
Chaiyuth Padungsaksawasdi

Article

Herd behavior and firm-specific information

Cogent Economics & Finance

Provided in Cooperation with:
Taylor & Francis Group

Suggested Citation: Chaiyuth Padungsaksawasdi (2020) : Herd behavior and firm-specific
information, Cogent Economics & Finance, ISSN 2332-2039, Taylor & Francis, Abingdon, Vol. 8, Iss. 1,
pp. 1-19,
https://doi.org/10.1080/23322039.2020.1844399

This Version is available at:
https://hdl.handle.net/10419/270012

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

  https://creativecommons.org/licenses/by/4.0/

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1080/23322039.2020.1844399%0A
https://hdl.handle.net/10419/270012
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=oaef20

Cogent Economics & Finance

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/oaef20

Herd behavior and firm-specific information

Chaiyuth Padungsaksawasdi |

To cite this article: Chaiyuth Padungsaksawasdi | (2020) Herd behavior and
firm-specific information, Cogent Economics & Finance, 8:1, 1844399, DOI:
10.1080/23322039.2020.1844399

To link to this article:  https://doi.org/10.1080/23322039.2020.1844399

© 2020 The Author(s). This open access
article is distributed under a Creative
Commons Attribution (CC-BY) 4.0 license.

Published online: 20 Nov 2020.

Submit your article to this journal 

Article views: 1536

View related articles 

View Crossmark data

Citing articles: 1 View citing articles 

https://www.tandfonline.com/action/journalInformation?journalCode=oaef20
https://www.tandfonline.com/loi/oaef20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/23322039.2020.1844399
https://doi.org/10.1080/23322039.2020.1844399
https://www.tandfonline.com/action/authorSubmission?journalCode=oaef20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=oaef20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/23322039.2020.1844399
https://www.tandfonline.com/doi/mlt/10.1080/23322039.2020.1844399
http://crossmark.crossref.org/dialog/?doi=10.1080/23322039.2020.1844399&domain=pdf&date_stamp=2020-11-20
http://crossmark.crossref.org/dialog/?doi=10.1080/23322039.2020.1844399&domain=pdf&date_stamp=2020-11-20
https://www.tandfonline.com/doi/citedby/10.1080/23322039.2020.1844399#tabModule
https://www.tandfonline.com/doi/citedby/10.1080/23322039.2020.1844399#tabModule


GENERAL & APPLIED ECONOMICS | RESEARCH ARTICLE

Herd behavior and firm-specific information
Chaiyuth Padungsaksawasdi1*

Abstract:  The study shows critical roles of firm-specific information on herd beha-
vior, which is underexplored in prior literature, albeit an increasing impact of firm- 
specific information on asset pricing. The main finding demonstrates that three of 
four selected measures of firm-specific information (return residual, return skew-
ness, and information discreteness) are associated with the aggregate herd beha-
vior in the Thai equity market. The return residual delineates the greatest impacts in 
most cases, especially during the financial turbulence periods. Herd behavior with 
firm-specific information is observed at all times. More importantly, less corporate 
transparency, more noise trading, large asymmetric risk, and low liquidity are the 
main drivers of intentional herd behavior.

Subjects: International Finance; Finance; Investment & Securities  

Keywords: firm-specific information; herd behavior; financial crisis; behavioral finance; 
Thailand
Jel: G14; G40; G41

1. Introduction
It is widely known that market risk alone, as suggested by the Capital Asset Pricing Model (CAPM), is 
ineffective and insufficient to describe an entire development of stock prices. Roles of firm-specific 
information in asset pricing have been recently gained attention from both academics and practi-
tioners; however, the results remain inconclusive. Easley et al. (2002) support that firm-specific 
information measured by the probability of informed trading (PIN)1 affects stock prices, whereas 
Duarte and Young (2009) and Lai et al. (2014) arguably find the reverse result. At present, herd behavior 
or a group of participants imitating the trading behavior is a common phenomenon in financial markets 
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in which traders follow their trades to others without full acknowledgement of self-conscience and 
complete information. Conceptually, insofar as the aggregate herd behavior model suggested by 
E. C. Chang et al. (2000) is grounded on the Black’s (1972) CAPM, firm-specific information should 
play a critical role in the herd behavior model.2 Nevertheless, the study in this area is underexplored.

Many studies indirectly investigate the relationships of stock characteristics and herd activities. 
For example, Lakonishok et al. (1992) and Choi and Sias (2009) reveal that company’s size and type 
of businesses affect herd behavior. Specifically, based on the portfolio analysis at the industry level, 
firm characteristics are important to herd behavior in the U.S. equity market (Demirer & Zhang, 
2019). However, they find that only firm’s size and momentum strategy determine herd behavior, 
whereas the book-to-market and market beta do not. Economic conditions also influence herd 
behavior, showing an asymmetric herd behavior with a stronger effect during turmoil periods 
(Babalos & Stavroyiannis, 2015; Chiang & Zheng, 2010; Klein, 2013). Notwithstanding the above 
evidence, only a few literatures investigate the impact of firm-specific information on herd beha-
vior in stock markets. For example, Huang et al. (2015) and Vo and Phan (2019) show that a level of 
idiosyncratic volatility causes different trading patterns in the stock market, including herd beha-
vior. These shed some light on further research opportunities to identify the extent to which firm- 
specific information plays a critical role in associating with the aggregated herd behavior.

There is an ongoing debate about an information proxy of stock prices whether or not it is 
informative or noisy. Hence, I introduce only four related measures of firm-specific information 
that are employed in this study and discussed more in detail in subsequent sections. First, prior 
literature (Durnev et al., 2004; Ferreira & Laux, 2007; Morck et al., 2000) finds that idiosyncratic 
volatility is an outcome of information flow. Roll (1988) shows that public firm-specific news 
information is largely associated with stock nonsynchronicity (low R � Squared value). Second, 
Aabo et al. (2017) find that idiosyncratic volatility positively relates to stock mispricing, sup-
porting noise trading. Third, asymmetric information is a typical violated model assumption in 
finance and economic theories, which causes different trading decisions. Nguyen et al. (2018) 
propose that return skewness is a proxy of asymmetric risk. The larger the return skewness, the 
higher the discrepancy of accessible and available information is. Last, illiquidity premium is 
priced in equity markets. Thus, illiquid stocks, as measured by information discreteness (Da 
et al., 2014), reflect a large information asymmetry among market participants, triggering 
a large number of noise traders. In this paper, I employ four measures of firm-specific return 
variation that are return nonsynchronicity, residual return, return skewness, and information 
discreteness.

This paper is different from other related studies in three aspects. First, it focuses on measures of 
firm-specific return variation, which are indirectly and implicitly observed in stock prices, including 
return nonsynchronicity (a measure of corporate transparency), residual return (a measure of 
noise trading), return skewness (a measure of information asymmetry), and information discrete-
ness (a measure of stock illiquidity). This distinguishes from the study of Demirer and Zhang 
(2019), in which firm characteristics are directly found in the company information (i.e., size, book- 
to-market, past returns). The findings shed new light in the field. Second, empirical models 
proposed in this study yield better estimations. As the splitting data and multicollinearity problems 
shown in prior literature are of less concern. Last, I focus on the aggregate level of herd behavior in 
an emerging equity market rather than on the industry level because it better represents an overall 
stockholders’ trading decision-making. Moreover, the business variety of and the number of listed 
stocks in the Stock Exchange of Thailand are limited. Most trades concentrate in the SET50 index, 
accounting for more than 60% of the total market capitalization3 and the constituent stocks in the 
SET50 index mainly consist of the Energy&Utilities and Banking stocks, accounting for more than 
37% of the total trading value. Galariotisa et al. (2016) suggest that a problem of less frequent 
trading stocks impacts an inference in herd behavior model; thus, an analysis at the industry level 
could mislead true herd behavior in the Stock Exchange of Thailand.
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The sample setting in this study is the Stock Exchange of Thailand as supported by some stylized 
facts as follows. First, Chiang and Zheng (2010) show that herd behavior is stronger in the Asian 
markets than in the U.S. and the Latin markets and Arjoon and Bhatnagar (2017) suggest that herd 
behavior is likely to be found in a small equity market. These provide a unique research opportunity 
to examine the aggregate herd behavior in the Thai equity market. Second, various types of 
investors define different roles in trading strategies (Grinblatt & Keloharju, 2000; Phansatan 
et al., 2012), which subsequently affect the movement of stock prices. As retail investors are 
dominant in the Thai stock exchange, the results on the herd behavior potentially differ from 
advanced equity markets.4 Moreover, there is scant research about the herd behavior in Thailand. 
Thus, this paper aims to fill the gap in the literature.

