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We investigate the mechanisms of investors’ herding behavior using machine

learning and textural data analysis from social media and the impact of

sentiment in forming the herding behavior. We find that the abnormal

information creation activity (AICA) for the retail investor is positive and

statistically significant with the herding behavior, while informed investors

with access to valuable information are negative with relation to the AICA.

The herding behavior in firms traded by the retail investor is strongly related to

the sentiment in social media at the cross-sectional level and has been more

effective after COVID-19.
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1 Introduction

The herding behavior of heterogeneous investors play an important role in the

fundamental mechanism of financial markets. Consequently, much of the literature on

herding behavior is associated with understanding investor characteristics and how the

opinion of an informed agent might affect the herding effect in the financial market via the

maintenance of their reputation [1–3] or maximize the incentive through learning from

the other investors [4]. Despite the importance of this field in understanding potential

channels of herding effects through social media, information studies investigating how

social media information created by retail investors might affect the herding behavior in

the financial market are relatively scarce [5,6].

As the number of social media users increases and activates, an enormous amount of

data has been generated. In South Korea, especially, stock-related social media is very

active. Naver, the largest portal site in South Korea, provides Naver Financial (http://

finance.naver.com), which provides stock discussion room services that allow stock

investors to share their opinions or information. The average number of messages per

day is 39,504, and the average number of views is 15,608,238. Many of the writers working

here are individual investors. Institutional investors obtain sophisticated information

through specialized channels such as Bloomberg so that individual investors have

relatively low-level information [7,8]. To overcome this, they use social media to

obtain information and share opinions.

Retail investors are known as noise traders who move randomly and invest relatively

little professional knowledge and advanced fundamental analysis. However, studies have

shown that social media, where individual investors occupy a large proportion, is

informative and not only explains the market but also affects the financial market [9].
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Therefore, in this study, we analyze the effect of social media on

herding behavior that plays an important role in the fundamental

mechanism of financial markets. In other words, this study aims

to confirm whether social media can be used as a variable to

explain herding through regression analysis.

Much of the literature on herding behavior is associated with

understanding investor characteristics and how the opinion of an

informed agent might affect the herding effect in the financial

market via the maintenance of their reputation [1–3] or

maximizes the incentive through learning from the other

investors [4]. Despite the importance of this field in

understanding potential channels of herding effects through

social media, information studies investigating how social

media information created by retail investors might affect the

herding behavior in the financial market are relatively scarce

[5,6]. This serves as the main motivation in this study.

To test the investors’ herding effects on social media

information, we adopt two key independent variables, the

AICA and bullishness. Some researches argue that when the

cost of an information search is low, investors obtain free

information and herd [10,11]. We are motivated by the model

of [7] to compute the abnormal information creation activity

(AICA) index. Each listed firm’s historical search volume index

(SVI) from Google Trends is stored because the Google search

volume index can be the proxy for the information demand of

informal retail 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 redefined

the information creation activity (ICA) as a variable that

indicates information creation and supply by utilizing the

number of daily posts in the Naver Financial stock discussion

room where investors form their opinions directly. As individual

investors have relatively lower-level information than other

investors, they use the stock discussion room to obtain

information and share opinions. Regression analysis is

conducted to confirm that individual investors herd when the

AICA is greater than the average.

Many studies explain the stock market using sentiment.

Reference [12] showed that the volatility in the Chinese

financial market is positively affected by B–W investor

sentiment index, which is a composite index including CEFD,

listing share turnover, the number and the average first-dayM on

IPO, the equity share in new issues and dividend premium [13].

Its sentiment has limitations that do not represent investors’

opinions directly. To overcome this problem, there are increasing

studies to explain financial markets using opinions formed on

social media and these studies are showing significant results [9].

The data used in this study directly represent the opinion of

market participants, so we will check whether the sentiment

formed on social media based on behavioral finance affects

decision-making.

According to prospect theory, one of the behavioral

finance theories, traders respond asymmetrically more

sensitively to losses than to gains. In other words, people

have a loss avoidance tendency [14]. Based on this theory,

regression is conducted to check whether the bullish behavior

is negatively related to herding behavior when the bullish

behavior is bad. In addition, we check whether the investor

sentiment is related to the herding behavior regardless of

investor types.

Reference [15] discovered a significant peak of connectivity

between investor sentiment and the stock market in the Chinese

stock market during the COVID-19 pandemic. After COVID-19,

the transaction volume of individual investors increases and the

social media activation increases in South Korea. If we can

confirm that the above two hypotheses are correct, we can

establish the following hypothesis that bullishness and the

AICA will still affect the herding of individual investors after

COVID-19, that is, when the transaction volume of individual

investors increases and the social media activation increases. We

will try to confirm that main variables still have an effect on retail

investors herding. Regression is conducted to check whether the

variables still have an impact on retail investor herding behavior

after COVID-19 by dividing before and after COVID-19 as of

22 March 2020, respectively, when social distancing was

implemented in South Korea.

In this paper, we confirm these results. The effects of

individual investor herding on the AICA are positive and

statistically significant, implying that the retail investor who

obtained information from social media follows into and out

of the same equities. Its result supports the hypothesis stating that

the retail investor’s herding is affected by the information

production process in social media. The effects of individual,

institutional and foreign investor herding on Bullish are negative

and statistically significant. Based on prospect theory, investors

react more sensitively in a bear market than in a bull market. The

explanatory power of the regression analysis model is highest in

the model explaining the herding of retail investors. Finally, the

effect of AICA on the herding of individual investors after

COVID-19 is still statistically significant based on the positive

relation. AICA has a statistically significant negative relationship

with the herding of institutional investors before and after

COVID-19.

Our paper is meaningful to the study of the herding of

individual investors, which has not been studied well in the

past. Despite the importance of herding effects through social

media, information studies investigating how social media

information created by retail investors might affect herding

behavior in the financial market are relatively scarce [5,6]. So,

in this paper, the social media data that directly represent the

opinions of individual investors are used to explain the herding of

individual investors. So far, studies analyzing the relationship

between social media and herding have looked at the overall level

of the market [16]. The effect of social media on herding behavior

by investor type is analyzed. By comparing the impact of

variables measured using social media data before and after
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COVID-19, the effects of social media on herding by investor

types are studied.

