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Abstract The paper reports new evidence of herding in the Chinese A-type and B-
type markets by employing nonparametric kernel regression. We find statistically
significant evidence of herding in A-type market under both extreme high and low
market returns. Herding in B-type market, which predominantly consists of foreign
investors, indicates only weak evidence of herding. We do not find any statistically
significant evidence of herding in the pre-2001 sample of B-type market, when only
foreign investors could do the trading. Lack of knowledge and experience of local
investors may be attributed to the presence of herd behaviour in the Chinese markets.
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1 Introduction

Theoretical and empirical research in explaining herd behaviour of market participants
has been diverse, and several approaches/models have been proposed in the literature.1

Research has also been focused in understanding how this behaviour may lead to inef-
ficiencies in the market(s) by pushing the stock prices from their fundamental levels.
Herd behaviour, in general, refers to the specific behaviour of investors in mimicking

1 For example Bikhchandani et al. (1992), Scharfstein and Stein (1990) and Devenow and Welch (1996)
had developed theoretical models of herd behaviour.
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the actions of others. It has been argued that herd behaviour can be interpreted as
rational, explained by the principal-agent problem, when fund managers may ignore
their own assessment(s) andmimic the behaviour of others to maintain their reputation
Scharfstein and Stein (1990). Numerous empirical studies have focused on detecting
herd behaviour among mutual fund managers (for example, Wermers (1999), Gleason
and Lee (2003) and Clement and Tse (2005) among others). However, the irrational
view deals with the psychology of investors when they disregard their own beliefs
and simply follow others and this can be detrimental to the efficiency of the market.
In detecting the irrational herd behaviour, a sizeable body of literature employs the
framework of the pioneering work of Christie and Huang (1995), where herding is
detected by measuring the dispersion of stock returns with respect to market returns
(hereafter referred as CH). CH have argued that individual investors are likely to
suppress their own convictions in favour of market consensus during unusual market
conditions and low dispersions can be attributed to the herd behaviour. But all low
dispersions do not indicate herd behaviour. For example, lack of information may
yield low dispersions during a trading interval. However, during periods of extreme
market conditions, low dispersions can be attributed to herd behaviour because under
the rational asset pricing models these dispersions should increase because individual
securities differ in their sensitivity to market return. Chang et al. (2000) extended
the work in which cross-sectional absolute dispersion of stock returns (CSAD) has
been analysed to find evidence of herding in the market (hereafter referred as CCK).
However, the conventional empirical framework of both CH and CCK relies on partic-
ular parametric specifications of these models. For example, in CH model, inclusion
of dummy variables in linear parametric model to establish extreme conditions in
the market is subjective in nature. Similarly, in CCK model, a quadratic parametric
regression model has been employed to test for herd behaviour. Several alternative
approaches have been employed in the empirical literature to circumvent the issue.
For example, Celik (2013) has employed quantile regression model, using 1% and
5% criterion. Similarly, Chiang et al. (2013) have employed rolling regression tech-
nique to improve the methodology. These models have partially addressed some of
the limitations of the traditional parametric approach.

In this paper, a nonparametric methodology has been employed, by estimating
kernel regression model. The novelty of the approach is that it imposes no a priori
restrictions on the underlying model and does not impose any subjective criterion to
divide the sample into to analyse the herd behaviour. Kernel regressionmodel has been
employed to report new evidence on herd behaviour in the Chinese capital markets.
There are very few stock markets in the world that restrict foreign investors to trade in
certain types of stocks. The Shanghai Stock Exchange (SHSE) and Shenzhen Stock
Exchange (SZSE) have been established in year 1990, and two types of shares had been
introduced in thesemarkets.A-type stocks can be traded in the local currency,Renminbi
(RMB), and only by the Chinese investors. B-type stocks were initially sold to foreign
investors only. However, after February 2001, both foreign and local investors could
trade these stocks A and B types of stocks can be traded in both the markets, but as Tan
et al. (2008) suggested, the characteristics of the investors are different across these
stocks. A-type stocks dominated by the local investors, who lack in their knowledge
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and experience about investments. The differences in the characteristics of investors
may lead to different herd behaviour in these markets.