The objective of this paper is to investigate whether or not firm-specific return variations matter 
for the aggregate herd behavior in Thailand. The main results support such an effect. The findings 
of firm-specific information are stronger during the negative market periods as well as the 
financial turbulent periods. Of selected four measures of firm-specific information, the residual 
return shows the greatest impact on herd behavior in all cases. Thus, noise trading as measured by 
the residual return from the market model (Aabo et al., 2017; Blitz et al., 2011) is the most 
important firm-specific information for herd behavior in the Thai equity market. There is neither 
direct test nor evidence to identify whether herding is intentional or unintentional. The results in 
this study offer and link possible explanations in this regard. Specifically, less corporate transpar-
ency, more noise trading, large asymmetric risk, and low stock liquidity are the main factors to 
drive intentional herding, while the opposite is true for unintentional herding.

The remainder of this study is presented as follows. Section 2 summarizes pertinent literature on herd 
behavior at the aggregate level. Section 3 describes data sets used in this study. Section 4 introduces 
a methodology for empirical tests and Section 5 presents the results. The last section is summary.

2. Pertinent literature
There are prolific studies of herd behavior in financial markets, yet no results are conclusive. Spyrou 
(2013) provides a thought-provoking review about herd behavior in the financial market, by which 
the herd behavior is classified into three categories, i.e., institutional investor herding, herding in an 
aggregate market activity, and herding in analyst recommendation.5 Along with the aim of this 
study, I provide a brief review on herd behavior at the aggregate market level as below.

Herd behavior is generally defined as a collective group behavior upon, which an individual 
follows his trades to peers and ignores his own belief and available information. The aggregate 
herd behavior detection model is pioneered and developed by Christie and Huang (1995) and 
E. C. Chang et al. (2000), by studying in the U.S. markets. The basic intuition is that information 
uncertainty causes investors to follow market consensus, especially during extreme market con-
ditions. The herd behavior contributes significantly to market volatility and is highly prominent 
during negative market and financial crises (Chiang & Zheng, 2010; Eichengreen et al., 1998; 
Hwang & Salmon, 2004; Laih & Liau, 2013), confirming the asymmetric herd behavior. Later, global 
studies on the herd behavior are widely documented with mixed results.6 The results seem to be 
driven by selected country samples, time periods of study, and employed methodologies.

Unintentional herding occurs when traders possess similar sets of problems and relevant informa-
tion, so they coincidentally make the same decision. The whole similar action pushes stock prices to 
be informationally efficient. On the contrary, there is no logical description to explicitly delineate 
intentional herd behavior, pushing stock prices to be more informationally inefficient. As factors of 
investor’s decision-making in stock trading are uncountable, it is virtually impossible to distinguish 
between intentional and unintentional herd behaviors. Banerjee (1992) depicts that intentional 
information-cascade herd behavior is sensitive to a small shock, potentially leading to excessive 
market volatility, market destabilization, and episodes of bubbles (Spyrou, 2013).

Padungsaksawasdi, Cogent Economics & Finance (2020), 8: 1844399                                                                                                                                
https://doi.org/10.1080/23322039.2020.1844399                                                                                                                                                       

Page 3 of 19



Regarding the relationship between stock characteristics and herd behavior, Lakonishok et al. 
(1992) and Choi and Sias (2009) show that the size of company and type of businesses affect 
institutional herd behavior in the U.S. markets. A more recent study conducted by Demirer and 
Zhang (2019) emphasizes a crucial role of characteristics of firm on herd behavior over the period 
of 1964–2016 by using the portfolio analysis approach. Interestingly, only firm’s size and momen-
tum strategy are considered important factors, not the book-to-market and market beta factors. 
The business cycle also influences herd behavior, showing an asymmetric herd behavior with 
a stronger effect during turmoil periods (Babalos & Stavroyiannis, 2015; Chiang & Zheng, 2010; 
Klein, 2013). Notwithstanding the above evidence, only a few studies investigate an impact of firm- 
specific information on herd behavior in the stock markets, although the relationship between 
firm-specific information and stock prices is widely addressed.

A debate on firm-specific information being subsumed into the stock prices has gained attention 
from both academics and practitioners. In this paper, I discuss four popular measures of firm- 
specific information that could embed additional information to firm fundamentals, including 
return synchronicity, residual return, return skewness, and information discreteness.

A proxy of firm-specific information as noise or information to the stock prices is debatable. First, 
firm-specific news explains large idiosyncratic volatility (low R � Squared) of a firm (Roll, 1988) by 
employing a market model in the U.S. market, which is later opposed by Jiang et al. (2009) and Aabo 
et al. (2017). Moreover, large idiosyncratic volatility of return dispersion is more similar to noise (Li 
et al., 2014). Morck et al. (2000) find large return variations driven by a relatively larger amount of 
informed risk arbitrage activity in advanced economies. This is later supported by the work of Wurgler 
(2000), Durnev et al. (2003), and Chen et al. (2007), addressing that a sensitivity in the stock prices is 
associated with firms or countries with large return variations. Thus, the idiosyncratic volatility or R �
Squared is important information for investors’ decision-making. Second, Aabo et al. (2017) point out 
that stock mispricing (or less informative stock) is driven by noise trading as proxied by return residual 
from an asset pricing model. The large idiosyncratic volatility in the U.S. market is potentially from the 
presence of speculation by retail traders (Brandt et al., 2010; Campbell et al., 2001). Thus, residuals in 
the asset pricing model are associated with stock synchronicity, ultimately affecting the behavior of 
stock prices. Third, it is widely known that return skewness is a proxy of an information asymmetry, in 
which return jump from a sudden arrival of information might be a cause of skewness and excess 
kurtosis. Wanidwaranan and Padungsaksawasdi (2020) study an impact of return jump on herd 
behavior in a global equity market and find that an information cascade from the return jump well 
explains the herd behavior. Moreover, the herd behavior is more prevalent when return jumps occur, 
demonstrating that there is an asymmetry of information affect herd behavior. Last, Da et al. (2014) 
and R. P. Chang et al. (2018) employ information discreteness as a proxy of investor underreaction/ 
overreaction. They investigate how investors respond to an occurrence of information, in which 
rational investors promptly take a trading decision when news arrives and irrational investors delay 
the decision as explained by frog-in-the-pan hypothesis. Moreover, they find that momentum profits 
depend on the arrival of continuous information. Low information discreteness stocks associate with 
low investor attention and strong return momentum (Lin et al., 2016). Thus, information discreteness 
leads to return discontinuity, which reflects an illiquidity of stocks.

3. Data
This paper uses daily stock prices from DataStream from January 1987 to December 2019. A total of 
849 listed and delisted companies are included. I select the Stock Exchange of Thailand (SET) as the 
sample setting in this study for several reasons. First, the Thai equity market as one of the fastest 
growing stock markets in Asia has grown in terms of the number of listed companies, trading 
volumes, and market capitalizations since its inception in 1975, which calls attention from different 
traders around the globe. Thus, understanding trading behavior in the Thai stock market is necessary 
and important for international portfolio diversification. Second, retail investors are dominant players 
in the SET, which is different from developed markets underlined by a dominance of institutional 
traders. This proves appropriate for studying herd behavior at the aggregate level that provides 

Padungsaksawasdi, Cogent Economics & Finance (2020), 8: 1844399                                                                                                                                
https://doi.org/10.1080/23322039.2020.1844399

Page 4 of 19



insights for developing markets. Third, Chiang and Zheng (2010) show that herd behavior is stronger in 
the Asian markets than that in the U.S. and the Latin markets, respectively, whereas Arjoon and 
Bhatnagar (2017) suggest that herd behavior is likely to be found in a small equity market. These leave 
room for further research on examining the aggregate herd behavior in the Thai equity market. Last, 
the business variety of and the number of listed stocks in the SET are limited. Most trades concentrate 
in the SET50 index, accounting for more than 60% of the total market capitalization. Additionally, the 
constituent stocks in the SET50 index mainly consist of stocks in the Energy&Utilities and Banking 
industries, accounting for more than 37% of the total trading value. Galariotisa et al. (2016) suggest 
that a problem of less frequent trading stocks impacts an inference in herd behavior; thus, an analysis 
at the industry level could mislead the true herd behavior in the SET. In summary, these unique 
characteristics of the Thai equity market lie the essential foundation for exploring the existence of 
herd behavior and provide an additional evidence in the context of international equity markets.

