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1.  Introduction 

Trading volume is highly publicized information in securities markets. There is a 

long list of papers that examine the relation between volume and the return process.1 

Llorente, Michaely, Saar, and Wang (2002, LMSW hereafter) developed a model to 

examine how trading volume affects the autocorrelation of returns when investors can 

trade for an information or hedging purpose. This paper builds on the literature and 

provides new tests for the LMSW model using data from the Taiwan Stock Exchange. 

The new tests are possible because the Taiwanese data allows us to identify two 

subgroups, namely, trading that is primarily information based and trading that is 

hedging based. 

LMSW show that when investors trade on private information, price changes are 

likely to continue. Given the existence of positive private information, informed 

investors will buy and drive up the price. However, when the information is not 

perfect, the price increase will only be partial, and will continue into the future. 

Therefore, returns are positively autocorrelated when investors trade on private 

information.  

When investors trade for a hedging (allocation) purpose, price changes tend to be 

temporary. For example, when investors want to buy a stock for hedging, the increase 

in buy orders pushes up the stock price in order to attract other investors to provide 

liquidity. However, the higher price is only temporary, and the fundamental value of 

the stock remains unchanged. The price reverses the next day, and thus the returns are 

negatively autocorrelated. 

LMSW test their prediction using its cross-sectional implication: the correlation 

                                                 
1The literature studies either investigate returns, their volatility, or their autocorrelation. Morse (1980) 
was one of the first to examine the relation between total trading volume and return autocorrelation, 
and later Avramov, Chordia, and Goyal (2006), Campbell, Grossman, and Wang (1993), Conrad, 
Hameed, and Niden (1994), Connolly and Stivers (2003), Lee and Swaminathan (2000), and Stickel 
and Verrecchia (1994) also studied the issue for either whole markets or individual stocks. 
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between volume and return autocorrelation is more positive for stocks with a higher 

information asymmetry. Cross-sectional evidence, however, is susceptible to 

alternative interpretations because firm characteristics tend to be correlated. Our paper, 

in contrast, tests time-series implications of the LMSW model by using subgroups of 

trading volume that are based on investor identity and trading direction.  

We have both theoretical reason and empirical evidence to assert that the volume 

subgroups that we have chosen primarily reflect information trading. Institutional 

investors, a priori, are better informed than individual investors, because on average 

they are more sophisticated, better educated, and possess more resources to obtain and 

analyze private information. Consistent with the role of informed traders, both foreign 

investors and domestic mutual funds make profits from trading (Barber, Lee, Liu, and 

Odean, forthcoming). Therefore, we choose foreign investors and domestic mutual 

funds as informed traders and use their trading volume to test the LMSW model. 

According to the LMSW model, we should find that returns are more positively 

autocorrelated when the trading volumes of foreigners or mutual funds are high. Our 

evidence is consistent with the prediction of the LMSW model, especially for large 

firms.  

In addition to investor identity, we also classify trading volume based on the 

trade direction, and posit that the buy volume should contain more information than 

the sell volume when short selling is costly. Given a higher cost of short selling, 

investors with a piece of negative information are less likely to sell unless they 

already own the stock (Hong and Stein, 2002). In the most extreme case, short selling 

is prohibited outright, and the sell volume is less likely to convey information. 

Therefore, we should expect to observe a less positive autocorrelation of returns when 

the sell volume is high than when the buy volume is high.  

To test the implication of the short-sale restriction, we use the sell volumes of 
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foreigners and mutual funds in Taiwan. Both groups of investors are prohibited from 

selling short by regulations.2 Therefore, according to the LMSW model, we expect to 

observe a stronger positive autocorrelation when the buy volume of foreigners (or 

mutual funds) is high than when their sell volume is high. The evidence presented in 

this paper is consistent with this prediction. 

The empirical finding on the difference between buy and sell volume contribute 

to the literature of short-sale constraints. Researchers have studied different aspects of 

short-sale constraints, for example, the behavior of short sellers, the market response 

following short sale transactions, and the cross-sectional relation between 

overvaluation and short sale constraints.3 This paper looks at a different issue. It 

identifies groups of investors who cannot sell short, and examines whether the market 

take this into account and react differently to their buys and sales. 

Our finding also has a bearing on the literature on the role of order imbalance in 

asset markets (Brown, Walsh, and Yuen, 1997; Chordia, Roll, and Subrahmanyam, 

2002; Chordia and Subrahmanyam, 2004; Chan and Fong, 2000). We argue that when 

short sell is constrained, buy and sell volume can have different price impact, and we 

find such evidence. Therefore, to examine buy and sell volume separately may 

provide more information than to examine order imbalance only. 

Our findings on the relation between volume and return autocorrelation are 

related to Sias and Starks (1997) and Watkins (2006). They find a positive 

cross-sectional relation between the autocorrelation of returns and institutional 

ownership. Although suggesting institutional trading is the underlying reason, Sias 

and Starks cannot test it directly due to the limited availability of data. In this paper, 
                                                 
2Article 10 of the Regulations Governing Securities Investment Trust Funds forbids mutual funds and 
Article 21 of the Regulations Governing Investment in Securities by Overseas Chinese and Foreign 
Nationals forbids foreigners from selling short. 
3Altken, Frino, McCorry and Swan (1998), Figlewski (1981), Asquith, Pathak and Ritter (2005), Chang, 
Cheng and Yu (2006), Chen, Hong and Stein (2002), Jones and Lamont (2002), Nagel (2005), Dechow, 
Hutton, Meulbroek and Sloan (2001), Ofek and Richardson (2003),  
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we go one step further to show that trading is directly responsible for such a positive 

relation.  

Another difference between this paper and the literature is that we are able to 

show the heterogeneity of institutional investors while Sias and Starks (1997) look at 

the aggregate institutional ownership.4 We argue that, unlike foreigners and mutual 

funds, securities companies mainly trade for a hedging purpose. Securities companies 

usually have several business divisions, including trading and investment banking 

divisions, and each division has to take into account the business of the other. For 

example, if the investment banking division has equity exposure due to its 

underwriting or market-making business, then the trading division is likely to trade to 

hedge.  

Given the hedging-based trading, LMSW will predict a negative autocorrelation 

when securities companies trade. Our evidence is consistent with such a prediction. 

Andrade, Chang, and Seasholes (2007) find that the imbalance of margin trading in 

Taiwan also creates price reversals. Individuals, however, are responsible for the 

margin trading and price reversals in their paper, and institutions are responsible for 

our results. 

The remainder of the paper is organized into four sections. Section 2 introduces 

the methodology and data. Section 3 reports the main empirical results, and the 

supplementary results are given in Section 4. Section 5 concludes. 

 

2.  Data and methodology  

 We start from introducing the data used and our sample. Then we discuss the 

empirical methodology used.  

                                                 
4Yan and Zhang (forthcoming) use turnover to separate institutions into short-term and long-term 
investors and then separately examine the cross-sectional relation between their ownership and future 
stock returns. 



 5

  

2.1. Data 

There are two stock markets in Taiwan: the Taiwan Stock Exchange (TSE) and 

the Gre Tai Securities Market (over the counter). Both markets are fully computerized 

and order driven. Since 2001, trading has taken place between 9:00 a.m. and 1:30 p.m. 

Monday to Friday. Despite having no market makers and having only four and a half 

hours of trading, the stock markets in Taiwan have high turnover. In 2006, the total 

trading value of the Taiwan Stock Exchange was US$736 billion, and the turnover 

rate was 141%. The over the counter market is smaller (a total trading value is 

US$158 billion) but the turnover rate is even higher (333%) than the TSE. 

Domestic individual investors are important to the liquidity of Taiwan’s markets. 

The share of trading of domestic individuals was 83.7% in 2001, but gradually 

declined to 73.1% in 2006. Trading by foreign institutions makes up the difference: 

their share of trading increased from 5.6% to 14.1%. By contrast, the trading share of 

domestic institutions did not change much during this period, being 10.4% in 2001 

and 11.1% in 2006. 

