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Abstract 
 
 
 
 

Sias (2004) suggested that previous studies find little evidence of institutional herding 
because they use the herding measure of Lakonishok, Shleifer and Vishny (1992).  
Sias adopted a different methodology and concluded that institutional investors 
herded due to informational cascades.  But mutual funds exhibited the weakest 
propensity to herd because institutional investors’ tendency to herd was influenced by 
the different environment faced by them.  The environment in which Taiwan’s 
mutual funds operate is conducive to information based herding.  We find that 
herding measure becomes greater as sampling interval lengthens, implying that 
mutual funds receive and react to private information sequentially.  We suggest that 
Sias’ conclusion is a natural result of the limitation of his quarterly data.   
 
 
Keywords：mutual fund, herding, information, cascades 
JEL classification: G14, G23 
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I.  Introduction 

Sias (2004) suggested that previous studies had found little evidence of 

institutional herding because they used the herding measure of Lakonishok, Shleifer 

and Vishny (1992).  By investigating the correlation between institutional investors’ 

demand for a security this quarter and their demand for the security last quarter, Sias 

found significant evidence that institutional investors followed each other into and out 

of the same security (herding).  Among the different types of institutional investors 

studied by Sias mutual funds and insurance companies exhibited the weakest 

propensity to herd.  In addition, mutual funds did not exhibit reputational herding 

behavior. 

Previous studies of herding focusing on pension fund (Lakonishok, Shleifer and 

Vishny (1992)) and mutual fund (Grinblatt, Titman and Wermers (1995), Falkenstein 

(1996), Wermers (1999)) also had limited evidence of mutual fund herding.  Sias 

attributed his weak evidence of mutual fund herding to that institutional investors’ 

tendency to herd is influenced by the different environment faced by them.  But Sias 

did not elaborate further the influence of the particular environment in which mutual 

funds operate on the herding behavior of mutual funds. 

Sias had evidence to conclude that institutional investors’ herding was related 

to information.  That institutional demand is positively correlated with 

contemporaneous returns and weakly positively correlated with returns over the 

following year is related to the way information is incorporated into security prices, 

which is consistent with informational cascades and investigative herding.  

Informational cascades result from institutional investors ignoring their own noisy 
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information and trading with the herd because they infer information from each 

other’s trades [Banerjee (1992), Bkihchandani, Hirschleifer, and Welch (1992), Sias 

(2004)].  Investigative herding occurs when institutional investors’ information is 

positively cross-sectionally correlated, possibly because they follow the same signals 

[Froot, Scharfstein, and Stein (1992), Hirschleifer, Subrahmanyam, and Titman 

(1994)]. 

Sias showed that although herding occurred in securities of all capitalization 

(which is consistent with information based hypothesis), herding is strongest in 

small-capitalization securities, which is most consistent with models that suggest 

herding results from traders inferring information from each other’s trades.  His 

conclusion was based on Wermer’s (1999) argument that informational cascades are 

more likely to occur in small-capitalization securities (where signals are noisier) and 

his own argument that investigative herding may be more likely to occur in 

large-capitalization securities (where signals are less noisy). 

The environment in which Taiwan’s mutual funds operate is conducive to 

information based herding.  Unlike the US where there is overwhelming evidence 

that most mutual funds do not outperform the market in terms of risk-adjusted returns, 

Chow and Chen (2002) show that in year 2000, among 83 equity funds studied, 57 

funds were able to beat the market.  The corresponding figures were 41 out of 44 

funds for 1998 to 2000 and 21 out of 29 for 1996 to 2000.  Since funds in Taiwan 

tend to be able to beat the market, it seems that mutual funds in Taiwan possess an 

informational edge over other types of investors. 
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Almost all mutual funds are geared to produce maximum returns for investors.1  

Funds frequently send research analysts to listed companies to collect valuable 

information on their future prospects.  Taiwan, however, does not have regulations 

that require listed companies to give investors equal access to information.  As a 

result, it is very likely that some mutual funds may have information advantage over 

other investors.  Mutual funds have advantage over individuals in acquiring 

information from the listed firms for several reasons.  Mutual funds’ sheer size 

makes it capable of moving stock price significantly and thus are formidable 

contenders of listed firms’ large shareholders in influencing the stock price.  Hence, 

listed firms may give mutual funds preferential access to information so as to 

influence mutual funds’ trading decision. 

In addition, according to the rating on insider trading of International Institute for 

Management Development, Taiwan was ranked 42nd in 2000 among the countries 

rated.  There was widespread impression on the part of investors that some unruly 

mutual fund managers used funds’ resources to “work” with insiders in price 

manipulation.  During our sample period, 90% of the trading volume on the TSEC 

was attributed to individual investors.  Since individual investors tend to be noise 

traders, the market structure of Taiwan’s stock market is convenient for mutual funds 

to utilize their information advantage. 

If some funds have private information that others do not possess, then we would 

expect these information-privileged funds to trade shortly after acquiring the 

information.  Moreover, since the information is private, the number of 

information-privileged funds should be small in the beginning.  Thus, if we observe 

                                                 
1 Taiwan did not have index funds during our sample period. 
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mutual funds’ herding behavior over a short interval, the number of funds herding 

would be small.  As the information is gradually released to other funds, a larger 

number of funds should herd over a longer time frame. 

Our hypothesis is consistent with the information acquisition model developed by 

Hirshleifer, Subrahmanyam, and Titman (1994).  Their model was based on an 

empirically reasonable assumption that information is acquired by different traders at 

different points of time.  Some investors receive common private information early 

because of lucky or superior skill, while unlucky or less skilled investors observe the 

information later.  An investor can profit on his information if it is obtained early 

and subsequently acted upon by other investors.  This is because if one gets 

information and establishes his position early, then late informed traders would cause 

the price to move in the same direction.  He can then reverse his trade to realize 

profit and reduce his risk exposure. 

In this paper the herding behavior of Taiwanese mutual funds is studied over 

different sampling frequencies: intraday, daily, weekly, monthly and quarterly.  

Using the herding measure of Lakonishok et. al. (1992), we show that mutual funds in 

Taiwan exhibit much stronger tendency to herd than what is found in the US literature 

(Lakonishok et. al. (1992), Titman and Wermers (1995), and Wermers (1999).  There 

is a marked increase in the daily and weekly herding measure over intraday herding 

measure and the herding measure decreases with sampling frequency.  In addition, 

fewer funds trade the same stocks over shorter intervals and fewer stocks exhibit 

herding phenomenon over shorter intervals.  As sampling interval lengthens, herding 

becomes more pronounced. 
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Our finding implies that herding is more likely induced by delaying sequential 

reactions to common information.  Had mutual funds obtained information at the 

same time, they would all have traded pretty much within a fairly short period of time.  

Because of the sequential nature of information arrival, private information is known 

to a small number of fund managers initially and only revealed to other fund 

managers with time.  That is why a longer interval is needed for funds to trade the 

same stock in the same direction, as we find in this paper, which is consistent with the 

analysis of Hirshleifer, Subrahmanyam, and Titman (1994),  

We have additional evidence to suggest that mutual fund herding in Taiwan is 

related to private information.  We find that herd is formed more in more volatile 

stocks.  Since greater price change tends to contain more information (Barclay and 

Warnwher (1993) and Chakravartys’ (2001)), we infer that herding is related to 

information.  Lakonishok, Shleifer, and Vishny (1992) provide similar empirical 

evidence that there is slightly more herding in better-performing stocks.   

Grinblatt, Titman, and Wermers (1995) found that 77% of mutual funds in their 

sample used positive feedback strategy, buying stocks that were winners.  However, 

mutual funds did not sell stocks that were losers.  Mutual funds that adopted this 

kind of strategy had shown better performance.  Specifically, mutual funds were 

momentum investors on buy side and the herd behavior between them were related to 

their trading strategy. 

We find that the momentum strategy adopted by mutual funds in Taiwan is based 

on private information about fundamentals, rather than merely as a result of fund 

managers observing past returns, supporting Wermers’ (1999) view that herding is 

highly related to “rational” positive feedback trading strategies.  Stock return after 
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mutual funds herded to buy was significantly higher than that before the herd, and 

stock return after mutual funds herded to sell was significantly lower than that before 

the herd.  But the price change after sell herd was more pronounced than that after 

buy herd. 

Besides, mutual funds herded more on the buy side than on the sell side, although 

the gap shrank with stock size.  In addition, the buy herding measure was about the 

same across stocks of different sizes.  We interpret our results as mutual fund buying 

stocks of all different sizes so as to profit from the up trend of the market and to avoid 

deviating from the broad market in terms of performance. 

In contrast, on the sell side the herd measure was significantly higher in large 

stocks than in small stocks.  This finding is different from Wermers’ (1999) finding 

and Lakonishok, Shleifer, and Vishny’s (1992) finding that small stocks showed 

relatively stronger degree of herding than large stocks, but is consistent with 

Falkenstein’s (1996) finding and the analysis of Hirshleifer, Subrahmanyam, and 

Titman (1994) and Froot, Scharfsten, and Stein (1992).  Herding to sell large stocks 

could have been a result of avoiding selling illiquid stocks facing redemption by 

investors, which is similar to Falkenstein’s (1996) argument that mutual funds 

avoiding buying small stocks to reduce transaction cost.  It could also have been that 

the herding on the sell side has more information content than that on the buy side.  