4. Methodology

4.1. Firm-specific information
Selected four types of monthly firm-specific information are computed by using daily individual 
stock returns (except the residual returns)7 over the entire sample period as follows.

First, the monthly return nonsynchronicity (NSYNCt) suggested by Dasgupta et al. (2010) is mea-
sured by the logistic transformation of the coefficient of determination (R � Squared) of the market 
model.8 Dasgupta et al. (2010) suggest that return nonsynchronicity is a measure of corporate 
transparency. When firm information is timely and accurately disclosed and released, market parti-
cipants promptly and effectively analyze the information and make similar decisions in their trades. 
Thus, stock prices move synchronously with the market return, resulting in a low return nonsynchro-
nicity. However, a lack of corporate transparency causes uncertainty on the arrival of information. 
Less informed investors thus rely more on macroeconomic information and follow the trades from 
more relatively informed ones (E. C. Chang et al., 2000). To obtain the return nonsynchronicity of each 
firm, I run the market model as shown in equation (1) of daily returns over the period of study in order 
to obtain the R � Squared in each month for the variable definition as shown in equation (2). 

Ri;t ¼ αþ γ1RSET
m;t þ εt (1)  

NSYNCi ¼ ln
1 � R � Squaredið Þ

R � Squaredi

� �

(2) 

where Ri;t is a daily individual stock return of firm i on day t, RSET
m;t is a daily SET index market return 

on day t, and εt is a residual term on day t. NSYNCi is the return nonsynchronicity of firm i. R �
Squaredi is the coefficient of determination of firm i obtained from the market model shown in 
equation (1) for a given month. ln is natural logarithm.

Second, the monthly standardized residual return is an error term (εt) of the market model, 
which represents as a noise trading activity as it shows news-based return volatility (Aabo et al., 
2017; Blitz et al., 2011). Thus, the residual return is driven by firm-specific information rather than 
noise. Noise traders are considered as uninformed traders, who lack sufficient information to make 
a trade. The larger the number of noise traders is, the higher the likelihood of herd behavior is 
(Spyrou, 2013).

Third, the monthly return skewness (SKEWt) represents an asymmetry in firm-specific return 
variation (Nguyen et al., 2018), which is shown in equation (3) below.9 Over periods of extreme 
conditions, information asymmetry is enlarged, boosting the skewness of return. Investors tend to 
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disregard their own private information and to track an observed decision during extreme periods 
(Deng et al., 2018). 

SKEWt ¼
T T � 1ð Þ

3
2 ∑T

t¼1 Ri;t � Ri
� �3

T � 1ð Þ T � 2ð Þ ∑T
t¼1 Ri;t � Ri
� �2� �3

2
(3) 

whereRi is an average return of firm i during a given month, and T is a number of daily observations 
in a particular month.

Last, the monthly information discreteness (IDt) presented in equation (4) demonstrates stock 
illiquidity introduced by Da et al. (2014), who suggest that a continuity in return be associated with 
a frequency of information disclosure. Less illiquid firms are likely to be large and transparent 
firms, showing a smaller tendency of herd behavior (Taylor, 2002). 

IDM ¼ sign CumulativeMð Þ � %NegativeM � %PositiveMð Þ (4) 

where sign CumulativeMð Þ is a sign of cumulative raw returns during month M.%NegativeM 

(%PositiveM) is a percentage of negative (positive) return dates during month M.

4.2. Herd behavior and firm-specific information
One of the most popular aggregate herding detection models is developed by E. C. Chang et al. 
(2000). Starting from a rational asset pricing model, the model demonstrates that the linear 
relationship of return dispersion and market return is not sufficient to explain herd behavior, an 
inclusion of non-linear return would help capture true herd behavior. Thus, herd behavior as shown 
in equations (5) and (6) is dominant when the rational asset pricing model is violated under two 
cases. First, a significant and negative coefficient of Rm;t

�
�

�
� shows severe herd behavior. Second, 

without a significantly negative coefficient of Rm;t
�
�

�
�, a significant and negative (positive) coefficient 

of R2
m;t indicates herd behavior (anti-herd behavior). 

CSADt ¼
1
N

∑
N

i¼1
Ri;t � Rm;t
�
�

�
� (5)  

CSADt ¼ αþ γ1 Rm;t
�
�

�
�þ γ2R2

m;t þ εt (6) 

where CSADt is a cross-sectional absolute deviation of returns on day t, N is the number of stocks in 
a given portfolio, and Ri;t is a daily individual stock return of firm i on day t, which is 
100� lnðPi;tÞ � lnðPi;t� 1Þ

� �
. ln is natural logarithm. Rm;t is an equally weighted portfolio return10 

on day t, and εt is an error term on day t.

This paper incorporates the potential effects of four-type of firm-specific return variation into the 
E. C. Chang et al.’s (2000) herd behavior model as follows. 

CSADt ¼ αþ γ1 Rm;t
�
�

�
�þ γ2R2

m;t þ γ3DL þ γ4DH þ γ5DL Rm;t
�
�

�
�þ γ6DLR2

m;t þ γ7DH Rm;t
�
�

�
�þ γ8DHR2

m;t

þ εt (7) 

where DL is equal to one when a measure of firm-specific return variation falls below the 25th 
percentile, and zero otherwise. A dummy variable DH is equal to one when a measure of firm- 
specific return variation falls above the 75th percentile, and zero otherwise. Estimated coefficients 
of γ5 to γ8 are variables of interest. Either negative and significant γ5 or γ6 demonstrates herd 
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behavior among the lower 25th percentile stocks, while either negative and significant γ7 or γ8 
demonstrates herd behavior among the higher 75th percentile stocks.

An asymmetry of herd behavior between the negative market return period and the remaining 
period is shown in equation (8). Moreover, I investigated the impact of major financial crises on 
herd behavior in equation (9). 

CSADt ¼ αþ γ1 Rm;t
�
�

�
�þ γ2R2

m;t þ γ3Dd þ γ4Dd Rm;t
�
�

�
�þ γ5DdR2

m;t þ γ6DL þ γ7DH

þ γ8DdDL þ γ9DdDH þ γ10DL Rm;t
�
�

�
�þ γ11DLR2

m;t þ γ12DH Rm;t
�
�

�
�

þ γ13DHR2
m;t þ γ14DdDL Rm;t

�
�

�
�þ γ15DdDLR2

m;t þ γ16DdDH Rm;t
�
�

�
�

þ γ17DdDHR2
m;t þ εt

(8)  

CSADt ¼ αþ γ1 Rm;t
�
�

�
�þ γ2R2

m;t þ γ3Dc þ γ4Dc Rm;t
�
�

�
�þ γ5DcR2

m;t þ γ6DL þ γ7DH

þ γ8DcDL þ γ9DcDH þ γ10DL Rm;t
�
�

�
�þ γ11DLR2

m;t þ γ12DH Rm;t
�
�

�
�þ γ13DHR2

m;t þ γ14DcDL Rm;t
�
�

�
�

þ γ15DcDLR2
m;t þ γ16DcDH Rm;t

�
�

�
�þ γ17DcDHR2

m;t þ εt

(9) 

where Dd is a dummy variable on negative movement dates, which is equal to one during the 
period of less-than-zero market return, and zero otherwise.Dc is a dummy variable on financial 
crisis dates, which is equal to one during the Asian financial crisis (1 July 1997 to 
31 December 1998) and the Global financial crisis (1 March 2008 to 31 March 2009), and zero 
otherwise. Given equations (8) and (9), γ14 to γ17 are estimated coefficients of interest, which are 
expected to be significant and negative in order to validate an asymmetry of herd behavior during 
the negative market return periods and the crisis periods.