The availability of data on the trading volumes of institutional investors decides 

our sample period. The sample period starts on December 12, 2000, the day when 

local markets started to disclose everyday the number of shares bought and sold and 

their dollar amount from three groups of institutional investors – foreigners, mutual 

funds, and securities companies – after the market closes. The sample period ends on 

March 30, 2007, and includes 1,558 trading days in total. To be included in the sample, 

a stock needs to have a minimum number of 750 daily observations. The final sample 

includes 1,049 common stocks that were traded on the Taiwan Stock Exchange and 

the over the counter market. The data source is the Taiwan Economic Journal 

Database. 
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Table 1 reports the summary statistics for the variables. We first calculate the 

time-series statistics of the variable of interest for each stock, and then report its 

cross-sectional distribution.  

Daily returns are positively autocorrelated. The first-order autocorrelation of 

daily returns are predominantly positive: the 25th percentile is 0.03 and the median is 

0.08. The lack of a negative autocorrelation is due to the fact that markets in Taiwan 

are call auction markets and have no bid-ask spreads. 

The volume variables used in this study is the standardized turnover. Turnover is 

defined as the number of shares traded, bought, or sold divided by the number of 

shares outstanding. The standardized turnover is turnover divided by its own 

time-series standard deviation. We have also tried to take the log transformation of 

turnover or detrend turnover and got similar empirical results. 

Trading in Taiwan is heavy. More than 75% of stocks have transactions every 

day and the median of daily total turnover is 0.73%. The heavy trading, however, is 

not due to the three groups of institutional investors. Mutual funds trade very 

selectively: for more than half of the sample stocks, they only buy (sell) on 6% (8%) 

of all trading days. Securities companies trade more frequently: they buy (sell) on 

19% (21%) of all possible trading days for more than half of sample stocks. Despite a 

higher frequency of trading, the average turnover of securities companies is lower. 

The daily average buy turnover is 0.005% for securities companies and is 0.0077% 

for mutual funds. Therefore, relative to securities companies, mutual funds either do 

not trade at all or trade aggressively. 

Trading in Taiwan is strongly autocorrelated. The first-order autocorrelation of 

the daily turnover is high, with a 25th percentile of 0.62. Trading from institutional 

investors is less autocorrelated. The medians of autocorrelation coefficients from the 

three groups of institutional investors range from 0.24 to 0.36. Lee, Liu, Roll, and 
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Subrahmany (2004) find that the positive autocorrelation of the largest 30 stocks is 

caused by both herding and order splitting. 

2.2. Methodology 

 The regression model starts from the following specification:  

 

Ri,t+1 = C0i + C1iRit + βitVitRit + εi,t+1.,        (1) 

 

where Rit is the daily return of stock i at time t and Vit is the daily volume of stock i at 

time t.  

Equation (1) allows the first-order autocorrelation coefficient of returns to be a 

function of trading volume. If, on average, investors trade on information, then the 

coefficient of volume (β) will be positive, whereas if investors trade to hedge, then β 

will be negative. LMSW test their model by examining the cross-sectional relation 

between βi and variables that measure the degree of information asymmetry of firm i.  

We propose to test the LMSW model by using institutional trading volumes to 

identify periods of intensive information trading or liquidity trading. The first 

specification only uses dummy variables as follows, 

 

βit = C2i + C3i Dit
FBD[R>0] + C3i

’Dit
FSD[R≦0]  + C4iDit

MBD[R>0]+ C4i
’Dit

MSD[R≦0] + 

C5iDit
DBD[R>0] + C5i

’Dit
DSD[R≦0]        (2) 

 

where D[R>0] (D[R≦0]) is a dummy variable that equals one if Rit>0 (Rit≦0 ) and Dit
FB 

is a dummy variable that equals 1 if the daily buy volume (denoted by the superscript 

B) from foreigners (superscript F) is higher than its 200-day moving average. Dit
FS , 

Dit
MB, Dit

MS, Dit
DB, and Dit

DS are defined similarly, where superscript S denotes sell 

volume, M denotes mutual funds, and D denotes securities companies.  
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Our specification assumes a different autocorrelation coefficient of returns only 

if the daily return is positive when institutions buy heavily or if the daily return is 

negative when institutions sell heavily. This specification follows the LMSW model 

that trading based on good information should drive up the price and trading based on 

bad information should cause the price to drop. 

Given that foreigners and mutual funds on average trade on information, trading 

should be more information driven when foreigners or mutual funds trade more 

extensively. Therefore, when the trading volume of foreigners or mutual funds is high 

relative to its moving average, the autocorrelation coefficient should be higher and the 

coefficients C3, C3
’
, C4, and C4

’ in equation (2) should be positive, in accordance with 

the LMSW model.  

 The second hypothesis that we want to test is that the buy volumes of foreigners 

and mutual funds generate a more positive autocorrelation than sell volume, because 

the short-sale constraint will make sell volume contain less information (Hong and 

Stein, 2002). If the buy volume is more information driven than the sell volume, then 

C3i should be greater than C3i
’ and C4i should be greater than C4i

’. 

On the other hand, because securities companies have to hedge the position of 

their investment banking division, their trading is more allocation driven, and thus 

when the trading volume of securities companies is high, the autocorrelation 

coefficient should be lower and the coefficients C5 and C5
’ in equation (2) should be 

negative, in accordance with the LMSW model. 

The second specification that we use to test LMSW’s predictions uses 

institutional trading volume directly by decomposing total volume into its components 

as the following,  

 



 9

βitVit = C2iVit
O + C3iVit

FBD[R>0] + C3i
’Vit

FSD[R≦0] + C4i Vit
MBD[R>0] + C4i

’Vit
MSD[R≦0] + 

C5iVit
DBD[R>0] + C5i

’Vit
DSD[R≦0]         (3) 

 

where Vit
FB is the daily buy volume (denoted by the superscript B) from foreigners 

(superscript F). Vit
FS , Vit

MB, Vit
MS, Vit

DB, and Vit
DS are defined similarly, where 

superscript S denotes sell volume, M denotes mutual funds, and D denotes securities 

companies, and Vit
O is the daily volume from other investors.  

Substituting equations (2) and (3) into (1) gives the regression models (4) and 

(5),  

 

Ri,t+1 = C0i + C1iRit + C2iVitRit + C3iDit
FBD[R>0]VitRit + C3i

’Dit
FSD[R≦0] VitRit + 

C4iDit
MBD[R>0]VitRit+ C4i

’Dit
MSD[R≦0] VitRit + C5iDit

DBD[R>0]VitRit
 +  

C5i
’Dit

DSD[R≦0] VitRit + εi,t+1.,         (4) 

 

Ri,t+1 = C0i + C1iRit + C2iVit
ORit + C3iVit

FBD[R>0] Rit + C3i
’Vit

FSD[R≦0] Rit + 

C4iVit
MBD[R>0] Rit+ C4i

’Vit
MSD[R≦0] Rit + C5iVit

DBD[R>0] Rit
 + C5i

’Vit
DSD[R≦0] Rit + 

εi,t+1.,              (5) 

 

We use a two step procedure to estimate coefficients in models (4) and (5). We 

first estimate the OLS time-series regression coefficients for each stock, and then 

estimate the cross-sectional average of the coefficients using the robust regression. 

The robust regression estimator is designed to deal with extreme observations. It is a 

form of weighted least-squares regression that first drops the most influential 

observations and then imposes smaller weights on observations with larger absolute 

residuals.5 When any one group of institutional investors does not trade a given stock 

                                                 
5We use the STATA software rreg command to estimate the robust regression estimates. 
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at all, its volume variable is removed from the regressions and the associated 

coefficient is treated as a missing value. 

 

3. Empirical results 

 We start from presenting empirical results for two basic regression models. Then 

we examine whether the autocorrelation reflects market information, industry 

information, or idiosyncratic information. We also examine whether the 

autocorrelation reflects public or private information.  