The remainder of this study is organized as follows. Section 2

reviews the past literature and develops the hypotheses. Section 3

offers the data and methodology. Section 4 presents the empirical

results and analysis. The final section consists of the conclusion.

2 Literature review

In economics and finance, herding behavior, imitating

actions mutually or following the decision-making of others,

plays an important role in financial markets. Most of the

literature on the herding of different types of investors

explores institutional investor herding behavior. Money

managers herd to maintain their reputation [1–3] or

maximize the incentive through learning from other investors

[4]. Few studies have concentrated on retail investor herding.

Reference [5] found that retail investor herding behavior can be

systematic and that buying behavior can be driven by past

performance and the abnormal trading volume observed from

individual investors’ trading. So in this paper, we analyze the

retail investor herding using social media where they occupy a

large proportion.

Several measurements are established to measure herding

behavior and applied to numerous studies. The cross-sectional

absolute deviation (CSAD) and the cross-sectional standard

deviation of returns (CSSD) regard the overall herding

existing in a specific market and do not allow researchers to

distinguish between different types of investors as important

[17–21]. The LSV measurement can categorize market

participants into different types of investors [22,23]. Thus, we

follow the LSV measurement [24] to estimate the herding

behavior of each investor type.

Retail investors are known as noise traders who move

randomly and invest relatively little professional knowledge in

advanced fundamental analysis. However, there are studies that

show that social media, where individual investors occupy a large

proportion, is informative and not only explain the market but

also affect financial markets [9]. Therefore, in this study, we

analyze the effect of social media on herding behavior that plays

an important role in the fundamental mechanism of financial

markets. In other words, this study aims to confirm whether

social media can be used as a variable to explain herding through

regression analysis.

In the South Korea stock market where individual investors’

trading volume is numerically superior, there is a crucial need to

understand individual investor herding in depth. This would also

be a substantial contribution to the literature. The abnormal

search volume index (ASVI) that is generated by individual

investors is a better proxy for investors searching for

information [7]. The ASVI, as a relevant proxy for

information demand, allows us to examine the relationship

between information demand and individual investor herding

behavior [25]. Individual investors are more sensitive to public

information than institutional investors and exhibit more

significant herding of public information [26].

Along with the increase in the amount of data that directly

represents the writer’s psychology and the development of

technology for analysis, it is possible to analyze textual data at

a low cost. Research is conducted tomeasure sentiment using text

data. This approach can be divided into two parts.

One is to use a sentiment dictionary. The opinions in the text

are divided into positive and negative words, and the text’s

sentiments are measured through the sentiment dictionary. In

the early days, the Harvard IV-4 dictionary, a common sentiment

dictionary, was used in all fields. There are studies that analyze

the relationship between stock returns and sentiment using this

dictionary [27,28]. However, there is a limit in that the

classification of the text using such a common sentiment

dictionary can give insufficient accuracy [29]. Sentiment

dictionary that specializes in the stock market was established

and provided [30]. The prediction of stock returns has higher

value when using a specific stock market sentiment dictionary

other than the Harvard IV-4 dictionary [31]. Applying current

data to existing dictionaries reduces accuracy because it is

difficult to comprehend the implied meaning mainly used on

the Internet and words can be used as other sentiments

depending on a specific situation. Even some words do not

exist in the dictionaries [32].

The other approach is to use machine learning to

overcome this limitation. The number of studies using

machine learning to classify sentiments is increasing.

Reference [33] used a self-learning method to identify the

relation between user reviews and bubble rating, by using

TripAdvisor, well-liked American travel platform. Reference

[9] investigated that the movement of the stock market was

related to the sentiment of individual investors, who are the

main users of postings, and the activity of the bulletin board.

That is, the higher the buying opinions of the postings was, the

lower the return rate the next day. Unlike foreign countries

where there is a emotion dictionary specialized in the stock

market, South Korea does not have a emotion dictionary

specialized in the stock market. In this paper, using

machine learning, we directly measure investor sentiments.

Retail investors use Google to search for companies to obtain

financial information [7], and institutional investors use channels

such as Bloomberg to obtain more sophisticated and advanced

information than individual investors [8]. Reference [26] applied

a trading volume-based herding measure and concluded that

individual investors are more sensitive to public information

than institutional investors and exhibit more significant herding

to public information. In other words, based on previous studies,

individual investors are relatively inferior to institutional

investors; they use social media to obtain information or share

opinions.
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We are motivated by the model of [7] to compute the

abnormal information creation activity (AICA) index. They

stored each listed firm’s historical search volume index (SVI)

fromGoogle Trends because the Google search volume index can

be the proxy for the information demand of informal retail

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) as a variable that indicates

information creation and supply by utilizing the number of daily

posts in the Naver Financial stock discussion room, where

investors form their opinions directly by modifying the model

of abnormal information creation activity (AICA) index. We set

up the following hypotheses and conducted regression analysis

for verification.

Hypothesis 1. AICA, which means the information creation

activity of social media, is positively related to retail investor

herding behavior.

We expect there is a positive relation generated by the AICA

when the dependent variable is retail investor herding behavior.

Reference [7] discovered that utilizing the Google search engine

is the most convenient method for individual investors to obtain

considerable information. Because individual investors are

relatively inferior to other investors, 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 [7,8]. 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 when the activity of social media increases more than

average.

There are many studies that explain the stock market using

the opinion formed in social media, and there are precedent

studies showing significant results [34]. The data used in this

study directly represents the opinion of market participants, so

we check whether the opinion formed on social media affects

decision-making based on behavioral finance. According to

prospect theory [14], one of the behavioral finance theories,

people respond asymmetrically more sensitively to losses than to

gains. In other words, people have a loss avoidance tendency.

Thus, we hypothesize that investors herd when negative opinions

prevail.

Hypothesis 2. The bullish variable is negatively related with all

types of investors’ herding.

Bullish is calculated as an opinion score of bullishness, as

proposed by [9]. This means that if positive opinions outweigh

negative opinions, the bullish variable has a positive value. On the

contrary, if negative opinions outweigh positive opinions, the

bullish variable has a negative value. To examine the relationship

between bullishness and investor’s herding, when negative

opinions prevail, regression analysis is conducted.

