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Abstract 

The existing literature on herding often uses the static model to test herd behaviour in the 

Indian market context. Hence, the objective of this paper is to investigate the dynamic herd 

behaviour for S&P BSE 500 from 2009-2023 using the Markov Regime Switching model. 

Results exhibit the occurrence of three regimes, namely, high, low, and extremely volatile 

regimes. Findings suggest that the Indian market moves into the order of low, high, and 

extreme volatility (LHC), similar to other developed countries. This has implications for 

investors to either exit from the market or reframe their portfolio through hedging techniques 

before the market enters into extreme volatility. Moreover, the results exhibit anti-herding in 

high and low-volatile regimes. Our study discloses the presence of herding in crashes or 

extremely volatile regimes, showing that Indian investors start following each other during 

crash-like situations. This research is significant for individual investors, portfolio managers, 

and stock market regulators. 
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Introduction 

The most common type of bias in the financial market is herd instinct or herd 

behaviour. In general terms, herding means following other investors with superior 

information while suppressing their beliefs. Many causes behind herd behaviour can 

be deduced from the theoretical literature. As many previous studies have explained, 

herding can arise due to reputational concerns, informational cascade effect, 

superiority of information, and a complex informative structure environment (Avery 

& Zemsky, 1998; Bikhchandani et al., 1992; Scharfstein & Stein, 1990). Moreover, 

these types of behavioural biases can cause volatility to be high and extreme market 

situations in the equity market (Litimi, 2017). Analysing herding is very important 

because it can cause high volatility in the market, enlarging the gap between the 

market price and fundamental price of any stock and creating a bubble-like situation 

in the stock market (Bikhchandani et al., 1992; Chiang & Zheng, 2010). This 

encourages the investors to make correct decisions, resulting in an efficient market. 

An understanding of herd behaviour enables better investment decisions with 

portfolio diversification., With this objective, we investigate herding in the Indian 

stock market., There are multiple reasons for choosing the Indian stock market. First, 

emerging economies like India have the presence of herding due to cultural 

differences, incomplete enforcement laws, and uneducated and uninformed investors 

(Chang et al., 2000; Kanojia et al., 2022; Lao & Singh, 2011). Second, India is the 

fastest-growing economy in emerging markets, with more relaxed regulations related 

to foreign capital. This, in turn, led to an enormous flow of foreign institutional 

investment in India. So, it is observed that during extreme market situations, investors 

start following Foreign Institutional Investors (FIIs) and move in the same direction. 

 

This research adds multiple insights into the herding literature. First, the existing 

study applies the Regime Switching constant probability model with three Markov 

states for the Indian stock market in which herd behaviour may or may not exist. In 

the case of volatile situations, the investors have become risk averse and start 

following the market trend to avoid excess risk. However, other types of investors 

exploit the benefits of an extremely volatile market by earning higher excess returns. 

Hence, it might be possible that investors react differently in various volatile 

situations. So, it is highly important to address the dynamic herding along with 

dynamic volatility., Herding can also be addressed through other linear models like 

structural break or Autoregressive Moving Average (ARMA) models. However, we 

have chosen the regime model to identify the hidden Markov states as it divides the 

market into multiple regimes based on the stochastic process. This model easily 

captures the dynamic pattern of complex time-series data (Shakya et al., 2017). The 
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three-regime model enables us to investigate the dynamic nature of cross-sectional 

dispersion and how structural breaks or events move the series into different regimes 

or states where herd behaviour can be observed (Balcilar et al., 2013). This is because 

linear models cannot capture the time-varying properties of any non-linear series 

(Chauhan et al., 2020; Choi & Yoon, 2020; Garg & Gulati, 2013; Lao & Singh, 2011). 

Second, less research has considered the significant autocorrelation property of cross-

sectional absolute deviation in time-varying models, and this study includes two lag 

terms of explained variables in the Regime Switching model. Third, we establish the 

role of volatility in driving the dynamic herding in the Indian financial market.  

 

The present study examines herding using both linear and non-linear models. 

First, the results are calculated through a linear herding model. Then, the non-linearity 

is tested in the financial time series, and several regimes are identified. After that, the 

Markov Regime Switching model is applied to investigate the dynamic herding in 

multiple regimes. We identified the existence of three regimes in the Indian market 

with high, low, and extreme volatility. Here, an extremely volatile regime means 

changing prices suddenly or abruptly by moving the series to a very high or very low. 

However, there is a bidirectional shifting of high and extreme volatile regimes, 

identical to the study of Balcilar and Demirer (2015), motivating the market 

regulators to make a mechanism to stop the market transitions from high to extreme 

volatile regimes.  

 

The paper is ordered as follows: Section 2 contains the related studies. The data 

and empirical framework are presented in Section 3. Section 4 examines the results 

and analysis, and Section 5 presents the conclusion and implications of the study. 

 

Literature Review 

Theoretical Background 

Many previous studies have examined the concept of herding and the factors that 

can lead to a herd-like situation in the stock market (Avery & Zemsky, 1998; 

Bikhchandani et al., 1992; Spyrou, 2013; Wermers, 1999). Furthermore, Herding is 

an irrational behaviour that persuades investors to make decisions based on others' 

information. Market participants can cause herding for various reasons; for example, 

managers do herding out of reputational concern (Scharfstein & Stein, 1990). They 

present a learning model where the labour market can update the understanding of 

managers’ abilities due to their investment decisions. This behaviour may be socially 

inefficient but is rational from the managers' standpoint. Likewise, Bikhchandani et 

al. (1992) exhibit an informational cascade as the cause behind local conformity and 
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the fragility of mass behaviour. An informational cascade occurs when it is optimal 

for the individual to observe the actions of others while ignoring their private 

information. However, it can soon be fragile when new information arrives in the 

market. In their theoretical model, Avery and Zemsky (1998) explain that herding 

behaviour is not possible in the long run in a simple informational structural 

environment. However, the more complex informative structure can lead to 

herd behaviour and the creation of a price bubble in the short run in the case 

of multidimensional uncertainty. Literature suggests two types of herding, which 

investors can reflect on. One is rational herding, and another is irrational herding. 