There are number of studies that have examined herd behaviour in the Chinese
markets. The overall outcomes of these studies provide mixed results. For example,
Demirer and Kutan (2006) have found no evidence of herding in the Chinese market,
using CH methodology. Chan et al. (2007) did report empirical evidence of herding
during periods of extreme market conditions in both Shanghai and Shenzhen B-type
market. They found weaker evidence to support herding behaviour in A-type market.
On the other hand, Zhou (2007) found significant evidence of herding in both A-
and B-type markets. Tan et al. (2008) again found evidence of herding, but it was
more evident in A-type shares market. Most of these studies with few exceptions
have employed CH and/or CCK parametric methodology in their analysis with some
variations in the way the model(s) have been estimated. For example, Chiang et al.
(2012) employ rolling regression model and Chiang et al. (2013) have used Kalman
filter approach to estimate time-varying parameters for the Pacific-Basin markets.

The remainder of this paper is organized as follows. Section 2 presents a review of
the empirical methodology in detecting herding behaviour with particular reference to
CH and CCK approaches. It also reviews some of the previous empirical findings for
the Chinese market. Section 3 discusses the nonparametric methodology employed
in this paper. Section 4 describes data and discussion of results. Finally, Section 5
concludes the paper.

2 Review of literature

In CH modelling of herding, cross-sectional standard deviations of individual stock
returns at any given time are being regressed on two dummy variables with a constant
term. The two dummies are meant to capture the extremes of market returns. It is being
argued that during periods of extreme market conditions (low/high market returns)
investors may herd towards the market and this can be verified empirically if the
coefficients of these dummies are negative. Alternatively, CCK have proposed to use
cross-sectional absolute deviations of individual returns and proposed to estimate
nonlinear (quadratic) parametric model. Herding is verified when the coefficient of
the quadratic term is negative and significant.

In CH approach, the cross-sectional standard deviations of stocks returns in relation
to market return are expressed as:

CSSDt =
√∑N

i=1(Rit − Rmt )2

N − 1
(1)

where N is the number of stocks in the market, Rit is the observed return of stock
i , and Rmt is the cross-sectional average of the returns of N stocks. During periods
of extreme market conditions, investors may suppress their own assessment of the
market and take decisions on the basis of the collective wisdom of the market. Under
these circumstances, CSSD would tend to converge towards market return and will
start decreasing. The empirical specification of their model is as follows:
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CSSDt = α + βL DL
t + βU DU

t + εt (2)

where CSSDt is the cross-sectional standard deviation of individual stocks at time t.
DL
t and DU

t are two dummies taking on the value of unity in the extreme lower/upper
tail of the distribution of market return, respectively.2

As an alternative to CH approach, CCK proposed a nonlinear parametric relation-
ship between dispersion andmarket return. Instead of using CSSD, they have proposed
to use cross-sectional absolute deviations of individual stocks (CSAD), specified as:

CSADt = 1

N

N∑
i=1

|Rit − Rmt | (3)

CCK considered a general quadratic equation to test the herding behaviour:

CSADt = α + γ1Rmt + γ2R
2
mt + εt (4)

where negative and significant γ2 would indicate herd behaviour in the market. As
an alternative to the specification in Eq. (4), several papers have also employed the
following specification of the model:3

CSADt = α + γ1|Rmt | + γ2R
2
mt + εt (5)

Both |Rmt | and R2
mt on the right hand side of the equation is based on the rationale

that a linear relationship between CSAD and Rmt is expected under normal market
conditions. However, under extreme market stress, investors are likely to herd around
the average market consensus, implying a nonlinear relationship between CSAD and
Rmt .

Several research papers have examined and reported herding trends in Chinese cap-
ital markets and have employed the basic framework of CH and CCK. For instance,
Demirer and Kutan (2006) have found no evidence of herding employing firm and
sector-level data. Tan et al. (2008) also report herding under both low and high extreme
market return conditions; however, results of herding in A-typemarket was more com-
pelling. Chiang et al. (2010) employ quantile regressions to examine herd behaviour
in the Chinese stock markets and found strong evidence of herding in A- and B-type
stock markets. Fu (2010) uses state-space model and found herding during lower
extreme values of market return. More recently, Chiang et al. (2012) have used rolling
regression method to estimate herding equations. They found evidence of herding in
both markets and show the herd behaviour is correlated to global markets as well.
Yao et al. (2014) have also recently reported herding evidence in the Chinese markets.
They have found more significant evidence in B-type market.4 Furthermore, they have

2 The threshold values of extrememarket conditions are both arbitrary and subjective in nature (See Chiang
et al. (2012), Celik (2013))
3 For example, Belhoula and Naoui (2011), Chiang et al. (2013)
4 However, their sample of B market also includes period before 2001 when only foreign investors could
do the trading in this market.
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Table 1 Previous empirical studies on herding behaviour at the Chinese capital markets only

