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A Markov Switching Approach to Herding
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Abstract

Existing models of herding suffer from the drawback that conventional meas-
ures assume it is constant over time and independent of the state of the economy. 
This paper proposes a Markov switching herding model which supports the view 
that herding is not constant. By means of time-varying transition probabilities, 
the model is able to link changes in herding behavior with proxies for sentiment, 
the VIX, and the term structure. For the US stock market our estimates reveals 
that during periods of high volatility, investors disproportionately rely on funda-
mentals rather than on market consensus. Existing theory supports such a conclu-
sion. Some policy implications are also drawn.

Ein Markov-Switching Modell zur Analyse von Herdenverhalten

Zusammenfassung

Bestehende Modelle für Herdenverhalten haben den Nachteil, dass diese die 
Messvariablen über die Zeit als konstant und als konjunkturunabhängig betrach-
ten. Die vorliegende Arbeit schlägt ein Markov Switching Modell vor, das das 
Herdenverhalten zeitvariierend modelliert. Mithilfe von zeitvariierenden Über-
gangswahrscheinlichkeiten können Veränderungen im Herdenverhalten mit 
Approximationsgrößen für die Marktstimmung, dem VIX und der Zinsstruktur 
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verknüpft werden. Für den US-amerikanischen Aktienmarkt zeigen unsere Schät-
zungen, dass Investoren in Zeiten hoher Volatilität unverhältnismäßig stark auf 
die Fundamentaldaten vertrauen und nicht auf den Marktkonsens. Diese Schluss-
folgerung wird durch bereits bestehende Studien unterstützt. Politische Implika-
tionen werden ebenfalls aufgezeigt. 

Keywords: Herding Behavior, Markov Switching, US Stock Market

JEL Classification: G1

I. Introduction

Herding behavior has been the subject of considerable interest over the 
years. Nevertheless, there is no consensus on the correct definition to de-
scribe this kind of phenomenon. The present paper adopts an empirical 
definition. Hence, we observe differential amounts of dispersion in stock 
price movements depending on whether investors imitate each other 
when making investment decisions. As Graham (1999) observes, however, 
herding can be defined in several ways depending on its proximate 
source. For example, information cascades, changes in reputation, or 
when a first mover is followed by others all depict behavior consistent 
with herding behavior. All of these forms push investors to make similar 
choices for different reasons.

The extent to which investors discriminate between stocks is ordinari-
ly believed to be reflected in how returns deviate from overall market 
performance. If investors follow the market, then dispersion in returns 
should disappear entirely. It is widely observed, however, that following 
the market may be conditional on, for example, whether the overall mar-
ket is rising or falling. More importantly, one would expect market senti-
ment and volatility, as well as macroeconomic or financial conditions to 
have a significant influence on the extent to which investors follow the 
market.

Existing empirical studies that investigate herding behavior suffer 
from a number of drawbacks. Possibly the most important of these in-
cludes the failure to consider that herding can change over time as mar-
ket conditions change. With a few exceptions only, for example, Gebka 
and Wohar (2013), Stavroyiannis and Babalos (2013), Stavroyiannis, Ba-
balos and Zarangas (2013),1 herding measures are generally treated as 

1  It should be noted, that other studies extend the notion of herding to cross-sec-
tional characteristics of market participants to analyze herding behavior over 
time (Bernhardt, Capello and Kutsoati 2006, Tang 2013, Naujoks et al. 2009).
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constant through time. While this is certainly a possibility this view is 
economically unreasonable especially since market sentiment varies such 
as when business cycle conditions change as between recessionary and 
expansionary periods.

The paper also notes that a unit root in a time series representing dis-
persion can be rejected in favor of the alternative of stationarity when 
we drop the assumption that the sample in question consists of a single 
regime. This has implications for the behavior of stock market returns 
over time and suggests that herding is time-varying. Indeed, we conclude 
that the data are reasonably well described when we assume that two re-
gimes exist, each with stationary returns. Similar to the behavior of the 
VIX, one regime displays high market volatility while in the other regime 
volatility is relatively lower. The aftermath of the dot com bubble repre-
sents a highly volatile regime, as does the period of the 2007–2010 finan-
cial crisis. Much of the remainder of the sample considered is broadly 
characterized as being in the relatively low volatility state.

Existing models of herding behavior cannot be estimated from daily or 
weekly data, or are incapable of accommodating factors that determine 
investors’ propensity to display herd-like behavior. Hence, it is not sur-
prising that the extant literature treats herding as being constant over 
time.

Our study makes a start towards overcoming these deficiencies by 
specifying a Markov switching model based on the approach proposed by 
Chang, Cheng and Khorana (2000). We apply this model to daily data 
from the US stock market. Time-varying transition probabilities as de-
rived in Diebold, Lee and Weinbach (1994) enable us to take account of 
additional economic and financial variables that drive changes in herd-
ing behavior over time. In particular, proxies for market sentiment, such 
as implied volatility and trading volume, the VIX, as well as term struc-
ture variables, which the literature considers to be closely linked to mac-
roeconomic fundamentals, prove to be useful in this respect. Finally, be-
cause of some well-known properties of returns, non-normal distribu-
tions and generalized autoregressive conditional heteroskedasticity 
(GARCH) effects are also accounted for.

The remainder of the paper is organized as follows. The next section 
provides a brief review of the herding literature. Classical approaches to 
measure herd formation are described in the third section. Then, Markov 
switching models of herd behavior are introduced. The data are described 
in section IV. Section V. summarizes our empirical findings. The two-re-
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gime augmented Dickey-Fuller (ADF) test, useful in motivating the need 
to treat herding as being time-varying, is also briefly sketched here. The 
paper ends with a brief conclusion and suggestions for future research.

