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1. Introduction 

The returns that investors and market makers obtain from short-term contrarian trading in the 

equity market can be seen as compensation from providing liquidity to other investors whose 

order imbalances cause temporary price pressure in stocks, see e.g. Campbell, Grossman, and 

Wang (1993) and Jegadeesh and Titman (1995). Along with Nagel (2012) and Jylhä, Rinne, and 

Suominen (2013), we refer to these returns as “returns from providing liquidity”. In turn, the 

investors whose trading causes the short-term price pressure trade at unfavorable prices and 

suffer costs from demanding immediacy, using the terminology of Demsetz (1968) and Grossman 

and Miller (1988). The question that we address in this paper is whether mutual funds make more 

returns from providing liquidity than what they lose in costs from demanding immediacy (costs 

of immediacy).
1
 

To determine whether mutual funds more commonly supply liquidity or demand immediacy, 

we apply a methodology that was originally developed in a earlier draft of the current paper, and 

later further developed and applied in Jylhä et al. (2013) to study the hedge funds’ propensity to 

supply liquidity. Similarly as Jylhä et al. (2013), we proxy for the returns from providing 

liquidity by the returns to a short-term contrarian long-short trading strategy. Next, we run 

regressions, fund by fund, where we explain the mutual funds’ monthly returns with our estimate 

of the monthly returns from providing liquidity and standard risk factors. If the regression 

coefficient is significantly positive, we conclude that the mutual fund supplies liquidity in the 

                                                 
1
 In this paper, as in Nagel (2012) and Jylhä et al (2013), the terms ”liquidity provision” and ”supply of liquidity” 

correspond with the notion of ”supply of immediacy” in Demsetz (1968) and Grossman and Miller (1988).    
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stock market. If the regression coefficient is significantly negative, we conclude that the fund 

demands immediacy.
2
 

Our regression results indicate that typically the mutual funds that invest in equity suffer more 

in costs of immediacy than what they earn as returns from providing liquidity. According to our 

findings, the average mutual fund loses 0.6% of its assets under management annually in the 

costs of immediacy. This figure is net of the returns that it makes from providing liquidity. The 

finding that the mutual funds typically suffer costs of immediacy is highly robust. For instance, it 

prevails also in a panel regression where we cluster the standard errors by both mutual fund and 

month, and is robust to using several possible proxies for the returns from providing liquidity.  

Although we find that on average the mutual funds suffer more in costs of immediacy than 

what they make in returns from providing liquidity, there are significant cross-sectional 

differences. Some funds systematically suffer costs of immediacy, while others systematically 

earn returns from providing liquidity.  We find that the mutual funds’ costs of immediacy are 

larger for those funds that experience outflows, and for funds, whose flows correlate highly with 

the aggregate mutual fund flows. We find also that the mutual funds’ costs of immediacy depend 

on the fund’s strategy, and are larger for the funds that follow common dynamic trading 

strategies. For instance, according to our results, the decile of funds that are the most exposed to 

the momentum factor suffer on average 1.3% per annum in the costs of immediacy.  

                                                 
2
 Note that although mutual funds cannot engage in long-short trading, this measure can be used as a proxy of the 

funds’ time varying returns from providing liquidity. Note also that mutual funds can obtain the returns from a long-

short trading strategy (on top of their passive portfolio returns) if they own at the beginning of any given day t those 

stocks that need to be sold on that day. Clearly, mutual funds can lose on costs of immediacy both when buying and 

selling stocks. 
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One of our results is to show that the mutual funds’ costs of immediacy can explain the 

observed mutual funds’ average underperformance. Consistent with the earlier literature, in a 

standard performance regression of fund returns on known risk factors, the average mutual fund 

alpha is negative as in e.g. Jensen (1968), Malkiel (1995), and Gruber (1996). Instead, when we 

account for the mutual funds’ costs of immediacy in the regression, the average alpha changes 

sign and becomes statistically significantly positive. It therefore appears that the observed mutual 

funds’ underperformance relative to a value-weighted stock market index is an artifact of 

comparing two return series that treat the costs of immediacy differently: One series that is 

measured after the investors’ costs of immediacy that occur from the mutual fund trading, caused 

e.g. by the investors’ entry and exit into the fund, the funds’ implementation of dynamic trading 

strategies, such as momentum, and portfolio rebalancing between equity and cash in reaction to 

interest rate changes (the mutual fund returns), and another series that is measured before any 

costs of immediacy (the value-weighted stock market index returns).
3
 These findings present 

complementary evidence to Edelen (1999), which also relates the mutual funds’ 

underperformance to trading costs arising from liquidity-motivated trading. We make also 

another finding related to the mutual fund alphas: The mutual funds’ past costs of immediacy 

predict the funds’ alphas in the cross section. The funds that historically suffered the least costs of 

immediacy have significantly larger future alphas than other mutual funds. 

We then study time variation in the mutual funds’ demand for immediacy in the stock market. 

We find that mutual funds’ propensity to demand immediacy increases in recessions and at times 

                                                 
3
 In principle all mutual funds could fully pass those costs of immediacy that are caused by the investors’ entry and 

exit into the mutual fund to the entering and exiting investors, as index funds do by construction, by selling or buying 

assets at the close on the day when the money enters and exits the fund. Given that the mutual fund flows affect their 

costs of immediacy, as we show below, the funds do not fully appear to do so, however.  
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of aggregate mutual fund outflows. Another result is that large changes in bond market yields in 

either direction seem to increase mutual funds’ trading and their costs of immediacy. Finally, at 

times of good market liquidity (measured using the Pastor and Stambaugh, 2003, liquidity 

measure), the mutual funds seem to increase their demand for immediacy to benefit from the low 

costs of trading in liquid markets. Finally, running rolling regressions, we find that mutual funds’ 

demand for immediacy often spikes at times of market turmoil and at times of specific major 

news events, to which either the mutual fund managers or their investors seem to react.  

For completeness, we study also the costs of immediacy of index funds and show that S&P 

500 index funds suffer costs of immediacy at times of index constituent changes, complementing 

the findings in e.g. Shleifer (1986), Lynch and Mendenhall (1997) and Petajisto (2011). Our 

results complement also those of Da, Gao, and Jagannathan (2011), who find evidence that index 

funds lose on liquidity absorbing trades triggered by index rebalancing. 

Our paper is related to several strands of literature. First, it builds upon the extensive literature 

documenting short-term stock return reversals, and the research that relates the reversals to 

investors’ demand for immediacy in the stock market, see e.g. Grossman and Miller (1988), 

Jegadeesh (1990), Lehmann (1990), Chordia and Subrahmanyam (2004), and Avramov, Chordia, 

and Goyal (2006). Second, it is related to the research that estimates the available returns to 

liquidity providing trading strategies, such as Khandani and Lo (2007, 2011) and Nagel (2012). 

Most closely it is related to Jylhä et al. (2013). By using a similar methodology as we do, they 

find that hedge funds on average make positive returns from supplying liquidity in the stock 

market. 

Our approach allows us also to look at how the mutual funds’ costs of immediacy depend on 

their trading strategies as well as on other conditioning variables. Doing so, our findings 

complement the findings in Da et al (2011), who using data on changes in mutual funds’ 
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quarterly holdings, and the stock specific order imbalances for the relevant stocks, are able to 

show evidence on which funds typically supply liquidity and which demand immediacy in the 

stock market. They find that some funds, notably young income funds and the Dimensional Fund 

Advisors mutual funds, earn returns by providing liquidity, while others, such as index funds and 

growth funds suffer from the costs of immediacy. Our study is also closely related to other papers 

that provide evidence on the mutual funds’ costs of immediacy or their liquidity provision: For 

instance, Coval and Stafford (2007) and Hau and Lai (2012) show that large mutual fund 

outflows and inflows cause price pressure in the stocks that the mutual funds’ hold. Their 

findings are consistent with our finding that fund outflows are an important source of the mutual 

funds’ costs of immediacy. Zhang (2009), in turn, shows that some mutual funds gain by 

providing liquidity to distressed funds, i.e. funds having large outflows. Other papers related to 

mutual funds’ cost of trading include e.g. Alexander, Cici, and Gibson (2007), who show that 

trades motivated by funds’ liquidity needs or funds’ excess liquidity underperform the market; 

Bhattacharya, Lee, and Pool (2013), which shows that mutual funds provide immediacy to other 

funds in the same mutual fund family if those suffer from fire sales; and, Ben-Rephael, Kandel, 

and Wohl (2011), who find that the aggregate mutual fund flows create price pressure on the 

entire stock market.
4
  

Our paper is also related to the literature that evaluates mutual funds’ trading costs. In their 

pioneering work, Edelen (1999) and Wermers (2000) find that mutual funds lose significantly on 

trading costs. They argue, as we do, that the mutual funds’ trading losses can be attributed to the 

funds’ need for immediacy that is caused by the in- and outflow of funds to the mutual funds. Our 

                                                 
4
 Closely related is also Koch, Ruenzi, and Starks (2010), which shows that mutual fund trading causes commonality 

to liquidity. Anand et al. (2013) in turn study the cross-sectional differences in institutional investors’ tendencies to 

provide liquidity. 
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results complement and extend their results, although one should note that compared to the two 

aforementioned papers, we study a somewhat different question: we estimate the mutual funds’ 

costs of immediacy net of their trading revenues from providing liquidity, whereas Edelen (1999) 

and Wermers (2000) focus only on the costs of trading. Finally, our results are consistent with 

Edelen, Evans, and Kadlec (1997), who find that there is large cross-sectional variation in the 

mutual funds’ trading costs. See also Edelen, Evans, and Kadlec (2013).  