3.1. Basic results 

 To test the time-series implications of the LMSW model, we first estimate 

regression model (4). In model (4), the autocorrelation on days of heavy buy or sell 

from institutions is estimated separately using dummy variables. Table 2 reports the 

estimation results, with the average from all firms in column 1 and the average for 

four size quartiles in columns 2 to 5.  

We first look at the coefficient on Vt*Rt, which is the autocorrelation on the days 

when the volumes of all three groups of institutional investors are low. This 

coefficient has a significantly negative average across all firms, which suggests that 

trading on these days is generally allocation driven and has only a temporary price 

impact. If we look at the average across the size quartiles, the numbers are more 

positive as firms get smaller. This cross-sectional relation is similar to LMSW’s 

finding and is consistent with their hypothesis that trading is more information driven 

when small firms have more information asymmetry.  

When foreigners and mutual funds buy heavily or sell heavily, the average 

autocorrelation coefficients are significantly higher. This is consistent with the 

LMSW’s prediction that information trading will generate positive autocorrelations. 

The surprising part is that it is large firms, rather than small firms, that institutions 
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trade on information. Across size quantiles, average autocorrelation coefficients on 

the high-volume dummies are significantly positive for large size quartiles, but are not 

significantly different from zero for the smallest quartile. The fact that institutions 

trade on information for large firms runs counter to the intuition that the information 

environment of large firms are less asymmetric. One possible explanation is that the 

demand for private information is stronger for large firms because investors can easily 

trade their stocks to make a profit. 

 

< INSERT TABLE 2> 

 

The finding that information trading from institutions is concentrated among 

large firms is consistent with earlier findings. Barber, Lee, Liu, and Odean 

(forthcoming) find that institutional trading is more concentrated among large firms 

(64% of all institutional trades are for large firms) than individual trading (58%). 

Moreover, much of the trading profit of foreigners and mutual funds derives from 

large firms.  

Securities companies behave very differently from foreigners and mutual funds. 

The average coefficients on the high-volume dummy variable of securities companies 

are significantly negative for all firms and all size quartiles. This evidence suggests 

that prices have a greater tendency to reverse when securities companies trade 

extensively. Given securities companies have to hedge positions that are held by some 

divisions, this evidence is consistent with the prediction of LMSW that allocation 

trading generates a negative autocorrelation. 

The next question that we address is whether the buy volume has a different 

autocorrelation pattern from the sell volume. For foreign investors, the autocorrelation 

coefficients are not significantly different between days when they buy heavily and 
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days when they sell heavily. By contrast, for mutual funds, returns are more positively 

autocorrelated on days with heavy buy than on days with heavy sell. The differences 

are significant for the whole sample and for the largest size quartile at a 5% level. The 

evidence supports our hypothesis that, due to short-sale constraints, buy volume 

contains more information than sell volume. 

 We also test the LMSW model using the regression model (5) which directly 

uses institutional volume in the regression rather than using dummy variables. Table 3 

reports the estimation results. Qualitatively, the results are very similar to the previous 

table with only one difference. The difference between buy and sell volume is 

stronger in this table. For foreigners, high sell volume does not come with a higher 

average autocorrelation coefficient for the whole sample; it even comes with a 

significantly lower average autocorrelation coefficient for small firm quartiles. For 

both foreigners and mutual funds, there is strong evidence that buy volume contains 

more information trading than sell volume. By contrast, there is no significant 

difference between the coefficients on buy and those on sell volume from securities 

companies, who do not face short sell constraints. Therefore, our evidence suggests 

that the short sell constraint will reduce the information content of sell volume.  

 

< INSERT TABLE 3> 

 

3.2. Robustness check 

 One econometric issue we have is the cross-sectional correlation between 

coefficient estimates. In Tables 2 and 3, we report the estimates of robust mean for 

sample firms and test their significance assuming they are uncorrelated. This 

assumption is not correct if residuals from the 1st step time-series regression are 

correlated across stocks. To reduce the cross-sectional correlation between residuals, 
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we follow Jorion (1990) to add the market return (MR) as well as the corresponding 

industry return (IR) in the time-series regressions as follows, 

 

Ri,t+1 = C0i + C1iRit + C2iVitRit + C3iDit
FBD[R>0]VitRit + C3i

’Dit
FSD[R≦0] VitRit + 

C4iDit
MBD[R>0]VitRit+ C4i

’Dit
MSD[R≦0] VitRit + C5iDit

DBD[R>0]VitRit
 +  

C5i
’Dit

DSD[R≦0] VitRit + C6i MRt+1 +C7i IRi,t+1 + εi,t+1.     (6) 

 

Table 4 reports the coefficient estimates of model (6). Coefficients on both 

market return and industry return are significantly positive. Their significance, 

however, does not change the significance of institutional trading. Results in Table 4 

are similar to results in Table 2. Therefore, our results are not driven by the 

cross-sectional correlation of residuals.  

Results in Table 4 also suggest that trading from foreigners and mutual funds are 

based on firm-specific information rather than market or industry wide information. 

Including the market return and industry return barely changes the coefficients on 

institutional trading. For example, the coefficient on mutual fund buying (selling) is 

0.0308 (0.0156) in Table 2, and it is 0.0273 (0.0151) when market and industry 

returns are included in regressions in Table 4. Based on point estimates, firm-specific 

information attributes more than 90% of the magnitude of coefficients. 

 

< INSERT TABLE 4> 

 

 One question for the information-based positive autocorrelation is whether the 

return on the next day is driven by public information or private information. If 

institutions receive private information and trade on it just before its public 

announcement, then the return on the next day reflects the public announcement. On 



 14

the other hand, institutions can split their orders into several days to reduce its price 

impact (Kyle, 1985). Different institutions can receive noisy private signals of the 

same underlying information sequentially and trade on them (Hirshleifer, 

Subrahmanyam, and Titman, 1994). Under either scenario, the return on the next day 

reflects private information. 

 To distinguish between public and private information, we add in the regression 

dummy variables that capture the contemporaneous large buy or sell from institutions 

as the model (7). 

 

Ri,t+1 = C0i + C1i Rit + C2iVit Rit + C3i Dit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit +  

C4i Dit
MBI[R>0]Vit Rit+ C4i

’Dit
MSI[R≦0] Vit Rit + C5i Dit

DBI[R>0]Vit Rit
 + 

C5i
’Dit

DSI[R≦0] Vit Rit + C6i Di,t+1
FB

 + C6i
’Di,t+1

FS
 + C7i Di,t+1

MB +  

C7i
’Di,t+1

MS + C8i Di,t+1
DB + C8i

’Di,t+1
DS + εi,t+1.,     (7) 

  

If the autocorrelation is caused by public announcements on day t+1, no trade is 

expected on that day. Therefore, including trading on day t+1 will not change the 

significance of coefficients C3, C3
’
, C4, and C4

’. On the other hand, if private 

information drives the autocorrelation on day t+1, there will be trading on day t+1 and 

coefficients C3, C3
’
, C4, and C4

’ will be smaller or even lose their significance.  

Table 5 reports the coefficient estimates. Comparing with Table 2, the most 

notable feature of Table 5 is that most of the positive coefficients lose their 

significance. Not only do the average coefficients on heavy buys from foreigner and 

mutual funds lose their significance, but also their magnitudes drop considerably. 

Therefore, the significance of autocorrelation reported earlier mainly reflects private 

information revealed by trading on t+1. We cannot, however, answer the question 

whether this trading is caused by order splitting from the same institutions or by 
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trading from different institutions because we do not have such detailed data.  

The second feature to notice is that coefficients on institutional large sells are 

less affected than coefficients on institutional large buys. For the average coefficients 

over the 3rd and 4th size quartiles, the coefficient on heavy sell from foreigners or 

mutual funds are hardly different between Tables 2 and 5. Therefore, it seems that the 

autocorrelation from bad information are due to public instead of private information. 