Author(s) Sample Method Result(s)

Demirer and Kutan (2006) 1999–2002 CH method Herding does not exist

Tan et al. (2008) 1994–2003 CCK method Herding in both upper and
lower extremes of Rmt

Chiang et al. (2010) 1996–2007 CCK and quantile regression Herding in A market (both
upper and lower extreme of
Rmt )

Herding in B market (only
upper extreme of Rmt )

Fu (2010) 2004–2009 CH and CCK methods Herding is more dominant at
the lower extreme of Rmt

Chiang et al. (2012) 1996–2000 CH and CCK methods, using
rolling regressions

Evidence of herding in both
Market A and Market B at
Industry Level

Chiang et al. (2013) 2001–2011 CH and CCK methods Strong evidence of herding in
A-type market

Yao et al. (2014) 1999–2008 CH method Herding evidence both in A
and B markets,
industry-level analysis

focused on industry-level herd behaviour. Table 1 provides a brief summary of these
papers. Overall these results have been mixed with some evidence of herding in the
Chinese markets.

One of the issues that we have identified earlier is about the use of parametric
models in empirical studies using CH and CCK approaches. There are limited number
of studies reporting results of time-varying parameters of these models. For exam-
ple, Chiang et al. (2012) have employed rolling regression technique to analyse herd
behaviour in the Chinese markets, at industry level. An interval of one year has been
used to estimate varying parameters of the model. Similarly, Celik (2013) has reported
herd behaviour results for both the developed and emerging stock markets using quan-
tile regression analysis. The model is estimated for each quantile using 1% and 5 %
criterion. Although employment of rolling regression and quantile regression mod-
els do address the issue of a priori restrictions imposed in the traditional modelling,
the choice of the size of windows is constraint by dividing the sample into some
sub-samples. In this paper, we have used kernel regression model which imposes no
such restrictions on the model. Furthermore, we have used bootstrapping technique
to estimate the confidence bands of the underlying varying parameters to establish
herd behaviour.5 To the best of our knowledge, none of these studies have utilized
nonparametric kernel regression model.

5 The nonparametric kernel regression model has been shown to perform better for large datasets. By using
daily returns of stocks for the Chinese markets, our sample size is large enough to get better description
and significance of herd behaviour.
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3 Methodology

One of the features of methodology employed in this paper is to estimate the under-
lying parameters of CH and CCK models without imposing any a priori parametric
restrictions. A nonparametric kernel regression has been utilized, instead, and the local
gradients (slopes) with respect to market returns have been estimated. Our model takes
the following general form:

Yt = m(Xt ) + εt = E(Yt |Xt ) + εt (6)

where Yt represents the cross-sectional variations in individual stock returns to market
return (CSSD or CSAD), Xt is the market return (Rmt ), and εt is the error term.

A nonparametric regression of the unknown m(x) in (6) has been estimated by the
local linear least squares(LLLS) method.6 The LLLS estimator is specified as (Fan
and Gijbels 1996; Pagan and Ullah 1999):

δ̂ = (X ′K (x)X)−1X ′K (x)Y (7)

where K (x) is a diagonal matrix of the kernel, Ktx = (K (xt − x)/h) and h is the
window width.7

The nonparametric kernel regression enables us to estimate the local gradients of
the underlying relationship to capture the changing nature of herd behaviour without
either depending on specifying subjective threshold values to determine the extreme
conditions in the market (as in CH) or depending on a priori parametric form of
the function (as in CCK). Furthermore, the significance of the estimated conditional
means, E(Y |X), and the gradients, δ, has been verified by constructing the confidence
bands using bootstrapping technique.

The estimated conditional means are being plotted against market return, together
with the significance bands, to see whether the expected values of CSSD or CSAD
start declining around extreme tails. In CH modelling of herding, threshold values
of extreme market returns have to be pre-defined to use the two dummy variables.
Similarly in CCK modelling, evidence of herd behaviour depends on the significant
value of single quadratic term in the equation.

