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Abstract

This paper proposes a new empirical testing method for detecting herding in stock markets.

The traditional regression approach is extended to a vector autoregressive framework, in

which the predictive power of squared index returns for the cross-sectional dispersion of

equity returns is tested using a Granger causality test. Macroeconomic news announcements

and the aggregate number of firm-level news items are treated as conditioning variables,

while the average sentiment of firm-level news is treated as jointly determined. The testing

algorithm allows the change points in the causal relationships between the cross-sectional

dispersion of returns and squared index returns to be determined endogenously rather than

being chosen arbitrarily a priori. Evidence of herding is detected in the constituent stocks

of the Dow Jones Industrial Average at the onset of the subprime mortgage crisis, during

the European debt and the U.S. debt-ceiling crises and the Chinese stock market crash of

2015. These results contrast with those obtained from the traditional methods where little

evidence of herding is found in the US stock market.

∗This research was supported under Australian Research Council’s Discovery Projects funding scheme

(DP150101716). We are grateful to two anonymous referees for valuable comments on the original version. Adam

Clements, Business School, Queensland University of Technology; a.clements @qut.edu.au. Stan Hurn, Busi-

ness School, Queensland University of Technology; s.hurn@qut.edu.au. Shuping Shi, Department of Economics,

Macquarie University; shuping.shi@mq.edu.au.

1



Keywords

Herding, predictability, Granger causality, news, sentiment

JEL Classification Numbers

C22,G00.

1 Introduction

Herding in financial markets reflects similarity in decision making and subsequent trading and

may be attributable to a range of reasons. These include differences in ability and protecting

reputation (Trueman, 1994; Graham, 1999), waiting for information from informed investors to

be revealed (Froot, Scharfstein, and Stein, 1992) and disregarding private information to follow

the observed actions of others (Bikhchandani and Sharma, 2000; Welch, 1992). Irrespective

of its underlying causes, there are two main reasons why research in this areas is important.

First, Bikhchandani and Sharma (2000) argue that intentionally following the actions of others

may lead to market fragility, excess volatility and systemic risk. A better understanding of

herding therefore will contribute to financial stability. Second, a great deal of research has been

conducted in this area, both theoretical and empirical, however, the conclusions reached by the

empirical studies vary widely. There is therefore, a clear motivation for further empirical work

aimed at clarifying the issues and providing explanations for conflicting results.

While there is a large literature using micro-level holdings, or trade data, to examine herding

between mutual funds (Lakonishok, Shleifer, and Vishny, 1992; Grinblatt, Titman, and Werm-

ers, 1995; Wermers, 1999; Celiker, Chowdhury, and Sonaer, 2015), the strand of the empirical

literature of interest here is that related to herding toward a market consensus (Chang, Cheng,

and Khorana, 2000; Galariotis, Rong, and Spyrou, 2015). The analysis of Galariotis et al. (2015)

is based on the cross-sectional standard deviation of returns, a commonly used measure pro-

posed by Christie and Huang (1995). Chang et al. (2000) argue that herding implies a U-shaped

relationship between the dispersion in returns and the market return. Herding will mitigate in-

creases in the cross-sectional dispersion in returns as the market becomes more volatile leading

to a non-linear relationship.



Empirical evidence in support of herding toward a market consensus is quite mixed. Neither

Christie and Huang (1995) nor Gleason, Mathur, and Peterson (2004) find evidence of herding

in the United States whereas Hwang and Salmon (2004) do. In a study of both Asian markets

and the United States, Chang et al. (2000) find evidence of herding in South Korea, Taiwan and

Japan but none in the United States. Chiang and Zheng (2010) find evidence of herding in a

wide range of developed and Asian markets, but once again, not in the United States.

The unconditional full sample results of Galariotis et al. (2015) provide no evidence in support

of herding in the United States. However, when a number of sub-periods are considered, they

do find evidence of herding intermittently within these sub-periods. While the sub-periods

chosen correspond to well known crises, the exact choice and timing of these sub-periods are

somewhat arbitrary, enforcing changes in the relationships at these fixed dates. Klein (2013) also

examines whether the non-linear relationship between dispersion and market returns changes

over time within a two-regime Markov switching framework. The results show that while herding

behaviour changes over time in response to market conditions, in contrast to many of the earlier

results, they show that the degree of dispersion increases with market volatility.

This paper investigates the existence of herding towards the market consensus in the Dow Jones

Industrial Average over the period of January 2003 to September 2016. The empirical analysis

begins with traditional tests for herding over the entire sample period, and the subprime and

recent Chinese crisis periods, controlling for the impact of the large scheduled macroeconomic

announcements and individual firm level news flow. Next, after controlling for the effect of news

flow, a two-regime Markov-switching model is used to endogenously determine change points

in the relationship in a very similar fashion to Klein (2013). The results indicate that there is

enough evidence of herding to prompt further investigation.