Figures 1A,B shows that the number of retail investors

increases and that the number of posts on social media also

increased after COVID-19. Reference [15] discovered a

significant peak of connectivity between investor’s

sentiment and stock market in Chinese stock market

during the COVID-19 pandemic. In this paper, if we can

confirm that the above two hypotheses are correct, we can

establish the following hypothesis stating that the bullish

variable and AICA still affect the herding of individual

investors after COVID-19, that is, when the transaction

volume of individual investors increases and the social

media activation increases.

Hypothesis 3. The relationship between variables and retail

investor’s herding still has an effect after COVID-19.

We try to show that the main variables still affect retail

investor herding and whether the impact of AICA and Bullish on

herding gets stronger or weaker after COVID-19. We conduct

regression analysis as shown in Eq. 6 by dividing before and after

COVID-19 as of 22 March 2020, respectively, when social

distancing was implemented in South Korea.

3 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 or

information. The Naver Financial stock discussion room is most

actively used by users and has the largest number of stock-related

posts in South Korea.

This study employs the web-crawling method to download

the posts of each firm from January 2018 to December 2021 in

the stock discussion room provided by Naver Financial. The

sample firms that have transactions in the KOSPI and KOSDAQ

markets from January 2018 to December 2021 with an average of

10 or more daily posts are 971 companies.

Figure 2 shows the distribution of the average number of

social media posts per day (Figure 2A) and per time

(Figure 2B) used in the Naver Financial stock discussion

room. Most of the posts can be seen on weekdays when

stock-trading takes place (9:00 a.m.) before closing (15:

30 p.m.). Therefore, this study uses only the posts posted

when the stock market is open during trading days when

measuring investment sentiment.

The financial market data, including adjusted stock price, the

number of issued stocks, PER, the trading volume and the

transaction price according to the investor type, are

downloaded from FnGuide. Market capitalization is calculated

as the product of the adjusted price and the number of common
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stock shares and is taken as the natural logarithm to reduce scale.

Trading volume is also taken as the natural logarithm for the

same reason. Daily return is calculated by adjusted stock price.

The STD is the standard deviation of daily returns from the

previous 3 months.

3.2 Methodology

3.2.1 AICA measure
We are motivated by the model of [7] to compute the

abnormal information creation activity (AICA) index. They

downloaded each listed firm’s historical search volume index

(SVI) from Google Trends because the 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 indicates

information creation and supply by utilizing the number of daily

posts in the Naver Financial stock discussion roomwhere most of

the writers are presumed to be stock investors. We adjust the ICA

variable to control for time trends. AICA is defined as the log of

ICA during the day minus the log of the median ICA during the

previous 8 days. The AICA measure is as follows:

AICAi,t � log ICAi,t( ) − log Med ICAi,t−1, . . . . . . , ICAi,t−8( )[ ]
(1)

Where log (ICAi,t) is the logarithm of ICA for each stock (i) in

that time (t) and log [Med (ICAi,t−1, . . . . . . , ICAi,t−8)] is the

logarithm of the median ICA value for each stock (i) during the

previous 8 days. If the activity of social media is greater than the

average value, it is a positive value, and if it is smaller than the

average value, it is a negative value.

FIGURE 1
This figure shows the trading volume of retail investors and the number of daily posts of Naver Financial from 2018 to 2021. (A) Trading volume
of retail investor. (B) The number of daily posts of Naver Financial.
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3.2.2 Opinion labeling process
The purpose of this paper is to analyze the relationship

between the investment sentiment indicator formed with

social media and the herding value of three different investors

(foreigner, institution, and retail investor types). The general

method of assigning a sentiment is to use sentiment dictionaries.

There are sentiment dictionaries in Korea, but they are not

specialized in the financial market. Financial markets are

sensitive to economic conditions, and the sentiments of words

vary with context. Thus, ordinary sentiment dictionaries have

difficulty comprehending the implied meaning depending on a

specific situation, and some words do not exist in the dictionaries

[32]. As there are so many limitations, we do not use an existing

sentimental dictionary. Because there is no sentiment dictionary

that specializes in the Korean financial market, we use the

machine learning method to classify text data according to the

context and conditions. Machine learning can be established

when the sentiment dictionary specialized in financial markets

does not exist.

3.2.3 Bullish measure
In this study, we use the bullish measurement presented by

[9] as an investment sentiment indicator. The bullish

measurement is as follows:

Bullishi,t � ln
1 +MBUY

i,t

1 +MSELL
i,t

(2)

Bullishi,t, the measurement of the opinion score of

bullishness, is calculated by the daily (t) number of buying

opinion posts (MBUY
i,t ) of the firm (i) and the daily (t)

number of selling opinion posts (MSELL
i,t ) of the firm (i). All

the bullish variables are real numbers. If Bullish is a negative

value for a specific firm, investors in social media think the firm’s

market value is negative. If it is a positive value, the firm’s market

FIGURE 2
This figure shows the distribution of social media posts by day and time from 2018 to 2021. (A) Distribution of social media posts by day. (B)
Distribution of posts by time.
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value is positive. The posts used to calculate Bullishi,t include only

the number of posts posted on the trading day and time because

the writers who write in the stock discussion room generally tend

to write posts when the stock market is open, according to

Figures 2A,B.

3.2.4 Herding measure
The cross-sectional absolute deviation (CSAD) and the cross-

sectional standard deviation of returns (CSSD) regard the overall

herding existing in market [17–21]. The authors measured the

relationship between herding behavior and investor attention at

the market-wide level. Reference [16] identified relations between

herding behavior calculated by CSAD measurement and Google

search volume index in 21 international equity markets.

Reference [35] analyzed United States and United Kingdom

financial markets for herding behavior. The LSV measurement

can categorize market participants into different types of

investors [22,23]. Reference [25] studied the effect of social

media on herding by investor type in the Taiwan stock

market. They used Google search volume index (ASVI)

representing investor attention was used as a major variable.

