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Abstract

This article intends to provide answers concerning what drives individual investor herding
behavior. Our empirical study uses transaction records of 87,373 French individual investors
for the period 1999-2006. In a �rst part, we show - using both the traditional Lakonishok
et al. (1992) and the more recent Frey et al. (2007) measures - that herding is prevalent
and strong among French individual investors. We then show that herding is persistent:
stocks on which investors concentrate their trades at time t are more likely to be the stocks
on which investors herd at time t+1. In a second part, we focus on the motivations of
individual herding behavior. We introduce an investor speci�c measure of herding which
allows us to track the persistence in herding of individual investors. Our results highlight
that this behavior is in�uenced by investor-speci�c characteristics. We also reveal the fact
that individual herding behavior is strongly and negatively linked with investors�own past
performance.
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1 Introduction

Herding behavior, de�ned in a broad way as the fact for an investor to imitate others�
actions, has been widely documented for professionals but less studied for individual in-
vestors. In this paper, we analyze herding behavior by studying a large trading record of
87,373 French individual investors from a major European broker house over the period
1999-2006. To answer the question posed by the title of the paper, we investigate in an
original way the herding behavior and its persistence over time, both at an asset and at
an individual level. This new approach leads us to analyze the in�uence of individuals�
attributes, such as sophistication, on the herding behavior.

In a strict sense, herding is de�ned as the fact of irrationally imitating other agents.
This type of herding is extremely di¢ cult to capture empirically as it is driven by fashion
and fads. In the context of a quantitative study, we focus on the second type of herding,
namely rational herding. Devenow and Welch (1996), in a survey of the herding literature,
emphasize three reasons for rational herding. The �rst one is payo¤ externalities (the
outcome of an action is increasing in the number of agents undertaking this same action).
Such payo¤ externalities are at the source of trading patterns caused by liquidity issues.
It has been documented that investors tend to trade at the same time in order to bene�t
from a deeper liquidity (Admati and P�eiderer, 1988; Dow, 2005). Reputational e¤ects
are the second reason for rational herding. They are particularly important in the context
of principal-agent models. It can be said of a manager that he is �hiding in the herd�.
The idea behind this metaphor is that the performances of institutional traders are very
often considered relative to a benchmark (the average performance of other managers or
the performance of a market/industry index). By following closely the benchmark, the
manager sacri�ces a potential to perform better than average but hedges himself against
bad relative performances. Models of herding caused by reputational concerns can be
found in Scharfstein and Stein (1990), Rajan (1994) or Graham (1994). Finally, the third
explanation for rational herding is informational externalities. In Bikhchandani et al.
(1992) and Welch (1992), investors acquire (noisy) information by observing other agents�
actions. Information externalities can be so strong that an investor can decide to ignore
completely his own signal. In an extreme case of information externalities, individuals�
actions do not carry information anymore as those actions result only from the imitation
of others�. In that case, an informational cascade occurs.

Early studies such as Lakonishok et al. (1992) investigated a way to empirically mea-
sure correlated trading across groups of investors. The idea underlying their measure (LSV
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hereafter) is to analyze the buying pressure on a given asset for a homogeneous subgroup
(pension funds, mutual funds, individual investors). For the market as a whole, each pur-
chase is balanced by a sale. Thus, the number of buyers equals the number of sellers.
However, for a given subgroup of investors and a given asset, there can be an excess of
buyers or sellers, indicating that the investors composing the subgroup exhibit herding
behavior.

Following the seminal work of Lakonishok et al. (1992), herding among investors has
been the subject of several empirical studies. In particular, the mimetic behavior of U.S.
mutual funds and institutional investors has been studied with scrutiny (Lakonishok et al.,
1992; Grinblatt et al., 1995; Wermers, 1999). Similar studies have been performed outside
the U.S in particular in Germany (Oehler, 1998; Frey et al., 2007; Kremer et Nautz, 2011),
France (Arouri et al., 2010), United Kingdom (Wylie, 2005), Portugal (Loboa and Serra,
2002) and Poland (Voronkova and Bohl, 2005). The number of studies targeting individual
investors is slightly lower. Such studies have been performed in Germany (Dorn et al.,
2008), Israel (Venezia et al., 2010), China (Feng and Seasholes, 2004) and the US (Barber
et al., 2009).

Despite the fact that the presence of herding for individual investors has been demon-
strated in some countries, no such research has been yet carried out in France. Our paper
�ts this loophole by investigating the daily transaction records of a sample of 87,373 French
individual investors from a major European broker house over the period 1999-2006. Our
contribution is then the �rst one on the French market and one of the most comprehensive
in the European context.

Even if the LSV measure has been widely used to study the in�uence of stock char-
acteristics on the investors herding behavior, it has been shown that this measure is not
exempt of criticisms and su¤ers from drawbacks. In this paper, we choose to focus on
the two main criticisms addressed to this measure. First, the recent papers of Frey et
al. (2007) and Bellando (2010) demonstrate that the LSV measure is biased downward.
They also prove that the bias declines with the number of active traders. These properties
could have an impact on the empirical results, especially for empirical studies dealing with
individual investors. Second, the LSV measure does not permit to evaluate the herding
level of an investor and thus fails to evaluate the herding persistence over time for a given
investor.

Concerning the �rst limit, we analyze the level of herding behavior using both LSV
and Frey et al. (2007) measures (FHW hereafter). This double estimation leads us to
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build intervals containing the �true� value of herding. We then check whether asset-
speci�c characteristics such as industry classi�cation, market capitalization and volume of
trading explain part of the herding captured by these measures. In addition, following the
methodology of Barber et al. (2009), our results highlight a strong persistence of herding
over time, whatever the measure used. Brie�y speaking, the correlations of herding are
32.80% for a horizon of one month and about 10% at a 6 month horizon.

In order to overcome the second criticism of the LSV measure and to pay attention
to individual characteristics, we build an original investor speci�c-measure of herding
(called IHM, Individual Herding Measure). We propose a measure, inspired by the one of
Grinblatt et al. (1995), that we de�ne as the weighted sum of the signed LSV measures for
the assets on which changes in holdings for the quarter under consideration are observed.
This new approach leads us to investigate the di¤erences in the herding behavior between
individuals. In particular, we demonstrate that sophisticated investors tend to herd less
and that bad past performances increase the propensity of investor to herd in the next
quarter.

This paper is structured as follows. Section 2 is dedicated to the data. In section 3,
we introduce the di¤erent measures and estimate herding at the stock level. In section
4, we describe the individual herding measure and examine factors that a¤ect individual
herding. The last section concludes.

2 Data and descriptive statistics

The primary data set used in this study is a record of the daily transactions of 87,373
French investors at a major European broker house. From this record, we computed the
daily stock portfolio of each investor for the period January 1999-December 2006. We are
therefore able to calculate the daily realized returns. In order to do that, we extracted the
closing prices (adjusted for splits and dividends) of the traded securities from Bloomberg
(1180 stocks) and Euro�dai1 (1311 stocks). A little over a thousand securities were ignored
because of missing data. However, they accounted only for 1.51% of the total number of
transactions. On the 2491 stocks under consideration, there are 1,190 French stocks. The
remaining are from the U.S. (1,020), Great Britain (62), Canada (35), Netherlands (34),
Germany (31), Italy (15) and others (104). It should be noted that the trading volume
across the di¤erent countries is not homogeneous: French stocks represent more than 90%
of the trading volume while U.S. stocks accounts for less than 1%.