Recognising that herding is an intermittent phenomenon, and one which occurs in a complex sys-

tem of possibly co-determined variables, this paper proposes a new empirical testing framework

for herding towards market consensus. The econometric method employed embraces both the

uncertainty of the timing of herding behaviour and the potential endogeneity of all the variables

used in traditional tests of herding. Instead of investigating the contemporaneous relationship
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between market volatility and return dispersion as in the traditional approaches, the empha-

sis of the new framework is on the predictive power of market volatility for return dispersion,

that is the presence of a Granger causal relationship running from market volatility to return

dispersion, allowing for a delay in reaction to the market.

The econometric method employed to test for herding is a time-varying Granger causality test

(Hurn, Phillips, and Shi, 2015), based on a vector autoregressive (VAR) model and a rolling win-

dow algorithm. There are three advantages to adopting this approach. First, and most impor-

tantly, the VAR model accounts for the potential endogeneity issue overlooked by the traditional

framework, in particular between cross-sectional return dispersion and market volatility (or

news sentiment). Second, the testing framework takes the potential conditional/unconditional

heteroskedasticity of the data into consideration and hence reduces the chance of flawed infer-

ence. Third, the test involves a rolling window algorithm that enables endogenous dating of

the change points in the predictive relationship. The advantage of the rolling algorithm over a

Markov-switching model is discussed at the end of Section 3. This approach reveals how both

the signs and statistical significance of the casual relationships change over time.

Very briefly, with the traditional approach, the results reveal no statistically significant evidence

of herding in the 30 stocks that make up the Dow Jones Industrial Average Index when the entire

sample is used. However, the Markov switching model provides enough evidence of herding in

sub-periods of the data, with its presence being confirmed by the new VAR testing procedure

described in the paper. The periods of herding which are identified correspond to the onset of

economic crises, namely, the subprime mortgage crisis period, the European debt and US debt-

ceiling crises, and the stock market crisis starting in August 2015 precipitated by the Chinese

stock market crash. These results are at odds with the full sample results and provide strong

support for the hypothesis that herding is episodic in nature.
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2 Data

The empirical study here is based on the Dow Jones Industrial Average. Data on all con-

stituents of the index, and the index itself were collected for the period from 28 January 2003

to 16 September 2016, T = 3421 observations. Changes in the constituents of the index were

taken into account. Daily returns for both the 30 constituent stocks and the index itself are

used to construct the cross-sectional absolute deviation of returns, which is the metric used

to examine herding behaviour towards the market consensus proposed by Christie and Huang

(1995). Formally, the cross sectional absolute deviation is defined as

Dt =
1

N

N∑
i=1

|rit − rmt|

in which rit is the return on stock i and rmt is the return on the index.

Figure 1 plots the returns (top panel) and squared returns (middle panel) of the Dow Jones index

together with the cross-sectional absolute deviation (bottom panel) of the constituents of the

Dow Jones Index for the sample period. The pattern in the returns and squared returns is a very

familiar one, with clustering in volatility and the enormous footprint of the global financial crisis

(2008-2009) quite evident in the data. There are also bursts of volatility clustering around the

European debt crisis (2010) and the U.S. debt ceiling crisis (late 2011). There is also significant

evidence of increased turbulence in 2015-2016 precipitated by the Chinese stock market crash

in June 2015.

The measure of cross-sectional dispersion of the constituents of the Dow Jones is relatively

stable over time with bursts of increased dispersion that mirror the pattern in returns and

squared returns. Interestingly, dispersion is quite stable during the lead up to the peak of the

U.S. stock market in October 2007 when the Dow Jones index exceeded 14,000 points. After

this date, the United States stock market started to fall, a decline which accelerated in October

2008 and reached a trough of approximately 6,600 in March 2009. It appears as though the

increase in cross-sectional dispersion corresponds broadly with the declining stock market and

not with the onset of the crisis.
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Figure 1: Plot of the returns to the Dow Jones (top panel), squared returns to the Dow Jones

(middle panel) and the cross sectional absolute deviation (bottom panel) of the constituents of

the Dow Jones Index from 28 January 2003 to 16 September 2016 (T = 3421).

In order to control for the effect of information on the cross-sectional dispersion of returns and

hence the detection of herding behaviour, Galariotis et al. (2015) consider the impact of informa-

tion in large scheduled macroeconomic announcements on the degree of herding to the market

consensus. Following this approach, announcement dates for important macroeconomic events

such as Federal Open Market Committee meetings and consumer price index, gross domestic

product, industrial production and non-farm payroll are collected and a dummy variable Macrot

is defined, which takes value 1 on days when any of these macroeconomic announcement occur

and zero otherwise.