II. Survey of the Literature

The literature defines herding as a situation where investors imitate 
each other’s buy and sell decisions, even though this kind of trading 
strategy might be at odds with their own information and beliefs. Gra-
ham (1999) points out that herding may also be initiated though infor-
mation cascades as when investors act on information even when this 
contradicts their own beliefs. Alternatively, when an investor’s reputa-
tion grows this too may produce herd like behavior. Notice that, in one 
case, investors are led to make the same choices based on the observable 
performance of others while, in the other case, herding is prompted by 
imprecise information. Other forms of herding also exist as when the de-
cision by an investor to move first leads others to follow. Nevertheless, all 
forms of herding have empirical implications that can be seen by how far 
stock returns deviate from overall market returns. This paper interprets 
herding behavior in this sense. Graham also notes that the various defi-
nitions of herding are not mutually exclusive.

Still other definitions of herding have been proposed. For example, 
spurious herding refers to a “clustering” of investment decisions due to 
similar underlying information sets. Herding behavior can be either ra-
tional or irrational (Devenow and Welch 1996; Bikhchandani and Shar-
ma 2001). Pure irrational herd behavior is closely related to the theory of 
noise trading (De Long et  al. 1990 and 1991; Jeanne and Rose 2002), 
which assumes that a group of investors act irrationally or base invest-
ment decisions on some exogenous concerns over liquidity combined 
with some limits to arbitrage.

In contrast, information-based herding rests on the presumption that 
investors face uncertainty about the quality or precision of the informa-
tion they are able to access. Although information cascades attempt to 
address this kind of behaviour (Bikhchandani, Hirshleifer and Welch 
1992; Welch 1992; Banerjee 1992) Avery and Zemsky (1998) are the first 
to propose a model that is applicable to the case of financial markets. 
However, even for an investor who has access to superior private infor-
mation, it might be rational to ignore this information and to rely on 
herding, for example, as in the case of portfolio managers facing incen-
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tives to stick with a benchmark (Scharfstein and Stein 1990; Froot, 
Scharfstein and Stein 1992; Graham 1999).

The empirical literature on herding to which this study contributes can 
be sub-divided into two branches. The first deals with herding among in-
stitutional investors such as fund managers. Research of this kind relies 
on data about their trading behaviour. Work on this topic is mainly based 
upon the measure proposed by Lakonishok, Schleifer and Vishny (1992), 
who compare the actual share of managers’ buy and sell decisions against 
the expected values under the assumption of independent trading.

A second strand of research deals with herding towards the market. 
This is explained by investors who base their investment decisions en-
tirely on market consensus, thereby ignoring their own beliefs about the 
risk-return profile of particular stocks. Christie and Huang (1995) are the 
first to address this issue empirically. They test the conjecture that such 
a trading pattern is more likely to arise during times of market stress as 
evidenced by unusually high volatility. However, their evidence for the 
US market does not corroborate a significant clustering of returns dur-
ing strong market movements.

Unlike Christie and Huang (1995), the approach proposed by Chang, 
Cheng and Khorana (2000) does not neglect investors’ behavior during 
periods of low or average volatility. Their test specification aims to com-
pare the actual dispersion of single stock returns around the market with 
the value implied by rational asset pricing. In particular, they exploit the 
fact that those pricing models imply a linear relationship between the 
absolute value of the market return and its dispersion. Their findings 
support an increased tendency to herd in emerging markets but reveal 
only little evidence for such a behavior in developed countries.

Tan et al. (2008) investigate herding in Chinese A and B stocks using 
the approach of Chang, Cheng and Khorana (2000).2 They find evidence 
for herding in both the A stocks available for domestic investors and in 
the B shares that are dominated by foreign investors. Analyzing the Pol-
ish stock market, Bohl, Gebka and Goodfellow (2009) highlight differ-
ences in trading patterns between individual and institutional investors. 
While the former display herding behavior, particularly during market 
downturns, the latter are unlikely to be driven by herd behavior. An ap-
plication to the ETF market can be found in Gleason, Mathur and Peter-

2  A shares trade in the Chinese currency, the renminbi, while B shares are de-
nominated in a foreign currency (e. g., US or Hong Kong dollars).
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son (2004). They estimate the models of Christie and Huang (1995) and of 
Chang, Cheng and Khorana (2000) from New York Stock Exchange intra
day data and find strong evidence for adverse herding in this market. Ad-
verse herding refers to a situation where, unlike the case of herding, in-
vestors disproportionately discriminate strongly between individual 
stocks.

Unlike mutual funds, ETFs trade on exchanges. Nevertheless, Clifford 
et al. (2014) conclude that ETF investors seek returns much in the same 
way that mutual fund investors do. Since volatility regimes play an im-
portant role in the empirical analysis to follow it is worth noting that 
ETFs contribute to raising the price volatility of the underlying stocks 
but this need not be explained by the process of price discovery (e. g., see 
Ben-David et  al. 2014). An alternative explanation is that ETFs moves 
markets and that greater volatility is associated with higher returns 
(Caginalp, De Santis and Sayrak 2014). Of course, ETFs have grown sub-
stantially in recent years, particularly in the US and they may impact the 
co-movement of stocks (Da and Shive 2013).3

The papers cited above deal with herd behaviour within a given mar-
ket and ignore potential international linkages in account. Chiang and 
Zheng (2010), however, investigate the impact of the US market on herd-
ing formation in several stock markets around the world. They provide 
favourable evidence that both the volatility as well the cross-sectional 
dispersion of single stock returns in the US influence herding activities 
in the rest of the world. In contrast, Tan et al. (2008) are unable to find 
interactions between the herding behaviour in the Chinese stock markets 
in Shanghai and Shenzhen.