This evidence again show that sell volume has different price effect from buy volume. 

 

< INSERT TABLE 5> 

 

Another issue regarding our results is whether it only reflects a temporary rather 

than a permanent price change. In LMSW’s model, the positive autocorrelation 

reflects partial information revealed in trading and its further revelation in the future. 

Institutional trading, however, can also be a part of herding that drives prices 

temporarily on consecutive days. If the price change is only temporary, it will be 

reversed on following days. To check whether the price change is permanent or 

temporary, we use two-day and five-day intervals to estimate regressions model (4). 

Looking at multiple-day intervals, however, can reduce the magnitude and the 

significance of the autocorrelation coefficient if the interval used to measure returns is 

longer than the number of days it takes to fully reflect information. 

 Table 6 reports results using a two-day interval and Table 7 uses a five-day 

interval. When the interval of measurement gets longer, there is less evidence for a 

higher autocorrelation during heavy institutional trading. The most consistent result is 

the positive autocorrelation coefficient during heavy buying from mutual funds. The 

point estimate is smaller (it is 0.031 for a one-day interval and is 0.013 for a five-day 

interval), but is still significant at a 1% level. Therefore, the effect of trading from 
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mutual funds based on positive information extends beyond five days. On the other 

hand, the autocorrelation coefficient on days when mutual funds sell heavily is not 

significantly different from other days when we move from a one-day to multiple-day 

intervals. This suggests that the effect of information-based selling is quicker to be 

fully reflected in the price than information-based buying. 

 For foreign investors in large firms, the effect of heavy buying on autocorrelation 

becomes less positive over a two-day interval and insignificant over a five-day 

interval. Moreover, the effect of heavy selling on autocorrelation becomes 

significantly negative over a five-day interval. It seems to suggest that the negative 

price effect of foreigners’ selling is only temporary and is reversed over a longer 

interval. This evidence is consistent with the hypothesis that, due to short-sale 

constraints, foreigners’ selling is really allocation driven, but is interpreted by other 

investors as information trading and causes the price to drop in the short run. 

 

< INSERT TABLE 6> 

< INSERT TABLE 7> 

 

 To summarize, we find evidence that is consistent with the prediction of LMSW 

model that information trading generates positive autocorrelations and allocation 

trading generates negative autocorrelations. We also find that, due to short-sale 

constraints imposed on foreigners and mutual funds, their selling has less information 

content and causes smaller autocorrelations.  

 

4. Additional evidence 

We first examine in Section 4.1 how information-based and hedging-based 

trading will be affected when there are derivative products. Then we construct 
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portfolios in Section 4.2 based on trading of institutional investors. Portfolio returns 

can provide a natural metric to examine the economic significance of the 

predictability of institutional trading. 

4.1. Existence of derivative products 

In this section, we examine the effect of derivative markets on return dynamics. 

On the Taiwan Stock Exchange, securities companies can issue call or put covered 

warrants for investors to trade. A covered warrant contract is very similar to an option 

contract, with the exception that covered warrants are issued by securities companies 

and listed on stock exchanges.  

When covered warrant contracts are traded, investors have a stronger incentive to 

trade for information. The covered warrant contracts are highly levered and less costly 

to trade. Therefore, the incentive to collect information gets stronger and institutional 

investors collect more information and trade on it. Investors can then trade on either 

the equity market or the warrant market to make a profit, depending on the prevailing 

price and trading cost. If institutional investors sometimes trade on the equity market, 

then the autocorrelation coefficient on days with large buy will be higher. 

When covered warrants contracts are traded, securities companies may have to 

trade more for hedging purposes. Securities companies tend to have several business 

divisions, including trading and investment banking. If the investment bank division 

issues covered warrants contracts, then the trading division has to hedge the firm’s 

positions in warrants. If a large buy from securities companies is made for such 

allocation a hedging on a given day, it will only drive up the price temporarily and the 

autocorrelation on that day will be negative. 

To test these implications, Table 8 examines the difference between stocks that 

have warrants and those that do not have. Because only large firms issue covered 

warrants, we look at the third and fourth (the two largest) size quartile firms to control 
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for the size effect.  

 

< INSERT TABLE 8> 

 

For both foreigners and mutual funds, the average autocorrelation coefficients on 

days with large buys are significantly positive for stocks with warrants as well as 

stocks without warrants. The coefficients, however, are at least 50% larger when there 

are warrants and the differences are also statistically significant. Therefore, the 

evidence is consistent with the hypothesis that derivative products increase 

information trading and the autocorrelation of returns. 

The existence of warrants, on the other hand, does not significantly change 

average autocorrelation coefficients on days with large sells. This evidence is 

consistent with the fact that stocks cannot be sold short with or without the existence 

of warrants. 

For securities companies, the average coefficients on both the large-buy and 

large-sell dummies are not significantly different between stocks with warrants and 

those without. Therefore, there is no evidence that derivative products increase the 

amount of hedging trading by securities companies and make the autocorrelation of 

returns more negative.  

 

4.2. Portfolio returns 

 Given the statistical evidence that autocorrelation coefficients are different 

during heavy institutional trading, we want to examine in this section the profitability 

of a trading strategy that exploits the time-varying autocorrelation coefficients. The 

profitability provides a measure of economic significance. 

 We start from a benchmark strategy that buys stocks with a positive return and 
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sell stocks with a negative return. This strategy should generate a positive return given 

the average autocorrelation coefficient is positive. During the sample period, we 

divide all stocks into two groups based on the sign of the return on day t: one group 

contains all stocks with positive returns and the second group contains stocks with 

negative returns. For each group, we first calculate the equal-weighted average return 

on day t+1 and then calculate its time-series average return over the sample period. To 

test the significance of the average return, we use the Newey-West standard errors of 

ten lags to account for possible autocorrelations of daily returns. The positive-return 

group generates an average daily return of 0.21% and the negative-return group 

generates an average of -0.05%. The return of an arbitrage portfolio that longs the 

positive return and shorts the negative is 0.26% and is significant at a 0.01 level. 

Despite its statistical significance, the magnitude is small compared with the 

transaction cost: the two-way commission plus securities transactions tax in Taiwan is 

0.585%. There is no bid-ask spread in Taiwan because it is a call auction market. 

To exploit the finding of autocorrelation on heavy trading days, we construct the 

following four portfolios. The first portfolio includes stocks that have heavy total 

trading volume (higher than its 200-day moving average), heavy institutional buy, and 

positive return on day t. The second portfolio includes stocks that have heavy total 

trading volume, heavy institutional selling, and negative return on day t. The third and 

the fourth portfolios are similar to the first two portfolios except that they include 

stocks that have low, rather than high, institutional buy or sell. The criteria used to 

construct portfolios arise from the prediction of the LMSW model: the autocorrelation 

of returns is higher when total volume is high and the direction of the information 

(allocation) trading is the same as (opposite to) the direction of returns. 

Table 9 reports portfolio returns on day t+1. As predicted by the LMSW model 

and consistent with regression results, when the direction of trading from foreigners 



 20

or mutual funds is the same as the direction of returns, the returns on the following 

day will continue in the same direction. The largest return occurs when portfolios are 

constructed by trading from mutual funds. For the portfolio with large mutual fund 

buys and positive returns, the average return on the next day is 0.51%; for the 

portfolio with large mutual fund sells and negative returns, the average return is 

-0.15%. The return of the arbitrage portfolio is 0.66%, which is more than twice of the 

arbitrage portfolio that ignores institutional trading. The return of the arbitrage 

portfolio is also slightly higher than the round trip transaction cost 0.585%.  

 

< INSERT TABLE 9> 

 

The returns of portfolios based on the high volume from mutual funds are larger 

than the returns based on low volume. The arbitrage portfolio based on low volume 

from mutual funds has a return of 0.36%. This is consistent with regression results 

that autocorrelation is higher when institutional volume is higher.  