1European Institute for Financial Data
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In order to compute the LSV herding measure, we consider portfolios at the beginning
of each quarter (January, April, July and October) for years 1999 to 2006. For a given
quarter, we exclude the investors that have no investment in stocks. On average, there
are 51,243 investors with at least one position. The average number of stocks held by
investors is 5.9, the median 4 and a maximum of 484. The average Her�ndahl index of
diversi�cation is 0.4851. The average portfolio value is 28,969 e, the median 7620 e and
a maximum of 11,976,000 e. It appears that the sample of investors contains a few very
wealthy individuals. Figure 1 below shows the evolution, from January 1999 to December
2006, of the number of investors, the average number of assets, the average Her�ndahl
Index and the average portfolio value. In order to get a deeper look on the structure of the
data, we present in Table 1 the distribution of portfolio values conditioned on the number
of assets held, at three points in time.

Figure 1: Summary Statistics
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3 Measuring the herding behavior at the asset level

3.1 The LSV and FHW measures

One of the �rst herding measures was introduced by Lakonishok et al. (1992). This
measure aimed at evaluating the herding behavior among pension funds. The underlying
idea is that herding can be measured as the tendency for traders to accumulate on the
same side of the market for a given stock and a given period. In order to determine on
which side (buy or sell) of the market the investor is, we observe the di¤erence between
the number of shares held at time t and t � 12. We note ni;j;t the number of shares of
asset j held by investor i at time t. If the di¤erence ni;j;t� ni;j;t�1 is positive (respectively
negative), investor i increased (decreased) her holdings and thus is on the buy (sell) side.
For a given asset j, the purchase intensity pj;t is de�ned as the number of investors that
increased their holdings divided by the number of investors that traded the asset. We
write:

pj;t =

Ij;tP
i=1

bi;j;t

Ij;tP
i=1

(bi;j;t + si;j;t)

=
1

Ij;t

Ij;tX
i=1

bi;j;t,

where Ij;t is the number of active traders over the period [t� 1; t] and bi;j;t (si;j;t) is a
binary variable that takes the value 1 if the investor i increased (decreased) her holdings
of asset j between t� 1 and t; and 0 otherwise.

It follows that it is possible to compute the purchase intensity, and thus the LSV
measure, only for a subgroup of investors as, for the whole universe of investors, the
number of purchases equals the number of sales. Formally, the LSV herding measure of
asset j at time t is written as

LSVj;t = jpj;t � ptj � AFj;t,
2We stress the fact that the variations in holdings between t� 1 and t correspond to the variations in

number of shares and not in weights , as price variations would incur arti�cial increases and decreases. It
is also important to point out that corporate actions such as splits, new issues, etc... must be taken into
account.
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where pt is the purchase intensity across all stocks and AFj;t is an adjustment factor
due to the absolute value in the de�nition of LSVj;t and the fact that the number of traders
Ij;t is varies across stocks and over time.

The term pt is subtracted in order to account for liquidity shocks. To illustrate this
point, let assume that for the majority of assets, individual investors aggregate on the
buy side. This does not necessarily mean that they herd. It can be the result of a new
�scal disposition favoring investments in the stock market rather than traditional saving
accounts. It results in a high buying pressure among individual investors as they withdraw
their money from the saving accounts and invest it in the stock market. By subtracting pt,
we take into consideration the aggregate shifts in an out of the stock market and separate
them from the herding behavior.

Under the null hypothesis of no herding, we have:

H0 : pj;t = pt;8j.

Each bi;j;t is a Bernoulli variable with parameter pt: It follows that the number of

purchases
IjtP
i=1

bi;j;t is binomially distributed with probability pt and Ij;t independent draws.
We have pj;t = pt+ "j;t where "j;t is an iid error term with zero mean and a variance equal
to pt(1�pt)

Ij;t
Under the null hypothesis H0, the LSV measure is:

LSVj;t = jpt + "j;t � ptj � AFj;t
= j"j;tj � AFj;t,

In order to obtain an unbiased measure in the case of no herding, the adjustment
coe¢ cient needs to satisfy AFj;t = E [j"j;tj]. We thus write:

AFj;t = E

26664
���������
Ij;tP
i=1

bi;j;t

Ij;t
� pt

���������

37775 = 1

Ij;t
E

24������
Ij;tX
i=1

bi;j;t � ptIj;t

������
35

=

Ij;tX
k=0

 
Ij;t

k

!
(pt)

k (1� pt)Ij;t�k
���� kIj;t � pt

���� .
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As mentioned before, the LSV measure su¤ers from a few drawbacks and has, as
such, been exposed to a certain number of criticisms. Bikhchandani and Sharma (2001)
�rst point out that the LSV measure captures both intentional and unintentional (or
spurious) herding. According to their de�nition, an investor is said to herd intentionally
if, by observing other investors�actions, he prevents himself from making an investment
he would have made otherwise (and conversely he undertakes an investment he would
not have done otherwise). In other words, intentional herding corresponds to the fact
of deliberately imitating others� actions. Alternatively, spurious herding occurs when
investors with similar preference sets are provided with the same information. Separating
these two types of herding is important as the latter is an e¢ cient outcome whereas the
former can destabilize markets and increase volatility.

A second issue discussed by Bikhchandani and Sharma (2001) is that the LSV measure
considers only the number of traders and ignores the amount that is bought or sold. Oehler
(1998) and Wermers (1999) propose derived measures that aim to remedy this problem.
This issue has important consequences when studying the impact of herding on the market.
However, as we adopt a more behavioral approach and focus on the drivers of the herding
behavior, this issue does not have important consequences for our results.

Also, the LSV measure does not allow us to observe the intertemporal herding behavior
of investors. We are able to follow how investors herd over time on a given asset but we
cannot observe the persistence in herding of a given investor. The second part of this
paper will deal with this issue by introducing an investor-speci�c herding measure.

Finally, two recent papers (Frey et al., 2007; Bellando, 2010) show that under the
alternative hypothesis of herding, the measure is biased downward. Jensen inequality im-
plicates that the di¤erence between E [jxj] and E [x] decreases with jE [x]j : Therefore, as
the adjustment factor does not depend on the herding level, the LSV measure is biased
downward and this bias increases with the herding level. They also prove that the bias
declines with the number of active traders Ij;t. We will see in the empirical results that the
level of herding rises when we impose a minimum number of active traders. This observa-
tion has crucial consequences for the interpretation of empirical results. For example, Dorn
et al. (2008) establish a link between di¤erences in opinion (proxied by trading activity)
and herding behavior as they observe a very important positive correlation between trad-
ing activity and herding. It seems actually that the properties of the adjustment factor
might explain part of the observed correlation. Indeed, the higher the trading activity, the
lower the bias and the higher the herding measure is. Even if trading activity and herding
behavior were independent, a positive correlation would appear.
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In order to remedy this problem, Frey et al. (2007) propose to use square values instead
of absolute ones in the expression of the LSV measure. Formally, their new measure is
de�ned as:

FHW 2
j;t =

�
(pj;t � pt)2 � E

�
(pj;t � pt)2

�� Ij;t
Ij;t � 1

;

where the notations are the same as in previous equations.
For a given time period t and a universe of J stocks, the average FHW measure is

computed as:

FHW =

vuut 1

J

JX
j=1

FHW 2
j;t.