A variety of K functions have been proposed in the literature involving some
decreasing function(s) of the distances of the regressor xt from the other values of x in
the bandwidth window. In this paper, an optimal Gaussian kernel and the Kullback–
Leibler cross-validated window width has been employed (Pagan and Ullah 1999,
Hurvich et al. 1998).8

6 Yu and Jones (1997) have shown that local linear regression is a better method compared to local constant
regression for estimates at the boundaries of the sample.
7 These LLLS estimators are shown to be consistent, for further details on the properties see Fan andGijbels
(1996), Pagan and Ullah (1999)
8 Several other K-functions have been used, and we find that our results are robust to the choice of the K
function
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We use the np package in R to estimate the nonparametric model. The confi-
dence bands of the estimated conditional means and gradients have been estimated by
employing the npplot function in the package with 50 samples Hayfield and Racine
(2008). Assuming that the CSAD-CSSD data are i.i.d, we apply the bootstrapping
methodology provided by Liu (1988) to construct the confidence bands around the
estimated parameters. It is important to note that the bootstrap methodology admits
the heteroskedasticity in data Hayfield and Racine (2008). These estimated bands are
being used, with statistical significance, to establish herd behaviour under the extreme
market conditions in the differentiated markets.

4 Data and results

Herd behaviour has been examined and analysed in the Chinese capital markets for
three different samples.

1. Market A It consists of daily returns of individual stocks on SHSZ300 Index
between January 2003 and August 2014. There are 300 different A-type equities
quoted on either Shanghai or Shenzhen Stock Exchanges that form this index. It
enables us to examine herd behaviour of the local investors only.

2. Market B We draw another sample by looking at the returns of all of the B-type
stocks in Shanghai and Shenzhen Stock Exchanges over the same period (2003–
2014).MarketB consists of both the local and international investors. There are 104
different B-type equities quoted on either Shanghai or Shenzhen Stock Exchange.

3. Market A (Pre-2001) Our third sample consists of A-type stocks over period of
January 1992 to February 2001. The stocks in this sample are also traded solely
by local investors. This sample along with the next one allows us to distinguish
between the impact of different investor groups on the return behaviour of stocks.

4. Market B (Pre-2001) Finally, our forth sample involves B-type stocks over period
of January 1992 to February 2001. In this pre-2001 sample, only the foreign
investors were allowed to trade.

We calculate CSSD and CSAD values for all three samples to examine the differ-
ences in her behaviour, if any.

The daily returns of individual stocks are calculated as Ri,t = (Pi,t−Pi,t−1) / (Pi,t−1)
where Pi,t is the adjusted closing price level of the individual equity i on a given day t .
All of the adjusted closing prices have been collected from the Bloomberg Terminal.
The descriptive statistics can be found in Table 2. The average of CSSD is larger
that CSAD average in all three cases.9 The difference in the maximum and minimum
values, range of data, is highest in the pre-2001 sample in the B-share market with
only foreign investors. The average values do vary across different measures and types
of market, however, the coefficient of variation is around 0.40 in all the cases.

9 We obtain outliers for both CSSD and CSAD measures in all markets. We determine the outliers in a
subjective manner and remove them from our sample. In A Market, the number of outliers with respect to
CSSDmeasures is more pronounced compared to CSADmeasures. The overall results are robust if we also
remove CSAD measures on the same days we observe an outlier for CSSD measures. This problem is not
evident for any other type of market.
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Table 2 Descriptive statistics

A Market B Market

CSSD CSAD Pre-2001 Post-2001

CSSD CSAD CSSD CSAD

Mean 2.27% 1.60% 3.19% 2.25% 1.72% 1.22%

Standard deviation 1.02% 0.59% 1.56% 0.96% 0.62% 0.50%

Max 12.48% 5.84% 19.09% 10.89% 6.25% 5.58%

Min 0.77% 0.24% 0.00% 0.00% 0.51% 0.38%

Number of observation 2795 2807 1563 1565 2796 2797

It has been indicated earlier that nonparametric approach does not impose any a
priori parametric restriction(s) on the underlying model. Before proceeding with our
estimation of nonparametric model, a nonparametric test, proposed by Hsiao et al.
(2007), has been conducted using four samples of our data. In all cases, the null
hypothesis of a linear relationship has been rejected at 5% or less.10

The nonparametric model, using local linear regression model in Eq. (6), has been
estimated for four samples of markets, Market A (Post-2001), Market A (Pre-2001)
MarketB (Post-2001) andMarketB (Pre-2001).BothCSSDandCSADhavebeenused
as dependent variables against market return, to examine herd behaviour of investors
in these differentiated markets.