Similar patterns arise when portfolios are based on foreigners’ trading, but with a 

smaller magnitude. The arbitrage portfolio based on high volume from foreigners has 

a return of 0.58%. The pattern changes when portfolios are based on trading from 

securities companies: the arbitrage portfolio based on low volume has a higher return 

(0.47%) than based on high volume (0.31%). This is consistent with regression results 

that autocorrelation is lower when the volume from securities companies is lower.  

Andrade, Chang, and Seasholes (forthcoming) find that the change in shares held 

in margin accounts in Taiwan is a measure of liquidity demand and is related to price 

reversals. If we take their measure of liquidity demand into account, does it increase 

or reduce the return of our arbitrage portfolios? If foreigners or mutual funds happen 

to trade against margin traders, then our results may go away and the return of our 
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arbitrage portfolios will drop significantly. On the other extreme, if margin trading is 

positively correlated with trading by foreigners or mutual funds, then we can improve 

the return of our arbitrage portfolios after taking into account of the margin trading. 

Following Andrade, Chang, and Seasholes (forthcoming), for each stock, we 

calculate the daily change in shares held in margin accounts normalized by the 

number of shares outstanding. We first calculate the correlation coefficients between 

the imbalance of margin trading and institutional buy or sell volume for each stock 

and then take the cross-sectional average. The average correlation coefficients are not 

high; they range from -0.05 to 0.13. Therefore, the imbalance of margin trading is 

only weakly related to institutional trading. 

Next, we examine the profitability of portfolios taking into account both the 

imbalance of margin trading and institutional trading. Each day, we sort all stocks that 

have heavy trading volume into one of six portfolios based on institutional trading and 

margin trading. There are three groups (low, medium, and high) of margin trading 

using the 20th and 80th percentile of the imbalance of margin trading as the cutoff 

points. There are two groups of institutional trading: large institutional buy on a 

positive return day and large institutional sell on a negative return day. We calculate 

the time-series average return for each portfolio and report them in Table 10. 

As found in Andrade, Chang, and Seasholes (forthcoming), the higher the 

imbalance of margin trading, the lower the return on the following day. Holding the 

institutional trading constant, the differences in the average return between low and 

high imbalance of margin trading are all positive and range from 0.29% to 0.52%. 

Taking into account of the imbalance of margin trading, however, does not 

change our results that the arbitrage portfolios based on institutional trading are 

profitable. Holding the imbalance of margin trading constant, the average return of 

arbitrage portfolios are still positive with a range from 0.44% to 0.88%. Therefore, 
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our results are not driven by the liquidity demand of margin traders. 

 

< INSERT TABLE 10> 

 

 We can even improve our portfolio performance if we combine information 

trading and margin trading. For example, we can long the portfolio which includes 

stocks with a low imbalance of margin trading and a strong buy from mutual funds 

and short the portfolio which includes a high imbalance of margin trading and a 

strong sell from mutual funds. The average daily return of the arbitrage portfolio 

would be 1.17%, which is twice the round trip transaction cost. 

 

5. Conclusion 

This paper tests the predication of Llorente, Michaely, Saar, and Wang (2002) 

that information trading drives the positive autocorrelation and that allocation trading 

the negative autocorrelation of returns. We use trading data from the Taiwan Stock 

Exchange and identification assumptions that exploit the existence of buy and sell 

volumes of three groups of institutional investors: foreigners, mutual funds, and 

securities companies.  

Consistent with Llorente, Michaely, Saar, and Wang’s predictions, we find that 

different institutional investors have different incentives and hence, different impacts 

on return autocorrelation. The buy volumes of foreigners and mutual funds are 

information driven and increase autocorrelation, whereas the buy volume of securities 

companies is allocation driven and reduces autocorrelation. We also find that short 

sale constraints affect the autocorrelation structure, in that the sell volume from 

mutual funds and foreigners has a smaller effect on the autocorrelation of returns than 

buy volume.  
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Our results can help to understand other time-series behavior of autocorrelations 

of returns. Bessembinder and Hertzel (1993) find a pattern in the autocorrelation of 

security returns around nontrading days. This pattern may be related to the 

information trading around nontrading days. Future investigations may be warranted. 

Our results that the trading volume of securities companies has different impact 

on the autocorrelation of returns from other institutional investors suggest that 

securities companies have very different incentives. In the future it would be prudent 

to examine their incentives and trading behavior more closely. 
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Table 1. Summary statistics 

 

We estimate statistics for each stock and then report the cross-sectional quartiles of these statistics. 

Turnover, buy turnover, and sell turnover are number of shares traded, shares bought, and sold divided 

by the number of shares outstanding. The sample includes 1,049 stocks for which there are at least 750 

daily observations and that were listed on the Taiwan Stock Exchange and the Gre Tai Securities 

Market. The sample period is from 2000/12/12 to 2007/3/30.  

 

Variable  Quartile1 Median Quartile3 

Mean 1045.9 2555.2 6755.5Market Capitalization

(NT$ Million) Standard deviation 334.6 882.9 2424.2

Mean 0.0360 0.0761 0.1229

Standard Deviation 2.2733 2.6876 3.0774

1st autocorrelation coefficient. 0.0344 0.0824 0.1330

Daily Return 

(%) 

Ratio of non-zero return days 0.8665 0.8912 0.9103

Mean 0.3636 0.7257 1.3031

Standard deviation 0.5754 1.0426 1.6101

1st autocorrelation coefficient. 0.6229 0.6884 0.7351

Daily Turnover Rate

(%) 

Ratio of non-zero volume days 0.9994 1 1

Mean 0.0015 0.0083 0.0317

Standard deviation 0.0138 0.0540 0.1215

1st autocorrelation coefficient. 0.0935 0.2573 0.4049

Daily Buy 

Turnover Rate 

of Foreigners 

(%) Ratio of non-zero volume days 0.0375 0.1361 0.3740

Mean 0.0011 0.0068 0.0270

Standard deviation 0.0107 0.0454 0.1056

1st autocorrelation coefficient. 0.0806 0.2390 0.3696

Daily Sell 

Turnover Rate 

of Foreigners 

(%) Ratio of non-zero volume days 0.0324 0.1270 0.3562

Mean 0.0007 0.0077 0.0297

Standard deviation 0.0109 0.0520 0.1231

1st autocorrelation coefficient. 0.2411 0.3630 0.4519

Daily Buy 

Turnover Rate 

of Mutual Funds 

(%) Ratio of non-zero volume days 0.0066 0.0621 0.2227

Mean 0.0008 0.0082 0.0299

Standard deviation 0.0118 0.0454 0.1100

1st autocorrelation coefficient. 0.1949 0.3243 0.4089

Daily Sell 

Turnover Rate 

of Mutual Funds 

(%) Ratio of non-zero volume days 0.0091 0.0762 0.2695
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Mean 0.0009 0.0050 0.0164

Standard deviation 0.0097 0.0308 0.0639

1st autocorrelation coefficient. 0.1486 0.2797 0.3911

Daily Buy Turnover 

Rate of Domestic 

Securities Firms (%)
Ratio of non-zero volume days 0.0345 0.1879 0.3774

Mean 0.0014 0.0063 0.0174

Standard deviation 0.0129 0.0356 0.0654

1st autocorrelation coefficient. 0.1716 0.2718 0.3693

Daily Sell Turnover 

Rate of Domestic 

Securities Firms (%)
Ratio of non-zero volume days 0.0552 0.2082 0.3796
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Table 2. Autocorrelation as a function of dummy variables constructed from buy 
and sell volume from institutional investors 

 

We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1iRit + C2iVit Rit + C3iDit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit + C4iDit

MBI[R>0]Vit Rit+ 

C4i
’Dit

MSI[R≦0] Vit Rit + C5iDit
DBI[R>0]Vit Rit

 + C5i
’Dit

DSI[R≦0] Vit Rit + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Dit
FB=1 if Vit

FB is higher 

than its past-200-days average, and Dit
FB= 0 otherwise. Dit

FS , Dit
MB, Dit

MS, Dit
DB, and Dit

DS are similarly 

defined. Vit
FB (Vit

FS) is the daily buy (sell) turnover of foreigner trading. Similarly, Vit
MB and Vit

DB are 

the daily buy turnover of mutual fund and securities companies trading, respectively. The turnover data 

for each stock is standardized by its own time-series standard deviation. The sample includes 1,049 

stocks for which there are at least 750 daily observations and that were listed on the Taiwan Stock 

Exchange and the Gre Tai Securities Market. The sample period is from 2000/12/12 to 2007/3/30. 