So, to estimate the herding behavior of each investor type. We

follow the LSV measurement [24]. In LSV measurement, each

letter is the daily (t) trading herding index for each stock (i) and

each type of investor, including retail, institutional and foreign

investors [22,23]. The herding measure is as follows:

Hi,j,t � Bi,j,t/ Bi,j,t + Si,j,t( ) (3)
Herdi,j,t � |Hi,j,t − pj,t| − AFi,j,t( ) × 100 (4)

Where Bi,j,t is the transaction price of buying for each stock

(i) and investor type (j) in a given day (t) and Si,j,t is the

transaction price of selling for each stock (i) and investor type

(j) in a given day (t). Hi,j,t is the transaction price of buying to the

total number of trades of each stock (i) for investor type (j) in a

given day (t). pj,t is the average value ofHi,j,t for all stocks for each

investor type (j) in a given day (t). AFi,j,t is the adjustment factor

for the herding measure that adjusts the scale difference for

trading volume. AFi,j,t accounts for the fact that for the null

hypothesis of no herding, which is when the probability of an

investor being a net buyer of any stock (i) is pj,t; the absolute value

ofHi,j,t − pj,t is greater than or equal to zero. Thus,AFi,j,t is defined

as the expected value of |Hi,j,t − pj,t| assuming the null hypothesis

of no herding. Bi,j,t follows a binomial distribution with a

probability of success pj,t. Thus, AFi,j,t is easily calculated given

pj,t and the number of investors active in stock (i) in that time (t).

For any stock (i), the number of active investors, AFi,j,t, decreases.

3.2.5 Regression model
We set up the hypotheses and conduct regression analysis for

verifications. We followed studies by [26], who argued that

investor herding may be affected by beliefs about other types

of investors when consensus occurs. Thus, we added a control

variable when the dependent variable Herdi,j,t is retail investor

herding behavior. Herdi,k,t and Herdi,l,t are the control variables

when the dependent variable is institutional and foreign investor

herding behavior and vice versa.

We use the following variables: Herdi,j,t is the specific type (j)

of investor herding. Herdi,k,t and Herdi,l,t are the other investor

herding types except for the type (j) of investor herding.AICAi,t is

abnormal ICA for stock (i) in time (t). lnSIZEi,t is the value taking

the natural log of market capitalization. RETi,t−1 is the past return

of stock (i) during the previous day. PERi,t is the P/E ratio for

stock (i). lnVOLi,t is the value taking the natural log of trading

volume for stock (i) in time (j). STDi,t is the standard deviation of

daily returns for stock (i) during the previous 3 months. ϵi,j,t is the
disturbance term [36,37]. The variables should be controlled

because they are related to the characteristics of the company.

Companies can be affected by industry and year, so the industrial

fixed effect and yearly fixed effect are considered.

To confirm Hypothesis 1, “AICA, abnormal information

creation activity of social media, is positively related to retail

investor herding behavior,” we regress. We expect there is a

positive significant coefficient generated by β1 in Eq. 5 when the

dependent variable Herdi,j,t is retail investor herding behavior

[7,8]. As individual investors have relatively lower-level

information than other investors, they use the stock

discussion room to obtain information and share opinions.

Regression analysis is conducted to confirm that individual

investors herd when the abnormal information creation

activity, AICA, is greater than the average.

Herdi,j,t � α0 + β1 × AICAi,t + β2 × Herdi,k,t + β3 × Herdi,l,t + β4 × lnSIZEi,t

+β5 × RETi,t−1 + β6 × PERi,t + β7 × lnVOLi,t + β8 × STDi,t

+Year dummy + Industry dummy + ϵi,j,t
(5)

To confirm Hypothesis 2, “the bullish variable is negatively

related to all types of investors’ herding,” we conduct regression.

We expect there to be a negative significant coefficient generated

by α1 in Eq. 6 when the dependent variable Herdi,j,t is in all types

of investors’ cases. According to behavioral finance, when the

direction of utility is the loss not the profit, i.e., it more sensitive,

it reacts [14]. 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 variable is negatively related to

herding behavior when bullishness is bad. In addition, we verify

that it is applied to all types of investor herding using Eq. 6.

Herdi,j,k � α0 +β1 ×Bullishi,t +β2 ×AICAi,t +β3 ×Herdi,k,t

+β4 ×Herdi,l,t +β5 × lnSIZEi,t +β6 ×RETi,t−1 +β7 ×PERi,t

+β8 × lnVOLi,t +β9 × STDi,t +Yeardummy

+ Industry dummy+ ϵi,j,k
(6)

To confirm Hypothesis 3, “the relationship between variables

and retail investor’s herding still has an effect after COVID-19,”

we estimate the regression as shown in Eq. 6 by dividing before
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and after COVID-19 as of 22 March 2020, respectively, when

social distancing was implemented in South Korea. After

COVID-19, the number of retail investors increased, and

social media activity also increased. Therefore, regression

analysis is conducted to check whether the variables influence

investor’s herding behavior after COVID-19.

4 Empirical results

4.1 Summary statistics

For the empirical analysis, we used the 971 companies with

an average of 10 or more daily posts from January 2018 to

December 2021. In this study, the posts of the Naver Financial

stock discussion room during the sample period are collected by

the web crawling method using Python. The financial market

data, including adjusted stock price, the number of issued stocks,

PER, trading volume and transaction price according to the

investor type, are acquire from FnGuide.

Table 1 shows the summary statistics of the variables used in

regression analysis, and it represents summary statistics of whole

sample firms calculated with the average value of daily data.

AICA is the abnormal information creation activity calculated by

Eq. 1. If the activity of social media is greater than the average

value, it is a positive value, and if it is smaller than the average

value, it is a negative value. Bullish is an investment sentiment

indicator that represents opinion score. If the bullish variable is a

negative value for a specific firm, investors in social media think

the firm’s market value is negative. If it is a positive value, the

firm’s market value is positive. Herd_Retail, Herd_Fore. and

Herd_Insti. represent retail, foreign and institutional herding

behavior measures, respectively, and are calculated Eqs 3, 4.

lnSIZE is the value taking the natural log of market capitalization.

TABLE 1 Summary statistics. Table 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 an opinion score. Herd_Retail, Herd_Fore. andHerd_Insti. are retail,
foreign and institutional herding behavior measures, respectively. lnSIZE is the value taking the natural log of market capitalization. PER is the P/E
ratio. lnVOL is the value taking the natural log of the trading volume. STD is the standard deviation of daily returns from the previous 3 months. Panel
A represents summary statistics of regression variables, and Panel B represents the correlation between regression variables.