Hwang and Salmon (2004) are the first to derive a measure of herding 
that allows for time variation in herding behavior. Their approach is 
based on the assumption of time-varying monthly betas. Results for the 
US and South Korea show a tendency of herding to mitigate, or even be-
come adverse, in the run-up to and during periods of turmoil as in, for 
example, the Asian and Russian financial crises as well as the tech bub-
ble of the early 2000s in the US. In order to establish a theoretical ra-
tionale for these facts, Hwang and Salmon (2009) put forward a testable 
model that incorporates the effect of investor sentiment. In this frame-

3  See Wurgler (2011) and Anton and Polk (2014) for surveys of the impact of in-
stitutional investors on expected stock returns and the implications for the corre-
lation of returns.
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work, herding occurs in a situation when investors broadly agree about 
the future direction of the market, whereas adverse herding is likely to 
arise when there is a high probability of divergences of opinion among 
market participants. These interpretations of herding behavior also play 
a role in the empirical analysis below.

III. Constant and Time-Varying Herding Models

Research on herding rests on the seminal work of Christie and Huang 
(1995). Their approach considers the dispersion of single stock returns 
around the market. They propose the following measure:

(1)	
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= -å
( )
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where ( )N t  is the number of stocks available at time t with T  observa-
tions in the sample, ,i tr  stands for the return of stock i and ,m tr  for the 
market return, respectively.4 The market, in turn, is defined as a 
value-weighted average of single stock returns. Equation (1) is designed 
to measure the average absolute deviation of single stock returns from 
the market return and, thus, provides insights into the extent to which 
market participants discriminate between individual stocks. If all inves
tors act alike and follow the market, tS  must be equal to zero.

Christie and Huang (1995) then regress tS  upon a constant and two 
dummy variables that control for both extreme positive and negative re-
turns, measured by certain outer quantiles of the return distribution. Al-
though very clear-cut, this approach obviously depends heavily on the 
definition of the thresholds for extreme returns. In addition, differing in-
vestor behavior during times of low and average volatility is completely 
neglected.

The extension put forward by Chang, Cheng and Khorana (2000) aims 
to overcome these drawbacks. They highlight the notion that, under the 
assumption of rational asset pricing, i. e., CAPM-type pricing, equation 
(1) is linear and strictly monotonically increasing in the expected value 
of the absolute market return, ,(| |)m tE r . By contrast, herding behavior is 

4   Actually, Christie and Huang (1995) use (1) only as a robustness check and 
base their main inference upon the cross-sectional standard deviation. The advan-
tage of the absolute deviation (1) over the standard deviation is that the former is 
less sensitive to outliers.
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better captured by a function that is either non-linear or reaches a max-
imum at a certain threshold value of ,(| |)m tE r , declining thereafter. The 
following regression is designed to capture these effects:

(2)	 γ δ ζ ε= + + +2
, ,| |t m t tm tS r r ,

where the realized market return is used to proxy their expected value. 
Rational asset pricing implies a significantly positive δ  and a ζ  equal to 
0. By contrast, a value of ζ  that significantly differs from 0 indicates a 
violation of the linearity implied by rational asset pricing. Using daily 
returns, this implies that 2 22

, , , ,( ) ( ) ( ) ( )m t m t m t m tVar r E r E r E r= - »  holds, so 
that 2

,m tr  can be regarded as the market return variance. If, during periods 
of high volatility investors herd towards the market, this implies that the 
dispersion of returns around the market tS  becomes disproportionally 
low compared to the rational pricing model. This should show up as a 
negative coefficient for ζ .

In all of the models outlined so far, herding behaviour is assumed to be 
constant over time. However, as noted above, the extant literature relates 
herding to investors’ sentiment (Shiller, Fisher and Friedman 1984; Lee, 
Shleifer and Thaler 1991; Devenow and Welch 1996; Hwang and Salmon 
2009) which, by definition, is time-varying. Therefore, the assumption 
that herding is constant does not seem reasonable. Furthermore, it is con-
ceivable that, due to the crisis-laden environment prevailing during the 
last decade, including the tech bubble, 9 / 11 and the most recent global 
financial crisis of 2008–2009, the dispersion measure, tS , is unlikely to be 
stationary, as required, in the single regime setting consistent with con-
stant hedging. Instead, herding might be better characterized by a two-
state model allowing for different dynamics in tranquil and volatile pe
riods.5

To account for time-varying effects, Hwang and Salmon (2004) propose 
the following state space model, which, while similar in spirit, does not 
directly make use of the dispersion measure (1). First of all, the model 
assumes that market betas are changing over time. Inference about herd-
ing can then be obtained from the cross-sectional standard deviation of 
the betas. For instance, a situation where the betas of all stocks in the 

5  In principle, herding can vary over several states. However, since the paper 
aims to demonstrate that herding is time-varying and the assumption of two 
states (e. g., recessions versus expansions) is commonly employed in the finance 
literature (Naes, Skjeltorp and Oodergaard 2011), we restrict our investigation to 
this case. See, however, below.
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market are approaching the value one implies that this cross-sectional 
standard deviation gets close to zero. In contrast, when all investors dis-
proportionately strongly differentiate between stocks, such that the betas 
more strongly diverge from one than is implied by the CAPM equilibrium 
condition, this is referred to as adverse herding and would lead to a high-
er standard deviation.

For these reasons, Hwang and Salmon (2004) estimate standard OLS 
betas on a monthly basis in a first step. In a second step, the cross-sec-
tional standard deviation of these betas is calculated for all periods. The 
deviation is then modelled within a state space framework where the 
changes in the dispersion of the betas are governed by a latent herding 
variable. Assuming an AR(1) process describes its movements, the latter 
can be extracted by using the Kalman filter.