In Taiwan, the price of small stocks is known to be easily manipulated by insiders.  

It is reasonable for mutual funds to invest less of their research resources in small 

stocks than in large stocks that are more transparent and whose price is less likely 

manipulated.  As a result, we find that the price change after sell herd was more 

pronounced than that after buy herd. 
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Our findings largely point to the important role of private information in mutual 

funds herding.  To further ascertain the importance of private information in the 

formation of herding, we employ panel data analysis.  We hypothesize that funds 

with private information would trade relatively more than other types of traders.  In 

addition, if the information is privy to a small number of funds in the beginning and is 

later revealed to other funds with time, then herding measure would be negatively 

related to the ratio of funds participating in the trade to the total number of funds in 

the market to begin with and become positively related with time.  Finally, a large 

fund should be more resourceful than a small fund and thus should have a larger 

information advantage. 

    Our finding is consistent with our hypotheses.   We find that the trading 

volume of mutual funds relative to other types of traders was larger when herding 

measure was greater.  Herding measure was negatively related to the ratio of mutual 

funds participating in the trade to the total number of funds available in the market in 

high frequency sample, but is positively related in low frequency samples.  Herding 

measure was positively associated with the size of funds. 

We also find that herding measure was positively associated with the turnover of 

stock, the size of stock, and the market rate of return.  It seems that mutual funds 

were concerned with liquidity, had information advantage or correlates signals in 

large stocks, and would trade with the market benchmark.   Our findings are largely 

consistent with those of Falkenstein (1996) that mutual funds prefer to trade stocks 

with certain characteristics such as high visibility, high volatility, and low transaction 

costs and the information acquisition model of Hirshleifer, Subrahmanyam, and 

Titman (1994). 



 10

In addition to the information based explanations of herding in the literature, there 

are theories of herding that do not invoke information as a reason for herding.  For 

example, mutual funds have a comparative advantage in holding some kinds of stocks 

and, as a result, they collectively purchase them [Falkenstein (1996), Del Guercio 

(1996), Gompers and Metrick (2001), Bennett, Sias and Starks (2003)].  As 

discussed earlier, our findings also show that mutual funds in Taiwan have similar 

preferences in holding the stocks.   

Furthermore, mutual funds may herd because of window dressing.  Fund 

managers are typically evaluated once a quarter and mainly at the end of the year.  

Therefore, they are wary of sharp fall offs in the net asset values per share (NAVs) of 

their holdings appearing in their quarterly or annual reports.  Thus, they are 

unwilling to sell the winners and quick to sell the losers, in an attempt to nullify 

mistakes.  Furthermore, fund managers mark up their NAVs largely by purchasing 

the stocks they already held, during the last few minutes of the quarter and at year end.  

If everyone adopts the same dressing strategy, they seem to trade together, especially 

at the end of the quarter and year (Lakonishok, Shreifer, Thaler, and Vishny (1991), 

Wermers(1999), and Carhart, Kaniel, Musto, and Reed (2002)). 

Another explanation for mutual funds herding that does not rely on the effect of 

private information on mutual funds’ trading decision is the sharing-the-blame effect 

of Scharfstein and Stein (1990).  Managers may follow other managers’ trades 

because of concerns over their reputation in case their overall performance is poor.  

The mutual fund industry evaluates the managers based on their investment 

performance and whether their action is similar to other managers.  Accordingly, one 

manager may imitate the action of others so that an unprofitable decision will not be 
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viewed as bad if others also make the same decision. 

In Taiwan, mutual funds have to file their month-end stockholdings with the 

Securities and Futures Commission, providing an excellent source of trading 

information for investors.  Managers may therefore ignore their private information 

and follow the behavior of the previous investors because of reputational concerns.  

This type of trading behavior would show a significantly high value of herding 

measure shortly after the beginning of a period. 

We employ cross-sectional test and the regime-switching model to test if herding 

measure switches to a higher mean in the end of a calendar period to test the window 

dressing hypothesis and if herding measure switches to a higher mean in the 

beginning of a calendar period to test the sharing-blame-effect.  The empirical 

results do not show a higher mean in the beginning or in the end of a calendar period.    

Neither do we find any regular regime switching pattern near the end of beginning of 

a calendar period.  Thus, our evidence does not support the window dressing 

hypothesis or the sharing-blame-effect. 

To sum, the balance of our findings suggests that mutual funds herding primarily 

results from managers receiving information at stochastically different points of time.  

Our conclusion mainly comes from the observation that herding measure intensifies 

with sampling interval and herding is related to information.  In addition, we also 

find no sign of significant increase in herding measure after the inventory of mutual 

funds have been revealed to the market in the beginning of the month.  Thus, mutual 

fund managers seemingly follow each others’ trade as a result of the sequential nature 

of information acquisition and their delaying sequential reactions, rather than 

mimicking each others’ trades. 
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Our explanation for herding is different from that of Sias (2004).  He suggested 

that herding is due to institutional investors inferring information from each other’s 

trades (informational cascades).  Sias analyzed adjacent quarterly inventories of 

institutional investors and concluded that institutional investors’ demand for securities 

of this quarter is related to their own and other investors’ inventories of last quarter.   

Sias’ conclusion is a natural result of the limitation of his data.  Since we find 

that herding measure becomes greater as sampling interval lengthens, the inventory of 

mutual funds obtaining information later in this period would certainly be related to 

that of other funds obtaining information earlier in the previous period.  Therefore, 

there is no inherent difference between Sias’ and our findings.  We are able to depict 

a more accurate picture of herding because our data are finer than those of previous 

studies.  In contrast to existing studies that only observe quarterly stockholdings of 

mutual funds, we were able to reconstruct the inventories of mutual funds over very 

short holding periods using intraday data.  Our methodology allows us to observe 

herding behavior within much shorter time intervals as well as the evolution of 

herding over time. 

Our data include intraday transactions of all mutual funds over five years on the 

Taiwan Stock Exchange (TSEC).  Each transaction record contains the exact trade 

time, trading volume and trade price of all traders involved.  As a result, we are able 

to test the herding behavior of mutual funds over various investment horizons, which 

helps to uncover the reason behind the herding behavior of mutual funds. 

The remainder of the paper is organized as follows.  Section II discusses our 

handling of data and test methodology.  Empirical results are presented in Section III. 

Section IV concludes the paper. 
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II.  Data and Methodology 

II.A. Data 

Our data consist of all intraday transactions on the Taiwan Stock Exchange (TSEC) 

from January 1995 to December 1999.  For each transaction, we can identify the 

stock code, the trade date and time (to hundreds of seconds), the trade price, the 

number of shares transacted, and the identity of every buyer and seller involved in the 

transaction.  In order to protect traders’ privacy the TSEC replaced the true names of 

traders with distinct codes, which allowed us to distinguish traders by investor type.  

The Security Exchange Act of Taiwan requires all orders for stocks listed on the 

TSEC to be matched on the TSEC.  Since there is no third market or fourth market, 

our data set is complete in the sense that all transactions on stocks listed on the TSEC 

are included in our data set.  Typically, a money manager in the United States (U.S.) 

can manage more than one fund.  However, during our sample interval in Taiwan a 

manager can only manage one fund.  Thus, unlike Lakonishok, Shreifer, and Vishny 

(1992), our analysis is done on the level of the fund rather than the fund manager. 

Table I presents summary statistics of our data on mutual funds.  Panel A shows 

the number of funds in the database and the summary statistics of the stocks that 

funds traded.  From 1995 to 1999 the number of funds increased from 71 to 175 and 

a marked increase was also seen in number of funds trading stock during each trading 

interval.  Panel B presents the summary statistics of the number of stocks traded by 

mutual funds.  The number of stocks increased from 347 in 1995 to 445 in 1999.  

Despite the increase in the number of funds and stocks during the years, the average 

number of stocks traded by funds is highest in 1996, decreasing thereafter up to 1999.  
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The decreasing trend from 1996 we believe occurred as result of the commencement 

of the Bear market in Taiwan in 1996 and perhaps is an indication of mutual funds’ 

increasing concentration on similar stocks. 

 Panel C shows the frequency table of stocks traded by funds during the first 

quarter, the first month, and the first day of the year.  During the first quarter and the 

first month, the number of stocks traded by one or more funds increased during the 

period 1995 to 1999, in line with the increasing number of mutual funds.  However, 

when we convert the number to the percentage of all TSEC stocks, the highest value 

occurs in the year of 1997 for stocks traded by 1 or more funds up to 20 or more 

funds.  But for stocks traded by 30 or more funds up to 100 or more funds, the 

highest value occurs in the year of 1999.  For the first day of the year, there is an 

unusual large number of stocks traded and a high value of percentage in the year of 

1995.  Mutual funds showed a strong tendency to trade different stocks during the 

first trading day of 1994, but not so in the following years, indicating that with 

experience fund managers tend to narrow their targets at the beginning of the year as 

the number of funds and stocks grew. 

Insert Table I here 

II.B. Measurement of Mutual Fund Herding 

Herding refers to any mass movement toward trading a particular stock 

irrespective of the reason.  Following Lakonishok, Shreifer, and Vishny (1992) and 

Wermers (1999), we provide a measure of herding for various investment periods.  

