5 Regression model

We set up the hypotheses and conduct regression analysis to verify them. Following
studies by Romer (1979) and Li et al (2010) .who argue that investor herding may
be affected by beliefs about other types of investors when the consensus occurs. So

we add a control variable when the dependant variable of Herd,;, is retail investor

herding behavior, Herd;,, and Herd,,, variable representing the control variable are

institutional and foreign investor herding behavior and vice versa.
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We used these variables as follow : Herd, ;, is the one type (j) of investor herding
among the three types. Herd,,, and Herd;,, are the others of investor herding type
except for the type (j) of investor herding. AICA;, is abnormal ICA for stock (i) in
time (f). InSIZE;, is the value taking the natural log on the market capitalization.
RET,, , is the past returns of stock (i) during the previous 1 day. PER,, is the P/E
ratio for stock (i) InVOL;, is the value taking the natural log on trading volume for

stock (7) in time (j). STD,, is the standard deviation of daily returns for stock (7)

during the previous 3 months. ¢, is disturbance term. The year fixed effect and
industry fixed effect are applied to all regression models. The domestic market is
expected to have an effect on each industry, and this effect is removed through
industry fixed effect and analyze. The year fixed effect is also performed for the same
reason.

To confirm our Hypothesis 1, "AICA variable which means the information
creation activity of social media is positively related to retail investor herding

behavior”, we expect there is a positive significant coefficient generated by B, in
equation 5 when dependant variable Herd, ;, is retail investor herding behavior (Da et

al. 2011; 2015). Individual investors are relatively inferior to another investors, so
they will use the stock discussion room to obtain information and share opinions,
and the main user of the stock discussion room may be retail investors. Therefore, in
this study, regression analysis is conducted to investigate the effect of social media

information creation activity, AICA, on the herding behavior of individual investors.

Herd.

1,7t

=aq, 1+ B, XAICA;, + B, X Herd, ,,, + B, X Herd; , , + B, X lnSIZEZ.’t

+ B, X RET;, |+ B3 X PER;,+ 8, xInVOL,;, + B, X STD;,
+ Year dumwwny ~+ Industry dunwmy ~+ €; i

®)
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To confirm our Hypothesis 2, "Bullish variable is negatively related to all types of
investors” herding”, we expect there to be a positive significant coefficient generated

by B, in equation 6 when dependant variable Herd,;, in all types of investors’ cases.

According to the behavioral finance, when the direction of utility is the loss than
profit, it more sensitives, it reacts (Kahneman 1979). In other words, there is greater
pain when it falls, decreases or is bad. Based on this theory, regression is conducted
to check whether the bullish is negatively related to herding when bullish is not good.

And we check that it is applied to all types of investors using Eq. (6)

Herd,

1,7t

= a, + B, X Bullish;, + B, X AICA;, + B, X Herd; ,, + B, x Herd,
+ 8, X InSIZE,, + B, X RET,, |+ f, X PER,,+ f x InVOL,,
+ By X STD., , + Year dumwny + Industry dunamy+ €, ; ,
(6)
To confirm our Hypothesis 3, "relationship between variables and retail investor’s
herding is likely to becomes stronger after COVID-19", we estimate the regression as
in Eq.(7) by including a dummy variable equal to 1, if the value after March 22,
2020, when social distance is implemented in Korea, and 0 otherwise. After
COVID-19, retail investors increase and social media activity also increase. Therefore,
regression analysis is conducted to check whether the variables have stronger impact

in investor's herding behavior after COVID-19.

Herd.

i,],t

= a, + B, X Bullish;, + B, X Bullish; , < COVID, + B, x AICA,; , + 8, X AICA; , x COVID,
+ By X Herd; , ,+ By X Herd, , , + 8, X InSIZE, , + 5, X RET;, |+ B8, X PER;,
+ B, X anOLZ.’t +a,; X STDM + Year duwwny + Industry dunwmy + € it

(7
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IV. Empirical results

4,1 Summary statistics

For empirical analysis, the sample firms that have transactions are chosen from
January 2018 to December 2021, so 2237companies are selected as samples. In this
study, the posts of Naver Financial stock discussion room for four years from 2018
to 2021 are collected by web crawling method using Python. The stock price data
about the sample firms are collected from DataGuide provided by FnGuide.