The models in this study have overcome two major drawbacks in prior literature. First, the test of 
asymmetric herd behavior in the work of E. C. Chang et al. (2000) is designed to split the data 
based on different market conditions, and then run each model separately. This would suffer 
a sample-splitting problem. Second, Chiang and Zheng (2010) suggest the tests of asymmetric 
herd behavior and herd behavior during the financial crisis periods by using the dummy variable 
approach. Putting both dummyvariable and (1 � dummyvariable) in the same equation would 
cause multicollinearity. In summary, the estimations in this paper alleviate these two problems, 
subsequently yielding better results.11

5. Empirical results
Table 1 demonstrates the descriptive statistics of daily cross-sectional absolute deviations (CSAD) 
and daily equally weighted market returns (Rm). The return dispersion ranges from 0.019% to 
10.559% per day over the examined period of study, whereas the market return moves approxi-
mately −11.604% to 9.872% per day with a high standard deviation of 1.282% per day signaling 
a high stock’s market volatility in the Stock Exchange of Thailand. Statistically significant augmen-
ted Dickey–Fuller (ADF) tests of these two main variables demonstrate an absence of unit root, 
meaning that the time-series data are consistent with the stationary assumption and fit for model 
testing shown in further steps. Although an autocorrelation is relatively low among long lag 
periods, it still presents a large magnitude of serial correlation, especially for the CSAD. Thus, the 
heteroscedasticity and autocorrelation consistent standard error developed by Newey and West 
(1987) is employed throughout the study.

5.1. Aggregate market herding
In this study, I extend the E. C. Chang et al.’s (2000) herding detection model by incorporating 
measures of firm-specific information under several scenarios. Interaction terms between firm- 
specific return variation and market return variables are estimated coefficients of interest. 
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A negative coefficient of Rm;t
�
�

�
� suggests severe herd behavior, whereas a positive coefficient of Rm;t

�
�

�
�

with a negative coefficient of R2
m;t indicates a slope reduction in the aggregate market herding. On the 

other hand, a positive coefficient of Rm;t
�
�

�
� with a positive coefficient of R2

m;t is a sign of anti-herd 
behavior, implying that investors rely on their own trading decision rather than market consensus.

Column (1) of Table 2 presents the aggregate market herd behavior over the entire sample. In 
general, the herd behavior based on the model suggested by E. C. Chang et al.’s (2000) is evident in 
the Thai stock market, showing the significantly positive linear term ( Rm;t

�
�

�
�) and significantly negative 

non-linear term (R2
m;t) with the 35.3% adjusted R-squared value. This means that a return dispersion 

increases at a decreasing rate, given an increase in the absolute value of market return. A reduction 
of return dispersion denotes a violation of a rational asset pricing model signifying pure herd behavior 
in Thailand (Chang & Lin, 2015; Chen, 2013; Chiang & Zheng, 2010).

Table 2. Herd behavior and firm-specific information
(1) (2) (3) (4) (5)

Chang et al. Nonsync Resid Skew ID
Intercept 1.369*** 1.545*** 1.558*** 1.647*** 1.576***

(74.85) (48.49) (83.80) (78.83) (55.66)

Rm;t
�
�

�
� 0.790*** 0.524*** 0.416*** 0.594*** 0.683***

(20.26) (8.78) (15.77) (21.43) (13.31)

R2
m;t −0.050*** −0.006 −0.025*** −0.055*** −0.052***

(−4.97) (−0.36) (−4.43) (−12.00) (−4.24)

DL −0.032 −0.351*** −0.232*** −0.086***

(−0.85) (−17.24) (−8.60) (−2.74)

DH −0.307*** 0.338*** −0.244*** −0.288***

(−7.00) (8.97) (−8.49) (−8.75)

DL Rm;t
�
�

�
� −0.003 −0.075** 0.060 −0.082

(−0.04) (−2.32) (1.26) (−1.25)

DLR2
m;t −0.023 0.044*** 0.050*** 0.038**

(−1.14) (7.37) (5.80) (2.33)

DH Rm;t
�
�

�
� 0.502*** 0.414*** 0.154*** 0.123

(4.78) (6.12) (2.74) (1.57)

DHR2
m;t 0.051 −0.029* 0.079*** 0.061**

(1.53) (−1.67) (5.00) (2.10)

Adj:R2 0.353 0.446 0.565 0.422 0.384

This table reports the estimated results of the aggregate market herd behavior by employing the E. C. Chang et al. 
(2000) model with firm-specific information. The regression model is 
CSADt ¼/ þγ1 Rm;t

�
�

�
�þ γ2R2

m;t þ γ3DL þ γ4DH þ γ5DL Rm;t
�
�

�
�þ γ6DLR2

m;t þ γ7DH Rm;t
�
�

�
�þ γ8DHR2

m;t þ εt , where CSADt is the cross- 
sectional absolute deviation of return at time t. Rm;t is an equally weighted portfolio return at time t. DL is equal to one 
if a particular firm-specific information falls below the 25th percentile, and zero otherwise. DH is equal to one if 
a particular firm-specific information falls above the 75th percentile, and zero otherwise. Four measures of firm- 
specific information are return nonsynchronicity (Nonsync), return residual (Resid), return skewness (Skew), and 
information discreteness (ID). Return nonsynchronicity (NSYNCt) is measured by the logistic transformation of the 
coefficient of determination of the market model, which is used as a proxy of corporate transparency. Residual return 
is an error term of the market model, which represents as a noise trading activity. Return skewness represents an 
asymmetry in firm-specific return variation. Information discreteness shows a continuity in return be associated to 
a frequency of information disclosure, referred to stock illiquidity. The calculations of each measure are shown in 
Section 4 Methodology. t-statistics are shown in parentheses, which is calculated by using Newey and West (1987)’s 
heteroscedasticity and autocorrelation consistent standard errors. *, **, and *** indicate statistical significance at the 
10%, 5%, and 1% levels, respectively. 
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Columns (2) to (5) of Table 2 show the associations between herd behavior and firm-specific 
information. In general, an inclusion of firm-specific information improves the fitness of the models, 
generating 38.4% to 56.5% adjusted R-squared values. Preliminarily, the below 25th percentile and 
the above 75th percentile dummy variables of each firm-specific information measure are negative 
and statistically significant in most cases, meaning that extreme values of firm-specific return 
variations are associated to return dispersion. However, I focused on interaction terms, which reflect 
an effect of each measure of firm-specific information on aggregate herd behavior. As shown in 
Column (3), the below 25th percentile of residual return shows severe herd behavior as the coefficient 
of DL Rm;t

�
�

�
� is significantly negative. Because a high (low) value of residual return shows a high (low) 

tendency of noise trading (Aabo et al., 2017), the results suggest that herd behavior is mainly driven 
from informed traders (comparatively less in uninformed traders)12 is likely to be unintentional herd.13 

However, due to the significantly positive DLR2
m;t, the mimicking trades decline, given an increase in 

the absolute market return. Conversely, the above 75th percentile of residual return demonstrates 
a relatively weaker herd behavior than the bottom percentile because it shows the significantly 
positive in the linear interaction term ðDH Rm;t

�
�

�
�Þ and significantly negative in the nonlinear interaction 

term DHR2
m;t

� �
. This implies that noise traders mainly cause intentional herding. Unfortunately, I do 

not find herd behavior in the rest of firm-specific information measures. Nevertheless, it is interesting 
to note that both high and low percentiles of return skewness (Column 4) and information discrete-
ness (Column 5) demonstrate possible anti-herding behavior based on the positive coefficients of 
DLR2

m;t and DHR2
m;t. The results are in line with the findings of Hwang and Salmon (2004), who state 

that market stress as an extreme market condition is associated with herd behavior and Messis and 
Zapranis (2014) discover the relationship between systematic skewness and herd behavior. As return 
skewness is a representative of information asymmetry (Deng et al., 2018), herd behavior is definitely 
affected, especially during bull and bear markets. Thus, return skewness is a condition of herd 
behavior. Weak evidence on the information discreteness is found along with the findings of Taylor 
(2002) and Galariotisa et al. (2016), who show that stock liquidity (measured by information discrete-
ness) influences herd behavior. Unfortunately, herd behavior is not present in the return nonsynchro-
nicity as shown in Column (2). In summary, the aggregate herd behavior exists in the Thai equity 
market, especially for the return residual firm-specific information.