Our contribution to the literature is to apply a new methodology to estimate the mutual funds’ 

costs of immediacy (net of their returns from providing liquidity), and present new evidence on 

the important question of which types of mutual funds demand immediacy and which supply 

liquidity in the financial markets. Our findings on the magnitude of the costs of immediacy for 

funds whose flows are correlated with the industry flows, and for funds exposed to the 

momentum strategy are new and relevant for both the academic researchers as well as 

practitioners. In addition, we provide additional and complementary evidence to Edelen (1999) 

that the mutual funds’ observed underperformance is mainly caused by mutual funds’ costs of 

immediacy. Another contribution is to show that the mutual funds’ historical costs of immediacy 

predict the funds’ alphas. Finally we are the first to provide evidence on the existence of several 

new time varying factors, namely interest rate changes, liquidity, and economic recessions, that 

all cause increases in the mutual funds’ demand for immediacy other things equal.  

Our paper is organized as follows: In Section 2, we document the time-varying, short-term 

return reversal in stock returns and introduce the returns from providing liquidity concept. In 

Section 3 we present our main results related to mutual funds costs of immediacy and their 

returns from providing liquidity. In Section 4, we study the cross-sectional determinants and time 

variation in mutual funds’ propensity to demand immediacy or supply liquidity. In Section 5, we 

study index funds, while in Section 6, we study the mutual funds’ alphas. Section 7 concludes the 
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paper. In the Appendix, we study the robustness of our result that mutual funds on average 

demand immediacy. 

 

2. Measuring the returns from providing liquidity and the costs of demanding 

immediacy 

2.1. The concept  

In this paper, along with Khandani and Lo (2007, 2011), Nagel (2012), and Jylhä et al. (2013), 

we proxy for the returns from providing liquidity by the returns to a short-term contrarian long-

short trading strategy. Because of short-term return reversal, see e.g. Jegadeesh (1990) and 

Lehmann (1990), short-term contrarian trading strategies have historically generated positive 

returns, which are commonly seen as rewards from providing liquidity (see e.g. Jegadeesh and 

Titman, 1995). We focus on a contrarian trading strategy that was originally presented in an 

earlier draft of the current paper but further developed in Jylhä et al. (2013), but show also that 

our main results are robust to alternative proxies of the returns from providing liquidity that are 

based on other contrarian trading strategies, as shown in the Appendix B. The liquidity providers’ 

returns from supplying liquidity correspond with the costs of demanding liquidity (costs of 

immediacy) to the counterparties of the trades.  

To proxy for the time-varying returns from providing liquidity, Jylhä et al. (2013) consider a 

long-short trading strategy that is based on 5-day return reversal in stocks’ excess returns. They 

assume that every day liquidity providing traders estimate the expected 5-day return reversal in 

stocks’ excess returns, and then engage in a long-short trading strategy that buys the stocks with 

the highest expected 5-day excess returns (past loser stocks) and sells short the stocks with the 

lowest expected 5-day excess returns (past winners). After five days, the positions are closed. 
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Their measure of the returns from providing liquidity, RLP, is the realized pre-transaction cost 

return on the assumed contrarian trading strategy. Below, we describe their approach in greater 

detail.  

 

2.2. The returns from providing liquidity (RLP) 

2.2.1. Short-term return reversal in excess returns 

To estimate the return reversal patterns, we first perform for each day a cross-sectional 

regression in which we regress the stocks’ (indexed by i) next 5-days’ (one week) excess returns 

following the close on day t,      , on each of the stocks’ past 20 days’ (one month) excess 

returns,       , where τ ∈ {0,..19}: 

 

         ∑                
  
   .                   (1)  

 

Here    is the intercept in the regression, while      is a stock specific error term. The excess 

returns are calculated by deducting from stocks’ returns the returns to a corresponding equal-

weighted Fama-French 48 industry index.
5,

 
6
 

                                                 
5
 The excess returns are defined relative to industry indexes as in this case the excess returns for stocks are more 

likely due only to price pressure from trading and not information, see Hameed and Mian (2012) for related 

evidence. Our results are qualitatively similar if we calculate the excess returns using equal-weighted or value-

weighted CRSP indexes instead of the industry indexes, as shown in the Appendix B. 

6
 Jylhä et al. (2013) include two controls in this regression, which are constructed by multiplying the past month’s 

(20-days’) excess returns with either the stocks’ monthly (log of) trading volume or the firms’ (log of) market 

capitalization at time t. We exclude these controls as the estimated coefficients for the control factors are not stable 

during our sample period. More specifically, the coefficient for the volume factor is significantly positive during 
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 For the estimation of the stock return reversal patterns, we study a data set that includes all 

stocks listed in the daily CRSP file from the January 1, 1983 to the December 31, 2010, which 

fulfill the following requirements: 1) the security is an ordinary common stock, 2) the company is 

incorporated in the USA, 3) the stock is listed in the NYSE or the Amex, and 4) the company’s 

SIC code is available and it is included in the Fama-French 48 industries, excluding the industry 

Other.
7
  

The regression results from Equation (1) are presented in Table 1 below. They are in line with 

Jylhä et al. (2013), who study a shorter sample of data. The estimated average coefficients  ̂    

for the first 19 lags are all negative and statistically highly significant, showing that there is a 

large amount of mean reversion in the data.  

 

[Insert Table 1] 

 

Next, we use these results on the return reversal patterns to estimate the available returns from 

providing liquidity.  

 

2.2.2. Estimating the returns from providing liquidity  

When estimating the returns from providing liquidity, we make the same data restrictions as 

Jylhä et al. (2013) to reduce noise in our estimates. First, we remove from our sample all stocks 

                                                                                                                                                              
1980s and becomes significantly negative afterwards. In turn, the coefficient for the size factor does not differ 

significantly from zero during 1980s, but becomes significantly positive afterwards. Our results are qualitatively 

similar if we include these control variables in Equation (1) as shown in the Appendix B. 

7
 We have excluded the stocks traded in the Nasdaq as the volume in Nasdaq is not comparable to volume in the 

NYSE and the Amex due to differences in the trading systems. 
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that belong to the smallest decile of all U.S. incorporated common stocks listed on the NYSE or 

the Amex. Second, we eliminate penny stocks by removing from our sample all stocks that have 

a share price below five dollars. Finally, we require that a stock must have a positive trading 

volume during each day when a position in the stock is presumably opened. 

The Jylhä et al. (2013) measure of the returns from providing immediacy, RLP, is the return to 

a zero-investment contrarian long-short trading strategy that utilizes short-term return reversals. 