Monte-Carlo simulations show that this new measure does not su¤er from the bias that
exists for the LSV measure. Frey et al. (2007) show that for varying values of the number
of active traders and/or of the level of herding, their measure is unbiased and possesses
good statistical properties.
However, Bellando (2011) shows that the measure is unbiased only in the particular

setting considered by Frey et al. (2007). The idea is that the purchase intensity of a given
stock pj;t can take three realizations. With a probability �0;t, we have pj;t = pt and there is
no herding. The stock is subject to buy-herding (respectively sell-herding) when we have
pj;t > pt (pj;t < pt) with a probability �b;t (�s;t). Frey et al. (2007) considers the particular
setting where �b;t = �s;t = 0:5. Bellando (2011) shows that as soon as the probability
of no herding is not null or when some asymmetry is introduced, the measure is biased
upward3. It follows that both measures are biased and potentially misstate the true value
of herding. However, it is possible to show that the true value of herding lies between the
LSV and FHW values (we refer the reader to Bellando, 2011 for a complete explanation).

3.2 General results

Table 2 provides the values of the semiannually, quarterly and monthly LSV and FHW
measures for all stocks (line 1) for the whole period. These measures are then computed
when we assign to each stock a level of capitalization (Large, Medium, Small), a level

3This bias comes from the aggregation process when computing the average measure FHW .

9



of volume of trading (High, Medium, Low) and �nally an industry classi�cation (based
on ICB industry classi�cation). Table 3 shows the results for the two measures for each
quarter between 1999 and 2006.

At a general level, the monthly average value of the LSV measure for all stocks is
12.63%. Brie�y speaking, this means that for a given stock during a given month about
13% more investors are in the same side than what could be predicted if decisions were
randomly taken. This result supports previous �ndings that individual investors herd more
than institutional investors. For instance, on US market, Lakonishok et al. (1992) give
an average value for institutional investors of 0.02 and Wermers (1999) reports a value
of 0.036. More recently, Venezia et al. (2011) calculate an average herding measure of
0.058 for the Israeli market and Arouri et al. (2010) report a value of 0.065 for the French
market.

Our �ndings indicate that French individual investors exhibit a high level of herding.
Our results are in line with the �ndings for US individual investors (Barber et al., 2009)
but are slightly higher than those of Dorn et al. (2008) for Germany. More precisely, the
monthly average value of the LSV measure for all stocks is 0.1279 in US against 0.064
in Germany. As in Dorn et al. (2008), the results highlight correlated trading across
all horizons, all industries and the correlation is higher for longer observation intervals.
Concerning the impact of the capitalization, our results con�rm the �ndings of Dorn et al.
(2008) and are in contrast to Barber et al. (2009) and to previous study of institutional
investors who demonstrate that investors herd more on small �rm stocks (Wermers, 1999,
for example). In fact, we �nd that correlated trading is higher for larger capitalizations.
Note that this result is not obtained for all quarters (21/31 quarters, see Table 3, Columns
�Market capitalization�).

Finally, the LSV measure takes a higher value for stocks ranked in the �high volume of
trading�category. Even if further investigations are needed, this result could be due to a
concentration of purchases in attention-grabbing stocks (Barber and Odean, 2008; Barber
et al., 2009) or to informational signals. Note that this result is e¤ective for all quarters
(see Table 3, Columns �Volume of trading�). Considering these �ndings, it is natural to
wonder how the downward bias of the LSV measure (see previous section) could impact our
results. Comparing the level of the two measures (Tables 2 and 3), it is apparent that the
value of the FHW is sharply higher whatever the category (or the quarters) under study.
At a general level, the monthly average value of the FHWmeasure for all stocks is 21.75%.
The herding behavior is also 1.75 times stronger when this last measure is implemented.
Note that this di¤erence is stable when the observation intervals are modi�ed (6 months or
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3 months). Finally, for monthly observation intervals, the true value of herding for French
individual investors is high and takes a value between 12.63% and 21.75%.

To go one step further, we conduct in the next section some tests in the spirit of Barber
et al., (2009) to analyze the persistence of the herding behavior over time.

3.3 Persistence in herding

In this section, we adopt another approach (following the methodology used by Barber
et al., 2009) in order to test whether investors�trading decisions are correlated. We also
analyze the persistence, at the asset level, of the herding behavior. It is said to be persistent
if the autocorrelation of the purchase intensity pj;t is high: A high (respectively low) level
of purchase intensity at time t is followed by a high (low) level in the consecutive periods.

For each month, we part the population of investors into two equally sized random
groups. We then calculate the assets monthly purchase intensity pG1j;t (respectively pG2j;t )
that results from the transactions of group 1 (group 2). If the investors�trading decisions
are independent, we should observe no correlation between the purchases intensities pG1j;t
and pG2j;t . The transaction records span over 8 years resulting in a time-series of 96 con-
temporaneous correlations between purchase intensities. We then compute the average
correlation and employ a t-test in order to check whether the average correlation is signif-
icantly di¤erent from 0. As explained by Barber et al. (2009), the null hypothesis of no
correlation is similar to the null hypothesis of no herding in the LSV and FHW herding
measures. As in the previous analysis, it is not possible to distinguish between spurious
and intentional herding. The rejection of the null hypothesis only indicates that trading
decisions are correlated but does not allow us to verify whether investors intentionally
herd.

Once we showed that investors engage into correlated trading, we aim to see if they
tend to herd on the same assets over time. A high persistence in the herding behavior
would tend to indicate that it is in�uenced by characteristics that do not change much over
time such as industry classi�cation, index membership and market capitalization. On the
contrary, a low persistence might indicate that herding is dynamic and is a direct reaction
to new information, new market conditions or new fashion (for example, positive feedback
trading strategy).

In order to measure the persistence, we �rst compute for each month the correlation
between stock purchase intensities at time � and time t+� with � = 0; :::; 36. For � = 1, it
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consists in measuring each month the correlation between the purchase intensities between
month t and the consecutive month. We thus obtain a time series of 95 correlations that
we average to get the general persistence for a horizon equal to 1. It follows that we
have a time-series of 94 correlations for � = 2, ..., and a time-series of 60 correlations for
� = 36. We �rst compute these correlations for the whole set of investors. In a second
time, we compute this persistence for two random groups of investors (in the fashion of
the analysis for contemporaneous correlations which is actually the particular case where
� = 0). That is, we compute the correlation between the purchase intensities obtained
from the transactions of group 1 at time t, and the purchases intensities obtained from
the transactions of group 2 at time t+ � .

Table 4 presents contemporaneous and time-series correlations of purchase intensities.
The �rst row (� = 0) indicates the contemporaneous correlation of purchase intensities
between groups 1 and 2. We observe that the average correlation is very strong (a little over
85%), indicating that investors�trading decisions are highly correlated. Our correlation is
10 points higher than the one found by Barber et al. (2009). This is coherent with the fact
that we also obtain slightly higher values for the LSV measure. It follows that by knowing
the purchase intensities associated with one group, we are able to explain more than 2/3
of the variations in purchase intensities of the second group. The rest of the table presents
the correlations between purchase intensities at time t and time t+ � where � = 1; :::; 36.
The persistence between two consecutive months is expressed by an average correlation of
32.80%. The average correlations are all signi�cantly di¤erent from zero up to a horizon of
� = 19. In comparison to Barber et al. (2009), the correlations are slightly lower (32.80%
instead of 46.7% for a horizon of one month) and the persistence fades away at a fastest
rate (the correlation at a 6 months horizon is 9.46% in our study compared to 16.4% in
Barber et al., 2009).