Rational herding is unintentional or spurious based on the fundamental information 

available to all (Bikhchandani & Sharma, 2000; Galariotis et al., 2015). Irrational 

herding is intentional and based on information unavailability (Shiller et al., 1984; 

Trueman, 1994). 

 

Herding in the Financial Market 

Earlier empirical studies have primarily relied on two strands of methodology to 

measure herd behaviour. Lakonishok et al. (1992) has checked out the impact of 

institutional trading on stock prices. As an institutional trader, they have taken the 

trading of money managers to measure herding in the equity funds. Their model is 

based explicitly on the buying and selling order of money managers for a particular 

stock in a quarter. The other technique that measures flocking toward market 

consensus using the famous Cross-Sectional Standard Deviation (CSSD) and Cross-

Sectional Absolute Deviation (CSAD) was proposed and modified by Chang et al. 

(2000) and Christie and Huang (1995), respectively. Many empirical studies employ 

the CSSD to assess the herding.  Tan et al. (2008) applies the linear model in the 

Chinese market and observes significant herding. Chiang and Zheng (2010) explore 

uniformity at the global level using CSAD, showing important herding in advanced 

stock markets and Asian markets. Rompotis (2018) checks the uniformity in 

exchange-traded funds with the help of a linear model and exhibited no herding in 

Exchange-Traded Funds (ETFs). Choi and Yoon (2020) study uniformity in the 

Korean equity market using a cross-sectional absolute deviation approach and find 

herding behaviour during down market returns. Moreover, some studies also 

investigate herding during or after the outbreak of COVID-19. Nguyen and Vo (2023) 

examine the herding in the Vietnamese stock market during and after the pandemic. 

Results reveal the existence of herd behaviour during and after the pandemic, stating 

that these crisis-like situations exacerbate the similarity in the financial market. 

Likewise, recently published Tauseef (2023) studies herd behaviour in the Pakistan 
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stock market during the financial crisis and COVID-19. They report significant 

herding during the COVID-19 period and the financial crisis. Ferreruela and Mallor 

(2021) describe herding before and after the global financial crisis but no herding 

during the pandemic. They also observe significant evidence of herding during the 

pandemic but during the time-high volatile periods only.   

 

Later, the studies on herding shift their analysis to more advanced econometric 

models to identify the time-varying nature of herding. Hwang and Salmon (2004) first 

propose a model measuring dynamic herding that relies on monthly betas using 

Kalman filter’s state-space model. Similarly, Arjoon and Bhatnagar (2017) study 

herding behaviour in Frontier markets. They examine both static and dynamic 

herding, as well as herding during times of volatility. To analyse time-varying 

herding, they utilise a state-space model. Their findings suggest that herding evolves 

as the behaviour of investors changes with fluctuations in information flow. Recently 

published Yang and Chuang (2023) examine dynamic herding in highly volatile US, 

Taiwan, and China markets. They have applied the Kalman filter model and the 

GARCH model for analysis. Results explain the similarity among the market 

investors in volatile periods during the financial crisis but low herding during the 

pandemic. From the above studies, it can be observed that researchers have shifted 

their interest toward dynamic herd behaviour. Schmitt and Westerhoff (2017) have 

clearly stated that a speculator’s herd behaviour increases the volatility clustering in 

the market using the agent-based market model. Blasco et al. (2012) check out the 

impact of herding on volatility in the Spanish stock market. Results indicate the 

presence of a linear relationship between herding and volatility. Likewise, Fei and 

Liu (2021) also analyse the role of herding in stimulating volatility in the Chinese 

stock market. Findings exhibit that herding can stimulate volatility but to a different 

degree. The above-stated studies on herding and volatility signify a significant 

relationship between volatility and herding. Hence, the present study chooses to 

investigate the role of herding with particular reference to volatility in the Indian 

stock market. Herding is generally a short-lived phenomenon prominent in extreme 

market situations, which is measured by using daily or intraday data (Gleason et al., 

2004). Hence, by considering the short-term presence of herding, Klein (2013) 

explains the dynamic herding using the Markov Switching SUR model and reveal 

herd behaviour during high volatility. Several empirical studies use a regime-

switching model with two or three regimes to address the herding impact. Balcilar et 

al. (2013) propose a three-regime Markov model and tested the herd mentality in the 

Gulf Arab Stock Market. They show herd behaviour in the Crash regime. Balcilar 

and Demirer (2015) investigate the herding in Borsa Istanbul by applying the dynamic 
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transition probability Regime-Switching model. They arrive at the same result of 

herding in extreme/highly volatile regimes, consistent with previous studies. 

Similarly, using the Regime-Switching model, Babalos et al. (2015) check dynamic 

herding in the US Real estate market. They imply significant herding in the crash 

regime and the evidence of negative herding in low/high volatility. Likewise, Kabir 

and Shakur (2018) investigate herding in various international markets using a 

smooth transition regression model. Their study indicated that most countries, 

including India, herd in highly volatile regimes. Akinsomi et al. (2018) examine herd 

behaviour in the real estate investment trust in the UK. They divide the market into 

three regimes: low, high, and extreme volatile periods. They find no herding using 

the static model and exhibit significant herding in the low volatile periods compared 

to anti-herding in high volatile periods. Fu and Wu (2021) investigate the herd 

mentality among Chinese market investors and find that herding is regime-dependent 

in high-volatile regimes. Similarly, Ah Mand and Sifat (2021) establish evidence of 

prominent herding in high-volatile regimes in Bursa Malaysia. Javaira et al. (2023) 

establish a relationship between volatility and dynamic herding in the energy sector 

during COVID 19. They find that herding is significantly affected by three volatility 

measures: global volatility, oil market volatility, and pandemic volatility.  