It is clear, however, that scheduled macroeconomic news announcements are only part of the
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story when it comes to the impact of news or information on stock returns. Consequently, in

addition to macroeconomic news, the impact of individual firm level news flow is also considered.

To this end, pre-processed firm level news data from the Thomson Reuters News Analytics

(TRNA) database relating to the individual Dow Jones constituents were also collected for each

day in the sample period. All news items broadcast over the Reuters newswire are analysed

with a range of fields and characteristics attached to each item. Based on the characteristics of

the individual firm news items, a number of aggregate measures of news related specifically to

the Dow Jones Index were constructed.

The first aggregate news measure is based on the total number of news items per day, denoted

Newst, and is taken to reflect the volume of information flow. This measure includes all news

items denoted as articles, representing fresh stories consisting of a headline and body text.

Consequently, news items which are related to previous articles and alerts with no text body

are ignored. The second aggregate news measure relates to the general tone or sentiment of

the news, denoted Sentt. The text of all news items broadcast over the Reuters network is

analysed using a linguistic pattern recognition algorithm. The analysis produces a number of

characteristics relating to each news item including relevance to the specific firm, sentiment and

novelty. Sentiment for each news item is coded +1, 0, -1 for positive, neutral and negative tones

respectively. The average sentiment across all the news items relating to all the Dow Jones

constituent stocks is calculated for each day to capture the market wide tone of news flow.

Figure 2 plots Newst, the volume of news (upper panel), and Sentt, the average sentiment of

the news (lower panel). The volume of news increases steadily during 2006-2007, reaches its

peak during the global financial crisis and subsequently declines. The average sentiment of this

news flow is generally positive during the period of low volatility from 2003 to 2007. During the

period of the global financial crisis, however, sentiment falls, is consistently lower and is negative

in tone on average. It rises again during the later part of the sample but becomes more variable

with periods of negative sentiment when volatility is higher, for example, in 2010 and 2012.
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Figure 2: News aggregates constructed using the Thomson Reuters News Analytics Database.

The total number of news items (upper panel) and average sentiment (lower panel) are shown

for the period 28 January 2003 to 16 September 2016 (T = 3421).
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3 Single Equation Tests of Herding

Rational asset pricing models predict that the dispersion will increase with the absolute value of

the market return since individual assets differ in their sensitivity to the market return. On the

other hand, in the presence of herding behaviour (where individuals suppress their own beliefs

and base their investment decisions solely on the collective actions of the market), security

returns will not deviate too far from the overall market return. This behaviour will lead to

an increase in dispersion at a decreasing rate. Consequently, a common regression based test

of herding assesses the statistical significance of a possible non-linear relation between security

return dispersion, Dt and the market return. The regression equation is

Dt = α0 + α1|rmt|+ α2r
2
mt + ut (1)

in which statistically significant positive and negative values of α1 and α2 respectively are taken

to be evidence of herding. Table 1 presents the results of running this regression across, the full

sample, the global financial crisis (January 2008 to April 2011) and the Chinese stock market

crisis (June 2015 to September 2016). Regressions also differentiate between periods when the

market is up, rmt > 0, and when the market is down rmt < 0.

Table 1

Basic herding regressions as in equation (1). Results are reported for the full sample and for the subprime crisis

period (January 2008 to April 2011) and the Chinese stock market crisis (June 2015 to September 2016).

Regressions are run for all observations in the sample and for situations where the market return is either

positive or negative. * indicates significance at the 5% level.

Full Sample Jan 2008 – Apr 2011 Jun 2015 – Sept 2016

rmt > 0 rmt < 0 rmt > 0 rmt < 0 rmt > 0 rmt < 0

|rmt| 0.460* 0.446* 0.449* 1.049* 1.014* 1.006* 0.256* 0.283* 0.241

(0.030) (0.038) (0.051) (0.069) (0.091) (0.123) (0.092) (0.137) (0.124)

r2mt -0.011 -0.505 1.730 -10.031* -10.092* -6.728 -3.236 -4.698 -2.519

(1.141) (1.330) (2.171) (2.038) (2.327) (4.558) (3.395) (5.322) (4.443)

Cons. 0.007* 0.007* 0.007* 0.006* 0.006* 0.007* 0.009* 0.009* 0.009*

(0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.000) (0.001) (0.001)