More precisely, RLP is the monthly return to a zero-investment long-short trading strategy where 

every day a long position is opened in all stocks with a positive expected 5-day return and a short 

position is opened in all stocks with a negative expected 5-day return. After 5 days, the positions 

are closed. They assume a trading strategy where all positions are closed after 5-days (one week) 

as this, using their portfolio rule (described below), results in a significantly higher Sharpe ratio 

after accounting for estimated transaction costs than otherwise similar trading strategies where 

positions are closed after one day (as in Khandani and Lo, 2011) or one month. In Table A1 in 

the Appendix A, we show that these observations hold also during our sample period and using 

our estimates of one day, one week, and one month short-term return reversal.
8
 

On any given day t, we use the stocks’ expected 5-day excess returns evaluated at that time, 

denoted by   (     ), as portfolio weights when forming the long and the short portfolios. Given 

N stocks in the universe of potential stocks where positions can be taken on day t, the assumed 

portfolio weights     
  in the long and     

  in the short portfolios on day t are:  

 

                                                 
8
 Additional motivation for the five day trading horizon in estimating the returns from providing liquidity is 

presented in Jylhä et al. (2013), who show evidence that the 5-day trading horizon corresponds well with the actual 

trading horizon of those hedge funds that systematically provide liquidity. 
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   (     )    (     )

∑    (     )    (     )
 
   

 

    
   

   (     )    (     )

∑    (     )    (     )
 
   

  

(2) 

 

Here IZ denotes an indicator function that equals one if Z is true and zero otherwise.
 9

   

When setting the portfolio weights in Equation (2) we assume that the time t estimates of 

stocks’ expected 5-day excess returns are based on 120 past days’ (i.e., the past 6 months’) cross-

sectional regressions of Equation (1) up to time t-6, the last day for which there is five-day return 

data at time t. The expected five-day returns at time t,   (     ), are then calculated using the 

stocks’ past twenty days’ returns up to time t.  

The proxy for the returns from providing liquidity, RLP, is calculated as the average return on 

all open positions to the zero-investment long-short trading strategy described above.
10

 Table 2 

documents the pre-transaction cost returns on this liquidity providing trading strategy. As is 

evident from Table 2, the returns from providing liquidity are high, even after controlling for 

standard risk factors.  

                                                 
9
 Lehmann (1990), Khandani and Lo (2011), and Nagel (2012) analyze the returns to contrarian trading strategies 

where portfolios are formed by using the negative of the stocks’ past returns as portfolio weights. Given the evidence 

on return reversal, their portfolio weights also effectively correspond with stocks’ expected excess returns. Besides 

corresponding with the common portfolio rule in similar contexts in the literature, the approach of using expected 

returns as portfolio weights can be motivated theoretically: Under the assumptions that the short-horizon returns are 

solely due to price pressure and independent across securities, and the assumption that investors have CARA utility 

functions, the investors’ optimal portfolio allocations are linear in the expected returns of the assets. 

10
 Overlapping portfolios are aggregated using the Jegadeesh and Titman (1993) method. Daily return of RLP is the 

average of five portfolios’ returns without daily rebalancing.  
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[Insert Table 2] 

 

Figure 1, in turn, shows the time series evolution of the monthly returns from providing 

liquidity.  

 

[Insert Figure 1] 

 

As Figure 1 shows, the returns from providing liquidity have decreased over time, and have 

become lower especially after the turn of the millennium. This corresponds well with the notion 

that liquidity has improved over time. Jylhä et al. (2013) tie the decline in the returns from 

providing liquidity to increased speculative capital in the hedge funds that provide liquidity. 

Hendershott, Jones, and Menkveld (2009), in turn, present evidence that liquidity in the NYSE 

improved after the adoption of autoquote (that fostered algorithmic trading) in 2003.  

  

2.2.3. Comparison to existing proxies  

 

Our measure of the returns from providing liquidity, RLP, based on Jylhä et al. (2013), is 

closely related to several measures of returns to contrarian trading strategies presented in the 

literature. The RLP measure is constructed under the assumption that liquidity providing traders 

use data on each of the past 20-day’s returns to predict the expected short-term returns. While 

traders in reality might use more information to predict future returns, the information set used to 

predict expected returns in the construction of RLP is already significantly richer than the 

information set used in many other contrarian trading strategies presented in the literature (which 

often condition only on the past cumulative returns from some specific period of time). Not 

surprisingly, therefore, our trading strategy leads to a notably higher Sharpe ratio than several 
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other contrarian trading strategies presented in the literature (using our sample of stocks): 

namely, those presented in Jegadeesh (1990), Lehmann (1990), Khandani and Lo (2007), Bali, 

Cakici, and Whitelaw (2011), and Nagel (2012). Given this, we should expect that the liquidity 

providing mutual funds (similarly as the liquidity providing hedge funds) are more likely to 

follow our trading strategy rather than the other trading strategies described in the literature. 

Furthermore, to the extent that our measure RLP is a good proxy for the returns from providing 

liquidity, it is also a good proxy of the time varying costs of demanding immediacy (for the 

counterparties of the liquidity supplying trades).  

 

2.3 Controlling for liquidity risk 

Our measure for the returns from providing liquidity makes use of the short-term return 

reversals, and thus might be correlated with the Pastor-Stambaugh liquidity risk factor, that also 

is related to short-term return reversals (Pastor and Stambaugh, 2003). Although the two concepts 

are quite different, to alleviate the concerns that our empirical results on funds’ exposure to the 

returns from providing liquidity are in fact due to funds’ exposures to liquidity risk, we control 

for the Pastor-Stambaugh liquidity factor in all our regressions. The correlation between the 

Pastor-Stambaugh liquidity factor and our proxy for the returns from providing liquidity is -0.004 

during our sample period. Finally, as Dong, Feng, and Sadka (2013) study mutual funds’ 

exposure to liquidity risk using a different liquidity risk measure, the Sadka (2006) liquidity 

factor. In a robustness test, reported in the Appendix B, we replace the Pastor-Stambaugh 
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liquidity factor with the Sadka liquidity factor in our mutual funds’ performance regressions. The 

results show that our findings are not driven by funds’ exposure to liquidity risk.
11

  

 

3. Mutual funds’ exposure to the returns from providing liquidity 

It is not clear in advance whether mutual funds on average act as market makers and supply 

liquidity, or demand liquidity in the stock market. While there appears to exist returns from 

providing liquidity, as documented above, and while according to Jylhä et al. (2013) hedge funds 

seem to supply liquidity, there are reasons to believe that the mutual funds might demand instead 

of supply liquidity. One reason, at least, is that the mutual funds, in contrast to hedge funds, do 

not have any redemption restrictions. Jylhä et al. (2013) show that the hedge funds that have 

looser redemption restrictions are more likely to demand liquidity than other hedge funds. 

Similarly then, one might expect that mutual funds, which have no redemption restrictions, would 

be more prone to demand liquidity than the hedge funds with some but little redemption 

restrictions. That is, because in contrast to hedge funds the mutual funds offer their investors 

immediacy (ability to exit at will), the mutual funds, and their investors might be expected to 

incur costs of immediacy. 

In this section, we first explore whether the mutual funds supply liquidity, or demand 

immediacy, in the stock market by regressing the mutual funds’ returns on the RLP measure of the 

returns from providing liquidity. If the regression coefficient for any given fund is statistically 

significantly positive we conclude that the fund typically supplies liquidity. In turn, if the 

                                                 
11

 Data for the Pastor-Stambaugh liquidity factor is obtained from Lubos Pastor’s webpage while data for the Sadka 

liquidity factor is obtained from Ronnie Sadka’s webpage. 
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regression coefficient is significantly negative, we conclude that the mutual fund typically 

demands immediacy in the stock market.  

 

3.1. Data on mutual funds 

Our monthly mutual fund returns are based on the CRSP Survivor-Bias Free Mutual Fund 

Database, which lists all US mutual funds. Our sample includes only funds that invest in equity. 

Sample period is from January 1, 1984 to the December 31, 2010.
12

 We combine different share 

classes of the same fund into a single fund using the Thomson Mutual Fund holdings database 

and the MFLINKS, available through the WRDS, similarly as in Fama and French (2010) and 

Linnainmaa (2013). In addition, to be included in our sample, we require, as Linnainmaa (2013), 

that the mutual fund’s combined net asset value has at some point in time exceeded $5 million in 

December 2008 dollars. This requirement is made in order to limit the effect of incubation bias 

(Evans, 2010). We also divide our sample into active and index funds so that we can study 

whether these fund types differ with regards to their exposure to the returns from providing 

liquidity. Active funds are studied in the current section, while index funds in Section 5.
13

 

Table 3 provides the basic summary statistics of the variables used in this study. 

 

[Insert Table 3]  

 

 

                                                 
12

 Our sample starts in 1984 as the pre-1984 mutual fund returns are deemed unreliable according to e.g. Elton, 

Gruber, and Blake (2001) and Fama and French (2010).   