 

Indian-Specific Evidence on Herding 

Many studies related to herding have also been conducted in the Indian financial 

market. Lao and Singh (2011) discover a herd-like situation in the Indian financial 

market during market uncertainty using the CSAD static model from 1999-2009. 

Similarly, Garg examine uniform behaviour in normal and extreme market conditions 

from 2000-2013. The results convey the message that no imitation by investors in 

either type of situation. A study by Poshakwale and Mandal (2014) investigate herd 

mentality using the Kalman filter in the National Stock Exchange of India. They 

exhibit that herding increased due to market volatility after allowing time-varying 

variables. Kumar et al. (2016) document no uniformity among the Indian market 

participants in both normal and uncertain market situations for 2008-2015. Ganesh et 

al. (2017) investigate the uniform behaviour in the Indian bourses for 2005-2015 and 

find evidence of no herding overall except in 2011 and 2014. Ansari and Ansari 

(2021) have recently measured herding for 2007-2018 using the static model in 

normal and bull/bear phases. Their findings show the anti-herding among Indian 

market participants in all market conditions. Similarly, Kanojia et al. (2022) exhibit 

no herding for the Indian market using the CSAD methodology for the period 2009-

2018. The evidence depict no herding in any market conditions. Shrotryia and Kalra 
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(2022) have studied herding in Brazil, Russia, India, China and South Africa (BRICS) 

using a quantile regression approach. The evidence of their study discloses anti-

herding in the Indian financial market.  

 

Research Gap 

From the above discussion, it is discovered that literature on Indian herding has 

shown evidence of no herding or anti-herding in the Indian stock market. Still, some 

studies show that herding may be present during crisis periods. All studies have used 

the static approach to measure herding by skewing towards analysing herding in 

up/down market conditions. Although the regulations regarding investment have 

been considerably improving after liberalisation in the Indian stock market. However, 

India is still an emerging country with more small retail investors who behave 

irrationally in extreme market situations (Ansari & Ansari, 2021). Moreover, the 

Indian stock market has involved the greater entry of foreign institutional investors 

in the recent decade, making the Indian market vulnerable to various investor 

sentiments like herd behaviour and positive feedback trading (Mukherjee & Tiwari, 

2022). Furthermore, various unprecedented events like COVID-19 increased the 

inefficiency in the Indian stock market (Bhatia, 2022). Domestic investors started 

following the foreign investors in a similar manner. All these reasons mentioned 

above make the study interesting to explore whether, with time, herding behaviour 

has evolved or vanished in the Indian market. Our study differs from the recent study 

of Ansari and Ansari (2021) in several ways. First, they test herding in the up/down 

market, but we have analysed flocking with particular reference to volatility. Second, 

they have used a static model to measure the herding., We explore the dynamic nature 

of herding in a three-regime specification. The study of Poshakwale and Mandal 

(2014) investigate herd mentality using the Kalman filter in the National Stock 

Exchange of India. They rely on monthly beta rather than daily or intraday. Kabir and 

Shakur (2018) explore uniformity in high- and low-volatile regimes in multiple 

countries, including India, using the smooth transition model. However, our study 

differs from their methodological framework as we incorporate a three-regime 

specification using the Markov regime-switching model. As many previous studies 

indicate, the Markov regime switching model provides more flexibility with the point 

of time as compared to other non-linear models like GARCH or Kalman filter 

(Akinsomi et al., 2018; Babalos et al., 2015; Balcilar & Demirer, 2015; Fu & Wu, 

2021; Kabir & Shakur, 2018; Mand & Sifat, 2021). It is suitable for the time series, 

the behaviour of which is not permanent, but reverts repeatedly. The Markov regime 

switching model captures even a tiny shift in a series and estimates time-varying 

coefficients more accurately. Hence, there is a trend that various studies shifted their 
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focus towards the Markov regime switching models over time.  Moreover, the results 

of past studies depict that CSAD has properties of regime-switching. To the best of 

our knowledge, no research in India has explored dynamic herd behaviour in the 

Indian market context using the Markov-Regime Switching framework. Against this 

backdrop, the objective of the present study is to assess the presence or absence of 

dynamic herd behaviour in the Indian stock market using the Markov regime 

switching Model. 

 

Data and Econometric Framework 

Data 

Data comprises daily stock-adjusted closing prices of individual stocks listed in 

S&P BSE 500 for 1/01/2009 to 31/03/2023 in the Indian equity market.  Daily data 

can be considered high-frequency data in some contexts because it provides more 

precision than weekly or monthly data (Hung, 2019; Jebran & Iqbal, 2016). 

Information is lost in weekly or monthly data because it averages out the daily effect. 