Panel A. Summary statistics of regression variables

Variable Mean Std Median Min Max Skew Kurt N

AICA 0.041 0.399 0.000 −1.663 3.109 0.899 2.828 334,531

Bullish 0.071 1.075 0.000 −9.900 9.319 0.333 16.788 334,531

Herd_Retail 4.692 5.749 2.858 0.000 48.091 2.189 5.738 334,531

Herd_Fore 15.423 10.842 11.795 0.000 62.701 0.876 0.217 334,531

Herd_Insti 26.320 17.817 24.224 0.000 71.610 0.216 −1.249 334,531

lnSIZE 27.045 1.660 26.720 21.975 33.929 0.775 0.246 334,531

RET 0.153 3.958 0.000 −30.004 30.056 1.822 15.239 334,531

PER 101.766 656.033 28.710 0.020 49,153.850 42.442 2357.404 334,531

lnVOL 12.993 1.541 12.888 7.440 20.742 0.412 0.306 334,531

STD 0.034 0.017 0.029 0.003 0.153 1.421 2.481 334,531

Panel B. Correlation between regression variables

Variable AICA Bullish Herd_Retail Herd_Fore Herd_Insti lnSIZE RET PER lnVOL STD

AICA 1

Bullish 0.135 1

Herd_Retail 0.020 -0.115 1

Herd_Fore −0.023 −0.038 0.195 1

Herd_Insti 0.034 0.057 −0.187 0.101 1

lnSIZE −0.062 −0.107 0.440 −0.127 −0.511 1

RET 0.143 0.109 −0.037 −0.013 0.007 −0.009 1

PER 0.006 −0.001 −0.020 0.008 0.004 −0.002 0.005 1

lnVOL 0.266 0.214 −0.211 −0.161 0.056 −0.009 0.137 −0.004 1

STD −0.008 0.121 −0.323 −0.116 0.189 −0.293 0.065 0.038 0.404 1
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PER is the P/E ratio. lnVOL is the value taking the natural log of

the trading volume. STD is the standard deviation of daily returns

for the previous 3 months. Panel A represents summary statistics

of regression variables, and Panel B represents the correlation

between regression variables.

Table 1 (Panel A) reports the average herding value of three

different investors (foreigner, institution, and retail investor

types) measured by Eqs 3, 4 in our sample period

(approximately 4 years). The institution and foreigner

investors, as informed investors, show a significantly higher

herding behavior than those for retail investors, as noise

investors. This result was obtained because informative

investors who refer to fundamental sources have a relatively

large herding effect, and noise investors who move randomly

have relatively small herding effects. The kurtosis of the bullish

variable, 16.788, is heavy tailed because it has a larger value than

the normal distribution. The large bullish value means there are

many positive opinions, and therefore, the return is also high. As

the relationship between Bullish and the return move in the same

direction, the kurtosis of Bullish and that of the return

(16.788 and 15.239, respectively) have similar values. The

results in Table 1 (Panel A) reveal a different herding

behavior according to the investor types and show

heterogeneous features in the social media sentiment,

primarily driven by investors who are passionate about social

media. Panel B reports the correlation between themain variables

used in regression analysis. On average, there are 971 firms and

334,531 data points with at least one social media activity each

day. The correlation between Bullish and AICA, which are the

main variables in this paper, is 0.135, which is low. This indicates

that there is no multicollinearity, so it is possible to use these two

variables for regression analysis at the same time.

4.2 Herding behavior regression estimates

If heterogeneous investors used similar information set to

trade a specific stock, then the investors show a herding behavior.

To test the investors’ herding effects on social media information,

we adopt the two key independent variables, the AICA and

bullishness. The novel information created from the social media

activity is used as a valuable information channel to explain the

stock market movement [38]. Despite results about the positive

relationship between social media and the stock market, the

study of the investors’ herding behavior through social media

information is insufficient. Therefore, this study aims to confirm

whether social media can be used as a variable to explain herding

through regression analysis.

Here, we present an empirical analysis of the hypotheses

described in Section 2. First, we present evidence that AICA, as

the information created from the social media activity, influences

the herding behavior of the retail investor. We employ the

regression analysis about the relation between the retail

investors’ herding behavior and social media information. As

a rigorous test of this relationship, we measure the herding effect

for heterogeneous investors of a certain firm on day t by the LSV

measurement [24]. Naver Finance, as an information source, is

social media optimized for stocks. The data created from the

Naver Finance website is different from Google data and includes

the number of searches of people who do not invest in stocks.

Therefore, we define abnormal information creation activity

(AICA) as social media information and supply it by utilizing

the number of daily posts in social media where investors form

their opinions directly by modifying the model of the abnormal

search volume index provided by [7]. We regress the investors’

herding behavior on the novel information in social media using

Eq. 5. In this equation, the dependent variable is the investor’s

herding behavior. The explanatory variables of interest are AICA,

the information created from the social media activity to measure

the abnormal behavior, and Herdi,k,t, the herding behavior of

other investors. The coefficients β1 and β2 test the social media

effect on the investors’ herding behavior predicted in Section 2.

Other independent variables contain firm control variables

[36,37]. We include yearly and industrial fixed effects to

remove time trends and industry features.

Table 2 reports the regression estimates. The AICA

coefficients are positive and statistically significant, implying

that the retail investor who obtained the information from

social media follows in and out of the same equities. On the

other hand, the correlation coefficients of the effect of institution

and foreign investor herding behavior on the AICA are negative

and statistically significant, indicating that the informed traders

of social media activity follow in and out of the different stocks.

This result supports the hypothesis that the retail investor’s

herding is affected by the information production process in

social media. Individual investors use Google to gather valuable

information for the investor, and institutional investors use

channels such as Bloomberg to obtain more sophisticated and

advanced information than individual investors [7,8]. Therefore,

retail investors with relatively deficient information levels use

social media information to obtain and share information and

confirm that individual investors herd when the activity is greater

than the average. Institutional and foreign investors show the

opposite pattern with respect to individual investors in the

Korean stock market [39]. The explanatory power of the

regression analysis model is highest in the model explaining

the herding of individual investors because the users in social

media are retail investors. As a result, Hypothesis 1 suggesting

that AICA is related to the herding of individual investors is

confirmed.