From the time-series regression estimates, we calculate and report the cross-sectional robust mean for 

each size group. * denotes significance at the 10% level, ** denotes significance at the 5% level, and 

*** denotes significance at the 1% level. 

 

 

 

 

 
All firms 1st Quartile 

The Smallest

2nd Quartile

 

3rd Quartile 

 

4th Quartile 

The Largest 

C0 (Constant) 0.0865*** 0.0702*** 0.0893*** 0.0938*** 0.0910*** 

C1 (Rt) 0.0871*** 0.0746*** 0.0891*** 0.0956*** 0.0816*** 

C2 (Vt Rt) -0.0152*** 0.0168*** -0.0070** -0.0272*** -0.0443*** 

C3
 (Dt

FBI[R>0]Vt Rt) 0.0090*** -0.0133 -0.0082 0.0127*** 0.0256*** 

C3
’ (Dt

FSI[R≦0] Vt Rt) 0.0201*** 0.0209 -0.0012 0.0275*** 0.0261*** 

C4
 (Dt

MBI[R>0]Vt Rt) 0.0308*** -0.0008 0.0254*** 0.0350*** 0.0288*** 

C4
’ (Dt

MSI[R≦0] Vt Rt) 0.0156*** 0.0421 0.0088 0.0262*** 0.0035 

C5
 (Dt

DBI[R>0]Vt Rt) -0.0111*** -0.0367*** -0.0245*** -0.0066* -0.0046 

C5
’ (Dt

DSI[R≦0] Vt Rt) -0.0151*** -0.0595** -0.0048 -0.0215*** -0.0102* 

TEST: C3 > C3
’ -0.0084 -0.0442 0.0080 -0.0140 0.0018 

TEST: C4 > C4
’ 0.0148** -0.0233 0.0075 0.0113 0.0261*** 

TEST: C5 > C5
’ 0.0028 -0.0020 -0.0198 0.0166** 0.0049 
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Table 3. Autocorrelation as a function of buy and sell volume from 
institutional investors 

 

We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1iRit + C2iVit
ORit + C3iVit

FBI[R>0] Rit + C3i
’Vit

FSI[R≦0] Rit + C4i Vit
MBI[R>0] Rit+ C4i

’Vit
MSI[R≦0] Rit 

+ C5iVit
DBI[R>0] Rit

 + C5i
’Vit

DSI[R≦0] Rit + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Vit
FB (Vit

FS) is the daily buy 

(sell) turnover of foreigner trading. Similarly, Vit
MB (Vit

MS) and Vit
DB (Vit

DS) are the daily buy (sell) 

turnover of mutual fund and securities companies respectively. Vit
O is the daily turnover from other 

investors. The turnover data is standardized by its own time-series standard deviation. The sample 

includes 1,049 stocks for which there are at least 750 observations and that were listed on the Taiwan 

Stock Exchange and the Gre Tai Securities Market. The sample period is from 2000/12/12 to 2007/3/30. 

From the time-series regression estimates, we calculate and report the cross-sectional robust mean for 

each size group. * denotes significance at the 10% level, ** denotes significance at the 5% level, and 

*** denotes significance at the 1% level. 

 

 

 
 

 
All firms 1st Quartile 

The Smallest

2nd Quartile

 

3rd Quartile 

 

4th Quartile 

The Largest 

C0 (Constant) 0.0657*** 0.0503*** 0.0701*** 0.0774*** 0.0641*** 

C1 (Rt) 0.0916*** 0.0890*** 0.0978*** 0.0998*** 0.0756*** 

C2 (Vt
ORt) -0.0144*** 0.0070*** -0.0103*** -0.0230*** -0.0284*** 

C3
 (Vt

FBI[R>0] Rt) 0.0104*** -0.0028 0.0058** 0.0138*** 0.0192*** 

C3
’ (Vt

FSI[R≦0] Rt) -0.0009 -0.0106** -0.0086*** -0.0018 0.0081*** 

C4
 (Vt

MBI[R>0] Rt) 0.0175*** 0.0062 0.0065** 0.0231*** 0.0261*** 

C4
’ (Vt

MSI[R≦0] Rt) 0.0047*** 0.0022 0.0001 0.0060** 0.0080** 

C5
 (Vt

DBI[R>0] Rt) -0.0068*** -0.0116*** -0.0078*** -0.0032 -0.0076*** 

C5
’ (Vt

DSI[R≦0] Rt) -0.0053*** -0.0078 0.0041 -0.0054 -0.0126*** 

TEST: C3 > C3
’ 0.0141*** 0.0215** 0.0161*** 0.0152*** 0.0199*** 

TEST: C4 > C4
’ 0.0141*** 0.0048 0.0078* 0.0177*** 0.0181*** 

TEST: C5 > C5
’ -0.0014 -0.0025 -0.0124** 0.0015 0.0066** 
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Table 4. Control market and industry returns 
 

We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1i Rit + C2iVit Rit + C3i Dit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit + C4i Dit

MBI[R>0]Vit Rit+ 

C4i
’Dit

MSI[R≦0] Vit Rit + C5i Dit
DBI[R>0]Vit Rit

 + C5i
’Dit

DSI[R≦0] Vit Rit + C6i MRt+1 +C7i IRi,t+1 + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Dit
FB=1 if Vit

FB is higher 

than its past-200-days average, and Dit
FB= 0 otherwise. Dit

FS , Dit
MB, Dit

MS, Dit
DB, and Dit

DS are similarly 

defined. Vit
FB (Vit

FS) is the daily buy (sell) turnover of foreigner trading. Similarly, Vit
MB and Vit

DB are 

the daily buy turnover of mutual fund and securities companies trading, respectively. The turnover data 

for each stock is standardized by its own time-series standard deviation. MRt+1 is the market return, and 

IRt+1 is the industry return. The sample includes 1,049 stocks for which there are at least 750 daily 

observations and that were listed on the Taiwan Stock Exchange and the Gre Tai Securities Market. 

The sample period is from 2000/12/12 to 2007/3/30. From the time-series regression estimates, we 

calculate and report the cross-sectional robust mean for each group. The star sign * denotes 

significance at the 10% level, ** denotes significance at the 5% level, and *** denotes significance at 

the 1% level. 