Although many studies have considered intraday data as high-frequency data due to 

time and data availability constraints, we have taken daily data as the next best 

alternative to high-frequency data, which can depict volatility more clearly than other 

low-frequency data. Data has been collected using the Prowess IQ database from 

CMIE (Centre for Monitoring Indian Economy). We selected the study period from 

2009 because, before that period, more than 50% of companies were excluded from 

the study 500 due to a high number of missing observations. First, those companies 

registered after the 1st of January 2009, are excluded from the study to match the 

number of observations of all companies. Later, the companies with missing data up 

to 10% of the total number of observations during the period are replaced using the 

linear interpolation method (Mertler et al., 2021). The total number of observations 

is 3531, and sample companies included in the analysis are 338 out of 500. After 

screening and cleaning the data, the cross-sectional individual and market returns are 

calculated. We have calculated our market return proxy by giving equal weights to 

each stock in the portfolio, as also calculated by many numbers of studies (Chang et 

al., 2000; Chiang & Zheng, 2010; Garg & Gulati, 2013; Kanojia et al., 2022). As 

such, we have not used value-weighted returns in CSAD calculation. For applying 

Markov Regime Switching models, it is necessary to test whether financial time series 

have a regime-switching framework or not. Hence, we applied the Linearity 

likelihood ratio, and Davies tests to check the same. Lastly, the results are calculated 

using the Regime and Static models. The analysis work has been performed using 

Ox-metrics 7.0.  
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Econometric Framework 

This section explains the models used for the analysis work. Specifically, we 

started with the calculation of stylised facts of the variables used in the study. It 

provides the direction in which time series variables are going on. Next, for analysing 

the herding, the baseline model of Chang et al. (2000) is used. As the presence of 

structural breaks in high-frequency time series data and after finding the evidence of 

fat-tail, volatility clustering, and non-normal distribution in the studied variable, it is 

necessary to address these issues aptly. Hence, the appropriate regime-switching 

model is used to address these issues and analyse dynamic herding. However, before 

applying this model, we checked for non-linearity in the model through the likelihood 

ratio test and Davies upper bound test. Next, various information criteria are used to 

know the exact number of regimes. Lastly, the regime model specification is applied 

to measure time-varying herding in multiple regimes with the exact number of 

regimes to be known.  

 

Static Model 

The model to measure herd behaviour is CSSD, introduced by Christie and Huang 

(1995), and CSAD, improved by Chang et al. (2000). The methodology relies on the 

conditional Capital Asset Pricing model which describes the association of firm-level 

dispersion and the absolute market return is positive and linear. This relationship 

becomes negative and non-linear if herding occurs in the financial market.  

The Firm return dispersion is calculated as follows: 

𝐶𝑆𝐴𝐷𝑡 =
1

𝑁
∑ |𝑅𝑖,𝑡 − 𝑅𝑚,𝑡|𝑁

𝑖=1    (1) 

Here, N is the total number of sample companies included in the study and 𝑅𝑖,𝑡 is 

the returns of individual stock on a day t. 𝑅𝑚,𝑡 is the equally weighted average market 

returns of all sample companies on a day t. 

𝐶𝑆𝐴𝐷𝑡 = 𝛾0 + 𝛾1|𝑅𝑚,𝑡| + 𝛾2(𝑅𝑚,𝑡 − 𝑅𝑚
̅̅ ̅̅ )

2
+ 𝛾3𝐶𝑆𝐴𝐷𝑡−1 + 𝛾4𝐶𝑆𝐴𝐷𝑡−2 + 𝜀𝑡 (2) 

The negative and significant value of 𝛾2 represents the herd behaviour. The idea 

behind the CCK (Chang, Cheng, and Khorana) model is that absolute market return 

and dispersion have a positive and linear relationship. Due to the presence of herd 

behaviour, this relationship becomes non-linear and negative. Investors start acting 

similarly while purchasing stocks, and the returns of stocks gather around the market 

return, leading the dispersion series to decrease or increase at a decreasing rate. The 

presence of absolute and squared market returns in the same model leads to high 

multicollinearity, which becomes a problem in the OLS models. Hence, to remove 

the multicollinearity, we follow the study of Yao et al. (2014), which deducts the 
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mean of market return from the squared market return to remove multicollinearity. 

Moreover, the study incorporates the two-lag term of the dispersion variable in the 

model to address the strong autocorrelation quality of dispersion. The study includes 

only two lag terms because higher-order lag does not improve the results (Lao & 

Singh, 2011).  Many empirical studies included the lag term in their model to remove 

the autocorrelation. The study uses the heteroscedasticity and autocorrelation 

consistent standard errors of Newey and West (1987) and adds the lag term of the 

dependent variable to obtain the regression coefficients. 

 

Regime Switching Framework 

The behaviour of many financial time series may change over time permanently 

(known as structural breaks), or may shift from one type to another type and revert 

(known as regime shifts). The regimes here are unobservable. One of the most widely 

used methodologies to model this type of non-linearity is Markov Regime-Switching 

model (Brooks, 2008) in which, regime-switching may occur at the error term's mean 

and standard deviation. Hamilton (1989) proposed an algorithm based on the discrete-

state regime shifts in the Markov process., This study also follow the same approach 

and models herding using the Regime-Switching model.  

 

Through formal testing, the study found three regimes in the Indian market by 

following the seminal work of Balcilar et al. (2013) and Fu and Wu (2021). Equation 

(2) is extended by dividing the series into three regimes shifting across intercept and 

standard deviation, as shown in equation (3). All the variables vary across regimes 

except lags of the dependent variable. 