5.2. Asymmetric herd behavior
Seminal papers (E. C. Chang et al., 2000; Chiang & Zheng, 2010) suggest that herd behavior is 
asymmetric between positive and negative return periods. Table 3 reports the associations 
between firm-specific information and herd behavior by incorporating an impact of market condi-
tions. A negative return period is defined as a situation that an equally weighted market return is 
below zero. Overall, the results during negative return periods are stronger than previous results 
and the R-squared values remain large. The estimated coefficients of DdDL Rm;t

�
�

�
�, DdDLR2

m;t, 
DdDH Rm;t

�
�

�
�, and DdDHR2

m;t are of main interest. The return nonsynchronicity as shown in Column 
(2) shows severe herd behavior over both extreme percentiles; however, those of residual returns 
in Column (3) and return skewness in Column (4) demonstrate herd behavior only in the 25th 
percentile and the 75th percentile, respectively.

The return nonsynchronicity and return skewness suggest severe herd behavior during negative 
return periods. Both the uppermost and lowermost percentiles of return nonsynchronicity demon-
strate strong herd behavior, but a degree of imitating trades reduces when an absolute market 
return increases. In general, the evidence on return nonsynchonicity is much stronger than in the 
previous section. As the return nonsynchronicity is a proxy of corporate transparency, transparent 
firms disclose effectively comparable information to investors, which is a preferable circumstance 
for unintentional herding (Choi & Skiba, 2015). Oppositely, the number of less informative investors 
is large in opaque (less transparent) firms, subsequently attracting intentional herding (Gelos & 
Wei, 2005).
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The above 75th percentile of return skewness also indicates severe herd behavior without 
a decreasing trend, supporting that an information asymmetry facilitates a likelihood of aggregate 
market herd behavior, especially during a downward movement (Zhou & Anderson, 2013). 
Moreover, the below 25th percentile of return residual presents herd behavior, supporting that 
informed traders mainly induce unintentional herd behavior. The estimated coefficients of interest 
of the information discreteness model in Column (5) are not significant, but still negative, suggest-
ing a possibility of aggregate herd behavior. In summary, herd behavior with firm-specific return 
variations is stronger during the negative market condition.

5.3. Herd behavior during financial crisis
Seminal studies (Christie & Huang, 1995; Chiang & Zheng, 2010; Zhou & Anderson, 2013) suggest 
that herd behavior is more prevalent during financial turbulent periods. Thus, the effects of the 
Asian financial crisis (1 July 1997 to 31 December 1998) and the global financial crisis 
(1 March 2008 to 31 March 2009) are included and the estimated results are presented in Table 
4. Overall, the models are the best fit when compared to previous models as the adjusted 
R-squared values range from 56.0% to 71.6%. In this model, all firm-specific information measures 
generally support herd behavior. It is interesting to note that the coefficients of DcDLR2

m;t and 
DcDHR2

m;t for return skewness in Column (4) are not significant, but still negative. The significantly 
negative DcDL Rm;t

�
�

�
� of residual return in Column (3) denotes severe herd behavior during financial 

crises among the group of the lowest 25th percentile. This confirms an important role of informed 
traders on unintentional herd behavior as shown in Table 3, while the noise traders play no role in 
the group of the 75th percentile. The residual return is the only firm-specific information that 
affects herd behavior in all cases as presented in Table 2–4. This confirms evidence on the impact 
of idiosyncratic volatility on herd behavior in prior literature (Vo and Phan, 2019).

The above 75th percentile of nonsynchronicity as presented in Column (2) of Table 4 signifies the 
aggregate market herd behavior related to corporate transparency. It is expected as herd behavior 
is prevalent when investors do not possess sufficient information for opaque (less transparent) 
firms. The result is in line with the findings of Wang and Huang (2018). During the financial 
turbulent periods, the above 75th percentile of information discreteness demonstrates that herd 
behavior is stronger than the below 25th percentile, showing that the herd behavior is more 
prevalent among low liquid stocks. The evidence is supported by the findings of Taylor (2002), 
documenting that stock returns are more clustered among illiquid stock. Moreover, low liquid 
assets are mostly small stocks, showing a large information asymmetry and an occurrence of 
intentional herding. However, due to a less significant information discreteness of the bottom 25th 
percentile, it shows that high liquid (less information discreteness) assets possess the same set of 
information; thus, the decisions are largely similar, showing unintentional herding.

6. Conclusion
Studies of firm-specific information on asset pricing have gained attention in literature, but it is not 
the case for the study of herd behavior. One of the most influential herd detection models is 
developed by E. C. Chang et al. (2000), which is derived from the asset pricing model. In this regard, 
firm-specific information should be included in the herd behavior model in the same manner. 
However, the study of the impact of firm-specific information on herd behavior is still limited. This 
paper aims to fill the gap in the literature.

I employ four popular measures of firm-specific information, including return nonsynchronicity, 
return residual, return skewness, and information discreteness, to investigate impacts on herd 
behavior in the Stock Exchange of Thailand—an emerging market is easier to find herd behavior 
than advanced equity markets. Overall, the herd behavior is primarily prevalent in the Thai stock 
market, yet proving to be even stronger during the negative market return and the financial 
turbulent periods. This confirms an asymmetry in the aggregate head behavior found in prior 
literature. All firm-specific information measures play a critical role in determining the level of herd 
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behavior. On a more specific note, the residual return is statistically significant in all cases, showing 
an important role of noise trading on the aggregate herd behavior. The results are linked to two 
types of herd behavior, that is, intentional herding and unintentional herding. As return nonsyn-
chronicity, return residual, return skewness, and information discreteness are proxies of corporate 
transparency, noise trading, asymmetric information, and illiquidity, respectively. I conclude that 
intentional herd is driven by high return nonsynchronicity, high return residual, high skewness, and 
low liquidity.
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Notes
1. Easley et al. (1996) and Easley et al. (1997) pre-

sent a new powerful measure of informed trading 
(so called as the probability of informed trading: 
PIN), measured by the total number of traders 
and the order imbalance. The model relies on the 
fact that the order imbalance is driven by 
informed trading.

2. Herding involves in human decision-making for both 
sophisticated and naïve people, even in economic 
and financial decisions. Traditionally, studies of herd 
behavior focus on two aspects, that is, return and 
volatility. Some argue that herd behavior is bad for 
economy, because it accelerates volatility in the 
market. People imitate activities by others and 
ignore their own private information and belief. For 
example, Bikhchandani and Sharma (2000) point out 
that it is necessary to differentiate two types of herd 
behavior, that is, intentional (true) and unintentional 
(spurious). Intentional herd behavior is blamed to be 
a cause of uncertainty in stock market because of 
information cascade, thus making the stock market 
more volatile. Unintentional herd behavior might 
occur to reflect public information, hence pushing 
stock prices to be informationally efficient.

3. There are 28 sectors from eight industries in the Stock 
Exchange of Thailand. As of 1 January 2020, there are 
13 sectors in the SET50 index that the constituent 
stocks in the index are revised every six months.

4. Institutional investors are momentum traders 
(Nofsinger & Sias, 1999) and considered as informed 
traders. Retail investors are contrarians and consid-
ered as uninformed traders (Kaniel et al., 2008).

5. The early review of literature was written by 
Hirshleifer and Hong Teoh (2003).

6. For example, Economou et al. (2011) in Portugal, 
Italy, Spain and Greece and Henker et al. (2006) in 
Australia.

7. This is suggested by Blitz et al. (2011).
8. See Morck et al. (2000) and Chen et al. (2007).
9. This is in line with the weekly skewness variable 

employed in the study of Kim et al. (2011) and An 
and Zhang (2013).