4 Measuring herding at the investor level

4.1 The Investor Herding Measure (IHM)

One of the drawbacks of the LSV measure is that it is not possible to compute an in-
vestor speci�c measure. Thus, we cannot determine whether only a part of investors herd,
whether some investor-speci�c characteristics in�uence the herding behavior or to observe
the persistence in herding of investors. In order to analyze the tendency of individual
investors to herd, we �rst need to discriminate between buy herding (pj;t > pt) and sell
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herding (pj;t < pt). Following Grinblatt et al. (1995) and Wermers (1999), we consider
the signed herding measure de�ned by:

SLSVj;t =

(
LSVj;t j pj;t > pt
�LSVj;t j pj;t < pt

=

(
pj;t � pt � AFj;t
pj;t � pt + AFj;t

Grinblatt et al. (1995) introduced the Fund Herding Measure (FHM) de�ned as:

FHMi;t =
JX
j=1

(!i;j;t � !i;j;t�1)SLSVj;t

where !i;j;t is the weight of asset j in the portfolio of the i�th fund at time t.

This measure is quite appealing but poses the problem of whether an investor can be
seen as herding on an asset on which he does not trade. Indeed, a transaction on one asset
only causes the weights of all the other assets in the portfolio to change.

We propose to introduce a new measure, the Investor Herding Measure (IHM) that
considers herding only on the assets that are actually traded by the investor. For a given
transaction, there are six possible scenarios represented below:

Purchase Sale
SLSV > 0 Herding Anti-Herding
SLSV < 0 Anti-Herding Herding
SLSV = 0 No Herding No Herding

If an investor trades only one asset, her herding value will be equal to the signed LSV
measure of the asset if the transaction is a purchase (the investor increases her holdings in
this asset) and to minus the signed LSV measure otherwise. When trading several assets,
computing the individual herding value is less obvious. A �rst approach would be to sum
the signed herding measures of every asset purchased and to subtract the ones of the assets
that were sold. This solution has two drawbacks. First, it does not consider the size of
the transactions. Second, the measure so-built is not bounded (in the sense that it is not
independent with the number of assets traded by the investor). The �rst drawback has as
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a consequence that zero-herding assets are not taken into consideration (a situation where
an investor increased substantially her holdings on zero-herding assets and only slightly on
a high buy-herding asset will result in a high individual herding measure). To illustrate the
second drawback, let us consider an investor which makes only one purchase on asset 0 with
a signed herding measure equal to SLSV0 > 0: As stated above, her individual herding
measure will be equal to SLSV0 Now, let consider another investor who purchases assets
1; :::; n with equal herding measures SLSV1; :::; SLSVn = SLSV0. The second investor will
achieve an individual herding measure of n�SLSV0, that is, n-times the herding measure
of the �rst investor. We adopt a solution that resolves both of these problems: the herding
value of an asset is weighted by the size of its transaction and the sum of the weighted
herding measure is then divided by the total sum of the transactions of the investor over
the period. Formally, we write:

IHMi;t =

JP
j=1

(ni;j;t � ni;j;t�1)P j;tSLSVjt

JP
j=1

jni;j;t � ni;j;t�1jP j;t
;

where ni;j;t is the number (adjusted for corporate actions) of shares of asset j held
by investor i at time t, P j;t is the average price of asset j over the period [t � 1; t]. It

follows that
JP
j=1

(ni;j;t � ni;j;t�1)P j;t is the average value of asset j transaction and the

denominator in the formula is the total value of all the transactions4 made by investor i
in the considered period.

In this way, we account for the herding coe¢ cient of assets only on the ones that
are traded during the quarter and we weight them by the size (euros-volume) of the
transactions. The IHM measure indicates that investor i is herding if it takes a positive
value and that he goes against the herd if the value is negative.

A �rst con�rmation of the validity of such a measure is to separate the population
of investors into two equally sized subgroups: low and high IHM investors. We then
compute the standard LSV measure for both subgroups. We observe in Figure 2 that
the di¤erence between the two subgroups is quite important and highly signi�cant5 which
seems to support the validity of our measure to evaluate herding at the individual level.

4We only observe the number of shares at time t and t� 1 but not the sequence of transactions during
the period under study. Hence, we chose to use the average price to evaluate the value by which the
investor increased or decreased her holdings.

5Signi�cance tests were done using Monte-Carlo simulations. Results are not reported here.
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Figure 2: LSV measure for high IHM investors and low IHM investors
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4.2 General results and persistence

We �rst give a brief overview of the computed IHM values. Figure 3 gives the distribution
of IHM at three time points (�rst quarter of 2000, 2003 and 2006). Not surprisingly, we
observe that most individuals have a positive IHM value. The average IHM value is equal
to 0.1010 for the �rst quarter of 2000, 0.1055 for the �rst quarter of 2003 and 0.0768 for
the �rst quarter of 2006. The medians are respectively 0.0960, 0.0838 and 0.0668. In the
�rst part of the article, we showed that LSV and FHW values were much higher in the
beginning of the sample period. The computed IHM values are coherent with these �rst
results.

Using the same methodology than the one employed to measure the persistence at
the asset level, we check if there is a signi�cant autocorrelation in the investor herding
behavior. That is, we verify if a high herding (anti-herding) behavior at a quarter t
is followed by high herding (anti-herding) in the following quarters. The presence of a
strong autocorrelation would tend to indicate that some investors are more prone to herd,
regardless of the time-period considered. The results in Table 5 give an average correlation
of 12.51% between the IHM values of two consecutive quarters. The correlations appear to
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Figure 3: Empirical cumulative distribution of IHM

­0.4 ­0.2 0 0.2 0.4 0.6
0

0.25

0.5

0.75

1
IHM Cumulativ e Distribution ­ First quarter 2000

P
ro

ba
bi

lit
y

IHM

­0.4 ­0.3 ­0.2 ­0.1 0 0.1 0.2 0.3 0.4
0

0.25

0.5

0.75

1
IHM Cumulativ e Distribution ­ First quarter 2003

P
ro

ba
bi

lit
y

IHM

­0.4 ­0.3 ­0.2 ­0.1 0 0.1 0.2 0.3 0.4
0

0.25

0.5

0.75

1
IHM Cumulativ e Distribution ­ First quarter 2006

P
ro

ba
bi

lit
y

IHM

be signi�cant for a horizon up to four years with a minimum of 4.60%. It follows that the
herding behavior shows some signs of persistence. However, this persistence is relatively
weak and these results call for a deeper investigation of the components of the individual
herding behavior.