𝐶𝑆𝐴𝐷𝑡 = 𝛾0, 𝑟𝑡
+ 𝛾1,𝑟𝑡

|𝑅𝑚,𝑡| + 𝛾2,𝑟𝑡
(𝑅𝑚,𝑡 − 𝑅𝑚

̅̅ ̅̅ )
2

+ 𝛾3𝐶𝑆𝐴𝐷𝑡−1 + 𝛾4𝐶𝑆𝐴𝐷𝑡−2 +

𝜎𝑟𝑡
𝜀𝑡                   (3) 

 

Here, 𝜀𝑡~ N (0,1) is the innovation term, and 𝜎𝑟𝑡
 is the standard deviation, a 

measure of volatility. 𝑟𝑡  is discrete regime variable that can take the values 𝑟𝑡 =

 [0,1,2, … … … , 𝑚] by following the three-state first order Markov process. The 

Markov property is based on the transition probabilities, which are constants across 

states and represented by the following specifications: 

𝑃(𝑟𝑡+1 = 𝑖|𝑟𝑡 = 𝑗) = 𝑝𝑖𝑗                  (4) 

with 

∑ 𝑝𝑖𝑗 = 1,𝑚
𝑗=1  where 𝑗 = 0,1,2, … … , 𝑚 and 0 ≤ 𝑝𝑖𝑗 ≤ 1 
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where 𝑝𝑖𝑗 is the constant transition probabilities in regime i at a time t+1. The 

estimation method used for the regime switching model is the maximum likelihood, 

and robust standard error is calculated using Hessian and OPG matrices. The study 

used Excel, E-views 9.0, and Ox-metric 7.0 statistical software for the analysis. 

 

Empirical Results and Discussion 

This part explains the analysis of both linear and Regime-Switching models. 

First, we describe the variables' characteristics using stylised facts on return and 

dispersion. After that, results of both linear and Regime Switching models are shown 

with non-linear testing of the time series before applying the switching model.  

 

Stylised Facts 

Table 1 explains the stylised facts of market return and cross-sectional dispersion. 

The mean of CSAD (1.54%) is more significant than the market return (0.07%), 

suggesting higher variations in dispersion series than market returns. The standard 

deviation of the CSAD (0.36%) is less than the market return (1.14%), highlighting 

the volatility clustering in the dispersion series. Skewness is negative for market 

returns, indicating the high negative returns, while the skewness is positive for 

CSAD. Moreover, the kurtosis is very high for both the series representing Fat-tails. 

Furthermore, the Jarque-Bera statistics are significant, showing a non-normal 

distribution. The Augmented Dickey-fuller test is performed on intercept only to 

check the stationarity of the data. The stationarity test (Augmented Dickey-Fuller 

test) shows that the variables are stationary at level. 

 

Table 1: Stylised Facts 

Statistics CSAD Rm 

Mean 1.54% 0.07% 

Std. Dev. 0.36% 1.14% 

Skewness                 2.39                    -1.10 

Kurtosis 13.96                     13.60 

Observations 3531                     3531 

ADF Test        -7.802 ***    -19.86 *** 

Jarque-Bera test              21055.95 ***           17275.15 *** 

ACF1 0.785                     0.159 

ACF5 0.627                     0.051 

ACF20 0.421                   -0.000 

Notes:  1. *** p < 0.01. Jarque-Bera is for testing normality in the series.  

2. ACF is the autocorrelation function up to n lags. ADF is the Augmented Dickey-Fuller test to 

check stationarity. 
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The Auto-correlation function at different lags for the CSAD series is significant. 

It implies that the dispersion series is positively auto-correlated to higher levels of 

lags and shows signs of volatility clustering. The ACF of market returns is almost 

significant at higher lags, and the series has no trend. This means the market returns 

have a lower serial correlation with their previous values than the cross-sectional 

dispersion. These findings are in tune with various earlier studies that applied the 

Regime Switching models for fat-tails, volatility clustering, and higher serial 

correlation (Balcilar et al., 2013; Cont, 2010; Fu & Wu, 2021; Sen & Subramaniam, 

2019; Singh & Singh, 2017). 

 

Results of Herd Behaviour in Static Model 

Here, Table 2 (second column) reports the estimates of the linear OLS (Ordinary 

Least Square) model put forth by Chang et al. (2000). First of all, the outcomes of the 

static model from Equation (2) state that the coefficient 𝛾2 that measures the herd 

behaviour is insignificantly positive, showing the absence of herding in the overall 

market in the Indian market when linear OLS regression is used. 

 

Table 2: Estimation Results of Static and Markov Three Regime Switching Model 

Coefficients Static Model Result Regime Model Result 

𝛄𝟎𝟎                    0.003 (0.0002) *** 0.006 (0.0003) *** 

𝛄𝟎𝟏                    NA 0.004 (0.0002) *** 

𝛄𝟎𝟐                    NA 0.005 (0.0004) *** 

𝛄𝟏𝟎                    0.151 (0.0158) ***               0.081 (0.025) *** 

𝛄𝟏𝟏                    NA 0.107 (0.0080) *** 

𝛄𝟏𝟐                    NA 0.227 (0.0369) *** 

𝛄𝟐𝟎           0.379 (0.4652) 2.516 (0.2320) *** 

𝛄𝟐𝟏                    NA               1.450 (0.190) *** 

𝛄𝟐𝟐                    NA              -0.529 (0.2861) * 

𝛄𝟑                  0.503 (0.0204) *** 0.443 (0.0191) *** 

𝛄𝟒                0.197 (0.020) *** 0.147 (0.0168) *** 

𝝈𝟎    0.0018*** 0.0017 (0.000) *** 

R2                    0.75 NA 

𝝈𝟏                    NA 0.0012 (0.000) *** 

𝝈𝟐                    NA  0.0036 (0.0001) *** 

𝐏𝟎𝟎                    NA               0.95 

𝐏𝟏𝟏                    NA               0.97 

𝐏𝟐𝟐                    NA               0.74             (Contd.) 
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Coefficients Static Model Result Regime Model Result 