10. An equally weighted portfolio return is preferred to 
a valued weighted portfolio return because indivi-
dual stocks equally contribute to herd behavior at 
the aggregate level, regardless of firm’s size. This is 
important for an under-developed equity market, 
which the stock market index is overweighed by 
a small number of large stocks. Thus, the valued 
weighted return misleads an estimation.

11. The methodology employed in this study is consis-
tent with the suggestions of Wanidwaranan and 
Padungsaksawasdi (2020), who study herd beha-
vior when return jumps occurs.

12. I infer that the below 25th percentile of return 
residual shows a less role of noise traders on herd 
behavior. Thus, the behavior occurs because of 
trading pressure of informed traders.

13. Bikhchandani and Sharma (2000) define the unin-
tentional herding as a spurious herd-like phenom-
enon. A similar trading decision is a result of the 
same comparable information. Due to uninformative 
decision-making, noise traders are anticipated to be 
a key contributor of intentional herding. 
A deliberately mimicking judgement without know-
ing an underlying reason is intentional herding.

References
Aabo, T., Pantzalis, C., & Park, J. C. (2017). Idiosyncratic 

volatility: An indicator of noise trading? Journal of 
Banking & Finance, 75, 136–151. https://doi.org/10. 
1016/j.jbankfin.2016.11.003

An, H., & Zhang, T. (2013). Stock price synchronicity, crash 
risk, and institutional investors. Journal of Corporate 
Finance, 21, 1–15. https://doi.org/10.1016/j.jcorpfin. 
2013.01.001

Arjoon, V., & Bhatnagar, C. S. (2017). Dynamic herding 
analysis in a frontier market. Research in 
International Business and Finance, 42, 496–508. 
https://doi.org/10.1016/j.ribaf.2017.01.006

Babalos, V., & Stavroyiannis, S. (2015). Herding, 
anti-herding behaviour in metal commodities 
futures: A novel portfolio-based approach. Applied 
Economics, 47(46), 4952–4966. https://doi.org/10. 
1080/00036846.2015.1039702

Banerjee, A. V. (1992). A simple model of herd behavior. 
The Quarterly Journal of Economics, 107(3), 797–817. 
https://doi.org/10.2307/2118364

Bikhchandani, S., & Sharma, S. (2000). Herd behavior in 
financial markets. IMF Staff Papers, 47(3), 279–310. 
https://www.imf.org/external/pubs/ft/wp/2000/ 
wp0048.pdf

Black, F. (1972). Capital market equilibrium with restricted 
borrowing. The Journal of Business, 45(3), 444–455. 
https://doi.org/10.1086/295472

Padungsaksawasdi, Cogent Economics & Finance (2020), 8: 1844399                                                                                                                                
https://doi.org/10.1080/23322039.2020.1844399

Page 16 of 19

https://doi.org/10.1016/j.jbankfin.2016.11.003
https://doi.org/10.1016/j.jbankfin.2016.11.003
https://doi.org/10.1016/j.jcorpfin.2013.01.001
https://doi.org/10.1016/j.jcorpfin.2013.01.001
https://doi.org/10.1016/j.ribaf.2017.01.006
https://doi.org/10.1080/00036846.2015.1039702
https://doi.org/10.1080/00036846.2015.1039702
https://doi.org/10.2307/2118364
https://doi.org/10.1086/295472


Blitz, D., Huij, J., & Martens, M. (2011). Residual momentum. 
Journal of Empirical Finance, 18(3), 506–521. https:// 
doi.org/10.1016/j.jempfin.2011.01.003

Brandt, M. W., Brav, A., Graham, J. R., & Kumar, A. (2010). 
The idiosyncratic volatility puzzle: Time trend or 
speculative episodes? The Review of Financial 
Studies. 23(2), 863–899. https://doi.org/10.1093/rfs/ 
hhp087

Campbell, J. Y., Lettau, M., Malkiel, B. G., & Xu, Y. (2001). 
Have individual stocks become more volatile? An 
empirical exploration of idiosyncratic risk. The 
Journal of Finance, 56(1), 1–43. https://doi.org/10. 
1111/0022-1082.00318

Chang, C., & Lin, S. (2015). The effects of national culture 
and behavioral pitfalls on investors’ decision-making: 
Herding behavior in international stock markets. 
International Review of Economics and Finance, 37, 
380–392. https://doi.org/10.1016/j.iref.2014.12.010

Chang, E. C., Cheng, J. W., & Khorana, A. (2000). An 
examination of herd behavior in equity markets: An 
international perspective. Journal of Banking & 
Finance, 24(10), 1651–1679. https://doi.org/10.1016/ 
S0378-4266(99)00096-5

Chang, R. P., Ko, K. C., Nakano, S., & Rhee, S. G. (2018). 
Residual momentum in Japan. Journal of Empirical 
Finance, 45, 283–299. https://doi.org/10.1016/j.jemp 
fin.2017.11.005

Chen, Q., Goldstein, I., & Jiang, W. (2007). Price informa-
tiveness and investment sensitivity to stock price. 
The Review of Financial Studies, 20(3), 619–650. 
https://doi.org/10.1093/rfs/hhl024

Chen, T. (2013). Do investors herd in global stock markets? 
Journal of Behavioral Finance, 14(3), 230–239. https:// 
doi.org/10.1080/15427560.2013.819804

Chiang, T. C., & Zheng, D. (2010). An empirical analysis of 
herd behavior in global stock markets. Journal of 
Banking & Finance, 34(8), 1911–1921. https://doi.org/ 
10.1016/j.jbankfin.2009.12.014

Choi, N., & Sias, R. W. (2009). Institutional industry herding. 
Journal of Financial Economics, 94(3), 469–491. https:// 
doi.org/10.1016/j.jfineco.2008.12.009

Choi, N., & Skiba, H. (2015). Institutional herding in interna-
tional markets. Journal of Banking and Finance, 55, 
246–259. https://doi.org/10.1016/j.jbankfin.2015.02.002

Christie, W. G., & Huang, R. D. (1995). Following the pied 
piper: Do individual returns herd around the market? 
Financial Analysts Journal, 51(4), 31–37. https://doi. 
org/10.2469/faj.v51.n4.1918

Da, Z., Gurun, U. G., & Warachka, M. (2014). Frog in the 
pan: Continuous information and momentum. The 
Review of Financial Studies, 27(7), 2171–2218. https:// 
doi.org/10.1093/rfs/hhu003

Dasgupta, S., Gan, J., & Gao, N. (2010). Transparency, 
price informativeness, and stock return synchronicity: 
Theory and evidence. The Journal of Financial and 
Quantitative Analysis, 45(5), 1189–1220. https://doi. 
org/10.1017/S0022109010000505

Demirer, R., & Zhang, H. (2019). Do firm characteristics 
matter in explaining the herding effect on returns? 
Review of Financial Economics, 37(2), 256–271. 
https://doi.org/10.1002/rfe.1036

Deng, X., Hung, S., & Qiao, Z. (2018). Mutual fund herding and 
stock price crashes. Journal of Banking & Finance, 94, 
166–184. https://doi.org/10.1016/j.jbankfin.2018.07.014

Duarte, J., & Young, L. (2009). Why is PIN priced? Journal 
of Financial Economics, 91(2), 119–138. https://doi. 
org/10.1016/j.jfineco.2007.10.008newe

Durnev, A., Morck, R., & Yeung, B. (2004). Value-enhancing 
capital budgeting and firm-specific stock return var-
iation. The Journal of Finance, 59(1), 65–105. https:// 
doi.org/10.1111/j.1540-6261.2004.00627.x

Durnev, A., Morck, R., Yeung, B., & Zarowin, P. (2003). Does 
greater firm-specific return variation mean more or 
less informed stock pricing? Journal of Accounting 
Research, 41(5), 797–836. https://doi.org/10.1046/j. 
1475-679X.2003.00124.x

Easley, D., Hvidkjaer, S., & O’hara, M. (2002). Is informa-
tion risk a determinant of asset returns? The Journal 
of Finance, 57(5), 2185–2221. https://doi.org/10. 
1111/1540-6261.00493

Easley, D., Kiefer, N. M., & O’Hara, M. (1997). The infor-
mation content of the trading process. Journal of 
Empirical Finance, 4(2–3), 159–186. https://doi.org/ 
10.1016/S0927-5398(97)00005-4

Easley, D., Kiefer, N. M., O’hara, M., & Paperman, J. B. 
(1996). Liquidity, information, and infrequently 
traded stocks. The Journal of Finance, 51(4), 
1405–1436. https://doi.org/10.1111/j.1540-6261. 
1996.tb04074.x

Economou, F., Kostakis, A., & Philippas, N. (2011). Cross- 
country effects in herding behaviour: Evidence from 
four south European markets. Journal of 
International Financial Markets, Institutions and 
Money, 21(3), 443–460. https://doi.org/10.1016/j. 
intfin.2011.01.005

Eichengreen, B., Eichengreen, B. J., Mathieson, D. J., 
Jansen, A., Chadha, B., Kodres, L. E., & Sharma, S. 
(1998). Hedge funds and financial market dynamics 
(No. 166). International Monetary Fund.