4.3 Performance, investor attributes and Investor Herding Mea-
sure

In this section, we focus on whether the investor�s pro�le determinates part of the observed
herding behavior. The baseline assumption is that some investors might be more prone
to herd than others (regardless of market conditions or other time-varying variables). We
test di¤erent characteristics such as the gender, the sophistication and the wealthiness of
individuals. Gender di¤erences in investment behavior are now well-documented. For in-
stance, Barber and Odean (2001) investigate overcon�dence by using a �gender approach�
and show that men are more overcon�dent than women, leading them to trade 45% more
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than women. This behavior has the consequence to hurt their portfolio performance and
to reduce their net returns. It follows that it is a natural choice to test whether the
herding intensity di¤ers from women to men. Our second hypothesis is that more sophis-
ticated investors herd, in average, less. A number of researchers have documented the
role played by sophistication on trading behavior. For instance, the individual di¤erences
in the disposition e¤ect - which describes the tendency of investors to more readily sell
winners stocks than losers - are signi�cantly attributed to �nancial sophistication (Feng
and Seasholes, 2005; Dhar and Zhu, 2006). As sophisticated investors have a better ability
to obtain and to treat information (or at least they have the impression they do), the need
to rely on others�information is less pronounced. The sophistication is proxied by three
variables. First, an investor is seen as being more sophisticated if he trades warrants in
addition to common stocks. Second, the degree of sophistication increases with the total
number of transactions the investor made over the sample period. Third, the wealthier
the investor, the more sophisticated he is. The wealthiness of the investor is proxied by
his average portfolio value. Of course, this proxy is imperfect and re�ects only partially
the real wealth (or the individual income) of the investor. Indeed, positions such as bonds,
cash and derivatives are ignored. The three last measures are valid under the assumption
that investors�attributes are stable over time. From a methodological point of view, the
fact that we use data from t+ � in order to discriminate investors at time t can seem star-
tling or even wrong. However, under the assumption that characteristics do not change
radically over the sample period, these measures give us proxies that do not vary in time
and carry little noise. A change of behavior (for exogenous reasons) in one unique quarter
will have a low impact on the measures we use to capture the investors pro�le.

The results are presented in Table 6. For the gender attribute, we report the aver-
age IHM values of male and female investors. The warrant characteristic discriminates
investors between the ones that trade warrants and the ones that do not. For the average
portfolio value, the �rst subgroup contains investors with an average portfolio value below
5000 e. The second subgroup is formed with the ones whose value is above 100,000 e.
For the last characteristic, we distinguished between those who accomplished less than 100
trades and the ones that did more than 200 transactions. The reported p-values are asso-
ciated with the test of no di¤erence between the average IHM of the two subgroups for one
given characteristic. As the theoretical distribution is unknown, we turned to Monte-Carlo
simulations in order to estimate the empirical distribution. For a given characteristic and
a given quarter, we have the average IHM values of the two subgroups IHM1 and IHM2:

IHM1 (respectively IHM2) is the average of the n1 (n2) IHM values of the investors that
belong to the �rst (second) subgroup. We part randomly the population of investors into
two subgroups of size n1 and n2. We then take the average IHM of each subgroup and we
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compute the absolute value of the di¤erence. This last step is then repeated 1000 times
in order to obtain the empirical distribution of the di¤erence.

The quarterly results are given in Table 6. It appears that, in average, men herd more
than women. The average IHM value for men is 0.0789 compared to a value of 0.0783 for
women. However, the reported p-values indicate that, for most quarters, the di¤erence is
not signi�cant. The results on sophistication reveal that investors who trade warrants have,
in average, a lower herding intensity than investors who do not. Individuals with a low
number of transactions exhibit a much higher herding behavior than investors who trade a
lot. For both sophistication attributes, the di¤erences are highly signi�cant. In particular,
when considering the number of transactions, we observe a very high magnitude (up to
4 points) of the di¤erence between the two subgroups�average IHM values. The average
IHM value for the subgroup associated to a low number of transactions is 0.0854 whereas
the value for the subgroup associated with a high number of transactions is only 0.0654.
Finally, we observe di¤erences between the two subgroups when discriminating by the
portfolio average value. Although, these di¤erences are signi�cant for most quarters, their
sign varies over the di¤erent quarters and prevents us from drawing any clear conclusion.

To go further in our analysis, we want to evaluate the in�uence of investors� past
performance on herding and conversely the in�uence of herding on investors�subsequent
returns.

In our �rst analysis, we compute, for each quarter, the Spearman rank correlation
between investor�s IHM and the �rst three moments of investors�portfolio past returns.
The results in Table 7 indicate that there exists a strong rank correlation between past
average returns and investors�herding (all but �ve coe¢ cients are signi�cant at a 5% level).
However, the sign of these coe¢ cients varies over time without any clear pattern. The
coe¢ cients for the Spearman correlation between IHM and portfolio�s standard deviation
are all signi�cant and negative. This means that the less risky investors are the ones that
herd the most. The results for skewness6 are less clear as only 75% of the coe¢ cients are
signi�cant at a 5% level and the sign changes over time. The results for the correlation
between IHM and subsequent returns are equivocal though we still observe a clear negative
relation between herding and standard deviation.

So far, we are not able to determine precisely how the investors�own past performance
in�uence their herding behavior. However, it appears clearly that there exists a relation-
ship. We now wish to exploit both the cross-section and time dimensions of our database.

6Mitton and Vorkink (2007) show that individual investors have heterogeneous preference for skewness.
This heterogeneity helps explaining why individual investors are underdiversi�ed.
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For each quarter, we compute the investors�IHM value, past performance, level of diversi-
�cation, and portfolio value. We then have an unbalanced panel data7. We aim at testing
the in�uence of past performances which vary across individuals and over time. We thus
run a panel data regression. The results of the Hausman test reject the null hypothesis of
random e¤ects. We therefore choose to include both investor and time �xed e¤ects. We
estimate the past performances by using the normed past return, that is, the return of
the portfolio divided by its standard deviation. The formulation of the regression is the
following:

IHMi;t = 
0IHMi;t�1 + 
1IHMi;t�2 +
3X
�=0

��
�i;t��
�i;t��

+�DIVi;t + �PVi;t + �1IFEi + �2TFEt + "it,

where IHMi;t is the herding value of investor i in quarter t,
�i;t��
�i;t��

is the performance
of investor i over the quarter preceding quarter t � � . DIVi;t and PVi;t are respectively
the Her�ndahl Index and the Portfolio value of investor i at the beginning of quarter t.
IFEi are the individual �xed e¤ects and TFEt are the time �xed e¤ects.

We do not add any lag for the diversi�cation DIV and the portfolio value PV because
individual investors in our sample do not trade much. By incorporating several lags, we
would include multicollinearity in the regression. Also, we include only two lags for IHM
as more would reduce too dramatically the size of our sample. The results (IFE and TFE
not reported) are presented in Table 8. The lags of the herding measure appear to be
signi�cant and negatively correlated with the herding measure. The estimates of the coef-
�cients are respectively -0.068270 and -0.032374. The coe¢ cients for the performance over
the preceding quarter and the quarter before that take the negative values -0.000356 and
-0.000873 and are signi�cant. Further lags are not signi�cant. It con�rms our hypothesis
that bad past performance gives incentives to herd. Also, we note that, while the portfolio
value is not signi�cant, the diversi�cation - measured by the Her�ndahl Index (which takes
a value of 1 if the investor holds only one asset and tends toward 0 when the investor is
perfectly diversi�ed) - is signi�cant and appears to be positive.