The measure of herding for a given stock i in a given period t is defined as: 
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where tiB ,  is the number of funds that increase their holdings in stock i during 

period t (net buyers), tiS , is the number of funds that decrease their holdings in stock i 

during period t (net sellers), n is the number of stocks traded by funds during period t, 

and Pi,t is the proportion of net buyers of stock i to all funds trading stock i during 

period t.  We use the proportion of net buyers to all stocks traded by funds during 

period t as a proxy for E(pi,t), the expected buy ratio of mutual funds.  The 

adjustment factor (AF) is the expected value of | pi,t –pt| under the null hypothesis of 

no herding.  Since tiB ,  follows a binominal distribution, we can calculated AF as 
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Furthermore, we use an additional herding measure developed by Wermers (1999) 

to distinguish between buy herding and sell herding.  Buy herding measure for stock 

i, BHMi,t, is conditional on the proportion of funds trading stock i on the buy side 

being higher than the average proportion across stocks during the same period.  
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Likewise, the sell herding measure for stock i, SHMi,t, is conditional on the proportion 

of funds trading stock i on the sell side being lower than the average proportion 

across stocks during the same period.  Their mathematical expressions are as 

follows: 
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II.C.  Regime Switching Model 

Regime switching models are designed to capture changes in the economic 

system from which the data are derived.  We use Hamilton’s (1988, 1989) regime 

switching model to describe and analyze the dynamics of mutual fund herding 

behavior. 

Hamilton’s regime switching models have gained increasing popularity in the past 

decade with ever wider applications.  These regime switching models build on the 

standard AR (autoregressive) and ARCH (autoregressive conditional heteroscedastic) 

models and allow some of the parameters to change in a discrete fashion over time.  

For example, the mean µ  of a time series yt may change across the J possible 

values Jµµµ ...,, ,21  over time.  In such a case it is convenient to denote the mean 

parameter as
tSµ , where st is an unobservable discrete random variable that takes the 

values: 1,2,…,J, indicating one of the J possible regimes.  The corresponding 

density function of yt, being dependent on the regime indicator st, can be written 

as ),|( 1−ttt Ysyf , where ,...},,{ 3211 −−−− = tttt yyyY  represents the information set 

containing all the past observations on yt.  By assuming st to be a random variable 
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with conditional regime probabilities )|( 1−=≡ ttjt YjsPp , for j=1,…,J, we can obtain 

the marginal density )|( 1−tt Yyf  by integrating the unobservable random variable st 

with the joint density ),|( 1−= ttt Yjsyf .  It is the resulting marginal density 

)|( 1−tt Yyf  that is used to construct the likelihood function for the maximum 

likelihood estimation.  As to the specification of the conditional probabilities pjt of 

the regime indicator st, it has become quite common to assume that st follows a 

first-order Markov chain: )|(),...,,|( 1121 isjsPYksisjsP tttttt ====== −−−−  

(which are referred to as transitional probabilities).  Using this assumption, it is 

straightforward to recursively calculate pjt, for all j = 1,…,J, and t = 1,…,T, where T 

is the sample size. 
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.  EmpiricⅢ al Results 

III.A. Informational cascades vs. investigative herding 

The herding measures, HM, BHM, and SHM, as shown in the following results, 

are computed over all stocks in varying frequencies (15 minutes, 30 minutes, hourly, 

daily, weekly, monthly, and quarterly) and for various number of funds trading the 

stocks (traded by at least 3, 4, 5, 6, 10, 15, 20, 25, 30, 35, 40 funds). 

Figure 1 presents herding of mutual funds exhibited by our sample.  The average 

herding measure for the quarterly frequency is 0.100, which is much higher than the 

0.027 reported by Lakonishok et al. (1992) and the 0.034 by Wermers (1999), 

suggesting that there is strong herding among mutual funds in Taiwan.  Furthermore, 

we looked at the herding measure over the quarterly, monthly, and weekly frequencies. 

We found the average of quarterly, monthly, and weekly herding measures to be 

above 0.079 and that it increased as the numbers of funds traded increased.  In the 

frequency of intraday, the average herding measure is above 0.030 and behaves 

similar to the pattern for the longer frequencies when fewer than 15 funds trade. 

Herding is more likely when a large number of funds trade the same stock, implying 

that a bigger group of funds trading the same stock makes a stronger herd. 

The findings above seem to suggest that informational cascades are at work.  If 

mutual funds herd as a consequence of investigative herding (following the same 

observable signals), there should be a large number of funds herding within a short 

period of time.  Our result, however, shows that a small number of funds herd in the 

intraday frequency and that in general the herding measure increases as the frequency 
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decreases.  For example, quarterly herding measure is noticeably greater than daily 

herding measure.  Thus, it means that herding is not a short process; it takes a long 

time for a large group of funds to have behaved similarly. 

  In addition, in the case that the number of funds trading the same stock is below 

15, herding is noticeable across all frequencies.  But as the number of funds 

increases over 20, the hourly herding measure drops from 0.101 to 0.025, albeit the 

quarterly measure remains as high as 0.108.  This finding suggests that the number 

of funds herding increases as sampling frequency decreases.  Therefore, our initial 

evidence indicates that mutual funds herd as a result of informational cascades rather 

than investigative herding. 

Insert Figure 1 here 

The message conveyed in Figure 2 is consistent with the evidence shown in figure 

1.  Figure 2 shows the percentage of observations available in various frequencies 

and for different numbers of funds trading the same stock.  In our sample sometimes 

herding measure for a certain number of funds trading the same stock cannot be 

calculated, which would result in a missing observation.  The missing-observation 

problem happens more frequently in higher frequency samples because there are 

fewer funds trading the same stock within a shorter period of time.  We find that the 

higher is the sampling frequency, the fewer are the herding measure observations.  If 

mutual funds herd due to investigative herding, the number of herding measure 

observations should be quite even across different classifications of number of funds 

trading the same stock and sampling frequencies.  However, Figure 2 shows that the 

number of herding measure observations decreases with the number of funds trading 

the same stock and increases with the length of the frequency.  The percentage of 
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available observations drops from 93.8% for 3 funds trading the same stock to almost 

0% for over 20 funds trading the same stock in the hourly frequency.  And for the 

case where 20 funds trading the same stock there are very few herding measure 

observations in the frequencies less than (including) daily.  It seems that unlikely 

mutual funds herd for the reason of investigative herding. 

Insert Figure 2 here 

III.B. Mutual funds herding is contemporaneously associated with private information 

Informational cascades imply that some mutual funds have information earlier 

than others and it is worthwhile for mutual funds to ignore their own noisy 

information as well as to infer information from each other’s trades.  Thus, 

informational cascades imply that herding should have information content.  We 

now examine whether or not herding is associated with private information on the 

part of mutual funds. 

Barclay and Warner (1993) and Chakravartys’ (2001) argue that traders tend to 

have private information during the period that displays significant price increases.  

Hence, we posit that mutual fund herding is more likely to occur in stocks with larger 

price increase or larger price decrease.  We begin our analysis by dividing stocks 

into two groups: (1) those having price increase and (2) the others experiencing price 

decrease over a period of time.  Then we sort stocks into eight portfolios by the 

magnitude of price increase and decrease, respectively.  The first portfolio for price 

decrease (D1) contains the stocks experiencing the greatest magnitude of price 

decrease, and the last portfolio (D4) contains the stocks with only a little price 
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decrease.  We repeated the procedure with the price increase subgroup.  The first 

portfolio for increase (I1) contains the stocks experiencing the greatest magnitude of 

price increase, and the last portfolio (I4) contains the stocks with only a little price 

increase. 

Figures 3-1 to 3-4 and Table II present the herding measures in different 

frequencies (daily, weekly, monthly, and quarterly) for eight portfolios from D1 (the 

largest price decrease) to I1 (the largest price increase).  Figures 3-1 to 3-4 present 

the cases for 3, 4, 5 and 6 mutual funds trading the same stock.  All four figures 

reveal a U-shaped pattern across different sampling frequency.  Both most price 

decreasing and most price increasing portfolios have highest herding measures.  In 

addition, similar to the phenomenon in Figures 1 and 2, the herding measure increases 

as sampling frequency lengthens.  The finding is consistent with the hypothesis that 

mutual funds herding is associated with private information and informational 

cascades have information contents. 

Insert Figures 3-1 to 3-4 here 

Table II shows the herding measure of the eight portfolios from D1 to I1 in 

different sampling frequencies and for different numbers of mutual funds trading the 

same stock.  The third column to the right of Table II shows that the mean herding 

measure of the eight portfolios is significantly different.  All F-test statistics except 

in one case are statistically significant at the 1% level.  The second (first) column to 

the right of Table II shows difference in mean herding measure between portfolio D1 

(I1) and other seven portfolios.  Thus, the herding measure of the eight portfolios is 

significantly different.  This is the case for different sampling frequencies and 

different numbers of funds trading the same stock.  
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Insert Table II here 

III.C. Mutual funds herding is associated with past stock returns and has information 

content for future stock returns 

Earlier we showed that mutual funds herding was contemporaneously positively 

related to the volatility of stock price, which helped us to infer that herding is 

associated with information.  Here we would like to investigate if future stock return 

is associated with past herding, which would enable us to further substantiate our 

assertion that mutual funds herding has information content.  