Table 1 is summary statistics of the variables used in regression analysis and it
represents summary statistics of whole sample companies calculated with the average
value of daily data. In the panel A of Table 1, when we look at the level of the
herding, we can see that foreign and institutional investors’ herding levels are higher
than retail investor’s herding level. It means foreign and institutional investors are
more herding than retail investor. The kurtosis of the Bullish variable shows heavy
tailed because it has a larger value than normal distribution. This means that the
influence of each company is not the same, so it is meaningful to use the data in
this study. In the panel B of Table 1 represents the correlation between the variables
used in regression analysis. The correlation between Bullish and AICA that are main
variables in this study is very low, which shows that there is no problem using this

two variables for regression analysis at the same time.
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(Table 1) Summary statistics
Panel A. Summary statistics of regression variables

Table 1 reports the summary statistics of regression variables used in regression analysis. AICA is abnormal information
creation activity. Bullish is an investment sentiment indicator that represents buyout opinion score. Herd Retail, Herd Fore
and Herd Insti represent retail, foreign and institutional herding behavior measure, respectively. InSIZE is the value taking the
natural log on the market capitalization. PER is the P/E ratio. InVOL is the value taking the natural log on the trading
volume. STD is the standard deviation of daily returns the previous 3 months. Panel A represents summary statistics of
regression variables and Panel B represents correlation between regression variables.

Variable Mean Std Med Min Max Skew Kurt N
AICA 0.058 0.392 0.000 -1.602 3.275 0.820 2.587 801,443
Bullish 0.061 0.939 0.000 -9.325 8.893 0.356 11.326 801,443

Herding_Retail 5.356 5.954 3.251 0.000 50.711 2.099 5.342 801,443
Herding_Foreign 15.190 11.858 13.453 0.000 65.791 0.795 -0.006 801,443
Herding_Insti 23.497 17.818 28.880 0.000 71.670 0.027 -1.283 801,443
InSIZE 26.523 1.441 26.258 21.695 33.929 0.981 1.303 801,443
RET 0.124 3.650 0.000 -30.004 30.056 1.700 15.371 801,443
PER 79.191 727.767 21.280 0.020 129000 58.381 5469.17 801,443
InVOL 12.231 1.632 12.146 3.219 20.742 0.237 0.698 801,443
STD 0.031 0.015 0.027 0.003 0.153 1.452 2.926 801,443
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Panel B. Correlation between regression variables

Herding  Herding  Herding

Variable AICA Bullish _ _ o InSIZE RET PER InVOL STD
Retail Foreigner Institution
AICA 1
Bullish 0.116 1
Herding
_ 0.025 -0.103 1
Retail
Herding
_ -0.008 -0.042 0.199 1
Foreigner
Herding
o 0.031 0.034 -0.114 0.106 1
Institution
InSIZE -0.071 -0.076 0.352 -0.156 -0.457 1
RET 0.118 0.114 -0.037 -0.011 0.006 -0.002 1
PER 0.006 0.003 -0.015 -0.003 0.003 -0.003 0.005 1
InVOL 0.180 0.184 -0.211 -0.222 -0.011 0.113 0.123 0.021 1
STD -0.031 0.113 -0.278 -0.151 0.116 -0.201 0.061 0.031 0.415 1
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4.2 Herding behavior regression estimates

To confirm our Hypothesis 1, "AICA variable which means the information
creation activity of social media is positively related to retail investor herding
behavior”, regression analysis is conducted to estimate the effect of AICA on the
herding behavior of retail investors using Eq. (5). Table 2 shows that the
Hypothesis 1 is correct. AICA variable has statistically significant positive
relationship with retail investor herding.In other words, it can be confirmed that
the information creation supply of social media leads to actual transactions.
Also, we could observe that AICA have a negative effect on institutional and
foreign investors’ herding, because they are not the main subjects of writing in
social media. Institutional investors may obtain more advanced and complicated
information than individual investor, who can obtain financial information using
online surfing (Da et al. 2011; 2015).

To confirm our Hypothesis 2, "Bullish variable is negatively related to all
types of investors’ herding”, we apply Eq. (6), which includes investment
sentiment indicator. According to the behavioral finance, when the direction of
utility is the loss than profit, it more sensitives, it reacts (Kahneman 1979). In
other words, there is greater pain when it falls, decreases or is bad. Based on
this theory, regression is conducted to check whether the bullish is negatively
related to herding when bullish is not good. And we check that it is applied to
all types of investors using Eq. (6). The table 3 shows that Hypothesis 2 is
correct, Bullish variable has statistically significant negative relationship with the
all types of investors. That is, when sentiment or bullish is not good investor
herding occurs.