7The panel is unbalanced because investors are excluded from the quarters where they do not trade.
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5 Conclusion

Most studies focus on stock characteristics to explain the individual or institutional in-
vestors herding behavior. Despite important drawbacks, these results are generally based
on the implementation of the well-known LSV measure proposed by Lakonishok et al.
(1992). In this paper, dedicated to the herding behavior of 87,373 French individual in-
vestors, we extend the existing literature in two original ways.

First, at an asset level, the herding behavior is analyzed using both the traditional LSV
measure and the more recent Frey et al. (2007) measure (FHW measure). Our results
show that French individual investors are prone to herding behavior and that the level
of herding is sharply stronger when the FHW measure is implemented. Moreover, this
behavior exhibits a strong persistence over time.

Second, we introduce an original individual herding measure. This new approach allows
us to track the herding persistence of a given agent and to highlight the role played by
individuals�attributes. More precisely, based on this new methodology, we demonstrate
that the level of individual herding depends on the investor sophistication degree (trading
derivative assets, for instance). Furthermore, based on a dynamic panel data analysis, we
establish a link between investors�portfolio performance and herding behavior.
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Table 1: Descriptive Statistics
This table presents descriptive statistics of the individual investor portfolios in the dataset. The dataset
consists in the transaction records of 87,373 investors at a major European broker. Investor portfolios are
sorted with respect to the number of stocks held in the portfolio.

Portfolio Value (e)
Portfolio
Size

Nb. of
Observations

Mean
25th

percentile
Median

75th

percentile

Panel A: Portfolios as of January 2000

1 9020 6736 720 1607 3844
2 6798 9576 1993 3674 7467
3 5324 14965 3556 6034 11807
4 4069 19374 5175 8696 16267
5 3151 24115 7101 11860 20641

6-9 7663 40330 10971 18285 33944
10+ 7654 101678 26851 47241 89308
All 43679 33143 3124 9105 25682

Panel B: Portfolios as of January 2003

1 11353 2291 235 533 1414
2 7929 3975 738 1506 3306
3 6057 6895 1388 2655 5621
4 4814 7962 2160 3911 7955
5 3745 10724 3099 5458 10404

6-9 9302 17651 5173 9067 17034
10+ 9977 46717 13957 25598 48371
All 53177 15196 1229 4248 13252

Panel C: Portfolios as of January 2006

1 11349 4279 389 1007 2515
2 7432 7982 1258 2802 6361
3 5475 11000 2488 4877 10385
4 4141 16210 3805 7221 14646
5 3346 21329 5307 9675 19493

6-9 8079 31705 8983 16395 31654
10+ 8067 84915 24226 45011 88592
All 47889 26055 1926 6879 21960
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Table 2: LSV and FHW measures
LSV measure for stock j in period t is computed as LSVj;t = jpj;t � ptj�AFj;t, where pj;t is the purchase in-
tensity for the stock j; pt is the purchase intensity across all stocks and AFj;t is an adjustment factor. With
the same notations, FHW measure is computed as, FHW 2

j;t =
�
(pj;t � pt)2 � E

h
(pj;t � pt)2

i�
Ij;t
Ij;t�1 ;

where Ij;t is the number of active traders. We consider a minimum number of 10 active traders per stock.
Stocks with less than 10 active traders in period t are excluded from the analysis for this period. Average
semiannually, quarterly and monthly LSV and FHW measures are calulated for all stocks over the pe-
riod 1999-2006. The LSV and FHW measures are calculated for 3 levels of stock capitalization (�Market
capitalization�). Large (small) capitalizations correspond to the 30 % top (bottom) capitalizations. The
medium category contains the remaining observations. The LSV and FHW measures are computed for 3
levels of trading volume in euros (�Volume of trading�). High trading volume (low trading volume) cor-
responds to the 30 % top (bottom) volume. The medium category contains the remaining observations.
The herding measures of the di¤erent industries (�Industry�) are the average herding measures of stocks
that belong to the industry (using the Industry Classi�cation Benchmark, ICB).

Semiannualy Quaterly Monthly

LSV FHW LSV FHW LSV FHW

All stocks 13.92 22.97 13.09 22.00 12.63 21.75

Market capitalization
Large capitalization 14.96 22.13 14.09 21.23 13.67 21.07
Medium capitalization 12.30 20.98 11.63 20.32 11.37 20.42
Small capitalization 12.51 22.56 12.24 22.15 12.18 22.32

Volume of trading
High volume of trading 14.81 21.54 13.87 20.57 13.45 20.49
Medium volume of trading 11.89 20.31 11.37 19.89 11.04 19.86
Low volume of trading 13.24 23.89 12.81 23.28 12.84 23.50

Industry
Oil & Gas 12.88 20.23 12.56 19.13 12.43 19.46
Basic Materials 14.29 23.39 13.48 22.33 13.66 22.73
Industrials 13.81 23.03 12.83 21.89 12.30 21.43
Consumer Goods 13.80 22.81 13.14 22.25 12.90 22.01
Health Care 13.02 21.81 11.89 20.55 11.81 20.79
Consumer Services 13.95 22.71 13.32 21.87 12.89 21.63
Telecommunications 18.44 27.68 16.73 25.24 13.94 21.62
Utilities 15.65 22.79 14.28 20.45 12.89 18.86
Financials 15.25 24.55 14.12 23.12 13.48 22.70
Technology 13.16 21.73 12.53 21.11 12.04 20.96

25



Ta
bl
e
3:

LS
V
m
ea
su
re
fo
r
st
oc
k
j
in
pe
ri
od

t
is
co
m
pu
te
d
as
L
S
V
j
;t
=
jp
j
;t
�
p
t
j�

A
F
j
;t
,w
he
re
p
j
;t
is
th
e
pu
rc
ha
se
in
te
ns
ity

fo
r
th
e
st
oc
k
j;
p
t
is
th
e
pu
rc
ha
se
in
te
ns
ity

ac
ro
ss
al
ls
to
ck
s
an
d
A
F
j
;t
is
an
ad
ju
st
m
en
t
fa
ct
or
.
W
it
h
th
e
sa
m
e
no
ta
ti
on
s,
FH
W
m
ea
su
re
is
co
m
pu
te
d
as
,F
H
W

2 j
;t
=
� (p j

;t
�
p
t
)2
�
E
h (p j;

t
�
p
t
)2
i�

I
j
;t

I
j
;t
�
1
,w
he
re
I j
;t
is

th
e
nu
m
be
r
of
ac
ti
ve
tr
ad
er
s.
W
e
co
ns
id
er
a
m
in
im
um

nu
m
be
r
of
10
ac
ti
ve
tr
ad
er
s
pe
r
st
oc
k.
St
oc
ks
w
it
h
le
ss
th
an
10
ac
ti
ve
tr
ad
er
s
in
pe
ri
od
t
ar
e
ex
cl
ud
ed
of
th
e
an
al
ys
is
fo
r

th
is
pe
ri
od
.
Q
ua
rt
er
ly
m
ea
su
re
s
ar
e
ca
lu
la
te
d
fo
r
al
ls
to
ck
s
ov
er
th
e
pe
ri
od
19
90
-2
00
6.
T
he
LS
V
an
d
FH
W
m
ea
su
re
s
ar
e
ca
lc
ul
at
ed
fo
r
3
le
ve
ls
of
st
oc
k
ca
pi
ta
liz
at
io
n
(�
M
ar
ke
t

ca
pi
ta
liz
at
io
n�
).
La
rg
e
(s
m
al
l)
ca
pi
ta
liz
at
io
ns
co
rr
es
po
nd

to
th
e
30
%
to
p
(b
ot
to
m
)
ca
pi
ta
liz
at
io
ns
.
T
he
m
ed
iu
m
ca
te
go
ry
co
nt
ai
ns
th
e
re
m
ai
ni
ng
ob
se
rv
at
io
ns
.
T
he
LS
V
an
d