T 3421 1855 1566 835 450 385 320 162 158
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These results are problematic from the standpoint of support for herding behaviour. The whole

sample regression reveals there is no statistically significant evidence of herding toward the

market in the Dow Jones stocks. While estimates of α1 are positive α2 is not significant in either

the full sample or periods when returns are positive or negative. Moving to the subsamples, the

results are mixed. In the subprime period, estimates of α1 > 0 and α2 < 0 reveal evidence of

herding, a result which is driven by days when the market is up, rmt > 0. In the more recent

crisis, while estimates of α1 are positive and significant, α2 are not significantly negative. While

this does not provide any concrete evidence of herding in this latter crisis, the results are more

consistent with herding than in the full sample where the sign on α2 changes. Overall, these

results are relatively similar to those of Galariotis et al. (2015) in that no evidence of herding is

uncovered in full sample estimates with subsamples containing mixed results.

To account for fundamental information influencing returns, Galariotis et al. (2015) suggest

regressing the cross-section of stocks on the traditional Fama-French asset pricing risk factors.

Galariotis et al. (2015) justify the use of the Fama-French risk factors on the basis of the results

of Liew and Vassalou (2000), who show these factors help forecast economic growth and hence

they indirectly reflect information about the state of the economy. However, emerging evidence

suggests that when equations to forecast economic growth include a wider range of factors such

as broader measures of economic conditions and news, the significant explanatory power of the

Fama-French factors disappears. As a result, the Fama-French factors are not included in the

current tests for herding.

We believe that a more direct way of accounting for information flow is more appealing. Conse-

quently, we control for the effect of both macroeconomic and firm level news directly using the

measures of news flow constructed from TRNA. In this approach, relevant information concern-

ing news flow is purged from the cross sectional dispersion of returns by running the regression

Dt = β0 + β1 Newst + β2 Sentt + β3 Macrot + et, (2)

where all the variables on the right hand side of (2) are as defined in Section 2. The residuals

from this regression, êt, are then used as the dependent variable in equation (1) to capture cross-

sectional dispersion net of all relevant information. The results of this exercise are reported in
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Table 2.

Table 2

Herding regressions once cross sectional dispersion has been purged of news as in equation (2). Results are

reported for the full sample and for the subprime crisis period (January 2008 to April 2011) and the Chinese

stock market crash period (June 2015-September 2016). Regressions are run for all observations in the sample

and for situations where the market return is either positive or negative. * denotes significant at the 5% level.

Full Sample Jan 2008 – Apr 2011 Jun 2015 – Sept 2016

rmt > 0 rmt < 0 rmt > 0 rmt < 0 rmt > 0 rmt < 0

|rmt| 0.4013* 0.3976* 0.3874* 0.9105* 0.8890* 0.8619* 0.1958* 0.1797 0.2109

(0.0286) (0.0360) (0.0493) (0.0652) (0.0841) (0.1182) (0.0882) (0.1341) (0.1168)

r2mt 0.4781 -0.0097 1.9285 -7.8982* -8.2073* -4.4401 -2.7599 -1.7166 -3.5848

(1.0982) (1.2698) (2.1086) (1.9203) (2.1458) (4.3875) (3.2567) (5.1919) (4.1781)

Cons. -0.0017* -0.0016* -0.0018* -0.0023* -0.0022* -0.0021* 0.0010* 0.0010 0.0010

(0.0001) (0.0001) (0.0002) (0.0003) (0.0004) (0.0005) (0.0004) (0.0007) (0.0006)

N 3421 1855 1566 835 450 385 320 162 158

After controlling for information flow, the results reveal the same patterns as the original result

in Table 1. Once more, positive return days are the only case when the traditional pattern

of herding, α2 < 0 is evident, with this result being the strongest during the GFC. Thus far,

any evidence of herding is somewhat limited, appearing to be concentrated during days when

the market experiences positive returns, and mainly during the GFC. A lack of any evidence of

herding in the full sample, and only intermittent evidence in subsamples is broadly consistent

with the findings of Galariotis et al. (2015).

Klein (2013) employs a Markov Switching approach to examine how the degree of herding

between U.S. and European equity markets changes over time. Taking a similar approach here,

a Markov switching version of the news-purged herding regression is estimated. The advantage

of this approach is that it allows the crisis regime (in other subsamples) to be endogenously

determined. The basic specification estimated is as follows. Let st be a discrete unobserved

state variable that takes the values 1 or 2 (the assumption is that there are only two states).
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The model is given by

êt =

α10 + α11|rmt|+ α12r
2
mt + u1t u1t ∼ N(0, σ2

1) if st = 1,

α20 + α21|rmt|+ α22r
2
mt + u2t u2t ∼ N(0, σ2

2) if st = 2.