Although the above approach produces a continuously evolving herd-
ing variable, it suffers from several disadvantages. First, the model can-
not be estimated from daily or weekly data but relies on monthly beta 
estimates. Monthly betas, however, are strongly driven by “noise,” for ex-
ample, during periods of substantial financial turmoil, such as in the 
case of the recent financial crisis. Reducing noise requires expanding the 
estimation period for the market betas, which, in turn, reduces the num-
ber of observations for the state space model. Furthermore, if herding dy-
namics actually take place in the very short run, say on a daily or weekly 
basis, the model cannot capture the sought after phenomenon. Second, 
the model is unable to link changes in herding to investor sentiment or 
macroeconomic fundamentals. Third, assuming a zero mean for the latent 
herding variable, the model, by definition, implies swings between herd-
ing and so-called adverse herding. Thus, this measure is unable to de-
scribe a market where investors are switching between herding, no herd-
ing or adverse herding forms of behavior. In contrast, a Markov switching 
adaptation of equation (2) aims to remedy these problems.

1. Markov Switching Herding Measures

Our principal aim is to model time-varying herd behavior, rely on daily 
data and, additionally, to allow variations in herding to be driven by ex-
ogenous variables that capture changing market sentiment and macro
economic and financial market fundamentals. A straightforward way of 
introducing time-varying behavior is to assume that it is subject to re-
gime switches. As argued above, we assume there are two regimes. One 
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associated with high volatility, the other is characterized by low volatil-
ity. Equation (2) is modified to allow for switching between two regimes, 

{ }1, 2j Î :

(3)	 γ δ ζ ε= + + +2
, ,,| |t j j m t j j tm tS r r ,

where 2
, ~ (0, )j t Nε σ  and the other variables were previously defined. It 

is well known that financial time series often display leptokurtosis. 
Therefore, the model given in equation (3) is re-estimated allowing one or 
even both regimes to be governed by a fat-tailed distribution. To this 
end,  the  distribution is relied on as well as on the generalized error 
distribution (GED).6 We assume the latent state variable to be driven 
by  a first-order Markov process, with transition probabilities, 

-= = =, 1Pr( | )ij t t tp S j S i , { }Î, 1, 2i j , which can either be constant or 
time-varying. For the sake of inferring the regime the process is in at 
time t , based on all information available up to the end of the sample 
period, , smoothed probabilities Γ= =, | Pr( | )i t T t Tp S j  were calculat-
ed as given in Kim (1994).

As stated previously, time-varying transition probabilities can provide 
insights into the factors driving changes in herding behavior over time. 
This means making 11, tp  and 22, tp  dependent on a set of exogenous vari-
ables -1tX  including a constant.7 Variables suitable in explaining the 
switches in investors’ herding behavior include investor sentiment and 
macroeconomic conditions relying on data available at the daily frequen-
cy.8 Implied volatility, here measured using the Chicago Board Options 
Exchange Market Volatility Index (VIX), is used. Motivated by the branch 
of literature on sentiment (Jones 2002; Baker and Stein 2004; Baker and 
Wurgler 2006), the share turnover relative to market capitalization is also 
used.

6   The GED may provide further insights into the distributional properties of 
the dispersion of single stock returns since, unlike the t  distribution, it also allows 
for thinner tails than in the case of the normal distribution.

7  These variables are lagged because the transition probabilities governing 
switches from - 1t  to t  must be determined at time - 1t .

8  Other candidate variables are, of course, also possible. For example, based on 
Campbell, Hilscher and Szilagyi (2008), variables representing firm performance 
may also be considered. Nevertheless, their work also highlights the important 
connection between the behavior of the VIX and the financial distress they seek to 
empirically measure. Since it is preferable, under the circumstances, to estimate 
our Markov Switching model with daily data some of alternative determinants 
are not available at the daily frequency.
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Proxies for macroeconomic conditions can be derived from term struc-
ture data (Estrella and Hardouvelis 1991; Estrella and Mishkin 1997; 
Estrella and Mishkin 1998). Litterman and Scheinkman (1988) and Knez, 
Litterman and Scheinkman (1994) show that the variation in money as 
well as capital markets can be very well described by models that con-
tain from one to four common factors. Based on zero bond returns, prin-
cipal components analysis is used to extract common factors. Only those 
principal components with eigenvalues greater than one are included in 

-1tX . This ensures that each factor has more explanatory power than any 
return series. If the coefficients are assembled in a vector jθ , the transi-
tion probability associated with state j , ,jj tp  can be modelled as:

(4)	
θ

θ

-

-
=

+
,

' 1

' 11

X

jj t
X

t j

t j

e
p

e
.