To conduct our analysis, we classify stocks into four portfolios according to the 

magnitude of change in stock price of last month.  We then calculate the mean of the 

monthly herd measure of the stocks in one of the four portfolios.  Table III reports 

the mean herd measure of each portfolio.  In Table III R1 is the portfolio composed 

of stocks that experienced the lowest rate of return.  The rate of return of the stocks 

in portfolios 1 through 4 is in ascending order.  Thus, portfolio R4 contains stocks 

that experienced the highest rate of return. 

Depending on the side of trade herd measure is the highest either in the lowest or 

the highest prior-month return quintiles.  On the buy side, herd measure is 

significantly higher in the highest prior-month return stocks than in the lowest ones, 

indicating that mutual funds herd to buy past winners.  On the sell side herd measure 

is significantly lower in the highest prior-month return stocks than in the lowest ones, 

suggesting that mutual funds herd to sell past losers.  Thus, our results suggest that 

mutual funds employ momentum trading strategy of buying winners and selling 



 23

losers. 

Insert Table III here 

Momentum trading may be a result of information advantage rather than strategy 

per se.  To explore this issue, we examine the relation between herding and past, 

contemporaneous, and future stock returns.  If momentum trading has information 

content, contemporaneous and especially future returns ought to be significantly 

positively associated with buy herd measure and significantly negatively associated 

with sell herd measure. 

We divide the stocks traded by at least five funds during a given quarter into two 

groups: (1) that having the higher proportion of funds buying the same stock than the 

average proportion across stocks and (2) that having the higher proportion of funds 

selling the same stock than the average proportion across stocks.  We then sort 

stocks by BHM and SHM, respectively, and form corresponding buy and sell 

portfolios.  The first buy portfolio (B1) contains the stocks that funds are strongest 

to herd in purchase, and the last buy portfolio (B5) contains the stocks with only a 

little greater proportion of buyers than average across stocks.  We repeated the 

procedure with the sell portfolios.  The first portfolio (S1) contains the stocks that 

funds are strongest to herd in sell, and the last one (S5) contains the stocks with only 

a little greater proportion of sellers than average across stocks. 

Next, we calculate each of these ten portfolios’ size-adjusted, equally-weighted, 

abnormal quarterly returns during the previous two quarters, the formation quarter 

(the quarter in which quarterly herd measure is calculated), and the following year.  

To calculate size-adjusted portfolio returns, we first sort all stocks on the TSEC by 
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size and form 10 size decile portfolios.  We then subtract, from the quarterly return 

of each stock in the portfolio, the quarterly return of the equal-weighted portfolio of 

all TSEC stocks which belong to the same size decile as that stock at the beginning of 

the quarter.  Table IV presents the results for the ten portfolios from B1 to S1.  The 

average size-adjusted abnormal returns of portfolio B1 (B1 to B5) through formation 

to the next 9 months are significantly higher than those of portfolio S1 (S1 to S5), 

indicating that stocks with strong buy herd outperform those with strong sell herd.  

Thus, momentum trading seems to contain some information content.  Thus, it is 

possible momentum trading is a result of private information advantage rather than 

just an artifact of trading strategy. 

However, Table IV also shows that momentum trading on the sell side has more 

information content than that on the buy side does.  On the buy side, significant 

positive returns are observed only during the formation period.  In contrast, 

significant negative returns are pervasive both during the after the formation period 

and stay significant for as long as one year thereafter.  This phenomenon suggests 

that mutual funds herding tend to be related to private information more on the sell 

side than on the buy side. 

Insert Table IV here 

The results reported in Table IV are based on analysis in quarterly frequency.  It 

is possible that momentum trading can be observed in higher frequencies.  In the 

following we analyze if momentum trading has information content even in the 

higher frequency samples.  This analysis is meaningful because the duration of 

mutual funds’ information advantage may be so short that what we observe in the low 

frequency data is only the manifestation of high-frequency phenomenon.  In addition, 
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it is also possible that the information advantage of mutual funds may last only long 

enough to appear in the higher frequency data.  Figure 4 shows the cumulative 

size-adjusted abnormal portfolio returns for the monthly frequency for the heavy buy 

portfolio (B1) and the heavy sell (S1) portfolio from one year before the formation 

month until one year after it.  Mutual funds that herd to buy (sell) stocks heavily 

have positive (negative) cumulative size-adjusted abnormal returns in the formation 

month and the following 12 months. 

The figure also shows that mutual funds herd to buy the sharp appreciated stocks 

and to sell the sharp depreciated stocks over the previous month.  In the case of 

heavy herd on the buy side, momentum trading seems to be a continuation of a long 

up trend of stock price but the ensuing abnormal return is most obvious only in the 

formation month.  The cumulative abnormal return gains only a little in the first 

month after the formation period and start to decline after the second month.  This 

indicates that when mutual funds herd on the buy side, they catch the tail end of a 

trend and thus do not seem to possess too much information advantage. 

In contrast, in the case of heavy herd on the sell side, momentum trading seems to 

start soon after a sharp turn in the stock price and the ensuing abnormal return persists 

throughout the year after the formation month.  The cumulative abnormal return 

continues to become more negative with time (meaning that mutual fund that sell in 

the formation period make significant profits).  This indicates that when mutual 

funds herd on the sell side, they time the market very well and thus seem to possess 

impressive information advantage. 

The results for the daily frequency are depicted in Figure 5, which, although 

consistent with what we observe in Figure 4, provides an interesting pattern.  The 
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cumulative size-adjusted abnormal daily returns for the heavy buy portfolio (B1) and 

the heavy sell (S1) portfolio from 60 days before until 60 days after the formation day 

are shown.  Even in the daily frequency there is an obvious sign of momentum 

trading. 

The stocks mutual funds herd strong to buy persistently and significantly 

outperform those mutual funds strong herd to sell over the following 60 days.   

Mutual funds herd to buy the sharp appreciated stocks over the previous month and to 

sell the sharp depreciated stocks over the previous few days.  The return for the 

strong buy herd portfolio substantially increased during the month prior to the 

formation day and that for the strong sell herd portfolio sharply decreased during the 

seven days prior to the formation day.  In the case of heavy herd on the buy side, 

momentum trading seems to be a continuation of a long up trend of stock price but 

the ensuing abnormal return is most obvious only in the formation day and two days 

afterwards.  The cumulative abnormal return gains substantially only in the first two 

days after the formation day and picks up small marginal gains thereafter throughout 

the 60-day period.  This indicates that mutual funds adopt short-term momentum 

strategy on the buy side but they catch the tail end of a trend and thus do not seem to 

possess too much information advantage. 

In contrast, in the case of heavy herd on the sell side, short-term momentum 

trading seems to start soon after a sharp turn in the stock price and the ensuing 

abnormal return persists throughout the 60-day period after the formation day.  The 

cumulative abnormal return continues to become more negative with time (meaning 

that mutual fund that sell in the formation day make significant profits afterwards).  

This indicates that when mutual funds herd on the sell side, they time the market very 
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well and thus seem to possess impressive information advantage. 

In sum, our findings suggest that the momentum strategy adopted by mutual funds 

in Taiwan is based on private information about fundamentals, rather than merely a 

result of fund managers observing past returns, supporting Wermers’ (1999) view that 

herding is highly related to “rational” positive feedback trading strategies. 

Insert Figures 4 and 5 here 

III.D. Mutual funds herding and the size of stocks 

In the literature there is a pervasive view that the amount of information available 

to investors has bearing on the market capitalization (size) of stock.  For example, 

Falkenstein (1996) and Wermers (1999) suggest that fund managers receive lower 

precision earnings information from small companies.  In addition, larger firms tend 

to be followed by more analysts and thus it is easier for investors to acquire the 

information about larger firms. 

Mutual funds in Taiwan tend to have higher information advantage in the stocks 

of large size than in the stocks of smaller size, and they have information advantage 

in stocks of all sizes for two reasons.   On one hand, mutual funds employ many 

analysts to do research on listed firms.  The sole purpose of the research is for 

in-house investment advice for fund managers.  The vast resources of a mutual fund 

company make its analysts very effective in analyzing available information.  On the 

other hand, fund companies generally manage many funds at the same time.  The 

total fund size is big enough for the management of listed firms to be concerned about 

the impact of the investment decision of mutual funds.  As a result, when 
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approached by mutual fund managers, listed companies tend to be cooperative in 

providing privileged information. 

Empirical evidence regarding the relation between stock size and herding is not 

conclusive.  Wermers (1999) finds that herds form much more often on the sell side 

than on the buy side in trades of small stocks, but that levels of buy-side and sell-side 

herding are roughly equivalent among larger stocks.  Falkenstein (1996) finds that 

mutual funds show an aversion to small firms to avoid stocks with little information. 

Sias (2004) reports that institutional herding results from institutions inferring 

information from each other’s trades in small stocks.   

In this section we examine if mutual funds herding is related to the size of stock. 