To confirm our Hypothesis 3, “relationship between variables and retail
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investor’s herding is likely to becomes stronger after COVID-19", we estimate
the regression as in Eq. (7) by including a dummy variable equal to 1, if the
value after March 22, 2020, when social distance was implemented in Korea,
and 0 otherwise. After COVID-19, retail investors increased and social media
activity also boosts. So regression is conducted to check whether the variables
have stronger impact in retail investor herding behavior after COVID-19. Table
3 shows the effect of major variables on herding before and after COVID-19.
The effect of the bullish variable on retail investor herding is stronger after
COVID-19. In other words, this indicates that individual investors are herding
when they sell and do not herding when they buy. Foreigner herding shows a
pattern of opposition before and after COVID-19, which should be confirmed
through further verification.

Finally the individual investors’ transaction volumes are divided into three
groups and regression analysis is conducted for each group. In Table 5, in case
of bullish, it is confirmed that there is a statistically significant negative
relationship regardless of the trading activity of individual investors. AICA,
which indicates information creation activity, shows that there is no correlation
at all in high group with large trading volume of individual investors. In other
words, it is confirmed that it did not affect the herding at all. The reason for
this result is that the herding is to be explained, and this result seems to have
come out because the value of the herding itself is small. In addition, most of
the transactions consist of individual investors, which can be interpreted as
having a noise characteristic, so the herding seems to have decreased and these

results are likely to come out.
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(Table 2> Relationship between investor herding behavior and AICA

Table 2 reports the impact on AICA on the retail,foreign and institutional investor
herding measure. This table presents parameter in Eq.(5). Herd Retail, Herd Fore and
Herd Insti represent retail, foreign and institutional herding behavior measure,
respectively. AICA is abnormal ICA. InSIZE is the value taking the natural log on the
market capitalization. PER is the P/E ratio. InVOL is the value taking the natural log
on the trading volume. STD is the standard deviation of daily returns the previous 3
months. The industry and the year effect is considered. The statistical significance of

1%, 5% and 10% is indicated by *, ** and *** respectively.
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Herding_Retail

Herding_Institution

Herding_Foreign

| —25.8953%** 142.0393*** 60.1607***
nter.
(-178.961) (332.390) (191.250)
1.2666*** -0.5733%** -0.5281***
AICA
(84.200) (-12.284) (-16.037)
0.2147%** 0.4603***
Herding_Retail
(62.358) (193.407)
0.0225*** 0.0220%**
Herding_Institution
(62.358) (27.891)
0.0969*** 0.0441%**
Herding_Foreigner
(193.407) (27.891)
-0.0000* ** -0.0000 0.0000***
PER
(-3.468) (-0.238) (4.811)
1.7216%** -5.9666*** -1.8919***
InSIZE
(359.783) (-415.566) (-172.482)
—0.6947%*** 0.6061*** -0.7587***
InVOL
(-166.677) (46.339) (-82.436)
-0.0218*** 0.0087*** 0.0605%**
RET
(-0.0218) (1.800) (-17.650)
D —-31.1645%** 33.9496% ** —-66.9539% **
(-68.766) (24.202) (-67.767)
Year fixed effect Yes Yes Yes
Industry fixed effect Yes Yes Yes
adR? 0.274 0.226 0.130
No.observations 801,443 801,443 801,443
— 29 —

Collection @ chosun



(Table 3)> Relationship between investor herding behavior and Bullish

Table 3 reports the impact on Bullish on the retail, foreign and institutional
investor herding measure. This table presents parameter in Eq. (6). Herd Retail, Herd
Fore and Herd Insti represent retail, foreign and institutional herding behavior
measure, respectively. Bullish is an investment sentiment indicator that represents
buyout opinion score,AICA is abnormal ICA. InSIZE is the value taking the natural
log on the market capitalization. PER is the P/E ratio. InVOL is the value taking the
natural log on the trading volume. STD is the standard deviation of daily returns the
previous 3 months. The industry and the year effect is considered. The statistical

significance of 1%, 5% and 10% is indicated by *, ** and *** respectively.
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Herding_Retail