Turning to the estimation procedures, the models that assume a normal 
distribution can be estimated using the expectation maximization (EM) 
algorithm (Dempster, Laird and Rubin 1977). A closed form solution for 
all parameters was put forward by Hamilton (1990), while the solutions 
for jθ , the parameters for (4), are derived in Diebold, Lee and Weinbach 
(1994). The specifications using t and GED-distributed errors are also es-
timated using the EM algorithm. Unlike the case of the normal distribu-
tion, no analytic solutions for the regression parameters are available. 
Nevertheless, since the conditions for the closed-form solution for the 
transition probabilities, -= = =, 1Pr( | )ij t t tp S j S i , given in Hamilton 
(1990) still hold, these can be calculated as a by-product of the smoothed 
probabilities, , |j t Tp . Thus, obtaining estimates for the remaining regres-
sion and distributional parameters requires a whole numeric optimiza-
tion in each iteration of the EM algorithm relying on the Broyden-Fletch-
er-Goldfarb-Shanno (BFGS) algorithm.9

In the case of the t distribution, equation (3) is first estimated by as-
suming σ 2

, ~ (0, )j t jE t , with υ j regime-dependent degrees of freedom pa-
rameter governing the kurtosis. In principle, this parameter can take on 
any value in the region ]2, [¥ . Nevertheless, it is well known that the t 
distribution is empirically indistinguishable from the normal one for de-
grees of freedom greater than 30 (Hansen 1994; Jondeau and Rockinger 

9  Watanabe and Yamaguchi (2004), and Azzalani and Capitanio (2014) are two 
sources that deal with the statistical properties of the various assumed error dis-
tributions considered here.
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2003). Thus, if for state j, the estimate for jυ  takes on a value above 30, it 
again fits the model, this time with one regime being governed by a t and 
the other one by a normal distribution. When applying the GED distribu-
tion to the errors, 2

, ~ (0, )j t jGEDε σ , a one-step estimation procedure can 
be followed since this distribution reduces to the normal for a tail thick-
ness parameter, jκ , equal to 1.

To account for autocorrelation, we make use of the covariance matrix 
proposed by Newey and West (1987) where a lag length equal to eight is 
set as suggested by the Newey and West (1994) criterion. Since the con-
struction of this error matrix and the selection of the appropriate lag 
length rests on several assumptions that might be crucial for the results, 
a robustness check is conducted by performing the analysis based on dif-
ferent numbers of lags. Since the autocorrelations in tS  are in general 
found to be relatively large (Chang, Cheng and Khorana 2000), all models 
are re-estimated for 6, 10, 12 and 14 lags.

For some markets, studies report different herding dynamics during 
falling and rising markets (Chang, Cheng and Khorana 2000; Bohl, 
Gebka and Goodfellow 2009). In addition, evidence from fund managers 
trading reveals differences in their herding behaviour between buying 
and selling decisions (Keim and Madhavan 1995; Grinblatt, Titman and 
Wermers 1995). These phenomena are also accounted for by estimating 
an asymmetric version of the baseline model:

(5)
	

, ,

2 2
,, ,

, 0 , 0

, 0

| | | |asy asyR R
t j j m t m tj j

asy R
j j tm t m tj

m t m t

m t

S I r I r

r I r

γ γ δ δ

ζ ζ ε

< <

<

= + + +

+ + +

where , 0Rm tI <  is a dummy variable that is equal to 1 if the market return 
is negative and equal to 0 otherwise and σ 2

, ~ (0, )j tE N . To keep the 
econometric model as simple as possible we make no attempt to model 
asymmetries in higher moments.

Finally, it is sensible for financial data which exhibit volatility cluster-
ing and skewness to control for ARCH effects as proposed by Gray 
(1996b). Therefore, equations (3) and (5) are estimated as Markov switch-
ing GARCH(1, 1) (MSGARCH(1, 1)) models. Again for sake of simplicity 
we rely on the simple, but well-established GARCH(1,1) specification. 
The first lag of tS  is included, to take into account autocorrelation since 
the Newey and West (1987) errors cannot be used for GARCH models. To 
model skewness, a skewed t distribution, is applied as proposed by Fer-
nandez and Steel (1998). The density function is given as follows:
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(6)	
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j t j tf t I t Iε εεβ
ε β ε υ υ

β β
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æ ö÷ç ÷ç= + - ÷ç ÷ç ÷+ è ø

where , 0j tI ε <  is an indicator function that is equal to 1 if ε ,j t  is negative 
and equal to 0 otherwise. 1jβ >  indicates a distribution that is skewed to 
the right while β j  is smaller than one in case of a left skewed density. For 

1jβ = , (6) reduces to a standard t distribution. The MSGARCH(1, 1) mod-
el is estimated using numerical optimization according to the BFGS al-
gorithm. As the forward-looking algorithm provided in Gray (1996a) is 
used to calculate smoothed probabilities, , Pr( | )j T t Tp S Γ= , this approach 
can also be considered as a robustness check for Kim’s (1994) smoother.10

IV. Data

The analysis covers the entire US stock market for the period 2001–
2010. The 2001 to 2003 period captures the fallout from the dot com bub-
ble while the 2007 to 2010 period marks the era of the so-called global 
financial crisis.11 Figure 1 plots the estimates for tS  for the full sample 
while the vertical bars delineate the beginning and end of recessions as 
dated by the NBER (http: /  / www.nber.org / cycles.html). Total returns 
were obtained for all listed stocks and a capitalization weighted market 
index from the Center for Research in Security Prices (CRSP) at the Uni-
versity of Chicago. To ensure that the results are not sensitive to the se-
lection of the sample period, our models were also estimated for the pe-
riods 1999–2010 and 2003–2010. The second sample omits the period of 
the 2001 tech bubble period. The analysis is also carried out based on a 
sample that is free of cross-listings, listings in foreign currencies, stocks 
from minor exchanges, ETFs and preferred stocks as well as stocks that 
are not marked as major securities.

Additional data were obtained from Thomson Reuters Datastream. The 
principal components of the term structure are extracted using the Da-
tastream Zero Curve with maturities of 0, 3, 6 and 9 months as well as 

10  To control for potential over-parameterization, a simple MSGARCH(1, 1) is 
also estimated with normally distributed errors and without lagged dependent 
variables.