N0 NA 806 

N1 NA 2473 

N2 NA 250 

N 3529 3529 

𝛕𝟎 NA 29.85 

𝛕𝟏 NA 41.92 

𝛕𝟐 NA 4.31 

AIC -9.778              -10.022 

LOG L       17258.58               17704.55 

LR test                       - 891.94*** 

Davies test                       - 0.000*** 

Notes: 1. The table reports the result of two models i.e., Static model: 𝐶𝑆𝐴𝐷𝑡 = 𝛾0 + 𝛾1|𝑅𝑚,𝑡| +

𝛾2(𝑅𝑚,𝑡 − 𝑅𝑚
̅̅ ̅̅ )

2
+ 𝛾3𝐶𝑆𝐴𝐷𝑡−1 + 𝛾4𝐶𝑆𝐴𝐷𝑡−2 + 𝜀𝑡. Regime-Switching model :𝐶𝑆𝐴𝐷𝑡 =

𝛾0, 𝑟𝑡
+ 𝛾1,𝑟𝑡

|𝑅𝑚,𝑡| + 𝛾2,𝑟𝑡
(𝑅𝑚,𝑡 − 𝑅𝑚

̅̅ ̅̅ )
2

+ 𝛾3𝐶𝑆𝐴𝐷𝑡−1 + 𝛾4𝐶𝑆𝐴𝐷𝑡−2 + 𝜎𝑟𝑡
𝜀𝑡  

2. Standard error is shown in parenthesis. The standard errors of the linear model are estimated 

using Newey and West HAC standard errors.  

3. For the regime model, robust-standard errors are calculated with the BFGS Algorithm.  

4. AIC is the Akaike information criterion. 

5. Log L is the log-likelihood of the model. LR is the likelihood ratio test with their respective 

p-values and Davies test p-values.  

6. *p < 0.1, **p < 0.05, ***p < 0.01. 

 

Many previous Indian research studies find similar results of no herding at the 

overall market level using the static model (Garg & Gulati, 2013; Kanojia et al., 2022; 

Lao & Singh, 2011). However, it is possible that these studies did not detect herding 

using a static model due to the time-varying nature of the return dispersion series. 

Moreover, both lag term coefficients are significant, which supports using two lagged 

values of the dependent variable to overcome the autocorrelation problem in the 

return dispersion series (Benkraiem et al., 2021;  Yao et al., 2014). The study has also 

calculated the results by incorporating three lags of the dependent variable in 

Equation (2). However, the results do not improve much; hence, only two lag terms 

are included in the static model. 

 

Results of Herd Behaviour in the Regime Switching Model 

Before selecting the regime switching model for dispersion series, it is essential 

to identify the non-linearity in the time series. It is better to know before testing 

whether the regime switching model is a superior fit to the data. To check the non-

linearity, by referring to Babalos et al. (2015) and Balcilar et al. (2013), the present 

study has calculated the standard likelihood ratio test statistic using log-likelihood 
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values which follows 𝑥2 distribution with q degree of freedom of regimes. However, 

in the Markov Regime Switching model, unidentified nuisance parameters exist 

under the null hypothesis (Brooks, 2008), and therefore, standard distribution does 

not apply to it. Hence, we also reported the p-values calculated using the approximate 

upper bound test proposed by Davies (1987).  

 

Table 3 depicts the rejection of the static model at a 1% level of significance in 

favour of the regime-switching model. It means that the dispersion series is non-linear 

and has the presence of multiple regimes. Moreover, in deciding the exact number of 

regimes, the LR and Davies test strongly reject two regime-switching models against 

a three-regime- model at a 1% level of significance. 

 

Table 3: Likelihood Ratio Test for Different Models 

H0: static 

H1: MS (2) 

H0: static 

H1: MS (3) 

H0: MS (2) 

H1: MS (3) 

703.96*** 

(0.000) [0.000] 

891.94*** 

(0.000) [0.000] 

187.98*** 

(0.000) [0.000] 

Notes: 1. Static model shows OLS regression using Equation (2).  

 2. MS (s) is the regime-dependent intercept variance model with r number of regimes.  

 3. *** p < 0.01.  

 4. Linearity Likelihood ratio test is used to calculate test statistics.  

 5. The chi-square p-values are reported in parenthesis along with the p-values of Davies (1987)  

  in square brackets.  

 

Table 4 shows the log-likelihood and Akaike information criteria of the various 

estimated models with multiple regimes. It is clearly shown in the Table that the 

highest log likelihood is of the three-regime model, along with the lowest Akaike 

Information criteria. From the above criteria and formal tests, the study found that 

three regime models fit the study. 

 

Table 4: Best-Fitted Model Measures 

 Linear MS (2) MS (3) 

Log Likelihood 17258.58 17610.56 17704.55 

AIC -9.778 -9.973 -10.022 

Notes: 1. AIC shows Akaike information criteria.  

 2. The static model shows OLS regression using Equation (2).  

 3. MS is the regime-dependent variance model for 2 and 3 regimes in Equation (3).  
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Studies have stated that the Markov model is more suitable for explaining 

dynamic herding and its various states (Balcilar et al., 2013; Mand & Sifat, 2021). 

Moreover, there are studies in the past that extend the CSAD approach in the Regime 

framework and explain the non-linearity in the CSAD model in both developed and 

emerging economies (Akinsomi et al., 2018; Babalos et al., 2015; Balcilar et al., 

2013; Mand & Sifat, 2021)., The results of our study also exhibit the presence of 

different regimes in the CSAD model, and the information criteria are lower for the 

regime model than the static model. Hence, the study has applied the regime 

specification for modeling non-linear properties of herding specification and 

calculating the time-varying herding parameter along with regime switching.  