 

 
All firms 1st Quartile 

The Smallest

2nd Quartile

 

3rd Quartile 

 

4th Quartile 

The Largest 

C0 (Constant) 0.0404*** 0.0365*** 0.0431*** 0.0441*** 0.0379*** 

C1 (Rt) 0.0776*** 0.0773*** 0.0875*** 0.0878*** 0.0503*** 

C2 (Vt Rt) -0.0094*** 0.0176*** -0.0051* -0.0197*** -0.0279*** 

C3
 (Dt

FBI[R>0]Vt Rt) 0.0089*** -0.0084 -0.0038 0.0099*** 0.0212*** 

C3
’ (Dt

FSI[R≦0] Vt Rt) 0.0207*** 0.0294 0.0111 0.0226*** 0.0190*** 

C4
 (Dt

MBI[R>0]Vt Rt) 0.0273*** 0.0048 0.0239*** 0.0322*** 0.0249*** 

C4
’ (Dt

MSI[R≦0] Vt Rt) 0.0151*** 0.0924** 0.0043 0.0164** 0.0115** 

C5
 (Dt

DBI[R>0]Vt Rt) -0.0127** -0.0386*** -0.0231*** -0.0070* -0.0105*** 

C5
’ (Dt

DSI[R≦0] Vt Rt) -0.0094** -0.0396* 0.0055 -0.0122* -0.0124*** 

C6
 (MRt+1) 0.1371*** 0.1731*** 0.1828*** 0.1319*** 0.0618*** 

C7
 (IRi,t+1) 0.6504*** 0.3491*** 0.5640*** 0.7477*** 0.9518*** 
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Table 5. Control contemporaneous trading from institutional investors 
 

We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1i Rit + C2iVit Rit + C3i Dit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit + C4i Dit

MBI[R>0]Vit Rit+ 

C4i
’Dit

MSI[R≦0] Vit Rit + C5i Dit
DBI[R>0]Vit Rit

 + C5i
’Dit

DSI[R≦0] Vit Rit + C6i Di,t+1
FB

 + C6i
’Di,t+1

FS
 +  

C7i Di,t+1
MB + C7i

’Di,t+1
MS + C8i Di,t+1

DB + C8i
’Di,t+1

DS + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Dit
FB=1 if Vit

FB is higher 

than its past-200-days average, and Dit
FB= 0 otherwise. Dit

FS , Dit
MB, Dit

MS, Dit
DB, and Dit

DS are similarly 

defined. Vit
FB (Vit

FS) is the daily buy (sell) turnover of foreigner trading. Similarly, Vit
MB and Vit

DB are 

the daily buy turnover of mutual fund and securities companies trading, respectively. The turnover data 

for each stock is standardized by its own time-series standard deviation. The sample includes 1,049 

stocks for which there are at least 750 daily observations and that were listed on the Taiwan Stock 

Exchange and the Gre Tai Securities Market. The sample period is from 2000/12/12 to 2007/3/30. 

From the time-series regression estimates, we calculate and report the cross-sectional robust mean for 

each group. * denotes significance at the 10% level, ** denotes significance at the 5% level, and *** 

denotes significance at the 1% level. 

 

 

 
All firms 1st Quartile 

The Smallest

2nd Quartile

 

3rd Quartile 

 

4th Quartile 

The Largest 

C0 (Constant) -0.0147*** 0.0629*** 0.0421*** -0.0455*** -0.1435*** 

C1 (Rt) 0.0556*** 0.0722*** 0.0798*** 0.0689*** 0.0008 

C2 (Vt Rt) -0.0101*** 0.0154*** -0.0088*** -0.0222*** -0.0237*** 

C3
 (Dt

FBI[R>0]Vt Rt) -0.0003 -0.0209* -0.0125** 0.0040 0.0121*** 

C3
’ (Dt

FSI[R≦0] Vt Rt) 0.0214*** 0.0205 0.0080 0.0292*** 0.0236*** 

C4
 (Dt

MBI[R>0]Vt Rt) 0.0032 -0.0445* -0.0077 0.0100** 0.0033 

C4
’ (Dt

MSI[R≦0] Vt Rt) 0.0082 -0.0063 0.0063 0.0206** -0.0023 

C5
 (Dt

DBI[R>0]Vt Rt) -0.0215*** -0.0384*** -0.0293*** -0.0208*** -0.0198*** 

C5
’ (Dt

DSI[R≦0] Vt Rt) 0.0017 -0.0612** 0.0165 -0.0009 0.0024 

C6
 (Dt+1

FB) 0.5372*** 0.2665*** 0.4106*** 0.4612*** 0.8285*** 

C6
’ (Dt+1

FS) -0.2455*** -0.0247 -0.1343*** -0.1404*** -0.4922*** 

C7
 (Dt+1

MB) 1.0907*** 1.3851*** 1.1360*** 1.0631*** 1.0967*** 

C7
’ (Dt+1

MS) -0.4737*** -0.2447* -0.3584*** -0.4579*** -0.5779*** 

C8
 (Dt+1

DB) 0.3171*** -0.0487 0.0286 0.3028*** 0.7053*** 

C8
’ (Dt+1

DS) 0.0388** 0.1274** 0.1642*** 0.1408*** -0.2321*** 
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Table 6. Two-day autocorrelation 
 

We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1iRit + C2iVit Rit + C3iDit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit + C4iDit

MBI[R>0]Vit Rit+ 

C4i
’Dit

MSI[R≦0] Vit Rit + C5iDit
DBI[R>0]Vit Rit

 + C5i
’Dit

DSI[R≦0] Vit Rit + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Dit
FB=1 if Vit

FB is higher 

than its past-200-days average, and Dit
FB= 0 otherwise. Dit

FS , Dit
MB, Dit

MS, Dit
DB, and Dit

DS are similarly 

defined. Vit
FB (Vit

FS) is the daily buy (sell) turnover of foreigner trading. Similarly, Vit
MB and Vit

DB are 

the daily buy turnover of mutual fund and securities companies trading, respectively. The sample 

includes 1,049 stocks for which there are at least 750 daily observations and that were listed on the 

Taiwan Stock Exchange and the Gre Tai Securities Market. The sample period is from 2000/12/12 to 

2007/3/30. We examine the case that t indicates a two-day interval. To calculate the return and turnover 

series for the two-day interval, we compound returns and sum the turnover for the days in the interval. 

The turnover data for each stock is standardized by its own time-series standard deviation. From the 

time-series regression estimates, we calculate and report the cross-sectional robust mean for each size 

group. * denotes significance at the 10% level, ** denotes significance at the 5% level, and *** 

denotes significance at the 1% level. 

 

 

 
All firms 1st Quartile 

The Smallest

2nd Quartile

 

3rd Quartile 

 

4th Quartile 

The Largest 

C0 (Constant) 0.1771*** 0.1703*** 0.1889*** 0.1780*** 0.1727*** 

C1 (Rt) 0.0750*** 0.0761*** 0.0759*** 0.0864*** 0.0590*** 

C2 (Vt Rt) -0.0248*** -0.0076 -0.0234*** -0.0304*** -0.0398*** 

C3
 (Dt

FBI[R>0]Vt Rt) 0.0003 -0.0203 -0.0006 -0.0010 0.0096** 

C3
’ (Dt

FSI[R≦0] Vt Rt) -0.0037 0.0266 -0.0001 -0.0136 -0.0055 

C4
 (Dt

MBI[R>0]Vt Rt) 0.0154*** -0.0442 0.0115 0.0154*** 0.0231*** 

C4
’ (Dt

MSI[R≦0] Vt Rt) -0.0059 -0.0685 -0.0062 -0.0079 -0.0056 

C5
 (Dt

DBI[R>0]Vt Rt) -0.0158*** -0.0509*** -0.0302*** -0.0054 -0.0103** 

C5
’ (Dt

DSI[R≦0] Vt Rt) 0.0099* 0.0348 0.0227* -0.0032 0.0033 
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Table 7. Five-day autocorrelation 

 

We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1iRit + C2iVit Rit + C3iDit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit + C4iDit

MBI[R>0]Vit Rit+ 

C4i
’Dit

MSI[R≦0] Vit Rit + C5iDit
DBI[R>0]Vit Rit

 + C5i
’Dit

DSI[R≦0] Vit Rit + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Dit
FB=1 if Vit

FB is higher 

than its past-200-days average, and Dit
FB= 0 otherwise. Dit

FS , Dit
MB, Dit

MS, Dit
DB, and Dit

DS are similarly 

defined. Vit
FB (Vit

FS) is the daily buy (sell) turnover of foreigner trading. Similarly, Vit
MB and Vit

DB are 

the daily buy turnover of mutual fund and securities companies trading, respectively. The sample 

includes 1,049 stocks for which there are at least 750 daily observations and that were listed on the 

Taiwan Stock Exchange and the Gre Tai Securities Market. The sample period is from 2000/12/12 to 

2007/3/30. We examine the case that t indicates a five-day interval. To calculate the return and 

turnover series for the five-day interval, we compound returns and sum the turnover for the days in the 

interval. The turnover data for each stock is standardized by its own time-series standard deviation. 