Market A
According to CH and CCKmodels, the presence ofmarket wide herding can be ver-

ified when CSSD/CSAD show consistent declining pattern(s) under extreme market
conditions. In our nonparametric approach, this can be verified by observing dimin-
ishing estimated underlying function E(Y |X), which will also be reflected in the plots
of gradients against market return. In each case the raw data, gradients and condi-
tional means have been plotted against market return to examine herd behaviour. In
order to establish the statistical significance of these results, confidence bands based
on bootstrapping technique have also been shown in these graphs (Figs. 1, 2, 3, 4).11

Furthermore, the threshold values, that is, the value of the market return when herding
is observed in the bear and bull market conditions, have also been reported numerically
in Table 3.12

10 We have used ‘npcmstest’ method in ‘np’ package in R Hayfield and Racine (2008). The tests were
conducted both for CH and CCK models.
11 BothCSSDandCSADseries for all samples have been tested for unit root, andwe found that all series are
stationary.While applying the bootstrapping technique for nonparametric kernel regression, autocorrelation
is not a serious concern when the series are stationary (Kendall 1948; Gibbons and Chakraborti 2011)
12 TheKernel nonparametric regression and confidence intervals based on bootstrapping technique allow us
to examine the statistical significance of each estimated gradient. The threshold values have been identified
by the sign and significance of these gradients around the extreme values of market return during extreme
market conditions.
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Table 3 Nonparametric estimated gradients of CH model

Market condition Rmt Cutoff point Average gradients Average standard error t-statistics p value

Market A—CSSD

Bear −0.064 0.177 0.075 2.342 0.01

Bull 0.058 −0.298 0.108 −2.761 0.01

Market A—CSAD

Bear −0.070 0.392 0.141 2.785 0.01

Bull 0.064 −0.502 0.198 −2.530 0.01

Market B—CSSD

Bear −0.076 0.356 0.186 1.909 0.05

Bull 0.078 −0.507 0.286 −1.768 0.05

Market B—CSAD

Bear −0.076 0.358 0.142 2.528 0.01

Bull 0.078 −0.609 0.334 −1.823 0.05

The plots of estimated conditional means of Market A noticeably show sharp
declines in the surface of CSSD model (see Fig. 1). Similar results are being found in
the CSAD model, but they do not appear as significant as the results of CSSD model.
Furthermore, the threshold values, for the CSSD model, show that the herd behaviour
is observed around 6% of the market return on either sides of the tails (See Table 3).
The results of CSAD model also imply similar values for threshold levels. The aver-
age values of the estimated gradients below (falling market) and above (rising market)
threshold values do not suggest symmetrical responses of investors. For example, in
the CSSDmodel, the average of the gradients in the falling market is 0.177 as opposed
to −0.298 during the rising market (See Table 3).13

Market B
The examination of plots of estimated conditional means ofMarket B reveals mixed

results of significance. The CSSD model shows significant herding during rising mar-
ket conditions, and the results during falling conditions are not as significant. The
threshold values are over 7.5% on either side (See Table 3). Again the responses are
not found to be symmetrical. The average of gradients below (falling market) and
above (rising market) is 0.356 and −0.507, respectively (See Table 3). The CSAD
model depicts different behaviour of herding. It shows significant herd behaviour dur-
ing falling market (see Fig. 2). Overall we may conclude that the herd behaviour in
Market A is both highly significant and observed on the either tail. The results in
Market B, on the other hand, show some partial evidence of herd behaviour.

Finally, the results of our model for the B-type stocks during pre-2001 period are
shown in Fig. 4). During this period, only foreign investors could trade in this market.
Both the plots of the estimated function and the gradientswere found to be insignificant.

13 The averages of estimated gradients during falling and rising market conditions, together with their
respective statistical significances, have been reported.
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However, for the same time period the results of A-type (pre-2001 sample), where
only local investors could trade, show significant presence of herd behaviour (Fig. 3).
Demirer and Kutan (2006) also test the presence of herd period in the Chinese stock
market during 1999–2002 periods without differentiating between A-type and B-type
stocks but did highlight the importance of doing future work on these lines. Using both
sector-level and industry-level data, they did not find any evidence of herd behaviour.
Our results, on the other hand, did find strong herd behaviour in A-type stocks and
further endorse the notion that differences in the characteristics of investors may
explain these results.

CSAD have also been regressed against absolute market rate of return |Rmt |, using
the local linear regression model in Eq. 6. This way, the herding in both extreme
markets is merged together and the aggregate effect can be observed. In Fig. 5, it can
be seen that estimated conditional expectations of CSAD in Market A clearly reveal
herd behaviour during extreme market conditions. This is also supported by the plot
of gradients against the market returns (see Fig. 5). However, these results are only
partially significant in the Market B.