13
 Funds are classified as index funds using data from Antti Petajisto`s webpage. We exclude enhanced index funds.   
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3.2. Fund by fund regressions 

We start our empirical analysis by examining whether mutual fund returns are dependent on 

the returns from providing liquidity. Let us first define the explanatory variables used in the 

regression: Returns from providing liquidity,    , equal the returns from providing liquidity as 

defined in Section 2. As control variables, we use the CRSP value-weighted stock index return in 

excess of the risk free rate, (     ), the Fama-French size (SMB) and value (HML) factors, the 

Carhart Momentum factor (MOM), a bond return factor (Rb) calculated using Barclays Capital 

Aggregate Bond index, and the Pastor-Stambaugh liquidity factor.  

Whether mutual funds supply or demand liquidity can now be analyzed by running the 

following regressions, fund by fund, where the mutual funds’ returns in excess of the risk free 

rate,        , are regressed on the returns from providing immediacy,    , and the above-

mentioned K controls:
14

 

 

                          ∑                    
 
              (3) 

 

Here,      denotes the fund specific error term.  

 

[Insert Table 4] 

 

The results presented in Table 4 support the conclusion that mutual funds, on average demand 

liquidity in the stock market. First, the average coefficient of the returns from providing liquidity 

in the mutual fund return regression is negative (-0.037) and statistically very significant 

(associated t-statistic is -14.5). Second, the amount of individual funds that have a statistically 

                                                 
14

 To be included in the analysis, we require that the mutual funds have at least a 36-month return history.  
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significant negative exposure at a five-percent confidence level to the returns from providing 

liquidity is 15.9%. This figure is statistically significantly higher than the threshold value 2.5%, 

which is the percentage of funds that we would expect to find to be statistically significantly 

negative (positive) under the assumption that all funds in reality had zero exposure to the returns 

from providing liquidity. Furthermore, the fraction of funds with a positive coefficient to RLP, i.e. 

funds that supply liquidity, equals 7.3%, which also significantly exceeds 2.5%. This implies that 

some funds supply, while others demand liquidity in the stock market.
15

 

The finding that mutual funds on average demand liquidity seems highly robust. In the 

Appendix B, we show that this result is robust to analyzing its statistical significance using a 

bootstrapping methodology. It is also robust to assuming an alternative factor model (the Fung 

and Hsieh, 1997, factor model instead of the Carhart 4-factor model). Third this result is robust to 

using alternative proxies for the returns from providing liquidity. The results hold even if we 

proxy for the returns from providing liquidity with the returns to many other contrarian trading 

strategies presented in the literature. In the next section, we study the robustness of this finding 

also using the panel regression method. 

 

3.3. Panel regression 

A panel regression is a more common method to analyze the performance of mutual funds 

than the fund specific regressions. The fund specific regressions have an advantage that they 

allow for the possibility that some funds supply liquidity, while other funds demand immediacy. 

The advantage of a panel regression, in turn, is additional statistical power to detect the average 

                                                 
15

 Proportion of funds having a negative coefficient (without requiring statistical significance) is 57.3%, consistent 

with the result that on average mutual funds demand liquidity.  
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exposure of mutual funds to the returns from providing liquidity. Panel regressions are more 

robust as they are less vulnerable to the effect of outliers, non-normal distributions and other 

similar econometrical problems often encountered in the mutual fund data.  

The results from a panel regression, Equation (3), are shown in Table 5. These results confirm 

our earlier finding that mutual funds on average demand immediacy.
16, 17

  

      

[Insert Table 5] 

 

An interesting observation from Table 5 is that the mutual funds’ average alpha is significantly 

positive when RLP is included in the panel regression. This is an important finding as it suggests 

that the mutual funds’ historically observed underperformance could simply be due to the costs of 

immediacy of the mutual funds’ trading. We explore this finding further in Section 6. To confirm 

the econometric robustness of our results, we also consider the effect of clustering the standard 

errors by both fund and month.  

 

3.4. Discussion 

The results presented in the two previous sub-sections are consistent with the findings in 

Edelen (1999), who, using the semiannual flow and trading reports of 166 mutual funds, finds 

that the underperformance of mutual funds can be attributed to the costs of liquidity-motivated 

trading. Wermers (2000) is another study that looks at the effect of transaction costs on mutual 

fund performance. One major difference between our findings, and the findings in Edelen (1999) 

                                                 
16

 The results are qualitatively similar if we control for fund fixed effects in order to allow funds’ to have differences 

in skill.   

17
 We thank John McInnis and Noah Stoffman for providing the SAS codes used to run the panel regressions. 
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and Wermers (2000), is that our estimate of the costs of trading to mutual funds is smaller (0.6% 

p.a. vs. 1.4% p.a. and 1.6% p.a.).
18

 One key factor in understanding the differences in the 

estimates of the mutual funds’ costs of trading is the following: Instead of estimating only the 

trading costs, as the two other papers do, in our paper we estimate the net costs of trading, i.e., 

the fund’s trading costs (costs of demanding immediacy) net of the trading returns that the fund 

makes by providing liquidity to other investors. Because of this, we should not expect that our 

results are comparable to the findings in Edelen (1999) and Wermers (2000). Secondly, our 

sample is mainly from a later period of time when liquidity most likely was better and thus the 

costs of immediacy were smaller.  

 

4. Factors that affect funds’ demand for immediacy 

4.1. Cross-sectional factors   

We next explore factors that affect the mutual funds’ demand for immediacy. We claim that a 

fund demands immediacy and thus has costs of immediacy if its RLP beta is significantly 

negative, and that it demands more and has higher costs of immediacy the more negative its RLP 

beta is. We claim that funds with significantly positive RLP betas earn more returns from 

providing liquidity than what they suffer in costs of immediacy. Our expectation is that mutual 

funds that have negative flows, and flows that are highly correlated with other funds’ flows, 

should have higher costs of immediacy than other funds. Second, we expect that funds, which 

heavily employ common dynamic trading strategies, such as momentum trading, have higher 

costs of immediacy compared to other funds.  

                                                 
18

 Our estimate here is obtained by simply multiplying our estimate of the RLP beta, shown in Table 4, with the 

historical mean for the returns from providing liquidity, RLP, during the sample period.  
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To investigate these issues, we repeat the fund specific regressions defined in Equation (3), 

reported in Table 4, in non-overlapping 2-year time intervals.
19

 For each 2-year sample, we first 

sort the funds using the previous 12 months’ flow into signed flow quintiles, and show that the 

funds with outflows in the past, on average, suffer costs of immediacy, while funds with past 

inflows have approximately zero costs of immediacy. The difference in the RLP betas between the 

negative past flow and positive past flow funds is statistically significant at the 1% level. As fund 

flows are highly autocorrelated, and thus past flows can be seen as a proxy for current flows, this 

finding suggests that mutual fund’s costs of immediacy are significantly higher at times when 

money flows out from the mutual fund. The results are presented in Table 6 and Figure 2. Note, 

however, that also some funds with large positive flows seem to suffer from costs of immediacy. 

Next we test how the mutual funds’ costs of immediacy depend on their portfolio and trading 

strategies. More specifically, we sort the funds in each 2-year sample period using their past 12-

months’ turnover, and their past betas for size, value, momentum and market returns calculated 

using previous 2-years of data. The results are presented in Figure 2 and the related test statistics 

are shown in Table 6.  

 

[Insert Figure 2 and Table 6] 

 

Figure 2 and Table 6 show that: 

1) High turnover mutual funds have high costs of immediacy. On the other hand, there is no 

evidence that low turnover funds suffer any costs of immediacy. The difference in the RLP 

                                                 
19

 To be included in the analysis, we require that a mutual fund has at least 18-month return history during the 2-year 

period. 
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betas between the highest and lowest decile turnover funds is statistically significant at a 1% 

significance level.  

2) Mutual funds which load heavily on the momentum factor have large costs of immediacy, 

and their RLP betas are significantly lower than those of the funds that load least on the 

momentum. This finding, which clearly shows that mutual fund strategy matters for the costs 

of immediacy, is consistent with the previous finding in the literature that the transaction 

costs from following the momentum strategy are high; see e.g. Korajczyk and Sadka (2004) 

and Lesmond, Schill, and Zhou (2004).  

3) Both the funds in the highest and the lowest HML beta decile (value and growth funds 

respectively) suffer from costs of immediacy, and both the growth and the value funds suffer 

significantly more costs of immediacy than funds with median loading on HML at a 1% 

significance level. Consistent with Da et al. (2011) we find that the value funds have lower 

costs of immediacy than growth funds, although in our regressions the difference is not 

statistically significant. 

4) Small-Cap funds suffer from costs of immediacy. The RLP betas of the highest decile of funds 

sorted by the funds’ SMB betas are significantly different from zero at 5% significance level. 