Table 3: Markov-switching herding regressions once cross sectional dispersion has been purged

of news as in equation (2). * indicates significance at the 5% level of significance.

State 1 State 2

Coeff. Estimate Coeff. Estimate

α10 -0.0022* α20 0.0028*

α11 0.2564* α21 0.4023*

α12 -4.7287* α22 -0.42568

σ1 0.0021* σ2 0.0061*

Based on the results reported in Table 3, a number of conclusions can be drawn. The two states

are State 1: low dispersion/low variance (normal period) and State 2: high dispersion/high

variance (crisis period). However, the evidence of herding is still somewhat mixed. In State 1,

support for herding is revealed with significant estimates of α11 > 0 and α12 < 0. However in

State 2, while a significant estimate of α21 > 0 is observed, the estimate of α22 is insignificant

even though the estimate is negative and hence the shape of the non-linear relationship between

dispersion and market returns is consistent with herding.
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Figure 3: Estimated probabilities for each state obtained from the parameter estimates of the

Markov Switching model reported in Table 3.

Figure 3 shows this is a reasonable interpretation. Figure 3 plots the estimated probabilities of

both states occurring, with the lower panel showing that State 2 occurs with a high probability

around the subprime crisis and also around the European debt crisis, the US debt-ceiling crisis,

and the Chinese stock market crash.

It is noteworthy that although 2003-2005 behaves slightly differently from the period around

2006, it is a relatively tranquil period in the stock market. The inferred probabilities of the
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Markov-switching model suggest high dispersion/high variance dynamics for this period. This

could be potentially due to the restrictive assumption in the number of regimes. The estimation

results are incorrect if there are more than two regimes in the sample period. Furthermore,

as argued by Shi (2013), the two-regime Markov-switching classifications are very likely to be

dominated by the volatility breaks rather than changes in the other model coefficients. This

will be problematic if the volatility break dates do not coincide with breaks in other model

coefficients. The estimated model coefficients will be distorted due to the incorrect regime

classification. Therefore, a more flexible model specification allowing for time-varying coefficients

is important, an issue taken up in the next section.

4 A VAR Approach to Testing for Herding

In this section an alternative approach to test for herding will be proposed. The approach is

based on testing for Granger causality (Granger, 1969, 1988) within vector autoregressive (VAR)

models. There are two advantages to adopting this approach.

(i) As it is based on estimating a VAR, all variables are treated as jointly determined thus

circumventing any potential endogeneity problems.

(ii) A recent strand of the literature on testing for Granger causality has developed procedures

for dating unknown change-points in causal relationships (Hurn et al. (2015) for stationary

and Shi, Hurn, and Phillips (2016) for possibly integrated systems), making this approach

particularly suited to the current problem.

In what follows, the basic test for herding based on the VAR will be outlined first, followed by

the dating algorithm used to identify if the presence of herding changes over time.

4.1 The Basic Approach

The traditional regression approaches to test for herding of Klein (2013) and Galariotis et al.

(2015) treat the market volatility proxies (the absolute return and the squared market return) as
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exogenous. In this particular situation, however, as is often the case in economics and finance,

there is no relevant theoretical foundation for determining the causal ordering between these

variables. It is entirely plausible that the degree of cross-sectional dispersion in stocks will in

fact influence the level of market volatility. In these instances where there is no theoretical

guidance, a VAR approach is needed in which all the variables are regarded as potentially

endogenous. In the herding model, the smallest possible specification for the herding model is a

trivariate VAR(p) given by

y1t = φ10 +

p∑
i=1

φ11iy1 t−i +

p∑
i=1

φ12iy2 t−i +

p∑
i=1

φ13iy3 t−i + ε1t (3)

y2t = φ20 +

p∑
i=1

φ21iy1 t−i +

p∑
i=1

φ22iy2 t−i +

p∑
i=1

φ23iy3 t−i + ε2t, (4)

y3t = φ30 +

p∑
i=1

φ31iy1 t−i +

p∑
i=1

φ32iy2 t−i +

p∑
i=1

φ33iy3 t−i + ε3t, (5)

where y1t, y2t and y3t represent return dispersion, Dt, the absolute value of market returns,

|rmt| and squared market returns r2
mt, respectively. The own lags of y2t and y3t capture the

well known persistence in market volatility proxies. Ordinarily, the expectation will be that all

coefficients other than those on the own lags in the equations for y2t and y3t will be zero. This

allows potential feedback from cross-sectional dispersion to the volatility proxies, which may be

due to complex investor behaviour, to be entirely data driven.

Within this framework, herding requires two conditions be satisfied in equation (3).