Stocks are categorized into four portfolios based on their size.  Portfolios S1 to S4 

contain stocks in ascending size.  We then calculate the mean herding measure of 

stocks in a portfolio.  Table V presents the mean monthly buy and sell herding 

measure of the four size portfolios for different numbers of funds trading the same 

stock.  Herding measures for other sampling frequencies are qualitatively similar. 

We find that herding measure is in general higher on the buy side than on the sell 

side, but the gap between the herding on the buy side and the sell side shrinks with 

the size of stocks.  The gap is practically zero for the largest-size portfolio.  That 

herding on the buy side and sell side is about the same for the large portfolios is 

similar to Wermers’ (1999) finding.  In addition, although buy herding measure is 

somewhat larger in small stocks than in large stocks, it is about the same across 

different size portfolios.  This is also similar to Wermers’ (1999) finding.  These 

two pieces of evidence combined suggest that mutual funds tend to buy a broad 

basket of stocks so that investment performance would not be too deviant from the 
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market in general.  That fund managers tend to herd on the buy side more than on 

the sell side across different sizes of stocks is consistent with the nature of mutual 

funds being in the business of profiting on the upside of the stock market.   

However, there is a significantly higher level of herding in large stocks than in 

small stocks in the sell measure, which is different from the finding of Wermers (1999) 

but is consistent with that of Falkenstein (1996).  Herding to sell large stocks could 

be a result of avoiding selling illiquid stocks facing redemption by investors 

(Falkenstein (1996)).  It also could be that mutual funds have information advantage 

on large stocks relative to small stocks (Wermers (1999)).  In Taiwan, the price of 

small stocks is known to be easily manipulated by insiders.  It is reasonable for 

mutual funds to invest less of their research resources in small stocks than in large 

stocks that are more transparent and thus price manipulation is less likely.  Finally, 

the pattern in December is similar to that in January through November. 

Insert Table V here 

III.E. Herd is formed by mutual funds with information advantage 

So far we have collected some evidence that mutual funds herding is due to 

private information.  Here we would like to investigate this issue further by testing 

cross-sectionally if herd is formed by funds that have information advantage.  We 

employee panel data regression to analyze the relationship between herding measure 

and proxies for the extent of mutual funds’ information capability: ratio of mutual 

funds’ trading volume to total trading volume (Fund_Volume), ratio of the number of 

fund companies trading the stock to total number of fund companies (Fund_Ratio) in 
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Taiwan, average fund size of mutual funds trading the stock (Fund_Size).   

If mutual funds herd on information during a period of time, they should trade 

relatively more than other investors.  That is the fraction of mutual funds’ trading 

volume should be positively correlated with herding measure.  Moreover, if some 

funds have private information that others do not possess, then we would expect these 

few information-privileged funds to trade shortly after acquiring the information, over 

time, as the information is gradually released to other funds, a larger number of funds 

should herd over the longer time frame.  That is the coefficients associated with 

Fund_Ratio should be negative in the short time and positive over the longer time 

frames. 

We also hypothesize that the larger the size of fund, the more information 

advantages it has.  That is, a bigger fund may have more resources and analysts to 

pursuit corporate information.  Thus it has more opportunities to exploit any private 

information advantages.  So we use fund size to proxy for the extent of mutual 

funds’ private information advantage. 

Three control variables are included in the regression.  The logarithm of market 

returns (Market_Rt) proxies for fund managers’ preference to trade based on a market 

wide benchmark.  The turnover rate of the stock that funds trade (Turnover) and the 

market size of the stock (Size) proxy the preferences of funds’ holdings as suggested 

by Falkenstein (1996).  Regression analysis is done for herding measure, buy 

herding measure and sell herding measure, respectively, as shown in the following. 

1 2 3

4 5 6

                      ( _ ) ( ) ( _ )
(  or )         ( _ ) ( ) ( _ )

it i it it it

it it t it it it

HM Fund Volume C Fund Size
BHM SHM Market Rt Turnover Stock Size

α β β β
β β β ε

= + + + +
+ + +

 (1) 
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We use two models of panel data regression: (1) the fixed model takes iα  to be a 

group-specific constant term in the regression and iα  does not vary over time, (2) 

the random effects model specifies that iα  is a group specific random element.  We 

employ the analysis for different sampling frequencies, daily, weekly, and monthly, in 

hope of gaining more insights on the relation between herding measure and 

information. 

In the panel data analysis for the daily frequency, there are 402 securities over 

1,389 days, a total of 558,378 observations.  There are 431 (441) securities over 256 

weeks (60 months), a total of 110336 (26460) observations in the weekly (monthly) 

frequency.  Regression results for HM, BHM, or SHM are reported in panels A-C of 

Table VI. 

Insert Table VI here 

Consistent with what we expect, the coefficients associated with variable 

Fund_Volume are all significantly positive across the fixed effects and random effects 

models for the three sampling frequencies (daily, weekly, or monthly) in Panels A-C.  

This means that when mutual funds herd more heavily, their trading volume is also 

heavier relative to other traders. 

Moreover, Table VI reveals that the coefficient of Fund_Ratio is significantly 

negative for the sample of daily frequency but significantly positive for the samples 

of weekly and monthly frequency.  This means, in the beginning relatively few 

funds participate in the trading of a stock.  With time more and more funds 

participate in the herd.   
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Consistent with our findings above, Table VI shows that fund size is positive 

correlated with the herding measure for the weekly and monthly sampling frequencies, 

supporting the hypothesis that herd is formed by funds with information advantage.  

However, fund size is either statistically insignificant or significantly negative in the 

sample of daily frequency. 

The coefficients associated with the control variable Market_Rt are generally 

significantly positive for the buy herding measure and significantly negative for the 

sell herding measure, suggesting that fund managers would try to follow the 

benchmark some what.  This is consistent with the reputational hypothesis. 

Consistent with the findings of Falkenstein (1996), mutual funds display 

preference in trading the liquid and large stocks.  The coefficients associated with 

Turnover and Size are all significantly positive, implying that fund managers have a 

comparative advantage in holding stocks with low transaction cost and large size. 

III.F. Herding does not seem to be induced by window dressing 

Table VII depicts herding measure for different sub-periods: the first, middle, and 

the last number of days of the month.  Panels A through E are the results for 

different number of days (5, 4, 3, 2, and 1) in the first and last sub-periods of the 

month.  The middle period represents the remaining days of the month.  F-test does 

not indicate that there is significant difference in the herding measures of the three 

sub-periods.  Thus, Table VII does not support the window dressing hypothesis.  

That is, mutual funds do not seem to dispose of losers simultaneously to patch up 

their performances. 
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Insert Table VII here 

III.G. Herding does not seem to be induced by following the leader 

We also examine the “follow the leader” and “window dressing” hypotheses by 

adopting a Hamilton’s regime switching model to gauge whether herding behavior 

changes as mutual funds follow the leader or conduct window dressing  during the 

beginning or the end of the month, the quarter and the year.  Our empirical analysis 

shows no such pattern of regime switching in the herding behavior of mutual funds.  

Thus, mutual fund herding does not appear to be caused by follow the leader strategy 

or by window dressing. 
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.  ConclusionⅣ  

This paper investigates the herding behavior of mutual funds in Taiwan.  We find 

much higher levels of herding among mutual funds in Taiwan than in the US (See 

Lakonishok et al. (1992) and Wermers (1999)).  Our empirical analysis suggests that 

mutual funds herd mainly because they possess private information and they obtain 

information sequentially.  At the beginning of a herding event, only a few funds are 

involved.  Gradually other funds join as private information is revealed to them.  

This type of herding behavior cannot be observed in the existing literature mainly 

because that previous studies only observe funds’ stockholdings at the end of a 

quarter.  We provide evidence to substantiate Sias’s (2004) view that herding 

behavior is specific to institutional environment. 

However, Sias concluded that institutional investors herded because they ignore 

their private information and infer information from each other’s trade.   Although 

on the face our explanation for herding is inconsistent with that of Sias, in essence our 

result embraces his conclusion because he only observed quarterly data.  Since we 

find that herding measure becomes greater as sampling interval lengthens, the 

inventory of mutual funds obtaining information later in this period would certainly 

be related to that of other funds obtaining information earlier in the previous period, 

which makes mutual funds look like they mimic each others’ trade.  Therefore, there 

is no inherent difference between Sias’ and our findings.  We are able to depict a 

more accurate picture of herding because we were able to reconstruct the inventories 

of mutual funds over very short holding periods using intraday data. 
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Table I 

Summary Statistics of Mutual Funds’ Trading Activities 

 Year 
 1995 1996 1997 1998 1999 

Panel A: Fund Counts 
Number of funds 71 87 106 145 175 

Average number of funds trading the 
same stock, average across stocks 

per day 
1.8 
(1) 

2.1 
(2) 

2.1 
(1) 

2.2 
(1) 

2.8 
(1) 

per week 
3.4 
(2) 

4.3 
(3) 

4.4 
(3) 

4.3 
(2) 

5.6 
(2) 

per month 
6.5 
(3) 

8.3 
(5) 

8.2 
(4) 

8.3 
(3) 

10.8 
(3) 

per quarter 
10.1 
(5) 

12.7 
(8) 

12.5 
(7) 

13.5 
(6) 

16.5 
(4) 

per year 
15.9 
(9) 

21.5 
(14) 