On the other hand, Large-Cap funds’ costs of immediacy are not statistically significantly 

different from zero. However, the costs of immediacy of the Small-Cap and Large-Cap funds 

do not differ statistically significantly from each other.
20

  

5) We find that the low market beta funds earn returns from providing liquidity, while the high 

market beta funds have significant costs of immediacy. That is, the RLP betas of the lowest 

                                                 
20

 In unreported test we find evidence that some Small-Cap funds earn returns from providing liquidity (consistent 

with Keim, 1999) when they have inflows.  
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decile of funds sorted by the funds’ market betas are positive, while the RLP betas of the 

highest decile of funds are negative and significantly different from zero at 1% significance 

level. This finding is consistent with the idea that low market beta funds have larger cash 

holdings and thus less of a need to demand immediacy. 

 

The differences in the realized costs of immediacy across fund types are large and often 

economically and statistically highly significant. For instance, the decile of funds that load the 

most heavily on momentum have a RLP beta of minus 0.09, corresponding with annual costs of 

immediacy of -1.3% (this figure is obtained by simply multiplying these funds’ RLP beta with the 

historical mean for the returns from providing liquidity).  

It is plausible to think that the price impact from flow induced trading, and thus the funds’ 

costs of immediacy, are largest for those mutual funds whose flows are highly correlated with the 

other mutual funds’ flows. To test this idea, we rank mutual funds into deciles based on the 

correlation of the fund’s flow with the aggregate mutual fund flow calculated using the last two 

years’ data. We find, as Figure 3 shows, that only funds whose flows correlate sufficiently with 

the aggregate flows suffer from costs of immediacy. Instead, funds whose flows have the lowest 

correlation with the aggregate flows earn insignificant returns from providing liquidity. The 

statistical significance of the difference between the extreme correlation deciles in the exposures 

to RLP is presented in Table 6.
21

    

 

 [Insert Figure 3] 

                                                 
21

 This result is related to stock price fragility, see Greenwood and Thesmar (2011). They denote asset to be fragile if 

it is exposed to non-fundamental shifts in demand for example due to its owners facing correlated or volatile 

liquidity shocks.  
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From this research, it emerges that there are several factors that affect whether a mutual fund 

more commonly demands or supplies liquidity in the stock market. It appears that the important 

determinants of this are a) the mutual funds’ strategy and b) fund flows.  

 

4.2. Time variation in mutual funds’ demand for immediacy 

To investigate time variation in the mutual funds’ supply of liquidity and their demand of 

immediacy, we modify the panel regression (Table 5) by including conditioning variables, and 

interaction terms, where we interact the conditioning variables with RLP, in the regression. The 

results are provided in Table 7. Our first conditioning variable is a one-month lagged aggregate 

mutual fund flow (scaled by previous month’s aggregate mutual funds’ assets under 

management). We find, as expected, the interaction term of lagged aggregate mutual fund flow 

and RLP to have a positive coefficient. Past aggregate outflows (that we use to proxy for current 

month’s aggregate outflows as mutual fund flows are highly positively autocorrelated) increase 

the mutual funds’ demand for immediacy. In addition to aggregate flow, we use following other 

conditioning variables: first, lagged liquidity level (Pastor and Stambaugh, 2003), second, the 

lagged absolute value of a monthly change in 5-year Treasury bond yields, and, third, a NBER 

recession dummy. We expect that liquidity reduces the costs of trading, and thus increases mutual 

funds’ use of dynamic trading strategies, such as momentum. Given this, we expect that mutual 

funds’ exposure to RLP is higher in liquid markets. Second, large changes in Treasury bond yields 

to either direction should lead to portfolio reallocations, and thus show up as an increased 

demand for immediacy. Finally, we expect that during NBER recessions there are both outflows 

of funds from the mutual funds and portfolio reallocations, which show up as an increase in the 
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mutual funds’ demand for immediacy. The results shown in Table 7 are consistent with our 

expectations.
22

    

    

[Insert Table 7] 

 

These results support the earlier finding of an effect of mutual fund outflows on the mutual 

funds’ need to demand immediacy. It appears, furthermore, that mutual funds demand immediacy 

especially during crises. These results are consistent with Hau and Lai (2012), who show 

evidence that some mutual funds demanded immediacy during the 2008 financial crisis.  

To explore further the mutual funds’ demand for immediacy and supply of liquidity we 

perform rolling regressions of mutual fund returns on RLP. Figure 4 shows the results based on a 

rolling panel regression with a 24-month rolling window. The results confirm the observation that 

mutual funds tend to demand immediacy during crises (see for instance the burst of the Dot-Com 

bubble and the 2008 financial crisis). Furthermore, it shows that there are many spikes in in 

mutual funds’ demand for immediacy, which seem to be associated with specific major news 

events to which either the mutual fund investors or the fund managers react. Similarly, however, 

there seems to be also some news events that cause the average mutual funds to aggressively 

supply liquidity in the stock market. Altogether, Figure 4 shows that there is considerable time 

variation in the average mutual funds’ demand for immediacy or its supply of liquidity. 

 

[Insert Figure 4] 

 

 

                                                 
22

 The sample period is from February 1991 through December 2010 due to the unavailability of flow data before 

1991. The results of other conditioning variables are qualitatively similar if the whole sample period is used.    
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5. Index funds’ exposure to RLP  

In order to study whether index funds’ returns are affected by the time-varying costs of 

demanding immediacy we run the following regression, where the index funds’ returns in excess 

of their benchmark index return,         , are regressed on the returns from providing 

liquidity,    , and Y controls:
23

 

 

                        ∑                     
 
        (4)   

 

Here,      denotes the fund specific error term. We use as controls the Fama-French size (SMB) 

and value (HML) factors, the Carhart Momentum factor (MOM) and the Pastor-Stambaugh 

liquidity factor. As index funds’ trading should be concentrated on periods when index 

composition changes, we add additional dummy variable for months with more than median 

amount of changes in the index composition. Furthermore we interact this variable with our 

measure of the returns from providing liquidity, RLP.    

Table 8 shows the regression results. In most of the specifications we limit the sample to S&P 

500 index funds only, in order to study the effects of index rebalancing. For other indexes we do 

not have this data. The results in Table 8 show that during months with many constituent changes 

in the index, the index funds suffer from the costs of immediacy.
24, 25 

                                                 
23

 As a benchmark index we are using the index stated in the fund’s prospectus. We thank Antti Petajisto for proving 

this data in his webpage.    

24
 Shleifer (1986), Lynch and Mendenhall (1997), and Petajisto (2011) show related evidence that S&P 500 

constituent changes lead to costs of immediacy. According to Petajisto (2011) index funds lose 28 basis points per 

annum on the costs of immediacy arising from constituent changes. 
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[Insert Table 8] 

 

6. Mutual funds’ alpha 

It is interesting to see if to what extent our estimates of the costs of immediacy can explain 

mutual funds’ observed underperformance; see for example Gruber (1996) and Carhart (1997).  

Using our estimate of the average mutual funds’ demand for immediacy, its RLP beta 

(presented in Table 4), and the RLP return series, Figure 5 shows our estimate of the effect of the 

costs of immediacy on mutual fund cumulative raw returns. Figure 5 depicts three separate time 

series. First, it shows the mutual funds’ realized cumulative returns and, second, the cumulative 

returns to the CRSP value-weighted market index. Finally it shows the hypothetical cumulative 

returns to mutual funds, had the mutual funds not suffered any costs of immediacy. In this series 

we have added to the mutual fund’s cumulative realized return in every month our estimate of the 

mutual funds’ realized costs of immediacy (obtained by multiplying the negative of the estimated 

coefficient for RLP from Table 4 by the realized return from providing immediacy in that month, 

RLP).  