Condition 1. Rejection of the null hypothesis of no predictive power of y3t for y1t (or no

Granger causality from y3t to y1t)

H0 : φ121 = φ122 = φ123 = · · · = φ12p = 0 (6)

and
p∑

i=1

φ12i > 0, (7)

so that dispersion is positively influenced by market activity.
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Condition 2. Rejection of the null hypothesis of no predictive power of y2t for y1t (or no

Granger causality from y2t to y1t)

H0 : φ131 = φ132 = φ133 = · · · = φ13p = 0 (8)

and
p∑

i=1

φ13i < 0, (9)

and there is a significant negative effect from squared market returns to equity return dispersion.

In other words, the predictive power of the market volatility proxies to stock return dispersion

(with the correct signs) serves as evidence of herding. In this specification, herding depends

solely on the stochastic nature of variables, with no requirement to designate some variables as

dependent variables and others as independent variables.

The unrestricted VAR(p) may be written as

yt = Φ0 + Φ1yt−1 + Φ2yt−2 + · · ·+ Φpyt−p + εt, (10)

or in a multivariate regression format simply as

yt = Πxt + εt, t = 1, ..., T (11)

in which

yt = [ y1t y2t y3t ]′

xt = [ 1 y′t−1 y′t−2 · · · y′t−p ]′

Π3×(3p+1) = [ Φ0 Φ1 · · · Φp ].

The ordinary least squares (or unrestricted Gaussian maximum likelihood) estimator Π̂ has the

asymptotic distribution given by

√
T
(

Π̂−Π
)

L−→ N(0,ΣΠ), (12)

where the variance matrix (for the row stacking of Π̂) is ΣΠ = Ω⊗Q−1, with Ω = E (εtε
′
t), and

Q = E (xtx
′
t). Let ε̂t = yt − Π̂xt be the regression residuals, Ω̂ = T−1

∑T
t=1 ε̂tε̂

′
t be the usual
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least squares estimator of the error covariance matrix Ω and X′ = [x1, ...,xT ] be the observation

matrix of the regressors in (11). The Wald test of the restrictions imposed by the null hypothesis

which tests Granger non-causality from y3t to y1t has the simple form

W =
[
R vec(Π̂)

]′ [
R
(

Ω̂⊗
(
X′X

)−1
)

R′
]−1 [

R vec(Π̂)
]
, (13)

where vec(Π̂) denotes the (row vectorized) 3 (3p+ 1)×1 coefficients of Π̂ and R is a p×3(3p+1)

selection matrix, which has the form

R =


0 0 1 0 0 0 0 · · · 0 0 0 · · · 0 0 0

0 0 0 0 0 1 0 · · · 0 0 0 · · · 0 0 0
...

...
...

...
...

...
...

. . .
...

...
... · · · 0 0 0

0 0 0 0 0 0 0 · · · 0 1 0 · · · 0 0 0


for Condition 1 and

R =


0 0 0 1 0 0 0 · · · 0 0 0 · · · 0 0 0

0 0 0 0 0 0 1 · · · 0 0 0 · · · 0 0 0
...

...
...

...
...

...
...

. . .
...

...
... · · · 0 0 0

0 0 0 0 0 0 0 · · · 0 0 1 · · · 0 0 0


for Condition 2. Each row of R picks one of the coefficients to set to zero under the non-causal

null hypothesis.

4.2 Endogenous Change Point Detection

In addition to the problem of endogeneity in the traditional single equation regression approach

to herding, the results of Section 3 demonstrate that there is ample reason to expect any identi-

fied causal relationships to change over the course of the sample period. In these circumstances,

testing that is based on the entire sample simply averages the sample information and inevitably

destroys potentially valuable economic information. While testing for Granger casualty in ex-

ogenously defined subsamples of the data is likely to provide useful information, as was the case

in Section 3, this does not enable the data to reveal the changes or change points. Consequently,

the ultimate objective is to conduct tests that allow the change points to be determined (and

hence identified) endogenously in the sample data.
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Several procedures are available in the literature for detecting changes in Granger causal rela-

tionships. These include the Markov-switching test of Psaradakis, Ravn, and Sola (2005), the

forward expanding window test (Thoma (1994) and Swanson (1998)), the rolling window test

(Swanson (1998), Balcilar, Ozdemir, and Arslanturk (2010), and Arora and Shi (2016)), and

recursive rolling window test of Hurn et al. (2015) and Shi et al. (2016). All of these causality

testing procedures are discussed within a VAR framework. The theoretical performance of the

Markov-switching procedure is presently unknown. From a practical perspective, the require-

ment of pre-determining the number of regimes and using an optimization package in model

estimation hampers its wide spread use, especially in systems with a large number of model pa-

rameters. For the remaining procedures, Hurn et al. (2015) and Shi et al. (2016) show that the

rolling window procedure is superior to the forward and recursive rolling algorithm. It provides

higher successful detection rates of causality and more accurate estimation for causality termi-

nation dates. Therefore, we investigate the potential time-varying Granger causal (predictive)

relationships with the rolling window procedure.