21.8 
(14) 

24.6 
(12) 

27.7 
(8) 

Panel B: Stock Counts 
Number of stocks traded by funds 347 375 400 434 445 

Percent of all TSE stocks 100 98.17 99.01 99.31 96.32 

Average number of stocks traded per 
fund  

per day 
5.8 

(1.67) 
7.5 

(1.96) 
5.9 

(1.46) 
4.5 

(1.03) 
4.4 

(0.95) 

per week 
14.8 

(4.27) 
19.6 

(5.13) 
15.7 

(3.89) 
11.2 

(2.56) 
11.2 

(2.42) 

per month 
31.8 

(9.16) 
40.5 

(10.60)
33.7 

(8.34) 
26.6 

(6.09) 
25.6 

(5.54) 

per quarter 
51.7 

(14.90)
62.4 

(16.34)
52.1 

(12.90)
44.6 

(10.21) 
43.2 

(9.35) 

per year 
82.9 

(23.89)
99.5 

(26.05)
89.4 

(22.13)
78.5 

(17.96) 
76.6 

(16.58)
The numbers in parentheses are the median values for Panel A and the percentages of the total number 
of stocks for Panels B and C. 
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Table I—Continued 

 Year 

 1995 1996 1997 1998 1999 
Panel C: Mutual fund’s trading at the turn of a calendar period 

First Quarter 
Number of stocks traded by 

    >=1 Fund 
314 

(90.49)
362 

(94.76)
403 

(99.75)
418 

(95.65) 
422 

(91.34)
    >= 5 Funds 168 

(48.41)
228 

(59.69)
280 

(69.31)
252 

(57.67) 
213 

(46.10)
    >=10 Funds 107 

(30.84)
138 

(36.13)
195 

(48.27)
158 

(36.16) 
141 

(30.52)
    >=20 Funds 56 

(16.14)
59 

(15.45)
100 

(24.75)
88 

(20.14) 
100 

(21.65)
    >=30 Funds 24 

(6.92) 
25 

(6.54) 
56 

(13.86)
55 

(12.59) 
66 

(16.29)
    >=50 Funds 5 

(1.44) 
4 

(1.05) 
17 

(4.21) 
25 

(5.72) 
43 

(9.31) 
    >=100 Funds 0 

(0.00) 
0 

(0.00) 
0 

(0.00) 
0 

(0.00) 
5 

(1.08) 

First Month 
Number of stocks traded by 

    >= 1 Fund 
275 

(79.25)
351 

(91.88)
391 

(96.78)
393 

(89.93) 
395 

(85.50)
    >= 3 Funds 149 

(42.94)
264 

(69.11)
299 

(74.01)
262 

(59.95) 
189 

(40.91)
    >= 5 Funds 114 

(32.85)
175 

(45.81)
232 

(57.43)
170 

(38.90) 
137 

(29.65)
    >=10 Funds 59 

(17.00)
86 

(22.51)
129 

(31.93)
83 

(18.99) 
88 

(19.05)
    >=20 Funds 16 

(4.61) 
27 

(7.07) 
50 

(12.38)
30 

(6.86) 
49 

(10.61)
>=30 Funds 4 

(1.15) 
7 

(1.83) 
25 

(6.19) 
11 

(2.52) 
33 

(7.14) 
    >=50 Funds 0 

(0.00) 
0 

(0.00) 
0 

(0.00) 
0 

(0.00) 
13 

(2.81) 

First Day 
Number of stocks traded by 

    >= 1 Fund 
258 

(74.35)
102 

(26.70)
201 

(49.75)
90 

(20.59) 
97 

(21.00)
>= 2 Funds 95 

(27.38)
45 

(11.78)
85 

(21.04)
32 

(7.32) 
49 

(10.61)
>= 3 Funds 57 

(16.43)
19 

(4.97) 
43 

(10.64)
6 

(1.37) 
21 

(4.55) 
>= 4 Funds 32 

(9.22) 
9 

(2.36) 
20 

(4.95) 
1 

(0.23) 
11 

(2.38) 
    >= 5 Funds 22 

(6.34) 
4 

(1.05) 
8 

(1.98) 
1 

(0.23) 
5 

(1.08) 



Table II 

Herding Measure for Different Number of Funds Trading the Same Stock in Different Frequencies for Stock Portfolios Sorted by Their 
Magnitude of Price Change 

 D1 D2 D3 D4 I4 I3 I2 I1 F-value D1-Others I1-Others 

At Least 3 Funds Trading the Same Stocks 
0.0952 0.0634 0.0512 0.0536 0.0526 0.0587 0.0756 0.1461 0.0254 0.0823 

Quarterly 
(16.47)*** (12.66)*** (10.71)*** (10.71)*** (10.37)*** (10.76)*** (13.72)*** (20.94)***

32.88*** 
(4.18)*** (11.35)*** 

0.0704 0.0462 0.0337 0.0407 0.0382 0.0358 0.0473 0.0936 0.0216 0.0492 
Monthly 

(20.07)*** (14.08)*** (10.41)*** (11.85)*** (11.67)*** (10.86)*** (14.10)*** (25.73)***
39.34*** 

(5.67)*** (12.77)*** 

0.0555 0.0391 0.0331 0.0364 0.0331 0.0332 0.0425 0.0789 0.0116 0.0395 
Weekly 

(28.33)*** (18.92)*** (15.48)*** (16.12)*** (15.97)*** (16.16)*** (21.69)*** (38.49)***
67.77*** 

(5.46)*** (18.00)*** 

0.0591 0.0491 0.0443 0.0437 0.0505 0.0476 0.0519 0.0760 0.0043 0.0258 
Daily 

(34.57)*** (25.59)*** (21.45)*** (19.89)*** (26.92)*** (23.84)*** (30.47)*** (49.39)***
42.08*** 

(2.34)** (15.16)*** 

At Least 4 Funds Trading the Same Stocks 
0.1183 0.0748 0.0597 0.0611 0.0624 0.0634 0.0796 0.1517 0.0401 0.0783 

Quarterly 
(19.80)*** (14.00)*** (11.72)*** (11.82)*** (11.99)*** (11.26)*** (14.26)*** (21.38)***

33.95*** 
(6.21)*** (10.59)*** 

0.0873 0.0582 0.0484 0.0529 0.0495 0.0444 0.0580 0.1019 0.0268 0.0452 
Monthly 

(23.50)*** (16.59)*** (13.86)*** (14.40)*** (14.04)*** (12.82)*** (16.56)*** (27.52)***
35.58*** 

(6.58)*** (11.46)*** 

0.0701 0.0569 0.0488 0.0499 0.0457 0.0464 0.0534 0.0888 0.0123 0.0351 
Weekly 

(33.12)*** (24.61)*** (20.09)*** (19.66)*** (19.61)*** (20.13)*** (25.05)*** (41.07)***
50.05*** 

(5.36)*** (15.09)*** 

0.0689 0.0648 0.0605 0.0583 0.0662 0.0631 0.0646 0.0840 0.0002 0.0196 
Daily 

(33.62)*** (26.86)*** (22.65)*** (20.09)*** (27.26)*** (24.65)*** (30.49)*** (46.76)***
16.70*** 

(0.08) (9.74)*** 
***, **, * Significant at 1%, 5%, and 10% levels, respectively. 
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Table II-Continued 
 

 D1 D2 D3 D4 I4 I3 I2 I1 F-value D1-Others I1-Others 

At Least 5 Funds Trading the Same Stocks 

0.1250 0.0831 0.0682 0.0663 0.0661 0.0676 0.0843 0.1585 0.0399 0.0789 
Quarterly 

(20.28)*** (14.62)*** (12.61)*** (12.45)*** (12.36)*** (11.38)*** (14.71)*** (22.35)***
33.46*** 

(5.94)*** (10.65)*** 

0.0990 0.0666 0.0607 0.0593 0.0571 0.0486 0.0638 0.1058 0.0311 0.0411 
Monthly 

(25.40)*** (17.46)*** (16.27)*** (15.12)*** (15.18)*** (13.32)*** (17.51)*** (28.05)***
32.27*** 

(7.26)*** (10.17)*** 

0.0800 0.0676 0.0603 0.0575 0.0550 0.0554 0.0613 0.0943 0.0131 0.0312 
Weekly 

(34.80)*** (26.19)*** (22.13)*** (20.24)*** (20.95)*** (21.70)*** (26.90)*** (41.28)***
37.15*** 

(5.23)*** (12.57)*** 

0.0763 0.0782 0.0755 0.0740 0.0746 0.0739 0.0749 0.0887 -0.0027 0.0133 
Daily 

(31.51)*** (26.24)*** (22.57)*** (19.89)*** (24.21)*** (22.82)*** (29.47)*** (42.58)***
4.90*** 

(-1.02) (5.60)*** 

At Least 6 Funds Trading the Same Stocks 

0.1298 0.0892 0.0761 0.0726 0.0690 0.0680 0.0839 0.1579 0.0405 0.0743 
Quarterly 

(20.08)*** (15.04)*** (13.33)*** (13.24)*** (12.35)*** (11.01)*** (14.27)*** (22.15)***
29.85*** 