                                                                                                                                                              
25

 The aggregate flow to index funds should also lead to costs of immediacy. This should show up as changes in the 

expected returns on the S&P 500 index, as well as on all of the individual stocks included in the index. To test this, 

we performed a regression where we explain the expected returns to S&P 500 index stocks, obtained from the 

regression specified in Equation (1), on index fund flows. The coefficient for index fund flows is negative, consistent 

with the idea that flow to index funds leads to costs of immediacy as it affects the S&P 500 index stocks’ expected 

returns. The coefficient is not statistically significant, however. This is understandable as the index funds own only a 

small proportion of the S&P 500 stocks (their ownership of the S&P 500 stocks is on average less than 2% during 

our sample period). See Ben-David, Franzoni and Moussawi (2012) and Da and Shive (2013) for recent evidence on 

a closely related matter: the S&P 500 index ETFs’ effects on the S&P 500 stocks’ prices. 
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[Insert Figure 5] 

 

Using the information in Figure 5, we can evaluate that the mutual funds’ realized costs of 

immediacy amount to roughly 90% of the mutual funds historical underperformance to the CRSP 

value-weighted stock market index. The costs of immediacy alone, therefore, can account for 

most of the observed underperformance. Note, however, that this estimate does not take into 

account the fact that the mutual funds’ average market beta is less than one, nor does it reflect 

any differences in the betas of other known risk factors between the average mutual fund and the 

value-weighted market index.
26

  

To study further the effect of costs of immediacy on mutual funds’ underperformance we run 

panel regressions in which we regress the mutual funds’ return in excess of the risk-free rate on 

RLP and risk factors, and compare the alphas from regressions with and without RLP.  As Table 9 

shows, without controlling for RLP, the mutual funds’ alpha is significantly negative, consistent 

with the prior literature. Instead, when we control for RLP in the regression, the alpha changes 

sign and becomes significantly positive. This suggests that failing to control for the mutual funds’ 

costs of immediacy is one reason for the finding that the mutual funds seem to underperform. 

Table 9 shows also that our finding, that the mutual fund alpha is positive if we account for the 

costs of immediacy, is robust to using alternative proxies for the returns from providing liquidity 

(costs of demanding immediacy).  

 

                                                 
26

 The 90% figure is obtained by dividing our estimate of the average mutual fund’s cumulative costs of immediacy 

in 2010, from an investment of one dollar into an average mutual fund in 1984, by the cumulative return difference 

in 2010 between one dollar investments made in 1984 to a value-weighted stock market index and the average 

mutual fund.    
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[Insert Table 9] 

 

Finally, the funds’ costs of immediacy seem to affect their performance also in the cross 

section: Figure 6 shows that the average alpha does not significantly differ from zero for the 

decile of funds with the most positive (or least negative) RLP betas in the previous two year 

period. On the other hand, all the other deciles of funds ranked by their RLP betas have 

significantly negative average alphas at 1% significance level. The difference in the alphas 

between the funds in the highest lagged RLP beta decile and other deciles is 5 basis points per 

month (0.6% pa.). This return difference is statistically significant at 5% significance level.
27,

 
28

  

  

[Insert Figure 6] 

 

Finally, the effect of the costs of immediacy on funds’ alphas might be affected by noise in the 

estimation of the RLP betas. To check the robustness of the results presented in Figure 6, we 

repeated the analysis using the lagged correlations of funds’ flows with the aggregate mutual 

fund flow (flow correlation) as a ranking variable, instead of the funds’ lagged RLP betas. As 

shown in Section 4.1., funds with high flow correlation have on average negative RLP betas and 

the funds with low flow correlation have on average positive RLP betas. Given this, the funds’ 

flow correlations can be used to proxy for their RLP betas. The results from this test are 

qualitatively similar to the results presented in Figure 6: The lowest decile of funds ranked by 

                                                 
27

 Shown alphas are calculated using the Carhart 4-factor model. The results are also robust to controlling for the 

Pastor and Stambaugh (2003) liquidity factor.  

28
 We estimate the lagged RLP betas using the previous two years’ data, similarly as we estimate (lagged) style betas 

in Section 4.1. 
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their flow correlations have statistically significantly higher alphas than the highest decile of 

funds at a 5% significance level. The difference in their alphas is 51 basis points per annum.  

 

7. Conclusions 

In this paper we apply a novel methodology to estimate the investors’ costs of immediacy and 

their returns from providing liquidity; and provide new evidence on the costs of immediacy to 

mutual funds. Our results suggest that although some funds systematically supply liquidity, the 

mutual funds on average demand immediacy in the stock market, and given this, suffer from 

costs of immediacy. We find also that the mutual funds’ average costs of immediacy are 

economically significant and in a panel regression can account for the average mutual funds’ 

observed underperformance. These results are consistent with the findings in Da, Gao and 

Jagannathan (2011), and Edelen (1999).  

We then provide evidence on the cross-sectional and time variation in the mutual funds’ 

demand of immediacy. We find in particular that, other things equal, the mutual funds demand 

immediacy especially during the economic crises, at times when the interest rates change, and 

during periods of high liquidity (when the trading costs are low). Our cross-sectional results, in 

turn, show that in particular the mutual funds with outflows, flows that correlate with the industry 

flows, and the funds that are highly exposed to common dynamic trading strategies, such as 

momentum, suffer costs of immediacy. Finally we show that the mutual funds’ past costs of 

immediacy predict their future alphas.   
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Appendix A  

A.1. The effect of holding period on the returns from providing liquidity 

Table A1: Return statistics for the liquidity providing trading strategy with broker commissions 
 

Monthly return statistics for a liquidity providing trading strategy with different holding periods (1, 5 and 20 days) 

are calculated for the period from January 1984 through December 2010 using following estimates for broker 

commissions: 17 basis points per trade during the 1980s, 5 basis points per trade during the 1990s and 3 basis points 

per trade after 2000. Estimates are based on Chan and Lakonishok (1993) and de Groot, Huij, and Zhou (2012). The 

returns from providing liquidity are the returns to a zero-investment long-short trading strategy similar to that 

described in Section 2, in which expected holding period excess returns are used as portfolio weights when forming 

the long and the short portfolios (as in Equation (2)). These expected returns are calculated using six month moving 

averages of coefficients for return reversal, from regressions similar to Equation (1), but with stocks’ one day, 5-day 

or 20-day future excess return as dependent variables, until two, six or 21 days prior to taking positions. Return 

statistics are based on averages of the returns of all open positions. 

        

  1-day 5-day 20-day 

Mean -4.17 0.91 0.35 

25
th

 percentile -7.20 -0.53 -0.29 

Median -3.26 0.92 0.32 

75
th

 percentile -0.99 2.28 1.05 

Volatility 5.12 2.45 1.65 

Positive return % 15.4% 65.4% 61.7% 

Sharpe ratio -0.81 0.37 0.21 

        
 

As Table A1 shows, the Sharpe ratio is the highest assuming a 5-day holding period.  
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Appendix B 

B.1. Robustness of the result that mutual funds demand liquidity 

In this section, we study whether the result that the average mutual fund demands liquidity is 

robust to numerous alternative specifications. First, we study whether this result is robust to 

analyzing statistical significance using bootstrapping, second, we study the robustness of our 

result to assuming an alternative factor model (Fung and Hsieh, 1997, factors instead of the 

Carhart 4-factors), and, finally, we study the robustness of our result to using different proxies for 

the returns from providing liquidity.    

 

B.1.1. Bootstrapping  

Bootstrapping can be used to study whether the statistical significance of our earlier result in 

Table 4 is robust. Noise in the estimation due to a small number of observations per individual 

mutual fund, non-normal distributions of fund returns, and cross-sectional correlations between 

funds all might affect our regression results. First, using a methodology presented in Fama and 

French (2010), we construct 10,000 random samples of fund returns in a manner that allows us to 

assume that the funds’ true exposure to our factor, RLP, is zero. More specifically, to have mutual 

fund return data with zero exposure to RLP, we subtract the estimated costs of immediacy, i.e., the 

fund’s estimated coefficient for RLP multiplied by the RLP during the month,  ̂             from 

the mutual fund returns,      . The use of random sampling of months in the simulation preserves 

the cross-sectional correlations in fund returns. This allows us to test the effect of non-zero cross-

sectional correlations in fund returns on our statistical significance estimates.  
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Next we calculate the mean of the estimated coefficient for RLP in the random sample, and its 

standard error. The difference between the average coefficient for RLP shown in Table 4 and the 

average coefficient for RLP in the random samples (-0.011) is 28.9 times the standard error of the 

mean in the random sample. This is even larger than the t-statistics for the estimated coefficient 

for RLP in Table 4, showing the robustness of our results.
29

    

Fama and French (2010) note that their method does not allow time-varying slopes. Therefore 

we also present another set of bootstrapping results modified to take account the fact that many 

funds are in our sample only part of the sample period, and even during this time the funds can 

have time varying exposure to RLP. More specifically, we construct for each of the 4,403 funds in 

our sample a random sample of 1,000 fund returns that are constructed similarly as above for a 

time period that corresponds with the activity period of the fund. Then we calculate means of the 

random samples returns, their mean and its standard deviation. The difference between the 

average coefficient for RLP shown in Table 4 and the average coefficients for RLP in the random 

samples (-0.001) is 12.3 times the standard deviation of means of the random samples. Again, 

this confirms the robustness of the result shown in the Table 4 that the mean of the coefficient for 

RLP is significantly negative.  