 

Table 2 (third column) discloses the results of the Regime Switching model. To 

avoid overfitting variables and have parsimony in the model, this study assumes that 

serial correlation is regime-independent, similar to Fu and Wu (2021). For 

identification of regimes into high, low, and extreme volatility, the study closely 

examines the standard deviation of the error term represented by 𝜎𝑟𝑡
. Standard 

deviation of Regime 2 (0.0036) is exceptionally high as compared to high volatility 

regime 0 (0.0017) and low volatility regime 1 (0.0012).  

 

The main coefficients of interest that measure herding in the Regime Switching 

model are 𝛾20(Regime 0), 𝛾21(Regime 1) and 𝛾22 (Regime 2). The coefficients 𝛾20 

and 𝛾21 are positively significant in high and low volatile regimes, respectively, 

implying negative herding in the Indian financial market. It means that Indian market 

participants make rational decisions when the market is highly volatile and stable. 

The possible reason for the negative herding is the ‘flight-to-quality’ or 

‘overconfidence’ of investors during an unstable market (Ansari & Ansari, 2021; 

Gebka & Wohar, 2013). Lastly, 𝛾22 is negative and significant in extreme volatile or 

crash regime 2, indicating that the investors are imitating each other when market is 

extremely volatile or in crash-like situations due to some unprecedented events. It 

may be because investors follow institutional investors to avoid extreme losses in 

extreme or crash regimes. The result of significant herding during extreme or crash 

regimes is in line with the findings of Balcilar and Demirer (2015) and Balcilar et al. 

(2013), which show herding during extremely volatile regimes in Borsa Istanbul and 

GCC markets. Moreover, the extremely volatile regime has 250 observations of the 

total number of observations, showing that three regime specifications fit the study.  

As residual diagnostics, we consider log Likelihood, Akaike Information criteria, the 

Portmanteau test, and the ARCH test for testing heteroscedasticity and 

autocorrelation. Table 4 shows that the regime model has a higher log-likelihood and 

lower AIC than the static model.    
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Table 5: Residual Diagnostic for Scaled Residuals 

Scaled Residuals Distribution Statistics p-value 

Normality Chi (2) 13.827 0.0022 

Asymptotic normality Chi (2) 12.266 0.0010 

ARCH (1-1 test) F (1,3507) 2.057 0.1516 

Portmanteau (26)-squared 

scaled residuals 
Chi (26) 26.708 0.4247 

 
Moreover, Table 5 shows that the coefficient of the ARCH 1-1 test is 

insignificant, depicting no conditional heteroscedasticity in the fitted model.1 The 

insignificant Portmanteau test statistic indicates the absence of any dependence 

structure or autocorrelation in the residuals, suggesting that the model is correctly 

specified.  

 
Persistence of Market Regimes 

It is equally important to look at other essential features of Markov Switching-

model such as transition probabilities (𝑝𝑖𝑗)  and smoothed probabilities for fitting the 

Regime Switching model to the data. Initially, the market is in regime j at time t and 

Table 2 shows the transition probabilities (𝑃00, 𝑃11 and 𝑃22) of remaining in regime 

j at time t+1. The probability here suggests that the decoded regimes are stable and 

will remain persistent within the existing regimes. The high volatile regime 0 has 

22.84 % number of observations compared to a low volatile regime with 70.08 % 

observations. However, the transition probability of a low volatile regime is 0.97 

compared to the other two regimes, showing the high persistence of a low volatile 

regime. Moreover, the extreme volatile regime and high volatile regime transition 

probabilities are 0.749 and 0.95, respectively, depicting the validity of regimes. The 

mean duration of a low volatile regime is 41.92 days, implying that Regime 1 will 

last approximately 42 days. While the high volatile regime lasts 29.85 days, it implies 

that Regime 0 will last about 30 days. The average duration of extreme volatile regime 

is 4.31 days, indicating Regime 2 will last approximately four days. This depicts that 

 
1 We also conducted robustness checks to ensure the presence of Three-Regime specification and 

accuracy of the results. First, analysis was done from the Period 2010-2023 and then from 2012-2023. 

The results of both time periods show significant evidence of herding in Extreme or crash volatile regime 

with three regimes. ARCH 1-1 test null hypothesis is accepted at 1% significance level. Moreover, we 

also calculated the herding by assuming the switching in variance and other variables except the constant 

term. The results are similar to the fitted Markov intercept and variance regime switching model showing 

the presence of herding in the extreme volatile regime. However, the model is not a best fit so we applied 

the intercept and variance regime switch model. Results are not shown here to conserve space. 
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the low volatile regime is highly persistent compared to other regimes, similar to the 

findings of Balcilar et al. (2013). Figure 1 shows the period when significant herding 

was observed in the market. Although there are many instances of herding in the 

whole sample period, the long-lasting ones are as follows: The first most extended 

extreme volatility regime was from 26-03-2009 to 22-04-2009 (16 days), and then 

the market switched to high volatility. Then again, in Regime 2, the long-lasting 

regime is from 19-05-2009 to 05-06-2009, which is for 14 days, followed by the 

highly volatile regime. It means the Indian market has volatility clustering after the 

crash or extremely volatile regime in 2009. This outcome can be confirmed by the 

Ali and Afzal (2012), which also found volatility clustering in the Indian and Pakistan 

Equity markets during the crisis and a more substantial negative impact on the Indian 

stock market.  