The coefficients of interest in Table 2 have the opposite sign

according to investor types. This increases the possibility that

factors for investor types correlated with investor’s herding

behavior are behind, indicating whether the investor

sentiment is related to the herding behavior regardless of

investor types. Next, we attempt to rule out this factor by
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estimating opinions in social media messages. Specifically, we

examine how the sentiment and activity in social media are

associated with herding behavior. If investors use valuable

information from the opinion formed from social media to

buy (or sell) specific securities, then the sentiment in social

media and investors’ herding behavior should be closely

related. There are many studies that explain the stock market

using the opinion formed in social media, and precedent studies

are showing significant results. The data used in this study

directly represent the opinion of market participants, so we

will check whether the sentiment formed on social media

based on behavioral finance affects decision-making.

According to prospect theory, one of the behavioral finance

theories, traders respond asymmetrically more sensitively to

losses than to gains. In other words, people have a loss

avoidance tendency [14].

We define the bullish variable calculated by Eq. 2 as an

opinion score in social media activity, as proposed by [9]. All

bullish variable are real numbers. If the bullish variable is a

negative value for a specific firm, investors in social media

think the firm’s market value is negative. If it is a positive

value, the firm’s market value is positive. To examine the

relationship between bullishness and investor herding, we

perform the regression analysis defined in Eqs 3, 4. We also

establish the control variables to remove the firm’s

characteristics [36,37]. In addition, each company can be

affected by industry and year, so the industrial fixed effect

and yearly fixed effect are considered. In the regression of Eq.

6, the dependent variable is investor herding, and the

independent variable is bullishness. Table 3 shows the

regression analysis result of Eq. 6.

Table 3 reports an estimate of the regression in Eq. 6 after

including bullishness and AICA in the sample. We measure the

bullishness of social media activity for specific firms. The finding

in Table 3 shows the role of sentiment in social media. The bullish

coefficient is negatively related to all types of investor herding,

suggesting that based on prospect theory, investors react more

sensitively in a bear market than in a bull market. The

TABLE 2 Relationship between investor herding behavior and AICA. Table reports the impact of AICA on the retail, foreign and institutional investor
herding measures. This table presents the parameter in Eq. 5. Herd_Retail, Herd_Foreigner and Herd_Institution are retail, foreign and
institutional herding behaviormeasures, respectively. AICA is the abnormal ICA. lnSIZE is the value taking the natural log ofmarket capitalization. PER
is the P/E ratio. lnVOL is the value taking the natural log of the trading volume. STD is the standard deviation of daily returns from the previous
3 months.

Herding_Retail Herding_Institution Herding_Foreigner

Inter −24.751*** 135.682*** 48.513***

[−72.420] [125.160] [65.041]

AICA 1.340*** −0.491*** −0.830***

[62.027] [−7.015] [-17.543]

Herding_Retail 0.216*** 0.512***

[38.896] [139.901]

Herding_Institution 0.021*** 0.023***

[38.869] [19.400]

Herding_Foreigner 0.108*** 0.050***

[139.901] [19.400]

PER −0.000*** 0.000 0.000***

[-9.616] [0.595] [9.673]

lnSIZE 1.633*** −5.719*** −1.644***

[269.254] [−298.816] [−114.986]

lnVOL −0.605*** 0.660*** −0.450***

[−95.352] [31.900] [-32.194]

RET −0.020*** −0.012* 0.0383***

[−9.491] [−1.719] [8.450]

STD −31.238*** 50.082*** −47.681***

[−53.896] [26.746] [−37.668]

Year fixed effect Y Y Y

Industry fixed effect Y Y Y

adR2 33.7% 28.4% 11.5%

No.observations 334,531 334,531 334,531

The industry and the year effect are considered. The *, ** and *** marks denote statistical significance at the 10%, 5% and 1% levels, respectively.
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explanatory power of the regression analysis model is highest in

the model explaining the herding of retail investors. As a result,

the bullish variable being negatively related to the herding of

individual investors can be confirmed as described in

Hypothesis 2.

4.3 Impact of COVID-19 on the
association between AICA, bullishness and
herding behavior

We found that the AICA and bullish variables have a

statistically significant effect on the herding behavior of

investors in Tables 2, 3. Figures A,B shows that the number

of retail investors has increased and that the number of posts on

social media has also increased after COVID-19. Therefore, we

try to show that the main variables still affect retail investor

herding and whether the AICA and Bullish in social media can

explain the investor’s herding behavior after the COVID-19

event as an economic crisis. We examine the association

between AICA and Bullish variables and herding behavior

before and after COVID-19. We conduct regression analysis

as shown in Eq. 6 by dividing before and after COVID-19 as of

22March 2020, when the social distancing policy started in South

Korea, respectively.

In Table 4, we compare the result of herding behavior for

three investor types, such as retail, institution, and foreign

investors using Eq. 6 between before (Panel A) and after

(Panel B) COVID-19. The impact of AICA and Bullish on the

herding behavior of the retail investor is still significant but the

impacts are weaker (AICA: 1.634 vs. 0.9748, Bullish: 0.1046 vs.

-0.0816), after COVID-19. AICA and Bullish variables are

statistically meaningless to institutional investor herding after

COVID-19. The effect of AICA on herding behavior of the

TABLE 3 Relationship between investor herding behavior and Bullish. Table reports the impact on Bullish on the retail, foreign and institutional
investor herding measures. This table presents the parameter in Eq. 6. Herd_Retail, Herd_Foreigner and Herd_Institution are retail, foreign and
institutional herding behavior measures, respectively. Bullish is an investment sentiment indicator that represents the opinion score. AICA is the
abnormal ICA. lnSIZE is the value taking the natural log of market capitalization. PER is the P/E ratio. lnVOL is the value taking the natural log of the
trading volume. STD is the standard deviation of daily returns from the previous 3 months. The industry and the year effect are considered.