The (fractional) starting and ending points of the regression are defined as f1 and f2. For the

rolling window procedure, the ending point of the regression f2 is fixed on the observation of

interest. As the observation of interest (and hence f2) moves forward from f0 to 1, the starting

point of the regression follows keeping a fixed distance from f2, i.e. f1 = f2 − fw with fw being

the fraction regression window size. Let π̂f1,f2 ≡ vec
(

Π̂f1,f2

)
where Π̂f1,f2 is the OLS estimates

of Π using a sample running from [Tf1] to [Tf2] with [.] signifies the integer part of the argument

and Ω̂f1,f2 = T−1
w

∑[Tf2]
t=[Tf1] ε̂tε̂

′
t with ε̂t = yt−Π̂f1,f2xt. The subsample heteroskedastic consistent

Wald statistic is denoted by Wf1,f2 and defined as

Wf1,f2 = Tw (Rπ̂f1,f2)′
[
R
(
V̂−1

f1,f2
Ŵf1,f2V̂

−1
f1,f2

)
R′
]−1

(Rπ̂f1,f2) , (14)

where Tw = [Tfw], V̂f1,f2 ≡ In ⊗ Q̂f1,f2 with Q̂f1,f2 ≡ 1
Tw

∑[Tf2]
t=[Tf1] xtx

′
t, and Ŵf1,f2 ≡

1
Tw

∑[Tf2]
t=[Tf1] ξ̂tξ̂

′
t with ξ̂t ≡ ε̂t ⊗ xt. Hurn et al. (2015) show that within a stationary VAR

system,1 under the assumptions of homoskedasticity, conditional heteroskedasticity of unknown

1For systems involving possibility integrated variables, the time-varying Granger causality test proposed by

Shi et al. (2016) is more appropriate.
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form, and unconditional heteroskedasticity, the test statistic has a limiting distribution of

Wf1,f2 ⇒

[
Wd (f2)−Wd (f1)

(f2 − f1)1/2

]′ [
Wd (f2)−Wd (f1)

(f2 − f1)1/2

]
,

whereWd is vector Brownian motion with covariance matrix Id and d is the number of restrictions

(the rank of R) under the null.

4.3 Empirical Results

The VAR model includes four endogenous variables: the cross sectional absolute dispersion in

returns, the absolute market return, the squared market return, and the news sentiment of

news flow. The volume of firm specific news and a dummy variable for the macroeconomic

announcements are included as exogenous variables in the system. The unrestricted VAR(p)

may be written as

yt = Φ0 + Φ1yt−1 + Φ2yt−2 + · · ·+ Φpyt−p + Ψzt + εt, (15)

where yt =
(
Dt, |rmt| , r2

mt, Sentt
)′

, zt = (Newst, Macrot)
′, p is the lag order, and εt is the error

term. The multivariate regression format of the VAR model is

yt = Πxt + εt, (16)

where xt =
(
1,y′t−1,y

′
t−2, · · · ,y′t−p, z′t

)′
and Π4×k = [Φ0,Φ1, . . . ,Φp,Ψ] with k = 4p + 3 being

the total number of model parameters in each regression equation.

Although the VAR system is specified as linear, the inclusion of both |rmt| and r2
mt in the system

allows for potential non-linear associations between return dispersion and market volatility. An

examination of the causal relationship from both proxies of market volatility to Dt in a dynamic

setting is necessary to consider the issue of herding while allowing for potential feedback from

dispersion to volatility. The coefficients capturing the past histories of |rmt| and r2
mt are not of

central interest here, though they are expected to be positive given the well-known feature of

volatility persistence.
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For the empirical application, the same lag order is selected using BIC with a maximum lag

order of 12 using the whole sample period and assume the same for each subsample. The rolling

window size is assumed to have 250 observations (i.e. one year). The Granger causality tests

are used to verify if the conditions specified in (6) and (8) are satisfied. The rolling window

Wald statistic sequences along with their 5% asymptotic critical values are reported in Figures

4a and 5a. For examining whether the conditions in (7) and (9) are satisfied, the sum of the lag

coefficients (SLC) on either |rmt| or r2
mt in the equation with Dt as the dependent variable are

calculated. The presence of herding is supported by (i) a significant causality from the absolute

market return to the return dispersion with a positive SLC; and (ii) significant causality from

the squared market return to the dispersion with a negative SLC.