11  Dating these events is, of course, imprecise. For the global financial crisis we 
relied on the St. Louis Federal Reserve’s chronology (https: /  / www.stlouisfed.
org / financial-crisis / full-timeline#2011) which begins February 27, 2007. The end 
is dated when President Obama signs Dodd-Frank financial reform legislation on 
21 July 2010.
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1–10, 12, 15, 20, 25 and 30 years. Aggregated trading volume and market 
capitalization for the US-Datastream Market are employed, and the VIX 
is also obtained from Thomson Reuters Datastream. The term structure 
data is frequently used as a macro-financial indicator or anticipated fu-
ture economic conditions while there is growing evidence that the VIX is 
not only a reliable indicator of financial volatility but is also liked to 
overall economic performance via its relationship to monetary policy 
(e. g., Bekaert and Horeova 2014, Bekaert, Horeova and Lo Luca 2010). 
Meanwhile the term structure or term spreads has long been a staple of 
macro and financial models because of its predictive ability for future 
economic conditions, especially recessions (e. g., see Wheelock and Wohar 
2009, and references therein). 

V. Empirical Results

Under rational asset pricing (see equation 2) tS  should be stationary. 
Hence, the absence of stationarity is an indication that the process has 
changed over time. Clearly, as shown in Figure 1, the dispersion of stock 
prices experiences a slow moving downward trend roughly from the end 
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Figure 1: Stock Market Dispersion in the U.S.
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of the dot com period until approximately 2006, that is, shortly before 
the onset of the global financial crisis.

To investigate the stationarity properties of a time series, it is common 
practice to rely on a unit root test such as ADF tests. Typically, these tests 
ignore possible regime switching effects often present in financial time 
series. To take these effects into account, Hall and Sola (1994) and Hall, 
Psadarakis and Sola (1999) propose a Markov switching ADF test. Al-
lowing for deterministic trending and a regime-depending variance, the 
test equation is given as follows:

(7)	 φ α ρ η∆ ∆- -
= =

= + + +å å1 , , ,
0 1

D H
d

t j t d j h j t h j t
d h

S S t S ,

where η π 2
, ~ (0, )j t N . { }1,2j Î   again denotes the state the process is in 

at time t, while D = 0, 1, 2, 3 indicates the degree of the polynomial 
defining the deterministic trend. Obviously, if D = 0, (7) this reduces to 
a  Markov switching ADF (MSADF) test with a constant. When D = 1, 
a  regime-depending linear trend is added while, in case of D = 2, the 
trend can be changing and for D = 3, this trend may have a turning 
point. H indicates the number of lags included. Due to strong autocor-
relations in tS ,12 the maximal lag length is set at a relatively high value 
of 25 and then the number of lags is successively reduced until the co-
efficient of the last lag H is found to be statistically significant at the 
10  percent level in at least one state.13 The MSADF test is estimated 
using the EM algorithm.14

First, the stationarity properties of the time series of the cross-section-
al absolute deviations given in (1) are considered. To this end, the ADF 
and the MSADF tests described above are applied to the series of disper-
sion, tS . Dickey-Fuller test statistics are given in Table 1.

When the standard (single regime) ADF test is considered, a unit root 
can only be rejected by the version of the test that does not account for 
deterministic trending. By contrast, the two-state MSADF test rejects 

12  The first four autocorrelations are 0.97, 0.87, 0.86, and 0.84. The correlations 
remain high for various sub-samples (results not shown).

13  As a robustness check, the procedure is also performed for a maximal lag 
length of 15.

14  At the suggestion of a referee we also estimated a version of equation (7) as-
suming 3 regimes (results not shown) but could not obtain unique coefficients for 
a third regime. 
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the null in both states and all specifications for the deterministic trend.15 
These findings corroborate the use of a time-varying herding measure 
since the assumption of constant herding is not only economically unrea-
sonable but in the present context also ignores structural shifts in the 
time series dynamics of tS  such as when markets move from a low- to a 
high-volatility state.

Next, we turning to the baseline model, namely equation (3) with nor-
mal errors. The smoothed probabilities, , |i t Tp , which are plotted in Figure 
2 (left-hand side scale), reveal two clearly distinct herding states. The 
smoothed probabilities are plotted against the VIX (right-hand side 
scale). It is immediately clear that the high volatility state typically coin-
cides with deteriorating investors’ sentiment, that is, a relatively high 
implied volatility.16 The high-volatility regime can be related to periods 

15  A maximal number of lags, H , equal to 25 are used, but these results also 
hold for = 15H .

16  Indeed, a plot of the VIX against tS  (not shown) suggests that the two are 
strongly positively correlated (simple correlation coefficient is 0.65 for the full 
sample).

Table 1

Dickey-Fuller Test Statistics

Single State 2 States

St = 1

D = 0

D = 1

D = 2

D = 3

–2.990**

–3.051

–3.083

–3.790

–10.145***

–15.116***

–18.047***

–17.751***

St = 2

D = 0

D = 1

D = 2

D = 3

–3.559***

–3.851**

–3.988**

–4.330**

Notes: Single State refers to a standard ADF test where 2 States 
stands for the two regimes version of the test outlined in the 
section on Markov switching herding measures. The test statis-
tic provided is the pseudo t-statistic. ***, **, and *, denote sta-
tistical significance at the one percent, five percent and 10 per-
cent level, respectively. Significance is based on asymptotic cri-
tical values obtained by Monte Carlo simulation.
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of large market movements and is characterized by a herding parameter, 
ˆ , that is significantly positive, indicating adverse herding. Unlike the 

case of herding, this indicates that investors differentiate more strongly 
between particular stocks than implied by rational asset pricing behav-
ior. By contrast, the second regime seems to prevail during more tranquil 
times. Here, 2ζ̂ , is found to be positive, but statistically insignificant, 
which is in line with CAPM-type models. Parameter estimates are re-
ported in Table 2.