From the time-series regression estimates, we calculate and report the cross-sectional robust mean for 

each size group. * denotes significance at the 10% level, ** denotes significance at the 5% level, and 

*** denotes significance at the 1% level. 

 

 
All firms 1st Quartile 

The Smallest

2nd Quartile

 

3rd Quartile 

 

4th Quartile 

The Largest 

C0 (Constant) 0.4495*** 0.4199*** 0.4678*** 0.4731*** 0.4385*** 

C1 (Rt) 0.0643*** 0.0667*** 0.0708*** 0.0845*** 0.0348*** 

C2 (Vt Rt) -0.0351*** -0.0281*** -0.0229*** -0.0534*** -0.0381*** 

C3
 (Dt

FBI[R>0]Vt Rt) -0.0109** -0.0442*** -0.0138 -0.0115 0.0009 

C3
’ (Dt

FSI[R≦0] Vt Rt) -0.0385*** -0.0474 -0.0302 -0.0597*** -0.0298** 

C4
 (Dt

MBI[R>0]Vt Rt) 0.0127** -0.0443 0.0020 0.0081 0.0210** 

C4
’ (Dt

MSI[R≦0] Vt Rt) 0.0115 0.0494 0.0214 0.0125 -0.0023 

C5
 (Dt

DBI[R>0]Vt Rt) -0.0097* -0.0650*** -0.0383*** 0.0071 0.0066 

C5
’ (Dt

DSI[R≦0] Vt Rt) -0.0081 -0.0214 0.0114 -0.0153 -0.0013 
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Table 8. The autocorrelation coefficients when covered warrants contracts exist 

 
We perform the following time-series regression for each stock.  

Ri,t+1 = C0i + C1iRit + C2iVit Rit + C3iDit
FBI[R>0]Vit Rit + C3i

’Dit
FSI[R≦0] Vit Rit + C4iDit

MBI[R>0]Vit Rit+ 

C4i
’Dit

MSI[R≦0] Vit Rit + C5iDit
DBI[R>0]Vit Rit

 + C5i
’Dit

DSI[R≦0] Vit Rit + εi,t+1.,  

where I[R>0] = 1 if Rit>0 and 0 otherwise, I[R≦0] = 1 if Rit≦0 and 0 otherwise; Dit
FB=1 if Vit

FB is higher 

than its past-200-days average, and Dit
FB= 0 otherwise. Dit

FS , Dit
MB, Dit

MS, Dit
DB, and Dit

DS are similarly 

defined. Vit
FB (Vit

FS) is the daily buy (sell) turnover of foreigner trading. Similarly, Vit
MB and Vit

DB are 

the daily buy turnover of mutual fund and securities companies trading, respectively. The turnover data 

for each stock is standardized by its own time-series standard deviation. The sample includes stocks in 

the third and fourth size quartile out of 1,049 stocks for which there are at least 750 daily observations 

and that were listed on the Taiwan Stock Exchange and the Gre Tai Securities Market. The sample 

period is from 2000/12/12 to 2007/3/30. From the time-series regression estimates, we calculate and 

report the cross-sectional robust mean separately for stocks that have covered warrants traded on the 

exchange and for stocks that do not have warrants during the sample period. * denotes significance at 

the 10% level, ** denotes significance at the 5% level, and *** denotes significance at the 1% level.  

 

Stocks with warrant 

(1) 

Stocks without warrant

(2) 

 

(1) – (2) 

C3 (Dit
FBI[R>0]Vit Rit) 0.0282*** 0.0104*** 0.0178*** 

C3
’(Dit

FSI[R≦0] Vit Rit) 0.0295*** 0.0250*** 0.0045 

C4 (Dit
MBI[R>0]Vit Rit) 0.0391*** 0.0246*** 0.0145** 

C4
’(Dit

MSI[R≦0] Vit Rit) 0.0148** 0.0140 0.0009 

C5 (Dit
DBI[R>0]Vit Rit) -0.0047 -0.0066* 0.0020 

C5
’(Dit

DSI[R≦0] Vit Rit) -0.0142** -0.0172** 0.0030 
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Table 9. Daily portfolio return based on aggregate volume and institutional 
trading  

 

We construct three sets of portfolios from stocks which have large daily aggregate volume (turnover is 

larger than its 200-day moving average). Each set of portfolios includes four portfolios: large buy from 

institutional investor and positive return on day t, large sell and negative return, small buy and positive 

return, small sell and positive return; the portfolio composition change daily. The first set of portfolios 

is based on foreign investors, the second set is based on mutual funds, and the third set is based on 

securities companies. A stock is classified as “large buy (sell)” if the daily buy (sell) turnover is higher 

than its 200-day moving average, otherwise, it is “small buy (sell)”. For each portfolio, we first 

calculate its daily equally weighted return for day t+1, and then calculate and report its time-series 

average, t statistics in parentheses are based on Newey-West standard errors with 10 lagged 

autocorrelations. The sample includes 1,049 stocks for which there are at least 750 daily observations 

and that were listed on the Taiwan Stock Exchange and the Gre Tai Securities Market. The sample 

period is from 2000/12/12 to 2007/3/30.  

 

Large 

institution 

buy & Rt >0 

Large 

institution 

sell & Rt <0

Difference Small 

institution 

buy & Rt >0

Small 

institution 

sell & Rt <0 

Difference 

Foreigners 0.422 -0.161 0.583*** 0.275 -0.115 0.390*** 

Mutual 

funds 

0.508 -0.149 0.657*** 0.244 -0.118 0.362*** 

Securities 

companies 

0.235 -0.072 0.308*** 0.329 -0.139 0.468*** 
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Table 10. Daily portfolio return based on aggregate volume, institutional trading, 
and margin trading 

 

We construct two sets of portfolios from stocks which have large daily total volume (turnover is larger 

than its 200-day moving average). Each set of portfolios includes six portfolios based on two criteria: 

the first criteria is based on institutional trade and return (large buy from institutional investor and 

positive return on day t, large sell and negative return), the second criteria is based on the net margin 

trading (Zi,t), which is the daily change in shares held in margin accounts normalized by the number of 

shares outstanding (Andrade, Chang, and Seasholes, forthcoming). the portfolio composition change 

daily. In Panel A, each day we sort the stocks with large daily total volume into five quintiles based on 

Zi,t. In Panel B, each day we sort the stocks in the largest size quartile and with large daily total volume 

into five quintiles based on Zi,t.The first quintile, the second to fourth quintiles, and the fifth quintile are 

denoted by Low Zi,t, Medium Zi,t, and High Zi,t, respectively. The first set of portfolios is based on 

foreign investors, and the second set is based on mutual funds. A stock is classified as “large buy (sell)” 

if the daily buy (sell) turnover is higher than its 200-day moving average, otherwise, it is “small buy 

(sell)”. For each portfolio, we first calculate its daily equally weighted return for day t+1, and then 

calculate and report its time-series average, t statistics in parentheses are based on Newey-West 

standard errors with 10 lagged autocorrelations. The sample includes 1,049 stocks for which there are 

at least 750 daily observations and that were listed on the Taiwan Stock Exchange and the Gre Tai 

Securities Market. The sample period is from 2000/12/12 to 2007/3/30.  
 

 Based on foreigners’ trading Based on mutual funds trading 

Net 

margin trading 

Large Buy & 

Rt >0 

Large Sell & 

Rt <0 
Difference

Large Buy & 

Rt >0 

Large Sell & 

Rt <0 
Difference

Low  0.692 0.099 0.593*** 0.753 0.079 0.674*** 

Medium 0.329 -0.109 0.438*** 0.385 -0.061 0.446*** 

High 0.280 -0.424 0.704*** 0.468 -0.412 0.880*** 

 
 