FH
W
m
ea
su
re
s
ar
e
co
m
pu
te
d
fo
r
3
le
ve
ls
of
tr
ad
in
g
vo
lu
m
e
in
eu
ro
s
(�
V
ol
um
e
of
tr
ad
in
g�
).
H
ig
h
tr
ad
in
g
vo
lu
m
e
(l
ow

tr
ad
in
g
vo
lu
m
e)
co
rr
es
po
nd
s
to
th
e
30
%
to
p
(b
ot
to
m
)

vo
lu
m
e.
T
he
m
ed
iu
m
ca
te
go
ry
co
nt
ai
ns
th
e
re
m
ai
ni
ng
ob
se
rv
at
io
ns
. M
ar
ke
t
C
ap
it
al
iz
at
io
n

V
ol
um

e
of
tr
ad
in
g

A
ll
st
oc
ks

Sm
al
l

M
ed
iu
m

La
rg
e

Lo
w

M
ed
iu
m

H
ig
h

LS
V

F
H
W

LS
V

F
H
W

LS
V

F
H
W

L
SV

F
H
W

LS
V

F
H
W

LS
V

F
H
W

L
SV

F
H
W

19
99

Q
1

-
-

-
-

-
-

-
-

-
-

-
-

-
-

Q
2

14
.1
6

22
.8
9

12
.8
1

22
.5
4

12
.0
1

20
.0
3

13
.5
5

19
.6
5

12
.8
1

22
.6
7

11
.9
1

19
.8
2

13
.7
4

19
.7
5

Q
3

13
.3
3

21
.9
4

9.
04

18
.6
1

13
.0
2

22
.0
3

16
.4
2

23
.3
4

9.
12

18
.8
6

13
.0
8

22
.1
8

16
.9
0

23
.5
5

Q
4

13
.3
4

21
.8
1

8.
63

17
.1
3

11
.5
3

20
.1
2

15
.8
7

21
.9
9

9.
15

18
.7
6

10
.8
7

18
.9
5

16
.3
5

22
.0
7

20
00

Q
1

15
.7
4

24
.7
8

12
.7
1

22
.3
2

16
.7
2

25
.9
1

17
.0
0

25
.6
9

13
.9
2

24
.6
2

15
.9
5

24
.9
1

16
.9
4

25
.0
1

Q
2

14
.6
0

23
.9
3

10
.3
2

20
.8
4

12
.2
5

20
.5
7

17
.4
3

24
.3
9

12
.4
0

23
.5
4

10
.9
7

18
.9
9

17
.1
3

23
.6
0

Q
3

15
.1
5

24
.4
4

11
.7
0

22
.6
0

14
.0
5

23
.2
6

17
.7
5

25
.3
8

11
.9
2

23
.3
9

14
.1
9

23
.4
3

17
.2
7

24
.3
2

Q
4

14
.0
8

22
.8
4

9.
46

19
.1
6

12
.0
8

20
.7
8

18
.8
3

25
.4
5

10
.6
5

21
.0
5

10
.9
8

18
.9
2

19
.0
1

25
.7
9

20
01

Q
1

13
.3
5

22
.0
1

9.
80

20
.0
4

11
.4
0

19
.6
2

17
.3
3

24
.1
3

9.
65

20
.1
7

11
.6
3

19
.8
5

17
.1
8

23
.7
1

Q
2

13
.8
9

22
.8
4

11
.9
5

21
.6
5

12
.8
9

22
.0
6

13
.9
9

21
.2
2

12
.2
3

22
.8
3

12
.8
3

21
.5
4

13
.7
7

20
.5
9

Q
3

13
.6
1

22
.4
1

15
.2
8

25
.4
2

11
.8
4

20
.7
6

13
.7
6

20
.7
3

14
.7
3

25
.3
7

11
.7
9

20
.2
8

14
.3
2

21
.3
6

Q
4

13
.0
3

22
.0
9

13
.2
6

22
.7
7

10
.9
1

19
.4
2

15
.0
1

23
.4
6

14
.1
2

24
.1
1

10
.7
3

19
.4
3

14
.4
6

22
.1
1

20
02

Q
1

13
.7
1

23
.1
9

11
.4
8

22
.0
4

11
.8
3

21
.5
0

17
.3
8

24
.9
1

12
.5
4

23
.9
1

11
.1
4

20
.3
0

17
.1
6

24
.4
6

Q
2

16
.1
0

25
.0
2

18
.1
1

28
.4
7

13
.4
4

22
.4
4

17
.5
9

24
.6
4

18
.0
8

29
.1
2

13
.4
9

22
.3
2

17
.4
0

23
.8
7

Q
3

14
.8
3

24
.0
3

20
.9
2

30
.0
3

11
.7
1

21
.0
8

13
.4
2

20
.8
4

21
.2
1

30
.7
5

11
.5
5

20
.7
0

13
.2
5

20
.1
9

Q
4

13
.6
4

23
.9
2

18
.0
2

28
.5
1

10
.0
2

19
.9
4

14
.1
3

24
.8
2

18
.4
8

30
.0
2

10
.9
9

21
.1
3

12
.4
9

21
.5
1

20
03

Q
1

13
.8
2

23
.0
0

17
.1
9

27
.4
4

10
.6
6

19
.9
1

14
.1
3

21
.1
4

17
.3
0

27
.7
5

12
.3
3

21
.6
6

11
.6
1

18
.0
3

Q
2

11
.6
4

20
.9
3

13
.5
9

23
.4
4

11
.2
5

21
.0
4

10
.7
2

18
.9
3

14
.9
8

25
.5
0

11
.4
2

21
.2
5

9.
01

15
.5
1

Q
3

11
.9
0

21
.1
6

12
.4
1

23
.3
1

11
.3
1

20
.6
6

11
.9
1

19
.0
3

13
.6
8

25
.1
7

10
.9
7

20
.1
2

10
.9
9

17
.2
4

Q
4

11
.4
8

20
.3
9

11
.1
6

21
.4
2

10
.5
0

19
.5
0

12
.1
8

19
.5
1

10
.8
8

21
.3
8

11
.5
0

20
.5
1

11
.3
4

18
.5
4

20
04

Q
1

10
.8
1

19
.2
3

8.
93

18
.1
9

10
.3
3

19
.2
5

13
.1
0

20
.0
7

9.
65

19
.7
8

10
.6
8

19
.4
0

11
.8
6

18
.2
6

Q
2

12
.3
6

20
.9
9

13
.7
2

24
.2
2

10
.4
6

18
.4
6

12
.3
0

18
.8
9

13
.4
4

24
.3
4

11
.1
9

19
.3
3

11
.6
8

17
.9
3

Q
3

12
.1
1

20
.8
8

13
.1
1

23
.9
0

8.
89

16
.8
7

13
.7
9

19
.8
3

13
.7
6

24
.4
7

8.
77

16
.9
0

13
.2
8

19
.0
5

Q
4

12
.5
2

21
.4
6

14
.3
0

24
.3
9

11
.4
8

19
.8
7

10
.8
6

18
.1
4

13
.6
7

24
.1
2

11
.9
5

20
.6
1

10
.8
7

17
.3
8

20
05

Q
1

11
.5
8

19
.9
2

9.
98

18
.9
5

11
.6
1

20
.2
1

11
.4
6

18
.3
1

12
.2
4

22
.3
4

9.
11

16
.8
0

12
.5
4

19
.0
6

Q
2

12
.2
7

21
.0
6

11
.8
6

21
.6
9

11
.5
4

19
.9
5

11
.4
1

18
.1
0

12
.7
4

23
.1
2

9.
86

17
.5
0

12
.8
1

19
.6
7

Q
3

11
.8
2

20
.3
3

10
.5
5

20
.4
5

10
.8
0

18
.8
3

12
.0
2

18
.2
2

10
.7
1

20
.7
1

10
.3
6

18
.4
9

12
.6
5

18
.6
1

Q
4

12
.3
7

21
.2
6

9.
67

19
.8
1

11
.0
6

19
.2
2

13
.2
5

20
.5
1

10
.1
6

20
.7
3

10
.3
7

18
.5
5

13
.6
8

20
.4
2

20
06

Q
1

12
.1
2

20
.3
7

9.
76

18
.5
4

10
.3
2

17
.6
3

13
.1
5

19
.2
9

10
.5
0

20
.1
4

10
.1
3

16
.9
9