The high-volatility state initially prevails from the beginning of our 
sample in 2001, that is the bursting of the tech bubble, the time around 
9 / 11 as well as the start of wars in Afghanistan and Iraq. Shortly there-
after, in mid-August 2003, a switch into the calmer regime takes place. 
This switch coincides with a strong US economy. The second regime then 
ends in mid-2007 when, around August 6, a switch into the high volatil-
ity state takes place, a couple of days before central banks around the 
world started to intervene in order to stabilize the money market at the 
onset of the financial crisis. Subsequently, the process switches several 
times between both regimes, consistent with uncertainty about the exist-
ence of a grave crisis prevailing among market participants during this 
period. Again, we also see this reflected in the behavior of the VIX. On 
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Figure 2: Smoothed Probabilities and Implied Volatility
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September 2, 2008, a switch into the high-volatility state is indicated, a 
couple of days before Lehman Brothers released news about severe losses 
for the first time. In mid-August 2009, the process then moves back into 
the calmer regime and remains there until the end of the sample at the 
end of 2010.17

Applying the procedures described above to allow for fat-tailed distri-
butions produces virtually unchanged inferences about regimes, the 
smoothed probabilities and very similar parameter estimates compared 
to the assumption of normality. The only substantial difference found is 
that, ˆ

jζ , is significantly different from zero in both states. Hence, adverse 
herding is significantly stronger during volatile periods but remains sig-
nificant in more tranquil market phases. It is conceivable that volatile 
periods create the conditions necessary for investors to place relatively 
greater weight on private information rather than follow the lead of 
other investors.

The estimates for the model allowing for both t and normally distrib-
uted regimes indicate that, during the high volatility state, the errors fol-
low a t distribution while they are well characterized by a normal distri-
bution during calm periods.18 Taken together, these findings highlight 
that in the first state the dispersion of returns around the market and, 
hence, investor sentiment, are not only relatively volatile but also subject 
to large shocks.

The results for the asymmetric specification given in equation (5) sug-
gest that herding in US stocks does not differ as much between market 
upturns and downswings since the t values for ˆ asyζ  are highly statistical-
ly insignificant. This is shown in Table 3. By contrast, the use of the 
MSGARCH model is corroborated by the data since strong volatility 
clustering and ARCH effects are found. This should not be surprising in 
view of the time series behavior of the dispersion variable ( tS  ). In addi-
tion, the values of ˆ jυ  and ˆ

jβ  are found to be significantly different from 

17  Robustness checks using the sample periods 1999–2010 and 2003–2010 
broadly confirm the findings. The 12-year period actually reveals that already in 
1999 and 2000, the process is in the high volatility state. This supports the inter-
pretation of the first regime as being closely related to periods of strong market 
movements rather than only strong downward movements or crises periods. More-
over, the results using different lag lengths in calculating the Newey and West 
(1987) covariance matrix broadly confirm the results.

18  The use of the GED reveals that the calm period regime displays tails being 
even thinner than those of a normal distribution. Filtered and smoothed probabil-
ities for the non-normal models are available upon request.
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the values implied by a normal distribution. The smoothed probabilities 
for the MSGARCH(1,1) specification with skewed t distribution, given in 
Figure 2, are even more clear-cut than those for the above models with 
constant variances. Again, we find adverse herding to be much stronger 
when the high volatility state prevails.19

19  The smoothed probabilities for the MSGARCH (1, 1) with normal errors 
closely resemble those for the homoskedastic models and are available upon re-
quest, as are the parameter estimates for both MSGARCH models and the asym-
metric specification. The results for the sample that is adjusted for minor stocks, 
ETFs, etc. are similar in spirit. The main difference is that the coefficients ˆ

jζ  are 

Table 3

Estimation Results for the Asymmetric Herding Model

Markov norm asy

Coeff. Std. Error

St = 1

̂γ1 0.024*** (0.001)

̂γ1asy 8.643 10−4 (5.953 10−4)

δ̂1 0.454*** (0.056)

δ̂    1asy –0.176*** (0.060)

ζ̂1 1.248 (0.918)

ζ̂ 1asy 0.553 (0.798)
   ̂σ1

2 3.411 10−5

̂p11 0.991

St = 2

̂γ2 0.015*** (1.626 10−4)

̂γ2asy 3.523 10−4** (1.750 10−4)

δ̂ 2 0.275*** (0.023)

δ̂    2asy –0.057* (0.034)

ζ̂ 2 1.316* (0.772)

ζ̂ 2asy –0.308 (1.175)
   ̂σ2

2 3.991 10−6

̂p22 0.995

Notes: Autocorrelation and heteroskedasticity consistent standard errors as 
proposed by Newey and West (1987) are provided in brackets. Markov norm 
asy refers to the Markov switching models with normally distributed errors 
given in equation (5). ***, **, and * denote statistical significance at the one 
percent, five percent and ten percent level, respectively.
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We now turn to a discussion of the approach relying on the time-vary-
ing transition probabilities, ,jj tp , now conditioned on additional determi-
nants. These are conditioned which are made conditional on the VIX, the 
relative turnover and the principal components of the yield curve. The 
derivation of the principal components series was explained above. In 
what follows, only the first two components are of interest for the model 
since they are associated with eigenvalues greater than zero. Other inter-
pretations, of course, are possible since they depend on the loadings of 
these components.20 However, our selection is in line with the patterns 
known in the literature as shift and twist (Litterman and Scheinkman 
1988; Knez, Litterman and Scheinkman 1994) components in the term 
structure. Indeed, the approach is also widely used in the recent litera-
ture that explores the impact of unconventional monetary policies (e. g., 

larger in absolute values. This suggests that adverse herding is stronger in the 
stocks of large and transparent firms.