Herding_Retail Herding_Institution Herding_Foreigner

Inter −24.749*** 135.672*** 48.450***

[−72.435] [125.152] [65.025]

AICA 1.360*** −0.479*** −0.813***

[62.831] [−6.829] [-17.140]

Bullish −0.107*** −0.061** −0.088***

[-13.719] [−2.413] [-5.138]

Herding_Retail 0.216*** 0.512***

[38.827] [139.721]

Herding_Institution 0.021*** 0.023***

[38.827] [19.378]

Herding_Foreigner 0.108*** 0.050***

[139.721] [19.378]

PER −0.000*** −0.010 0.000***

[−9.661] [−1.539] [9.654]

lnSIZE 1.626*** −5.722*** −1.649***

[267.371] [−298.285] [−115.088]

lnVOL −0.591*** 0.667*** −0.439***

[−92.068] [31.900] [-31.050]

RET −0.018*** −0.010 0.040***

[-8.467] [−1.539] [8.801]

STD −31.193*** 50.096*** −47.656***

[−53.834] [26.754] [−37.649]

Year fixed effect Y Y Y

Industry fixed effect Y Y Y

adR2 33.7% 28.4% 11.5%

No.observations 334,531 334,531 334,531

The *, ** and *** marks denote statistical significance at the 10%, 5% and 1% levels, respectively.
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TABLE 4 Impact of COVID-19 on the association between AICA, Bullish and Herding. Table reports impact of COVID-19 on the association between
AICA, Bullish and investor’s Herding. Regression analysis is performed by dividing COVID-19 into before and after with 22 March 2020 as the
reference date and this table represents regression results using Eq. 6. AICA is the abnormal ICA. Bullish is an investment sentiment indicator that
represents the opinion score. For brevity, We only show the results of the main variables in the table and the coefficient estimates of controlled
variables are suppressed.

Herding_Retail Herding_Institution Herding_Foreigner

Panel A. Impact of main variables on Herding before COVID-19

AICA 1.634*** −0.932*** −0.661***

[48.081] [−9.969] [−9.764]

Bullish −0.105*** −0.153*** −0.113***

[−8.029] [−4.304] [−4.385]

adR2 33.6% 31.0% 10.7%

N 167,347 167,347 167,347

(Other coefficient estimates have been omitted.)

Panel B. Impact of main variables on Herding after COVID-19

AICA 0.975*** 0.071 −1.032***

[39.303] [0.672] [−16.138]

Bullish −0.082*** 0.004 −0.055**

[−9.714] [0.105] [−2.549]

adR2 34.2% 26.5% 17.5%

N 167,184 167,184 167,184

(Other coefficient estimates have been omitted.)

The *, ** and *** marks denote statistical significance at the 10%, 5% and 1% levels, respectively.

TABLE 5 Robustness tests of subsample groups. Table reports robustness tests of sub samples, applying sample firms with an average of 20 or more
posts per day (Panel A) and sample firms with an average of 30 or more posts per day (Panel B). This table presents the parameter when we apply
subsample groups using Eq. 6. AICA is the abnormal ICA. Bullish is an investment sentiment indicator that represents the opinion score. For brevity,
We only show the results of the main variables in the table and the coefficient estimates of controlled variables are suppressed.

Herding_Retail Herding_Institution Herding_Foreigner

Panel A. Sample firms with an average of 20 or more posts per day

AICA 1.395*** −0.810*** −0.870***

[45.978] [−8.332] [−13.205]

Bullish −0.082*** −0.079** −0.073***

[-8.296] [−2.485] [−3.394]

adR2 34.8% 29.8% 11.6%

N 183,569 183,569 183,569

(Other coefficient estimates have been omitted.)

Panel B. Sample firms with an average of 30 or more posts per day

AICA 1.520*** −0.576*** −0.687***

[35.406] [−4.337] [−7.615]

Bullish −0.065*** −0.038 −0.051*

[−5.099] [-0.975] [−1.899]

adR2 33.9% 29.6% 11.7%

N 103,796 103,796 103,796

(Other coefficient estimates have been omitted.)

The *, ** and *** marks denote statistical significance at the 10%, 5% and 1% levels, respectively.
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foreign investor is stronger (−0.066 vs. −1.032) and the impact of

Bullish on herding of foreign investor herding is weaker

(−0.113 vs. −0.055), after COVID-19.

Overall, empirical results are statistically significant relation

between main variables, such as AICA and Bullish and herding

behavior even after COVID-19. The results shown in Table 4

confirm Hypothesis 3, which argues that the relationship

between main varaibles and herding behavior still shows

statistically significant after the COVID-19 crisis. However,

overall, the COVID-19 event weakens the effect of AICA and

Bullish on herding behavior.

4.4 Robustness test

The significant issue in our analysis above is that the measure

for social media activity is possibly endogeneous variable. It is

true for make information that the capability to extract valuable

information on the firm within social media activity is limited

because of small social media activity. We face a bias because it is

difficult to get valuable information in firms with low social

media activity. Here, we test whether the degree of social media

activity is associated with the relationship between AICA and

Bullish and herding behavior. We replicate the empirical analysis

of Table 3 and show the result of robustness tests by constructing

subsample groups composed of sample firms with an average of

20 or more posts per day (Panel A) and sample firms with an

average of 30 or more posts per day (Panel B) using Eq. 6. In

Panel A and B of Table 5, the relationship between AICA and the

herding behavior for three types shows a statistically significant

negative, while the association between AICA and individual

investor herding is a positive value with statistically significant.

These findings imply that herding behavior is not affected by the

degree of social media activity. The results shown in Table 5 are

consistent with the observation in Table 3 and confirm

Hypotheses 1 and 2.

Another potential issue is the portion of the retail investor.

Firms with higher retail investor activity may have more

relationships than those with small retail investor activity.

Because companies with small retail trading volume tend to

be firms with lower social media activity, these would be the

companies that might the week influence by information created

from social media. We analyze whether the degree of retail

investor activity affects the observed outcome in Tables 2, 3.

We estimate the relationship between AICA and Bullish and

herding behavior according to the retail investor ratio. We

divided the whole sample into two subsamples with respective

to the degree of retail investor activity and estimate the

relationships using Eg (6). In Panel A of Table 6, we analyze

the regression analysis with a subsample constructed above the

media retail investor ratio. We find that the Bullish coefficient is

negatively related to herding behavior regardless of investor type.

TABLE 6 Robustness tests of retail investor ratio groups. Table reports impact of key variables on herding separated into different retail investor ratio
groups. This table presents the parameter in Eq. 6. Regression analysis is performed by dividing into two groups, above and below median retail
investor ratio underlying trading volume. AICA is the abnormal ICA. Bullish is an investment sentiment indicator that represents the opinion score. For
brevity, We only show the results of the main variables in the table and the coefficient estimates of controlled variables are suppressed.