Ferreira, M. A., & Laux, P. A. (2007). Corporate governance, 
idiosyncratic risk, and information flow. The Journal 
of Finance, 62(2), 951–989. https://doi.org/10.1111/j. 
1540-6261.2007.01228.x

Galariotisa, E. C., Krokida, S., & Spyrou, S. I. (2016). Herd 
behavior and equity market liquidity: Evidence from 
major markets. International Review of Financial 
Analysis, 48, 140–149. https://doi.org/10.1016/j.irfa. 
2016.09.013

Gelos, R. G., & Wei, S. (2005). Transparency and interna-
tional portfolio holdings. Journal of Finance, 60(6), 
2987–3020. https://doi.org/10.1111/j.1540-6261. 
2005.00823.x

Grinblatt, M., & Keloharju, M. (2000). The investment 
behavior and performance of various investor types: 
A study of Finland’s unique data set. Journal of 
Financial Economics, 55(1), 43–67. https://doi.org/10. 
1016/S0304-405X(99)00044-6

Henker, J., Henker, T., & Mitsios, A. (2006). Do investors 
herd intraday in Australian equities? International 
Journal of Managerial Finance., 2(3), 196–219. https:// 
doi.org/10.1108/17439130610676475

Hirshleifer, D., & Hong Teoh, S. (2003). Herd behaviour and 
cascading in capital markets: A review and synthesis. 
European Financial Management, 9(1), 25–66. https:// 
doi.org/10.1111/1468-036X.00207

Huang, T. C., Lin, B. H., & Yang, T. H. (2015). Herd behavior 
and idiosyncratic volatility. Journal of Business 
Research, 68(4), 763–770. https://doi.org/10.1016/j. 
jbusres.2014.11.025

Hwang, S., & Salmon, M. (2004). Market stress and 
herding. Journal of Empirical Finance, 11(4), 585–616. 
https://doi.org/10.1016/j.jempfin.2004.04.003

Jiang, G. J., Xu, D., & Yao, T. (2009). The information 
content of idiosyncratic volatility. Journal of Financial 
and Quantitative Analysis, 44(1), 1–28. https://doi. 
org/10.1017/S0022109009090073

Kaniel, R., Saar, G., & Titman, S. (2008). Individual investor 
trading and stock returns. The Journal of Finance, 63 
(1), 273–310. https://doi.org/10.1111/j.1540-6261. 
2008.01316.x

Kim, J. B., Li, Y., & Zhang, L. (2011). Corporate tax avoid-
ance and stock price crash risk: Firm-level analysis. 

Padungsaksawasdi, Cogent Economics & Finance (2020), 8: 1844399                                                                                                                                
https://doi.org/10.1080/23322039.2020.1844399                                                                                                                                                       

Page 17 of 19

https://doi.org/10.1016/j.jempfin.2011.01.003
https://doi.org/10.1016/j.jempfin.2011.01.003
https://doi.org/10.1093/rfs/hhp087
https://doi.org/10.1093/rfs/hhp087
https://doi.org/10.1111/0022-1082.00318
https://doi.org/10.1111/0022-1082.00318
https://doi.org/10.1016/j.iref.2014.12.010
https://doi.org/10.1016/S0378-4266(99)00096-5
https://doi.org/10.1016/S0378-4266(99)00096-5
https://doi.org/10.1016/j.jempfin.2017.11.005
https://doi.org/10.1016/j.jempfin.2017.11.005
https://doi.org/10.1093/rfs/hhl024
https://doi.org/10.1080/15427560.2013.819804
https://doi.org/10.1080/15427560.2013.819804
https://doi.org/10.1016/j.jbankfin.2009.12.014
https://doi.org/10.1016/j.jbankfin.2009.12.014
https://doi.org/10.1016/j.jfineco.2008.12.009
https://doi.org/10.1016/j.jfineco.2008.12.009
https://doi.org/10.1016/j.jbankfin.2015.02.002
https://doi.org/10.2469/faj.v51.n4.1918
https://doi.org/10.2469/faj.v51.n4.1918
https://doi.org/10.1093/rfs/hhu003
https://doi.org/10.1093/rfs/hhu003
https://doi.org/10.1017/S0022109010000505
https://doi.org/10.1017/S0022109010000505
https://doi.org/10.1002/rfe.1036
https://doi.org/10.1016/j.jbankfin.2018.07.014
https://doi.org/10.1016/j.jfineco.2007.10.008newe
https://doi.org/10.1016/j.jfineco.2007.10.008newe
https://doi.org/10.1111/j.1540-6261.2004.00627.x
https://doi.org/10.1111/j.1540-6261.2004.00627.x
https://doi.org/10.1046/j.1475-679X.2003.00124.x
https://doi.org/10.1046/j.1475-679X.2003.00124.x
https://doi.org/10.1111/1540-6261.00493
https://doi.org/10.1111/1540-6261.00493
https://doi.org/10.1016/S0927-5398(97)00005-4
https://doi.org/10.1016/S0927-5398(97)00005-4
https://doi.org/10.1111/j.1540-6261.1996.tb04074.x
https://doi.org/10.1111/j.1540-6261.1996.tb04074.x
https://doi.org/10.1016/j.intfin.2011.01.005
https://doi.org/10.1016/j.intfin.2011.01.005
https://doi.org/10.1111/j.1540-6261.2007.01228.x
https://doi.org/10.1111/j.1540-6261.2007.01228.x
https://doi.org/10.1016/j.irfa.2016.09.013
https://doi.org/10.1016/j.irfa.2016.09.013
https://doi.org/10.1111/j.1540-6261.2005.00823.x
https://doi.org/10.1111/j.1540-6261.2005.00823.x
https://doi.org/10.1016/S0304-405X(99)00044-6
https://doi.org/10.1016/S0304-405X(99)00044-6
https://doi.org/10.1108/17439130610676475
https://doi.org/10.1108/17439130610676475
https://doi.org/10.1111/1468-036X.00207
https://doi.org/10.1111/1468-036X.00207
https://doi.org/10.1016/j.jbusres.2014.11.025
https://doi.org/10.1016/j.jbusres.2014.11.025
https://doi.org/10.1016/j.jempfin.2004.04.003
https://doi.org/10.1017/S0022109009090073
https://doi.org/10.1017/S0022109009090073
https://doi.org/10.1111/j.1540-6261.2008.01316.x
https://doi.org/10.1111/j.1540-6261.2008.01316.x


Journal of Financial Economics, 100(3), 639–662. 
https://doi.org/10.1016/j.jfineco.2010.07.007

Klein, A. (2013). Time-variations in herding behavior: Evidence 
from a Markov switching SUR model. Journal of 
International Financial Markets, Institutions and Money, 
26, 291–304. https://doi.org/10.1016/j.intfin.2013.06.006

Lai, S., Ng, L., & Zhang, B. (2014). Does PIN affect equity 
prices around the world? Journal of Financial 
Economics, 114(1), 178–195. https://doi.org/10.1016/ 
j.jfineco.2014.06.005