20  The components are linear combinations of the underlying zero bond rates 
and the respective parameters are referred to as loadings. There are always as 
many components as there are different zero rates.
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Gürkaynak and Wright 2015). This means that the first component has 
very evenly distributed loadings and stands for a shift in the level of in-
terest rates. By contrast, the second principal component is characterized 
by loadings, which monotonically decrease with a change in the slope of 
the term structure. In particular, a rise in short-term interest rates which 
is not accompanied by a proportional rise in long-term rates, or vice ver-
sa. So, starting from a normal yield curve, a rise in this factor is associ-
ated with a flattening of the term structure.

Using the principal components and the other two covariates in equa-
tion (4) and the logit specification for ,jj tp , the estimates for the parame-
ters in (3) and the variances are found to be very close to those for the 
model with constant probabilities and a normal distribution. For this 
reason, Table 4 only reports ˆ

jθ , the parameters estimates for (4), the spec-
ification governing the transition probabilities.21

Those parameters estimates, which differ with respect to the signs be-
tween the states, are of particular interest since a change in a given ex-
ogenous variable always increases the probability for one regime while 
decreasing the one for the other regime, irrespective of the level of the 
covariates (see specification 4). Put differently, high values of such a var-
iable could be linked to one state while below-average values would al-
ways be consistent with the other regime, independent of the behavior of 
other exogenous variables. While the parameters for the first principal 

21  It must be borne in mind that there are no standard errors for the parameters 
of the transition probabilities within the EM framework.

Table 4

Parameters of the Time-varying Transition Probabilities

St = 1 St = 2

Constant –0.003 10.414

PC1 –1.651 –0.384

PC2 –2.603 0.361

VIX 0.225 –0.179

TURN –124.680 –176.966

Notes: PC1 and PC2 refer to the first and second principle component of 
the yield curve while VIX and TURN stand for the Chicago Board Options 
Exchange Market Volatility Index and the relative volume measure defined 
by turnover in US$ divided by market capitalization times 1000.
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component representing the level as well as the turnover measure have a 
negative sign for both states, this is not the case for the second compo-
nent and the VIX. The interpretation of the latter is straightforward, 
namely that state one is associated with a positive coefficient. Hence, an 
increase in the implied volatility makes it more likely to switch into or 
remain in regime one while the reverse holds for regime two.

More interestingly, the coefficient for the second principal component, 
which represents the slope of the term structure, is negative for the first 
state and positive for the second one. At first glance, this is counterintu-
itive since a flat (or even inverse) term structure is, in general, associated 
with a contracting economy. This should presage a switch into the high 
volatility. However, when the model is re-estimated employing two quar-
ter lagged principal components, the sign turns negative for both states 
and, in particular, more negative for the second, the tranquil state.

VI. Conclusions

This paper proposes a time-varying model of herding behavior. We ar-
gue that extant empirical treatments of herding behavior, which often 
assume that herding behavior is constant, are inappropriate. Models that 
assume constant herding dynamics are economically implausible since 
the literature links herding to investor sentiment, among other economic 
and financial variables, that are by definition time varying. Unit root 
tests corroborate this view since one is only able to reject the unit root 
null unambiguously when the process is allowed to switch between two 
distinct regimes. Existing empirical models of herding behavior models 
of the time varying variety resort to data at monthly or even lower 
sampling frequencies. Hence, they cannot be used to generate evidence 
about investors’ short-term behaviour.

The procedure proposed by Christie and Huang (1995) and Chang, 
Cheng and Khorana (2000) serves as our starting point to examine inves-
tors’ herd behavior. However, their approach is modified by fitting a 
Markov switching model to allow for different dynamics between high 
and low volatility regimes. In addition, the time-varying transition prob-
abilities proposed by Diebold, Lee and Weinbach (1994) are used to con-
dition on economic and financial factors that may be used to explain 
changes in herd behavior over time driven by proxies for macroeconomic 
conditions and investor sentiment. Our paper is consistent with other 
approaches that take into account time herding behavior (Gebka and 
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Wohar 2013, Stavroyiannis and Babalos 2013, Stavroyiannis, Babalos 
and Zarangas 2013).

The Markov switching models are estimated for US stock market data, 
thereby controlling for non-normalities, autocorrelation and GARCH ef-
fects. The findings suggest that during times of high volatility in the 
market, investors discriminate more strongly between single stocks than 
during tranquil times and more strongly than implied by rational asset 
pricing models. In other words, there is considerable evidence of time-var-
ying herding behavior and this can be associated with changes in eco-
nomic conditions which themselves are related to other economic and 
financial variable such as the VIX or the behavior of the term structure 
of interest rates. As a general implication, our findings demonstrate the 
importance of using time varying parameter approaches when analyzing 
herding behavior of stock market participants. Furthermore, policy mak-
ers should be more aware that investor behavior does change when there 
is a significant shift in the current state of the economy. Therefore, regu-
latory responses should not assume that low volatility states are benign 
since herding is more likely to take place.

Needless to say, future research will have to consider a wider array of 
potential determinants of changes in herding behavior. For example, 
while the dot com and global financial crises both impact the likelihood 
of observing herding behavior it is quite likely that more refined expla-
nations will require a more complex model. Moreover, institutional de-
velopments, such as the rise of ETFs and the growing importance of in-
stitutional investors over time are other factors that will require further 
study to assess their impact on herding behavior. From the methodologi-
cal point of view one way to proceed is to allow for gradual regime 
switches depending on, for example, the stock market volatility rather 
than high-low volatility regime switches.
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