 

B.1.2. Fung and Hsieh (1997) factors 

To test whether our main result that mutual funds on average demand immediacy is robust to 

different factor specifications and not biased by missing variables, we replace our former control 

variables in Equation (3) with the eight factors used to explain mutual fund returns in Fung and 

                                                 
29

 As we have 4,403 funds in our sample instead of 10,000, we also run the same tests using only the first 4,403 

simulation runs. In this test, the difference in averages is 21.8 larger the standard error of the mean. 
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Hsieh (1997). In this test, our sample is from the beginning of 1987 to the end of 2010.
30

 The 

controls are the returns on the MSCI USA equity market index, the MSCI World excluding USA 

equity market index, the MSCI Emerging Market equity index, the JP Morgan US Government 

Bond index, the JP Morgan Global Government bond excluding USA index, the Eurodollar one 

month deposit, a gold investment (Gold Bullion LBM), a foreign exchange investment in the 

Federal Reserve Trade-weighted Exchange index, and additionally the Pastor-Stambaugh 

liquidity factor. In line with Fung and Hsieh (1997), we use mutual fund return, not the fund’s 

return in excess of the risk free rate, as the dependent variable in the regression.
31

  

We again find that the returns from providing liquidity, RLP, is highly statistically significant 

in explaining mutual funds’ returns. This shows that our former result is robust to different factor 

specifications. As before, mutual funds on average demand immediacy.  

 

[Insert Table A2] 

 

B.1.3. Different proxies for RLP 

Finally we study whether our results are robust to assuming alternative proxies for the returns 

from providing liquidity.
 
 

More specifically we study the effect of alternative proxies of the returns from providing 

liquidity that are constructed similarly as RLP, except that in the first alternative proxy, we add 

                                                 
30

 Our sample starts in 1987 as the non-US government bond return data and the JP Morgan Global excluding US 

government bond index become available at that time.  

31
 The results remain qualitatively similar if the return on 1-month Eurodollar deposit (a proxy for risk-free rate) is 

excluded from the list of independent variables and the mutual funds’ returns in excess of the risk-free rate are used 

as the dependent variables as in our previous analysis. 
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two control variables that were used in Jylhä et al. (2013) to Equation (1) when estimating the 

expected returns
32

, and, in the second alternative proxy, we exclude the outlying predicted return 

observations (extreme top and bottom percentiles) from the calculation of the returns from 

providing liquidity. The third alternative proxy is also constructed similarly as RLP, except that 

we exclude day t returns from the estimation of Equation (1) (skip-a-day). Results in Table A3 

show that our results from Table 4 are robust to the aforementioned changes in the estimation of 

the returns from providing liquidity. Then, we show that our results are robust to defining excess 

returns relative to alternative reference indexes, namely equal-weighted and value-weighted 

CRSP index, instead of Fama-French industry indexes. In addition, Table A3 shows that 

replacing the Pastor and Stambaugh (2003) liquidity factor with the Sadka (2006) liquidity factor 

does not affect our results. Last, we consider using the returns to other contrarian trading 

strategies presented in the literature as proxies for the returns from providing liquidity. Again we 

find that the average mutual fund has a negative exposure to returns of these contrarian trading 

strategies, showing that the results are robust to assuming alternative proxies of the returns from 

providing liquidity.  

  

[Insert Table A3] 

  

                                                 
32

 The two controls, logarithm of market capitalization and logarithm of past month’s volume both interacted with 

past month’s excess return, are motivated by the findings presented in Campbell et al. (1993), Pastor and Stambaugh 

(2003), and Khandani and Lo (2011) that there are cross-sectional differences in the degree of return reversal that are 

related to trading volume and size. 
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Table 1: Pattern of return reversal 
 

This table shows the time series averages of coefficients,  ̂   , from daily cross-sectional regressions (Equation (1) 

in the text) where stocks’ 5-day future excess returns R5t  are regressed on each of the stocks’ past twenty days’ 

excess returns, Rt-τ, where τ   {0,1,2,3,…,19}. The excess returns are calculated relative to the corresponding equal-

weighted Fama-French 48 industry index returns. Sample period is from January 1983 through December 2010. t-

statistics based on Fama-MacBeth standard errors with Newey-West adjustment (five lags) are shown next to the 

coefficients in parenthesis. All coefficients that are statistically significant at the 5% level are bolded.  

            

R5t           

Rt -0.154 (-55.87) Rt-10 -0.013 (-7.87) 

Rt-1 -0.082 (-38.69) Rt-11 -0.012 (-7.54) 

Rt-2 -0.061 (-31.02) Rt-12 -0.011 (-6.62) 

Rt-3 -0.046 (-25.65) Rt-13 -0.010 (-6.84) 

Rt-4 -0.037 (-21.07) Rt-14 -0.009 (-6.03) 

Rt-5 -0.030 (-17.65) Rt-15 -0.008 (-5.11) 

Rt-6 -0.024 (-14.17) Rt-16 -0.006 (-3.67) 

Rt-7 -0.021 (-11.89) Rt-17 -0.004 (-2.52) 

Rt-8 -0.016 (-9.56) Rt-18 -0.003 (-2.28) 

Rt-9 -0.013 (-7.70) Rt-19 -0.002 (-1.52) 

Intercept       -0.001 (-26.67) 

Number of daily regressions   7,059   

Average number of observations 1,984   

Average Adjusted R2   0.066   
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Table 2: Return statistics for the liquidity providing trading strategy 

 
This table shows the statistics of the monthly returns from providing liquidity with a 5-day holding period. Sample 

period is from January 1984 through December 2010. The returns from providing liquidity are the pre-transaction 

cost returns on a zero-investment long-short trading strategy in which 5-day expected excess returns are used as 

portfolio weights when forming the long and the short portfolios (Equation 2) and positions are held the 

corresponding period of time. The expected returns are calculated using six-month moving averages of coefficients 

for return reversal (Equation 1), until six days prior to taking positions. Return statistics are based on averages of the 

returns of all open positions. Carhart 4-factor alpha is calculated using data from Kenneth French’s website.  

    

Mean 2.08 

25th percentile 0.58 

Median 1.99 

75th percentile 3.56 

Volatility 2.63 

Positive return % 82.4% 

Sharpe ratio 0.79 

4-factor alpha 1.79 

t-statistics for alpha (8.00) 
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Table 3: Descriptive statistics 

 
This table shows the descriptive statistics of the variables used in the paper. The sample period is from January 1984 

through December 2010. The data restrictions when calculating the various proxies for the returns from providing 

liquidity and the returns to other contrarian trading strategies are the same as those for calculating RLP, and are 

described in the text. Data is on a monthly frequency except Flow / AUM (average of monthly figures) and Turnover 

are at an annual frequency.  
            

 Mutual fund specifics Mean St.Dev. 1st quartile Median 3rd quartile 

Active funds      

  Return (%) 0.69 5.55 -1.95 1.00 3.70 

  Flow / AUM (%)  1.21 9.16 -1.25 -0.13 1.64 

  Annual turnover (%) 99.9 169.0 35.0 67.0 117.0 

  Flow correlation 0.16 0.29 -0.04 0.16 0.37 

  Aggregate flow / AUM (%) 0.44 0.67 -0.05 0.35 0.79 

Index funds      

  Return (%) 0.60 5.26 -2.06 1.15 3.79 

  ReturnIndex fund – ReturnIndex (%) -0.09 1.15 -0.21 -0.05 0.06 
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Time series Mean St.Dev. 1st quartile Median 3rd quartile 

Return factors (%)      

  Barclays Capital aggregate bond index 0.67 1.30 -0.14 0.79 1.44 

  MSCI USA equity market index 0.95 4.53 -1.62 1.30 3.90 

  MSCI World ex. USA equity market index 0.92 5.14 -2.21 1.15 4.25 

  MSCI Emerging equity market index 1.35 6.98 -2.03 1.52 5.85 

  JP Morgan US Government bond index 0.59 1.42 -0.25 0.61 1.49 

  JP Morgan Non-US Government bond index 0.68 2.76 -1.33 0.59 2.35 

  One-month Eurodollar deposit 0.42 0.23 0.26 0.45 0.56 

  Gold Bullion LBM index 0.49 4.24 -2.19 0.14 2.76 

  Trade-weighted US dollar (FX) index -0.14 2.16 -1.55 -0.03 1.18 

Liquidity factors      

  Pastor-Stambaugh liquidity shock 0.002 0.063 -0.023 0.008 0.033 

  Pastor-Stambaugh liquidity level -0.026 0.069 -0.050 -0.016 0.011 

  Sadka liquidity shock -0.000 0.006 -0.003 0.001 0.003 

Return of alternative proxies for RLP (%)      