Herding_Institution

Herding_Foreigner

| —25.8556*** 142.0463*** 60.1659* **
nter.
(-178.734) (332.407) (191.266)
Bullich —0.1459%** -0.0683*** -0.0564%**
ullis
(-24.534) (-3.716) (-4.345)
ALCA 1.2935%*** -0.5603*** —0.5174%**
(85.784) (-11.970) (-15.667)
Herding Retail 0.2143*** 0.4600* **
erding_Retai
(62.232) (193.206)
_ o 0.0224*** 0.0220***
Herding_Institution (62.23) 07.872)
0.0967*** 0.0441%** '
Herding_Foreigner
(193.206) (27.872)
PER —0.0000* ** -0.0000 0.0000%***
(=3.551) (-=0.250) (4.794)
nSIZE 1.7133%** —5.9698* * * —1.8945%**
n
(359.926) (-415.046) (-172.451)
I VOL -0.6808*** 0.6124%*** -0.7536***
n
(-161.883) (46.432) (-81.197)
RET -0.0186*** 0.0103** 0.0618***
(-11.764) (2.105) (17.953)
STD -30.9363*** 34.0498%* ** —66.8367***
(-68.291) (24.261) (=67.655)
Year fixed effect Yes Yes Yes
Industry fixed effect Yes Yes Yes
adR? 0.274 0.226 0.130
No.observations 801,443 801,443 801,443
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(Table 4> The effect of variables on the herding of investor before and after COVID-19

Table 4 reports the impact on Bullish on the retail, foreign and institutional investor herding measure before and after COVID—-19. This table
presents parameter in Eq. (7) by including a dummy variable equal to 1, if the value after March 22, 2020, when social distance is
implemented in Korea, and 0 otherwise. Herd Retail, Herd Fore and Herd Insti represent retail, foreign and institutional herding behavior
measure, respectively. Bullish is an investment sentiment indicator that represents buyout opinion score. AICA is abnormal ICA. InSIZE is the
value taking the natural log on the market capitalization. PER is the P/E ratio. InVOL is the value taking the natural log on the trading
volume. STD is the standard deviation of daily returns the previous 3 months. The industry and the year effect is considered. We only show

the results of the main variables in the table. The statistical significance of 1%, 5% and 10% is indicated by *, ** and ***, respectively.
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AICA AICA X COVID

Bullish

Bullish X COVID

Panel A. dependant variable is retail investor herding

1.2935* **(85.784)

1.1582%**(54.929) 0.2578***(8.913)
Herding_Retail

1.282***(85.014)

1.1229***(52.964) 0.3122***(10.721)

—0.1459***(-24.534)
-0.1252***(-20.125)
—0.0443***(-5.254)
—0.0347***(-4.090)

-0.1764***(-14.552)
-0.1920***(-15.724)

Panel B. dependant variable is institutional investor herding

-0.5603***(-11.970)

—0.1984***(-3.039) —0.7025***(-7.861)
Herding_Institution

-0.5596***(-11.950)

-0.2095***(-3.191) —0.6852(-7.613)

-0.0683***(-3.716)
-0.0979***(-5.092)
-0.0481*(-1.847)
—0.0692** *(-2.642)

—0.0951**(-2.537)
-0.0609(-1.613)

Panel C. dependant variable is foreign investor herding

—0.05174***(-15.667)

—0.5604***(-4.345)
—0.0835***(-6.150)
-0.2144***(-11.662)
-0.2062***(-11.157)

0.2736***(10.349)
0.2604***(9.781)

-0.6841***(-14.853) 0.3377***(5.355)
Herding_Foreigner

-0.5019***(-15.189)

-0.6366***(-13.747) 0.2637***(4.153)
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(Table 5) Regression analysis by individual investor group

This table reports the result of regression analysis on the investment sentiment index
obtained from the posts, Bullish and the investor’s herding. Bullish, a variable obtained
from the posts, uses observations during the trading day during the sample period
from January 2018 to December 2021. The statistical significance of 1%, 5% and 10%
is indicated by *, ** and ***, respectively. In all regression analysis, the industry