To begin, the influence of |rmt| on dispersion, Dt is considered. From Figure 4a, it is apparent

that there are five major episodes of Granger causality from |rmt| to Dt (shaded). They are the

subprime mortgage crisis period (March - August 2007 and January 2008 - October 2009), the

European debt crisis period (March 2010 - February 2011), the United States debt ceiling crisis

(August 2011- August 2012), and the Chinese stock market crash (June 2015 - August 2016).

Interestingly, the SLC on |rmt| (Figure 4b) rises above the zero line almost simultaneously as

the causality switches on and stays mostly positive during those periods. This suggests that

extreme market price movements during those periods leads to greater cross sectional dispersion

in returns. Notice that the test suggests another episode of Granger causality starting from July

2013. This episode is, however, associated with negative SLC which violates condition 1 and

hence no herding.

Next, the causal relationship from r2
mt to Dt is considered. Figure 5a shows that there are

four Granger causal episodes running from the squared market return to the return dispersion

(shaded). The start and ending dates of the first, third and last periods of causality are almost

identical to their corresponding ones in Figure 4. The sum of coefficients on lagged r2
mt (figure

5b) during those three periods are mainly negative, consistent with condition 2 required for

the existence of herding. Therefore, we find evidence of herding towards market consensus in

the Dow Jones Industrial Average at the onset of the subprime mortgage crisis, the US debt-
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Figure 4: Evidence of Granger causality running from absolute returns to cross-sectional return

dispersion together with sum of the lagged coefficients on absolute returns.
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Figure 5: Evidence of Granger causality running from squared market returns to cross-sectional

return dispersion together with the sum of the lagged coefficients on squared returns.

(a) Granger causality test
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ceiling crisis, and 2015-2016 stock market crisis periods. It is noteworthy that for the 2015-2016

episode, while evidence of Granger causality first appeared in June 2015 when the Chinese

stock market crashed, the SLC on r2
mt only became negative in August 2015 when the US stock

market dropped violently. This suggests the starting date of this herding episode is August

2015, triggered by the US stock market crash.

The second period identified starts from October 2008, directly after the collapse of Lehman

Brothers in September 2008, and lasts until October 2010. It overlaps with part of the second

and third episodes highlighted in Figure 4a. The overlapping (and hence herding) periods are

October 2008 - October 2009 and March 2010 - October 2010, corresponding to the global

financial crisis period and the most intense period of the European debt crisis.

The approach here extends the analysis conducted in previous studies along two important

dimensions, allowing for both feedback from dispersion to volatility and endogenous dating

of crisis periods. In doing so, robust evidence of herding to the market consensus has been

revealed in comparison to studies such as Klein (2013) and Galariotis et al. (2015). While Klein

(2013) does allow for endogenous dating of crisis periods using a Markov switching approach, no

evidence of herding to the market consensus is detected, with dispersion increasing non-linearly

during periods of turbulence. Galariotis et al. (2015) finds intermittent evidence of herding to

the consensus during preselected crisis periods. In contrast, after allowing for feedback from

dispersion, strong evidence of herding to the market consensus is detected during endogenously

dated periods that do correspond to recent periods of market upheaval.

5 Conclusion

This paper examines the empirical relationship between the equity return dispersion in the

30 Dow Jones Industrial Average stocks in a search for evidence of herding towards market

consensus. Traditional approaches to the problem including simple linear regression and Markov-

switching models (with news-purged return dispersion) reveal weak evidence of a U-shaped

relationship between the cross-sectional return dispersion and the absolute returns, which has
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generally been taken to be indicative of herding.

In this paper a new empirical framework for estimating herding towards a market consensus

is proposed, which is based on a time-varying Granger causality test. After controlling for the

impact of information flow, the predictive power of extreme price movements (proxied by the ab-

solute market return and the squared market return) on cross-sectional equity return dispersion

is taken as evidence of herding towards market consensus. The time-varying Granger causal-

ity test allows for endogenous determination of changes points, while accounting for potential

endogeneity in variables, serial correlation and heteroskedasticy in the residuals.

While consistent evidence of herding has been difficult to identify in the previous literature, the

new testing framework provides compelling evidence of episodic herding to the market consensus

in the 30 Dow Jones Industrial Average which goes a long way towards resolving the conflicting

findings of the earlier literature. The results presented here reveal clear evidence of herding

during the endogenously identified periods which line up with the subprime crisis, the European

debt crisis, the US debt-ceiling crisis, and the Chinese stock market crash showing that herding

plays an important role in times of market turbulence.
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