 

Figure 1: Market Returns Showing Significant Herding in Extreme Volatile Regime   

 

The possible reason for this is the Global Financial Crisis (GFC) or subprime 

crisis, which started approximately in 2007 and continued until 2009 (Bekiros et al., 

2017; Litimi, 2017). The reason may be, like any other developed and emerging 

country, the Indian stock market crashed during the global economic turmoil, so the 

investor ignored their information and followed the overall market during 

uncertainty. However, as the high volatility regime persisted during that time, Indian 

investors stopped pursuing each other. This means the GFC crisis spillover effect is 

longer, i.e., 88 days, during the entire period.  
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Next, the market is in extreme volatility from March 2013 to June 2013, showing 

significant herding. It may be due to the ‘Taper-Tantrum’. The US Federal Reserve 

slowed the treasury bond purchases to revive the market from the financial crisis, 

increasing the bond yield. This leads to an outflow of FIIs from the Indian market and 

a market crash from the end of May to the end of August (Modak, 2021; 

Roychoudhury, 2021). This major sell-off may leaded sell-side herding by Indian 

investors. Next, extreme volatility was observed from 16-05-2014 to 21-05-2014. The 

Indian market is extremely volatile due to the Lok Sabha election result announced 

on 16th May 2014. Investors have become highly optimistic and started purchasing 

shares uniformly, hoping to earn excess returns (Kumar, 2019).  

 

An extreme volatility regime can also be observed from 05-03-2020 to 05-05-

2020. This extreme volatility was caused by the FII outflows due to coronavirus 

outbreak, and the fact that World Health Organisation (WHO) recognised COVID-

19 as a pandemic on 11th March 2020.  The uncertainty and volatility increased 

worldwide after the pandemic (Ali et al., 2020; Saini et al., 2023). The negative 

sentiments and high uncertainty led to a herd mentality in the Indian financial market 

during that period. Also, the Indian government announced Janata Curfew on 22nd 

March 2020 and lockdown policies to be followed from 24th March 2020 (Bora & 

Basistha, 2021). So, the adverse shocks further stimulated uncertainty and volatility, 

especially in BSE Sensex in the Indian financial market (Bora & Basistha, 2021).  

 

Bharti and Kumar (2021) clearly state that volatility stimulated the herd mentality 

among Indian participants during the pandemic. However, in April 2020, the market 

moved very high again due to the relaxation in lockdown policy by the Indian 

government in April 2020 and the introduction of various stimulus packages for 

economic revival (Bharti & Kumar, 2021; Bora & Basistha, 2021). Ampofo et al. 

(2023) specify that the pandemic has also increased herding in developed countries. 

Figure 2 (A-C) highlights the smoothed probabilities of all three regimes. The 

smoothed probabilities graphs also depict the switching of different regimes. We 

found the order of low, high, and extreme volatility patterns for the Indian market. 

The market is usually in a highly volatile regime before extreme volatility. This shows 

that investors can predict the market will crash or become extremely volatile, so they 

should reframe their market portfolio strategy. We have also seen the Indian market 

go into high volatility after a sudden crash or extreme volatility, showing volatility 

clustering. This depicts the bidirectional switching of the extreme and high volatility 

regimes similar to the findings of Balcilar and Demirer (2015).  
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Figure 2: Smoothed Regime Probabilities for Regime 0 (High Volatile), Regime 1 

(Low Volatile), and Regime 2 (Extreme Volatile), Respectively 

 
 

Conclusion 

This research takes a deep dive into the dynamic nature of herd behaviour in the 

Indian financial market for 2009-2023 using the Markov Regime Switching and 

linear OLS regression models. We employ Chang et al. (2000)’s base model for 

measuring uniformity. The results of the static model show no herding across the 

whole sample period. The results of no herding corroborate the findings of Ansari 

and Ansari (2021) and Kanojia et al. (2022). The regime model identifies three 

regimes as high (Regime 0), low (regime 1), and extreme volatility regime (Regime 

2), respectively. Our findings demonstrate significant herding in crash or extreme 

volatile regime. However, we find frequent switching of extremely volatile regimes 

with significant herding, which lasts only on average for approximately four days., 

The long-lasting, extremely volatile regimes with significant herding are 2009, 2013-

2014, and 2020, due to unprecedented events like the GFC crisis, Taper-tantrum, 

presidential election, and COVID-19 pandemic. A recent study, Sachdeva et al. 

(2021), clearly states that information uncertainty increases the uniformity in the 

Indian market. Moreover, the study exhibits anti-herding during the high and low 

volatile regimes. The findings of anti-herding in a low volatile regime are in line with 

those of Fu and Wu (2021) because investors make decisions rationally at times of 
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certainty. We observe the pattern of low, high, and crash/extreme volatility in the 

Indian capital market. This suggests that investors can predict extreme or crash 

situations because the market first enters into low volatility followed by high and then 

crashes. The outcomes of our research are significant for investors and market 

regulators. Investors should form an appropriate strategy to readjust their market 

portfolio at high volatility or not be captivated by the excess returns created by 

bubbles in extreme market situations. These results illustrate that the Indian market 

has become efficient with time as regulations continuously improve and information 

transmission becomes transparent. Hence, investors should make decisions based on 

the company's fundamentals, but during any uncertainty, they are exposed to high 

sentiments and follow each other. Investors need to construct more extensive 

portfolios at times of high volatility to maintain the same level of diversification 

(Chiang & Zheng, 2010; Fu & Wu, 2021). Bidirectional switching in extreme and 

highly volatile regimes guides market regulators in making a mechanism during 

crises or intense periods to stop the market from going into extreme situations 

(Balcilar & Demirer, 2015). This research adds new insights into Indian herding 

literature by adding evidence for dynamic herding in the Indian stock market. It will 

guide the researchers to add new dimensions to the same to further explore this aspect. 

The study is limited to only 338 companies out of 500. A separate study will also be 

conducted on the remaining companies, which may affect herding. Moreover, we 

only consider static transition probabilities in the study. Further research can be 

conducted by considering other exogenous variables like market sentiments or global 

factors that impact herding through the time-varying transition probabilities regime 

model. Moreover, one can differentiate between different types of herding as we 

measured herding at market consensus.  
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