fixed effect and the year fixed effect is considered

Herding_Retail

Trading volume of retail LOW MIDDLE HIGH
. -12.8171%** -0.2351 -0.0387
nter.
(-41.463) (-1.331) (-0.032)
Bullich —0.1945%** -0.1352%*** -0.0301***
ullis
(-11.034) (-18.664) (-10.088)
AiCh 3.1114%** 0.5616*** 0.0092
(76.861) (32.576) (1.097)
) o 0.1121%** 0.035%*** 0.0057%**
Herding_Institution (108.735) (96.043) (26.911)
) ) 0.1149%** 0.1376*** 0.0696***
Herding_Foreigner
(91.410) (264.995) (225.153)
PER -0.0000 0.000 -0.0000*
(-1.334) (0.725) (-1.789)
InSIZE 1.1998% ** 0.1801*** 0.0615%**
n
(104.165) (25.828) (13.327)
LVOL -0.6917*** -0.2263*** -0.0613***
n
(-60.688) (-44.635) (-24.812)
RET 0.0106** -0.0202%* ** -0.0092%***
(2.062) (-10.740) (-11.961)
D —-97.4623%** -13.368*** -3.2586% **
(-64.120) (=36.639) (=13.906)
Year fixed effect Yes Yes Yes
Industry fixed effect Yes Yes Yes
adR? 0.196 0.307 0.212
No.observations 267,159 267,159 266,811
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V. Conclusion

Herding means imitating the behavior of others or following decisions. It is
important to know which factors cause the herding. If we can confirm the effect of
activity and opinion of social media which can play an important role in the market
through the study, we will observe whether the herding affects the market. In
particular, we conducted research on the data of Naver Financial stock discussion
room, which has a very large activity in Korea, is working well. After COVID-19, the
trading volume of individual investors increased. The number of posts posted by Naver
Financial stock discussion room, which has a large activity of social media, also
increased. So, as opinion sharing becomes active in social media, we want to see if
opinion is formed, and this affects the market by creating a herding of individual
investors.

In this study, we use Bullish measure presented in the paper of Antweiler and Frank
(2004), as an investment sentiment index for the posts. We follow Lakonishok et al.
(1992) herding measure to estimate daily trading herding index by each stock and each
type of investor covering retail, institutional and foreign investor. We modify the model
of Da et al.(2011; 2015) to compute AICA index. Therefore, in this paper we redefine
ICA as a variable that indicated information creation and supply by utilizing the
number of daily posts in Naver Financial stock discussion room where investors form
their opinions directly by modifying the model of abnormal search volume index
provided by Da et al..

Regression analysis is conducted to investigate AICA on the herding behavior of
individual investors. We conduct Bullish is negatively related to herding when sentiment
is not good. And the main variables have stronger impact in investor's herding
behavior after COVID-19. Finally the individual investors' transaction volumes are
divided into three groups and regression analysis is conducted for each group.

The results of regression analysis are as follows.

AICA variable has statistically significant positive relationship with retail investor
herding. The AICA variable, which means information creation activity of social media,
is created by retail investors, so it is assumed that it has a positive correlation. In
other words, it can be confirmed that the information creation supply of social media
leads to actual transactions. Also, we could observe that AICA have a negative effect

on institutional and foreign investors’ herding, because they are not the main subjects
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of writing in social media. We discover the Bullish is negatively related to herding
when sentiment is not good. The Bullish variable has statistically significant negative
relationship with the three investor types of herding. That is, when sentiment and
bullish is not good, all three types of investor can confirm their herding behavior.
Regression analysis is conducted to check whether the main variables have stronger
impact in investor’s herding behavior after COVID-19. The impact of the Bullish
variable on retail investor herding has become stronger after COVID-19. The effect of
the bullish variable on retail investor herding is stronger after COVID-19. In other
words, this indicates that individual investors are herding when they sell and do not
herding when they buy. Foreigner herding shows a pattern of opposition before and
after COVID-19, which should be confirmed through further verification. Finally, the
individual investors' transaction volumes are divided into three groups and regression
analysis is conducted for each group. In case of bullish, it is confirmed that there is a
statistically = significant negative relationship regardless of the trading activity of
individual investors. AICA shows that there is no correlation at all in high group with
large trading volume of individual investors. In other words, it is confirmed that it did
not affect the herding at all. The reason for this result is that the herding is to be
explained, and this result seems to have come out because the value of the herding
itself is small. In addition, most of the transactions consist of individual investors,
which can be interpreted as having a noise characteristic, so the herding seems to have
decreased and these results are likely to come out.

The limitations of this study are as follows. In this paper, we examine the herding
by investor without distinguishing between herding's buy-side and sell-side. The
analysis of herding further shows that the effects of Bullish and Aica variables on
buying and selling herding can be analyzed more effectively. We regard that the
purchase quantity and the selling quantity are all formed by other investors.

But in reality, an investor can do a lot of transactions. Therefore, if we use orderbook
data, we can solve these problems and more accurately measure herding. We can

further segment the effects on the main variables used in the analysis.
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