(5.79)*** (9.94)*** 

0.1058 0.0736 0.0647 0.0655 0.0635 0.0522 0.0700 0.1102 0.0320 0.0395 
Monthly 

(25.80)*** (18.17)*** (16.02)*** (15.75)*** (16.03)*** (13.46)*** (18.75)*** (28.71)***
29.96*** 

(7.13)*** (9.58)*** 

0.0853 0.0763 0.0674 0.0635 0.0630 0.0615 0.0647 0.1000 0.0118 0.0305 
Weekly 

(34.15)*** (26.80)*** (22.35)*** (20.34)*** (21.83)*** (21.72)*** (26.09)*** (41.32)***
31.05*** 

(4.34)*** (11.57)*** 

0.0768 0.0853 0.0908 0.0866 0.0818 0.0820 0.0818 0.0915 -0.0095 0.0089 
Daily 

(27.22)*** (23.22)*** (21.16)*** (18.42)*** (21.07)*** (20.10)*** (25.83)*** (37.86)***
2.73** 

(-3.06)*** (3.22)*** 

***, **, * Significant at 1%, 5%, and 10% levels, respectively. 

 



Table III 

Mean Herding Measures of Mutual Funds Sorted by Prior-Month Stock Return 

  R1 
(Low 

Return) 

R2 R3 R4 
(High 

Return) 

R4-R1 

Panel A: Number of Funds to Trade >= 3 

Jan~Nov BHM 0.0514 0.0532 0.0642 0.0762 0.0248***

 SHM 0.0582 0.0380 0.0411 0.0358 -0.0224***

 HM 0.0570 0.0453 0.0520 0.0580 0.0010 

Dec BHM 0.0450 0.0674 0.0252 0.0876 0.0426* 

 SHM 0.0084 0.0191 0.0230 0.0620 0.0536** 

 HM 0.0284 0.0425 0.0265 0.0722 0.0438** 

Total BHM 0.0509 0.0544 0.0609 0.0772 0.0263***

 SHM 0.0541 0.0364 0.0396 0.0380 -0.0161** 

 HM 0.0547 0.0450 0.0499 0.0591 0.0044 

Panel B: Number of Funds to Trade >= 4 

BHM 0.0365 0.0553 0.0448 0.0784 0.0419***

SHM 0.0761 0.0573 0.0576 0.0485 -0.0276***

Jan~Nov 

HM 0.0692 0.0617 0.0631 0.0653 -0.0039 

Dec BHM 0.0566 0.0742 0.0285 0.0927 0.0361* 

 SHM 0.0365 0.0553 0.0448 0.0784 0.0419 

 HM 0.0547 0.0656 0.0407 0.0839 0.0292 

Total BHM 0.0514 0.0631 0.0639 0.0788 0.0274***

 SHM 0.0728 0.0571 0.0565 0.0510 -0.0218***

 HM 0.0680 0.0621 0.0612 0.0669 -0.0011 

Panel C: Number of Funds to Trade >= 5 

BHM 0.0603 0.0756 0.0793 0.0845 0.0242** 

SHM 0.0813 0.0646 0.0650 0.0532 -0.0281***

Jan~Nov 

HM 0.0761 0.0712 0.0724 0.0716 -0.0045 

Dec BHM 0.0605 0.0715 0.0668 0.1006 0.0401* 

 SHM 0.0470 0.0649 0.0459 0.0784 0.0314 

 HM 0.0628 0.0727 0.0563 0.0881 0.0253 

Total BHM 0.0603 0.0753 0.0782 0.0858 0.0255***

 SHM 0.0785 0.0647 0.0634 0.0553 -0.0232***

 HM 0.0750 0.0713 0.0710 0.0729 -0.0021 

***, **, * Significant at 1%, 5%, and 10% levels, respectively 



Table IV 
Herding and Size-Adjusted Abnormal Quarterly Stock Returns 

 Rt-2 Rt-1 
Portfolio 

Formation 
Quarter 

Rt+1 Rt+2 Rt+3 Rt+4 

B1(Heavy buy) -0.34 0.35  20.43  0.65  1.23 -0.30 -2.90  

 (-0.16) (0.19) (9.01)*** (0.67) (0.83) (-0.15) (-1.01) 
B2 3.98  3.73  12.69  -0.45  0.11  -1.63  -6.65 

 (2.51)** (2.60)** (9.26)*** (-0.40) (0.06) (-0.74) (-2.42)* 

B3 7.65 4.48  10.22  -2.29  -3.56  -3.56  -6.29 

 (3.04)** (3.42)*** (8.05)*** (2.73)** (-2.47)** (-1.76) (-2.60)** 

B4 7.13  3.26  5.95  0.52  0.33  -2.02 -3.58 

 (4.67)*** (2.35)** (5.55)*** (0.62) (0.26) (-1.30) (-1.50) 
B5 2.35  2.60  2.41  -1.98  -4.40  -7.63 -11.46 

 (1.59) (3.05)*** (3.45)*** (-1.84)* (-2.22)* (-3.22)*** (-4.08)*** 

S5 3.05  0.38  -0.85  -0.98  -2.99  -5.35 -7.86 

 (2.48)** (0.25) (-1.04) (-1.38) (-2.90)** (-5.44)*** (-6.42)*** 

S4 5.40  2.96  -2.28  -0.42  -2.52 -5.06 -7.23 

 (3.32)*** (2.87)** (-2.34)** (-0.53) (-2.65)** (-4.91)*** (-5.20)*** 

S3 5.12 2.74  -6.17  -2.23  -5.04 -7.74 -9.66 

 (2.84)*** (3.31)*** (-6.06)*** (-3.64)*** (-4.88)*** (-5.71)*** (-4.62)*** 

S2 4.38 3.05  -9.38  -3.72  -6.09  -8.67 -10.14 

 (2.52)** (2.41)** (-8.91)*** (-2.30)** (-3.71)*** (-3.92)*** (-4.97)*** 

S1(Heavy sell) 3.08 0.02  -14.34  -1.62  -6.26 -8.31 -9.56 

 (1.71) (0.02) (-8.93)*** (-1.84)* (-2.71)** (-2.64)** (-2.68)** 

B1 minus S1 -3.417 0.329  34.771  2.267  7.485 8.014 6.666 
 (-1.23) (0.16) (12.51)*** (1.74)* (2.73)** (2.15)** (1.46) 
B1 to B5  -0.052 -1.050  16.944  1.431  3.322 4.001 2.714 
 minus S1 to S5 (-0.05) (1.32) (15.08)*** (1.71)* (3.26)*** (3.16)*** (1.75) 

    ***, **, * Significant at 1%, 5%, and 10% levels, respectively.
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Table V 

Mean Herding Measures of Mutual Funds Sorted by Size of Stocks 

  
S1 

(Small 
Stock) 

S2 S3 
S4 

(Large 
Stock) 

S4-S1 

Panel A: Number of Funds to Trade >= 3 

Jan~Nov BHM 0.0727 0.0590 0.0547 0.0702 -0.0025 

 SHM 0.0228 0.0338 0.0369 0.0643 0.0415***

 HM 0.0406 0.0465 0.0460 0.0670 0.0264***

Dec BHM 0.0836 0.0510 0.0435 0.0690 -0.0146 

 SHM -0.0391 0.0151 0.0074 0.0632 0.1023* 

 HM 0.0375 0.0303 0.0292 0.0654 0.0279 

Total BHM 0.0735 0.0583 0.0537 0.0701 -0.0034 

 SHM 0.0174 0.0322 0.0344 0.0642 0.0468***

 HM 0.0404 0.0452 0.0446 0.0668 0.0264***

Panel B: Number of Funds to Trade >= 4 

BHM 0.0781 0.0690 0.0589 0.0700 -0.0081 

SHM 0.0412 0.0553 0.0552 0.0719 0.0307***

Jan~Nov 

HM 0.0583 0.0631 0.0584 0.0713 0.0130 

Dec BHM 0.0837 0.0729 0.0462 0.0711 -0.0126 

 SHM 0.0070 0.0597 0.0311 0.0744 0.0674* 

 HM 0.0586 0.0674 0.0436 0.0726 0.0140 

Total BHM 0.0785 0.0693 0.0579 0.0701 -0.0084 

 SHM 0.0387 0.0557 0.0532 0.0721 0.0334***

 HM 0.0583 0.0634 0.0572 0.0714 0.0131 

Panel C: Number of Funds to Trade >= 5 

BHM 0.0876 0.0876 0.0710 0.0753 -0.0123 

SHM 0.0486 0.0616 0.0610 0.0757 0.0271** 

Jan~Nov 

HM 0.0739 0.0738 0.0670 0.0757 0.0018 

Dec BHM 0.0883 0.0793 0.0737 0.0745 -0.0138 

 SHM -0.0354 0.0683 0.0316 0.0770 0.1124* 

 HM 0.0605 0.0785 0.0560 0.0758 0.0153 

Total BHM 0.0876 0.0869 0.0712 0.0752 -0.0124 

 SHM 0.0421 0.0621 0.0586 0.0758 0.0337***

 HM 0.0729 0.0742 0.0661 0.0757 0.0028 

***, **, * Significant at 1%, 5%, and 10% levels, respectively. 
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Table VI 