Herding_Retail Herding_Institution Herding_Foreigner

Panel A. Above median retail investor ratio

AICA 0.097*** −1.084*** −0.756***

[5.861] [−8.504] [−9.938]

Bullish −0.048*** −0.358*** −0.0070

[−8.765] [8.550] [−0.281]

adR2 28.1% 3.6% 31.8%

N 97,356 97,356 97,356

(Other coefficient estimates have been omitted.)

Panel B. Below median retail investor ratio

AICA 1.783*** 0.854*** −0.307***

[58.628] [10.424] [−5.304]

Bullish −0.136*** 0.258*** −0.0484**

[−11.727] [8.308] [−2.207]

adR2 31.2% 23.8% 9.4%

N 237,175 237,175 237,175

(Other coefficient estimates have been omitted.)

The *, ** and *** marks denote statistical significance at the 10%, 5% and 1% levels, respectively.
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However, the AICA is negatively related to the herding behavior

of both institutions and foreign investors, whereas the retail

herding behavior shows a positive relationship. The results from

Panel B in Table 6 are consistent with Table 3. It is because the

dominant users of social media are retail investors, so overall, we

find that the subsample with a higher retail investor ratio is

associated with more significance related to the results in Tables

2, 3. In Panel B of Table 6, the group below the median retail

TABLE 7 Robustness tests of industry group. Table shows the coefficients of the results of regression analysis by industry are shown using Eq. 6
excluding industry fixed effect. Panel A is Manufacturing industry, Panel B is Wholesale and retail trade industry, Panel C is Information and
communication and Panel D is Professional, scientific and technical activities industry. AICA is the abnormal ICA. Bullish is an investment sentiment
indicator that represents the opinion score. For brevity, We only show the results of the main variables in the table and the coefficient estimates of
controlled variables are suppressed.

Herding_Retail Herding_Institution Herding_Foreigner

Panel A. Manufacturing

AICA 1.246*** −0.467*** −0.869***

[49.051] [−5.189] [−14.626]

Bullish −0.109*** −0.034 −0.053**

[−11.916] [−1.050] [−2.495]

adR2 33.2% 26.2% 13.0%

No.firms 583 583 583

N 205,180 205,180 205,180

(Other coefficient estimates have been omitted.)

Panel B. Wholesale and retail trade

AICA 1.618*** −0.979*** −0.942***

[18.836] [−3.801] [−5.211]

Bullish −0.021 −0.325*** −0.196

[-0.663] [−3.475] [−2.988]

adR2 31.2% 33.3% 10.6%

No.firms 72 72 72

N 23,210 23,210 23,210

(Other coefficient estimates have been omitted.)

Panel C. Information and communication

AICA 1.223*** −1.375*** −0.795***

[21.053] [−7.294] [−6.045]

Bullish −0.0708*** −0.176*** −0.153***

[−3.399] [-2.615] [−3.262]

adR2 31.7% 30.7% 9.8%

No.firms 147 147 147

N 47,882 47,882 47,882

(Other coefficient estimates have been omitted.)

Panel D. Professional, scientific and technical activities

AICA 0.965*** −0.280 −0.426*

[8.916] [−0.956] [−2.105]

Bullish −0.143*** 0.008 0.009

[−3.890] [0.082] [0.124]

adR2 32.6% 28.3% 11.2%

No.firms 77 77 77

N 17,353 17,353 17,353

(Other coefficient estimates have been omitted.)

The *, ** and *** marks denote statistical significance at the 10%, 5% and 1% levels, respectively.
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investor ratio shows that the relations between two investors,

such as retail and institution herding behavior, and AICA are

statistically significant positive whereas the relationship between

foreigner herding behavior and AICA is negative with statistically

significant. We find that Bullish as an investor’s sentiment is a

statistically negative relation with the herding behavior of both

the retail and foreign investors while showing a positive

relationship with the herding behavior of institutional investor.

We further expand our analysis on the impact of AICA and

Bullish on herding behavior in terms of industry characteristics.

We estimate the regression by grouping industry to enhance the

robustness of the empirical results. To fix statistical significance, we

use industry exceeding 30 companies, including Manufacturing,

Wholesale and retail trade, Information and communication, and

Professional, scientific and technical activities. In Table 7, we

collected subsample data according to the above condition. We

conduct a test of data on whether the relationship between the

social media information and herding behavior is related to the

industry characteristics, overall there is a significant relation

between the AICA and Bullish and herding behavior. The

results show the positive relationship between the AICA and

individual investor herding behavior, while for the institution

and foreign investors, there is a negative relationship with

statistically significant, regardless of industries. We also find a

similar result in Table 3 for Bullish variables. In sum,we extend our

robustness tests by analyzing a subsample that reflected specific

industry characteristics. These findings show that statistically,

significant coefficients are consistent with the results in Table 3.

5 Conclusion

In this paper, we present novel results on the social media

information responsible for investors’ herding behavior and

implications of the usefulness of social media information for the

herding behavior. We show that abnormal information creation

activity (AICA) is positively related to the herding behavior of retail

investors, while institution and foreign investors are negatively

affected by the AICA. The evidence suggests that social media

activity is the key factor driving investor herding behavior.

With the sentiment in social media activity focused on a specific

firm, this paper uses a bullishmeasure in socialmediamessages, which

are the opinions of investors in social media. In this study, abnormal

information creation activity (AICA) and Bullish are calculated using

data from social media to examine the impact of these variables on

investor herding from 2018 to 2021. It is confirmed that the AICA

variable has a statistically significant positive value for the herding of

individual investors. The AICA variable has a statistically significant

negative value for the herding of institutional and foreign investors. In

otherwords, as its sign is opposite the sign for the effect on the herding

of individual investors, it seems that the characteristics of the Korean

stock market, which are opposite the trading patterns of foreigners

and institutions, of individual investors are reflected from the

perspective of herding. It is confirmed that the bullish variable is a

statistically significant negative value for the herding of all investor

types. It seems to reflect the theory of behavioral finance, which is

more sensitive to losses than to gains.

Finally, we confirm that the effect of key variables on the herding

of individual investors is statistically significant, even after COVID-

19. This seems to reflect the fact that social media became more

active and that the number of individual investors increased after

COVID-19. It is meaningful that the study of the herding of

individual investors, which has not been studied well in the past,

is conducted. The social media data that directly represent the

opinions of individual investors are used to explain the herding of

individual investors. By comparing the effects of variables measured

using social media data before and after COVID-19, the effects of

social media on herding by investors types is improved.
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