Laih, Y. W., & Liau, Y. S. (2013). Herding behavior during 
the subprime mortgage crisis: Evidence from six 
Asia-Pacific stock markets. International Journal of 
Economics and Finance, 5(7), 71–84. https://doi.org/ 
10.5539/ijef.v5n7p71

Lakonishok, J., Shleifer, A., & Vishny, R. W. (1992). The impact 
of institutional trading on stock prices. Journal of Financial 
Economics, 32(1), 23–43. https://doi.org/10.1016/0304- 
405X(92)90023-Q

Li, B., Rajgopal, S., & Venkatachalam, M. (2014). R2 and 
idiosyncratic risk are not interchangeable. The 
Accounting Review, 89(6), 2261–2295. https://doi.org/ 
10.2308/accr-50826

Lin, C., Ko, K., Chen, Y., & Chu, H. (2016). Information 
discreteness, price limits and earnings momentum. 
Pacific-Basin Finance Journal, 37, 1–22. https://doi. 
org/10.1016/j.pacfin.2016.02.003

Messis, P., & Zapranis, A. (2014). Herding towards higher 
moment CAPM, contagion of herding and macroeco-
nomic shocks: Evidence from five major developed 
markets. Journal of Behavioral and Experimental 
Finance, 4, 1–13. https://doi.org/10.1016/j.jbef.2014.09. 
002

Morck, R., Yeung, B., & Yu, W. (2000). The information 
content of stock markets: Why do emerging markets 
have synchronous stock price movements? Journal of 
Financial Economics, 58(1–2), 215–260. https://doi. 
org/10.1016/S0304-405X(00)00071-4

Newey, W. K., & West, K. D. (1987). Hypothesis testing 
with efficient method of moments estimation. 
International Economic Review, 28(3), 777–787. 
doi:10.2307/2526578

Nguyen, H., Lan, Y., & Treepongkaruna, S., (2018). Firm- 
specific return variation and stock returns. Working 
Paper.

Nofsinger, J. R., & Sias, R. W. (1999). Herding and feed-
back trading by institutional and individual investors. 
The Journal of Finance, 54(6), 2263–2295. https://doi. 
org/10.1111/0022-1082.00188

Phansatan, S., Powell, J. G., Tanthanongsakkun, S., & 
Treepongkaruna, S. (2012). Investor type trading 
behavior and trade performance: Evidence from the 
Thai stock market. Pacific-Basin Finance Journal, 20(1), 
1–23. https://doi.org/10.1016/j.pacfin.2011.07.004

Roll, R. (1988). R2. The Journal of Finance, 43(3), 541–566. 
https://doi.org/10.1111/j.1540-6261.1988.tb04591.x

Spyrou, S. (2013). Herding in financial markets: A review 
of the literature. Review of Behavioral Finance, 5(2), 
175–194. https://doi.org/10.1108/RBF-02-2013-0009

Taylor, N. (2002). Competition on the London stock 
exchange. European Financial Management, 8(4), 
399–419. https://doi.org/10.1111/1468-036X.00197

Vo, X. V., & Phan, Dang Bao Anh.. (2019). Herd behavior 
and idiosyncratic volatility in a frontier market. 
Pacific-Basin Finance Journal, 53, 321-330. https:// 
doi.org/10.1016/j.Pacific-Basin Finance Journal.2018 
2018 53.10.005. doi:10.1016/j.pacfin.2018.10.005

Wang, K. Y., & Huang, Y. S. (2018). Effects of transparency 
on herding behavior: Evidence from the Taiwanese 
stock market. Emerging Markets Finance and Trade, 
55(8), 1–20. https://doi.org/10.1080/1540496X.2018. 
1504289

Wanidwaranan, P., & Padungsaksawasdi, C. (2020). The 
effect of return jumps on herd behavior. Journal of 
Behavioral and Experimental Finance, 27, 100375. 
https://doi.org/10.1016/j.jbef.2020.100375

Wurgler, J. (2000). Financial markets and the allocation of 
capital. Journal of Financial Economics, 58(1–2), 
187–214. https://doi.org/10.1016/S0304-405X(00) 
00070-2

Zhou, J., & Anderson, R. I. (2013). An empirical investiga-
tion of herding behavior in the U.S. REIT market. The 
Journal of Real Estate Finance and Economics, 47(1), 
83–108. https://doi.org/10.1007/s11146-011-9352-x

Padungsaksawasdi, Cogent Economics & Finance (2020), 8: 1844399                                                                                                                                
https://doi.org/10.1080/23322039.2020.1844399

Page 18 of 19

https://doi.org/10.1016/j.jfineco.2010.07.007
https://doi.org/10.1016/j.intfin.2013.06.006
https://doi.org/10.1016/j.jfineco.2014.06.005
https://doi.org/10.1016/j.jfineco.2014.06.005
https://doi.org/10.5539/ijef.v5n7p71
https://doi.org/10.5539/ijef.v5n7p71
https://doi.org/10.1016/0304-405X(92)90023-Q
https://doi.org/10.1016/0304-405X(92)90023-Q
https://doi.org/10.2308/accr-50826
https://doi.org/10.2308/accr-50826
https://doi.org/10.1016/j.pacfin.2016.02.003
https://doi.org/10.1016/j.pacfin.2016.02.003
https://doi.org/10.1016/j.jbef.2014.09.002
https://doi.org/10.1016/j.jbef.2014.09.002
https://doi.org/10.1016/S0304-405X(00)00071-4
https://doi.org/10.1016/S0304-405X(00)00071-4
https://doi.org/10.2307/2526578
https://doi.org/10.1111/0022-1082.00188
https://doi.org/10.1111/0022-1082.00188
https://doi.org/10.1016/j.pacfin.2011.07.004
https://doi.org/10.1111/j.1540-6261.1988.tb04591.x
https://doi.org/10.1108/RBF-02-2013-0009
https://doi.org/10.1111/1468-036X.00197
https://doi.org/10.1016/j
https://doi.org/10.1016/j
https://doi.org/10.1016/j.pacfin.2018.10.005
https://doi.org/10.1080/1540496X.2018.1504289
https://doi.org/10.1080/1540496X.2018.1504289
https://doi.org/10.1016/j.jbef.2020.100375
https://doi.org/10.1016/S0304-405X(00)00070-2
https://doi.org/10.1016/S0304-405X(00)00070-2
https://doi.org/10.1007/s11146-011-9352-x


© 2020 The Author(s). This open access article is distributed under a Creative Commons Attribution (CC-BY) 4.0 license. 
You are free to:  
Share — copy and redistribute the material in any medium or format.  
Adapt — remix, transform, and build upon the material for any purpose, even commercially.  
The licensor cannot revoke these freedoms as long as you follow the license terms.  

Under the following terms:  
Attribution — You must give appropriate credit, provide a link to the license, and indicate if changes were made.  
You may do so in any reasonable manner, but not in any way that suggests the licensor endorses you or your use.  
No additional restrictions  

You may not apply legal terms or technological measures that legally restrict others from doing anything the license permits.

Cogent Economics & Finance (ISSN: 2332-2039) is published by Cogent OA, part of Taylor & Francis Group.  
Publishing with Cogent OA ensures:  
• Immediate, universal access to your article on publication  
• High visibility and discoverability via the Cogent OA website as well as Taylor & Francis Online  
• Download and citation statistics for your article  
• Rapid online publication  
• Input from, and dialog with, expert editors and editorial boards  
• Retention of full copyright of your article  
• Guaranteed legacy preservation of your article  
• Discounts and waivers for authors in developing regions  
Submit your manuscript to a Cogent OA journal at www.CogentOA.com   

Padungsaksawasdi, Cogent Economics & Finance (2020), 8: 1844399                                                                                                                                
https://doi.org/10.1080/23322039.2020.1844399                                                                                                                                                       

Page 19 of 19


	1.  Introduction
	2.  Pertinent literature
	3.  Data
	4.  Methodology
	4.1.  Firm-specific information
	4.2.  Herd behavior and firm-specific information

	5.  Empirical results
	5.1.  Aggregate market herding
	5.2.  Asymmetric herd behavior
	5.3.  Herd behavior during financial crisis

	6.  Conclusion
	Acknowledgements
	Funding
	Author details
	Notes
	References