Panel Data Analysis on the Relation between Herding and Information Variables 

     Fixed Effect         Random Effect     

 Day Week Month Day Week Month 

Panel A: Herding Measure (HM) 

Fund_Volume 0.238*** 4.520e-3*** 0.934*** 0.222*** 0.037*** 0.901*** 

Fund_Ratio -0.113*** 0.106*** 0.050*** -0.127*** 0.097*** 0.043*** 

Fund_Size -3.447e-10 3.285e-9*** 3.374e-9*** -4.916e-10 2.918e-9*** 3.442e-9***

Market_Rt 1.166e-3** -1.976e-4 2.514e-4 1.194e-3** -3.208e-4 2.461e-4 

Turnover 8.722e-3*** 9.845e-4*** 4.072e-4*** 9.518e-3*** 1.340e-3*** 4.392e-4***

Size 1.730e-2*** 6.318e-3*** 6.840e-3* 1.660e-2*** 8.994e-3*** 1.350e-2***

Panel B: Buy Herding Measure (BHM) 

Fund_Volume 0.462*** 2.426e-3** 1.754*** 0.438*** 0.054** 1.643*** 

Fund_Ratio -0.167*** 0.125*** -3.174e-3 -0.174*** 0.098*** -1.490e-2 

Fund_Size -6.583e-9*** 3.416e-9*** -2.087e-9 -6.897e-9*** 2.049e-9* -2.396e-9 

Market_Rt -3.051e-3*** -1.856e-3*** 1.820e-4 -2.620e-3*** -1.889e-3*** 2.929e-4 

Turnover 1.790e-2*** 1.837e-3*** 9.468e-4*** 1.730e-2*** 2.209e-3*** 9.340e-4***

Size 2.460e-2*** 2.687e-3 1.580e-2*** 3.110e-2*** 6.858e-3*** 2.470e-2***

Panel C: Herding Measure (SHM) 

Fund_Volume 0.363*** 7.476e-3*** 1.251*** 0.332*** 0.0701*** 1.116*** 

Fund_Ratio -0.155*** 0.086*** 1.501e-3 -0.144*** 0.0799*** 4.255e-3 

Fund_Size -2.905e-9*** 2.573e-9*** 1.100e-9 -2.812e-9*** 1.793e-9** 1.158e-9 

Market_Rt 4.554e-3*** 1.280e-3*** 2.372e-4 4.175e-3*** 1.041e-3*** 2.117e-4 

Turnover 4.791e-3*** -3.978e-4*** 2.673e-4*** 8.417e-3*** 4.015e-4*** 3.347e-4***

Size 4.020e-2*** 1.540e-2*** 2.248e-2*** 2.600e-2*** 1.330e-2*** 1.790e-2***

***, **, * Significant at 1%, 5%, and 10% levels, respectively. 
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Table VII 

Mean Herding Measure at the Beginning, Middle, and the End of the Month 
Number of Funds Trading the Same Stock Days of the 

month >= 3 >= 4 >= 5 >= 6 >= 10 >= 15 >= 20 
Panel A: Five days 

First 5 days 0.0587 
(294) 

0.0688 
(293) 

0.0762 
(285) 

0.0810 
(261) 

0.0734 
(144) 

0.0956 
(38) 

0.1095 
(8) 

Middle days 0.0627 
(795) 

0.0692 
(791) 

0.0738 
(769) 

0.0780 
(708) 

0.0804 
(333) 

0.0811 
(94) 

0.0842 
(24) 

Last 5 days 0.0599 
(300) 

0.0711 
(300) 

0.0731 
(293) 

0.0757 
(269) 

0.0795 
(143) 

0.0897 
(40) 

0.0748 
(19) 

F value 1.06 0.20 0.23 0.42 0.27 0.32 0.24 

Panel B: Four days 

First 4 days 0.0585 
(234) 

0.0683 
(233) 

0.0747 
(226) 

0.0790 
(206) 

0.0748 
(109) 

0.0993 
(30) 

0.1098 
(7) 

Middle days 0.0624 
(915) 

0.0696 
(911) 

0.0741 
(886) 

0.0780 
(814) 

0.0803 
(396) 

0.0830 
(108) 

0.0835 
(28) 

Last 4 days 0.0596 
(240) 

0.0706 
(240) 

0.0740 
(235) 

0.0780 
(218) 

0.0761 
(115) 

0.0851 
(34) 

0.0756 
(16) 

F value 0.96 0.12 0.01 0.02 0.18 0.32 0.2 

Panel C: Three days 

First 3 days 0.0590 
(175) 

0.0688 
(174) 

0.0765 
(169) 

0.0778 
(155) 

0.0707 
(81) 

0.0750 
(19) 

0.1247 
(5) 

Middle days 0.0619 
(1034) 

0.0696 
(1030) 

0.0738 
(1001) 

0.0785 
(919) 

0.0794 
(454) 

0.0859 
(130) 

0.0819 
(34) 

Last 3 days 0.0596 
(180) 

0.0697 
(180) 

0.0741 
(177) 

0.0769 
(164) 

0.0817 
(85) 

0.0977 
(23) 

0.0758 
(12) 

F value 0.47 0.02 0.15 0.04 0.33 0.28 0.32 

Panel D: Two days 

First 2 days 0.0587 
(116) 

0.0641 
(115) 

0.0698 
(111) 

0.0705 
(103) 

0.0688 
(50) 

0.0790 
(12) 

0.0829 
(4) 

Middle days 0.0615 
(1153) 

0.0701 
(1149) 

0.0747 
(1118) 

0.0797 
(1025) 

0.0798 
(510) 

0.0827 
(144) 

0.0842 
(38) 

Last 2 days 0.0606 
(120) 

0.0699 
(120) 

0.0736 
(118) 

0.0713 
(110) 

0.0776 
(60) 

0.1245 
(16) 

0.0872 
(9) 

F value 0.23 0.72 0.34 1.51 0.41 1.35 0.00 

Panel E: One day 

First 1 days 0.0651 
(57) 

0.0630 
(56) 

0.0722 
(52) 

0.0727 
(47) 

0.0864 
(21) 

0.0828 
(3) 

0.0374 
(2) 

Middle days 0.0610 
(1272) 

0.0697 
(1268) 

0.0742 
(1237) 

0.0784 
(1136) 

0.0782 
(572) 

0.0853 
(161) 

0.0787 
(44) 

Last 1 days 0.0614 
(60) 

0.0730 
(60) 

0.0751 
(58) 

0.0775 
(55) 

0.0804 
(27) 

0.1079 
(8) 

0.1558 
(5) 

F value 0.24 0.60 0.04 0.17 0.08 0.20 1.13 

The numbers in parentheses are the number of observations for different periods of days. 
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Figure 1. Mean Herding Measure of Mutual Funds for Different Sampling Frequencies, Classified by the Number of Funds Trading the Same 

Stock 



 48

3
4

5
6

10
15

20
25

30
35

40

15Min

30Min

Hourly

Daily

Weekly

Monthly

Quarterly

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Number of funds trading the same stock

Frequency

15Min

30Min

Hourly

Daily

Weekly

Monthly

Quarterly

 
Figure 2. The Percentage of Herding Measure Observations Available for Different Sampling Frequencies, Classified by the Number of Funds 

Trading the Same Stock
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Figure 3-1. Herding Measure in Different Frequencies for Stock Portfolios Sorted by the 
Magnitude of Price Change for the Case at Least 3 Funds Trading the Same Stock. 
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Figure 3-2. Herding Measure in Different Frequencies for Stock Portfolios Sorted by the 
Magnitude of Price Change for the Case at Least 4 Funds Trading the Same Stock. 
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Figure 3-3. Herding Measure in Different Frequencies for Stock Portfolios Sorted by the 
Magnitude of Price Change for the Case at Least 5 Funds Trading the Same Stock. 
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Figure 3-4. Herding Measure in Different Frequencies for Stock Portfolios Sorted by the 
Magnitude of Price Change for the Case at Least 6 Funds Trading the Same Stock. 
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Figure 4. The Equal-weighted Size-adjusted Cumulative Abnormal Monthly Returns before and after the Portfolio Formation Month for the 

Strongest Herd Portfolios on the Buy Side (B1) and on the Sell side (S1). 
One asterisk indicates that the cumulative return is significant on day t, two asterisks indicate that both cumulative return up to day t and the abnormal return on day t are 

significant. 

S1: 
-6.022** (t=0) 
-7.189** (t=1) 
-7.745** (t=2) 
-19.524* (t=12)

B1: 
8.756** (t=0) 
9.095* (t=1) 
8.640* (t=2) 
2.927* (t=12) 
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Figure 5. The Equal-weighted Size-adjusted Cumulative Abnormal Daily Returns before and after the Portfolio Formation Month for the 
Strongest Herd Portfolios on the Buy Side (B1) and on the Sell side (S1). 

One asterisk indicates that the cumulative return is significant on day t, two asterisks indicate that both cumulative return up to day t and the abnormal return on day t 

are significant. 

S1: 
-0.652** (t=0) 
-0.989** (t=1) 
-1.127** (t=2) 
-1.232** (t=3) 
-4.222* (t=60) 

B1: 
1.287** (t=0) 
1.807** (t=1) 
2.006** (t=2) 
2.062* (t=3) 
2.149* (t=60) 