One of themotivations of this paper, besides using nonparametric kernel regression,
is to examine the differences in herd behaviour between local and foreign investors. The
Chinese stockmarkets provided such an opportunity as only local investors can trade in
A-type stocks. It had been argued that the local Chinese investors lack both knowledge
and experience of investing in stockmarkets compared to foreign institutional investors
and the differences in the characteristics of the investors may manifest in different
herd behaviour. All the nonparametric results have suggested strong presence of herd
behaviour in A-type stock market, where only local investors can trade.

In order to assess and test the robustness of these results, a number of additional
estimations have been made. First, the analysis has been extended to disaggregated
data of stocks in the two markets. Data on nine different sectors have been compiled,
and the models have been re-run for these sectors.14 In market B, pre-2001 sample, we
could not find any evidence of herding in any of the sectors. However, results of market
B, post-2001 sample, do indicate that herding was present in some of the sectors. In
particular, pronounced herding was found in Industrial, Materials and Utilities. In
rest of the sectors, either herding was weak or was not statistically significant. In A-
type stocks, where only local investors can trade, significant herding was found in all
the sectors, particularly during rising market. Demirer and Kutan (2006) have also
employed sector-level data for the Chinese market, but overall they did not find any
significant evidence of herding. However, they strongly recommended re-examining
herd behaviour in A-share and B-share markets where it is possible to differentiate
between domestic and foreign investors. Tan et al. (2008) also analysed herd behaviour
in the Chinese markets, employing aggregated data only, and found evidence of herd
behaviour in A-share and B-share markets. However, they found more pronounced
herd behaviour in A-share market during rising market conditions, which is consistent
with our results.

14 See “Appendix”.
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Second, dummy variable for the year 2008 has been included in all the models. The
inclusion of dummy variable did not change the overall results reported in this paper.

Third, a two-stage procedure has been employed to control the effects of global
factors in our analysis. In the first stage, the effects of USA market return have been
removed from the market return(s) of the Chinese markets and the models have been
re-estimated using the adjusted market returns. Again we found strong evidence of
herd behaviour as reported in the paper. The results of the last two robustness checks
have not been reported in this paper.

5 Conclusion

In this paper, we test herd behaviour in the Chinese capital markets following the
methodology proposed by Christie and Huang (1995), Chang et al. (2000). The paper
makes several contributions to the existing empirical literature on the subject. First,
most of the studies following the proposed methodology (CH and CKK) have utilized
constant coefficient parametric model(s). In this paper, we have employed nonpara-
metric kernel regression model and have presented new evidence of dynamic herd
behaviour in the Chinese capital markets. Second, the herd behaviour has been anal-
ysed across different characteristics of the investors in the Chinese market. Third both
aggregated and sector-level data have been employed in our analysis.

Anumber of studies have previously examinedherd behaviour in theChinese capital
markets, using parametric specifications based on CH and CCK approaches. The
overall results of these studies have been inconclusive. The results of herd behaviour
based on A-type and B-Type classifications of stocks in the Chinese market have
only been provided by Tan et al. (2008), and they have found more significant herd
behaviour in A-type stocks. Based on our nonparametric regression results, we have
also found very strong evidence of herd behaviour in A-type stocks, where only local
investors can trade. These results supported the conclusions of Tan et al. (2008) that
lack of knowledge and experience of local investors may explain significant herd
behaviour in A-type stocks. By de-classifying our sample to pre-2001 period, when
only foreign investors could do trading inB-type stocks,we could not find any evidence
of herd behaviour. This has further given support to the argument that the differences
in the characteristics of investors may explain herd behaviour. These results were also
robust when sector-level data have been employed. The results based on bootstrapping
technique have also shown that the herd behaviour has been observed both in the
rising and falling markets. This is in contrast to results of previous studies where herd
behaviour has been more pronounced during rising market only.

One of the important extensions of our workwould be to examine herd behaviour by
making use of NP panel fixed and random effect estimators proposed by Su and Ullah
(2006), Su et al. (2013). Hwang and Salmon (2004) have also proposed nonparametric
standard factor model, using state-space modelling approach. This methodology can
also be employed to further examine the herd behaviour across A-type and B-type
stocks in the Chinese capital market.
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B Market (Post-2001)
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