12
.6
6

18
.4
4

Q
2

11
.9
7

20
.8
6

10
.1
0

19
.8
3

11
.7
8

20
.1
8

11
.4
0

18
.4
4

12
.1
5

22
.7
7

9.
83

17
.4
1

11
.9
7

18
.8
2

Q
3

12
.2
5

20
.6
1

9.
20

18
.7
7

12
.0
6

19
.9
9

14
.0
7

21
.0
9

9.
83

19
.9
4

11
.2
1

19
.0
0

14
.5
8

21
.2
4

Q
4

12
.1
8

21
.2
8

10
.2
8

20
.1
1

10
.6
6

18
.9
3

11
.5
8

17
.9
9

10
.4
3

20
.1
6

10
.8
4

19
.2
3

11
.1
9

17
.5
0

26



Table 4: Mean contemporaneous and time-series correlation of percentage buys by indi-
vidual investors
Results are based on trades data from a major European broker house (01/1999-12/2006). For each stock
in each month, we compute the proportion of all trades that are purchases. The second column of the
table represents the correlations between percentage buys at time t and time t+� where �=1,...,24. The
third column gives the correlation between the percentage buys by group 1 at time t and the percentage
buys by group 2 at time t+� . The �rst element of this column is the mean contemporaneous correlation
across groups. T-statistics are based on the mean and standard deviation of the calculated correlations.

Horizon (�) Correlation of % buys in month t with % buys in
months t+ �

t-Statistics

Whole set of investors Group 1 with group 2 Whole set of investors Group 1 with group 2

0 100.00 85.06 n.a. 218.63***
1 32.80 33.69 23.33*** 22.16***
2 18.92 19.46 16.23*** 15.37***
3 15.14 14.09 13.42*** 10.73***
4 11.34 11.30 10.32*** 9.39***
5 11.48 10.36 11.65*** 8.44***
6 9.46 9.11 8.83*** 7.29***
7 6.72 6.17 6.30*** 4.65***
8 5.83 5.91 6.20*** 5.84***
9 4.17 4.30 4.26*** 3.28***
10 3.20 1.79 3.11*** 1.47
11 4.09 3.69 3.63*** 2.77***
12 5.32 5.04 4.65*** 3.99***
13 3.65 1.50 3.31*** 1.27
14 1.99 1.60 2.04** 1.40
15 2.32 0.62 2.15** 0.55
16 1.93 1.06 1.71* 0.77
17 2.29 0.39 2.29** 0.30
18 2.26 2.08 1.97* 1.69*
19 1.99 1.58 2.06** 1.28
20 1.14 2.71 1.00 2.15**
21 0.57 �0.78 0.50 �0.59
22 1.98 1.21 1.76* 0.89
23 2.24 3.05 2.11** 2.40**
24 3.53 3.28 3.28*** 2.63**
25 2.01 1.89 1.95* 1.63
26 0.26 �1.72 0.25 �1.39
27 �0.36 �0.73 �0.34 �0.56
28 �2.75 �2.79 �2.33** �1.91*
29 �3.78 �4.52 �3.59*** �3.41***
30 �1.20 �1.52 �1.07 �1.09
31 0.65 0.62 0.58 0.44
32 0.38 �2.04 0.37 �1.25
33 �0.09 �1.76 �0.08 �1.38
34 �1.71 �2.07 �2.02** �1.62
35 0.07 0.10 0.07 0.07
36 �0.32 1.36 �0.26 1.00
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Table 5: Mean contemporaneous and time-series correlation of individual investors herding
measure
Results are based on IHM values computed from trades data from a large European broker house (01/1999-
12/2006). The second column of the table represents the correlations between IHM values at quarter t
and quarter t + � where �=0,...,30. T-statistics are based on the mean and standard deviation of the
calculated correlations.

Horizon (�) Correlation of % buys in month t with % buys in
months t+ �

t-Statistics

Whole set of investors Whole set of investors

0 100.00 n.a.
1 12.51 12.53***
2 11.63 13.76***
3 10.32 13.44***
4 10.93 12.00***
5 9.62 15.33***
6 9.30 14.92***
7 7.85 11.39***
8 7.43 10.04***
9 7.12 10.12***
10 6.81 10.36***
11 6.86 9.39***
12 5.69 7.97***
13 5.15 8.31***
14 4.60 6.51***
15 4.92 8.27***
16 5.78 5.36***
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Table 8: The e¤ect of past performance on herding
This table reports the results of the panel regression introduced in the last section of the article. The
independent variable is the Investor Herding Measure (IHM) for quarter t. The explanatory variables are
the lagged values of IHM (on quarter t � 1 and t � 2), 4 lagged values of the normed return, and,the
Her�ndahl index and the portfolio value at the beginning of quarter t. Investor and time �xed e¤ects are
not reported here.

Explanatory variable Coe¢ cients Standard error t-statistics P-value

IHMi;t�1 �0.068270 0.002030 �33.63 0.0000

IHMi;t�2 �0.032374 0.002008 �16.13 0.0000
�i;t
�i;t �0.000356 0.000152 �2.35 0.0188
�i;t�1
�i;t�1 �0.000873 0.000133 �6.55 0.0000
�i;t�2
�i;t�2 �0.000235 0.000132 �1.77 0.0761
�i;t�3
�i;t�3 0.000091 0.000134 0.69 0.4927

DIVi;t 0.013749 0.002216 6.21 0.0000

PVi;t 0.000000 0.000000 �0.44 0.6611

R2 0.260021

Nb. of observations 287738
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