  Controls 1.97 2.61 0.42 1.88 3.26 

  Trimmed 1.65 2.11 0.41 1.67 2.79 

  Skip-a-Day 1.83 2.74 0.31 1.79 3.41 

Return of RLP with alternative reference index (%)      

  EW Market Index 1.64 2.72 0.04 1.68 3.06 

  VW Market Index 1.52 2.93 0.12 1.60 3.16 

Returns to other contrarian trading strategies (%)      

  Jegadeesh (1990) 0.91 4.32 -1.28 0.62 2.90 

  Lehmann (1990) 1.62 3.38 -0.20 1.59 3.11 

  Khandani and Lo (2007) -1.00 4.04 -3.28 -1.26 1.15 

  Bali et al. (2011) 0.32 5.69 -2.64 0.38 2.99 

  Nagel (2012) 0.88 1.67 -0.08 0.78 1.66 
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Table 4: Mutual funds’ exposure to the returns from providing liquidity  

 
This table shows the summary statistics from fund-specific regressions in which mutual funds’ monthly returns in 

excess of the risk-free rate, Ri-Rf, are regressed on the returns from providing liquidity, RLP, described in the text, the 

value-weighted US stock market index return in excess of the risk free rate, Rm-Rf, Fama-French size (SMB) and 

value factors (HML), Carhart momentum factor (MOM), a bond return factor (Rb), based on Barclays Capital 

Aggregate Bond index, and the Pastor-Stambaugh liquidity factor. Risk free rate, Rf, is the one-month treasury bill 

rate. The bond return factor is downloaded from the Datastream, the Pastor-Stambaugh liquidity factor data is from 

Lubos Pastor’s webpage and the other factor data is from Kenneth French’s website. The mean coefficient column 

shows the average of the factor coefficients from the fund specific regressions. The t-statistics are shown below the 

mean coefficients, in parentheses. The other two columns show the proportion of individual funds for which the 

coefficient of RLP is statistically significantly negative (positive) at a 5% level (two-tail test using Newey-West 

standard errors). The figures in parentheses below are z-statistics testing whether the proportion of funds that have 

either a statistically significantly positive or negative coefficient is equal to 2.5% (which would be the proportion 

observed in case the RLP and Ri-Rf are uncorrelated). Sample period is from January 1984 through December 2010. 

All coefficients that are statistically significant at the 5% level are bolded.  
 

        

Mutual fund excess 

return Ri-Rf 
Mean coefficient 

Proportion of funds in 

which coefficient of RLP is 

statistically significantly 

negative 

Proportion of funds in 

which coefficient of RLP is 

statistically significantly 

positive 

RLP -0.037 15.88% 7.29% 

  (-14.45) (56.85) (20.36) 

Rm-Rf 0.919     

  (185.28)     

SMB 0.120     

  (29.51)     

HML 0.028     

  (5.77)     

MOM 0.024     

  (11.14)     

Rb 0.025     

  (4.11)     

Pastor-Stambaugh 0.000     

  (0.34)     

α -0.000     

  (-3.68)     

# of fund specific 

regressions    4,403 

          

    

 

 

  



46 

 

Table 5: Mutual funds’ exposure to the returns from providing liquidity in a panel regression 

  
This table shows the results of a panel regression in which mutual funds’ monthly returns in excess of the risk-free 

rate, Ri-Rf, are regressed on the returns from providing liquidity, RLP, described in the text, the value-weighted US 

stock market index return in excess of the risk free rate, Rm-Rf, the Fama-French size (SMB) and value factors (HML), 

the Carhart momentum factor (MOM), a bond return factor (Rb), based on Barclays Capital Aggregate Bond index, 

and the Pastor-Stambaugh liquidity factor. Risk free rate, Rf, is the one-month treasury bill rate. The bond return 

factor is downloaded from the Datastream, the Pastor-Stambaugh liquidity factor data is from Lubos Pastor’s 

webpage, and the other factor data is from Kenneth French’s website.  The t-statistics are shown in parentheses 

below the coefficients. In the first column heteroskedasticity consistent standard errors are used and in the second 

column these are replaced with two-way (month and fund) clustered standard errors. Sample period is from January 

1984 through December 2010. All coefficients that are statistically significant at the 5% level are bolded. 
 

RLP -0.039 -0.039 

  (-18.28) (-1.99) 

Rm-Rf 0.921 0.921 

  (611.45) (54.17) 

SMB 0.101 0.101 

  (41.27) (3.00) 

HML 0.050 0.050 

  (24.56) (2.31) 

MOM 0.021 0.021 

  (15.38) (1.42) 

Rb -0.001 -0.001 

  (-0.25) (-0.03) 

Pastor-Stambaugh 0.000 0.000 

  (0.52) (0.05) 

α 0.000 0.000 

  (4.79) (0.48) 

Clustering NO YES 

N 579,313 579,313 
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Table 6: The effect of fund flow and characteristics  
 

This table shows the statistical significance of the differences in the average coefficients of RLP, from fund specific 

regressions similar to Equation (3), between the funds that had a positive or a negative flow in the past year, and 

between extreme deciles of funds that are formed by ranking the funds according to various characteristics. The 

considered characteristics are the funds’ previous year’s turnover, funds’ previous two year’s factor betas (SMB, 

HML, MOM and market BETA), and the past two years’ correlation of the funds’ flow with the aggregate mutual 

fund flow. In order to account for the time variation in the fund characteristics, and to estimate the effect of fund 

flow on the funds’ supply of immediacy, we performed these regressions separately for all non-overlapping two-year 

periods of data. Here ***, ** or * are used to denote figures that are statistically significantly different from zero at 

1%, 5% or 10% level.  
 

 

Test for the differences in the RLP betas between t-stat  
 

Positive and negative flow funds 
 

3.35 

 

*** 

 

High and low turnover funds 
 

-5.42 

 

*** 

 

High and low SMB funds 

 

-0.94 

 

 

High and low HML funds 

 

0.49 

 

 

 

High and low MOM funds 

 

-4.23 

 

*** 

 

High and low BETA funds 

 

-7.22 

 

*** 

 

High and low flow correlation funds 

 

-2.87 

 

*** 
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Table 7: Time variation in mutual funds’ exposure to the returns from providing liquidity 

 
This table shows the results of a panel regression in which mutual funds’ monthly returns in excess of the risk-free 

rate, Ri-Rf, are regressed on the returns from providing liquidity, RLP, the interaction of RLP and conditioning 

variables, the conditioning variables, and controls. As controls we use the same variables as in Table 4. The 

conditioning variables are the one-month lagged aggregate flow to active mutual funds scaled by their total assets 

under management, AggFlowt-1, the lagged level of liquidity, P&S Levelt-1 (Pastor and Stambaugh, 2003), lagged 

absolute change in the yield of 5-year Treasury bond, Abs(YieldChanget-1), and a NBER Recession dummy. The t-

statistics are shown in parentheses below the coefficients. Standard errors are corrected for heteroskedasticity. 

Sample period is from February 1991 through December 2010 (as flow data becomes available only in January 

1991). All coefficients that are statistically significant at the 5% level are bolded. 

 

  (1) (2) (3) (4) (5) 

RLP -0.043 -0.051 0.001 -0.029 0.006 

  (-19.15) (-21.07) (0.20) (-11.28) (1.50) 

RLP * AggFlowt-1 0.700       0.100 

  (2.08)       (0.27) 

RLP * P&S Levelt-1   -0.148     -0.252 

    (-5.83)     (-8.57) 

RLP * Abs(YieldChanget-1)     -0.176   -0.223 

      (-14.61)   (-17.76) 

RLP * NBER Recession       -0.030 -0.023 

        (-6.76) (-4.76) 
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Table 8: Index funds’ exposure to the returns from providing liquidity  

 
This table shows the average coefficients from fund-specific regressions in which index funds’ monthly return in 

excess of their benchmark index return, Ri-RBM, are regressed on the returns from providing liquidity, RLP, described 

in the text, and controls. First regression specification includes all index funds, while in the second, third and fourth 

regressions we restrict the sample to S&P 500 index funds. In the third regression specification, we include a 

Rebalancing dummy, which takes a value equal to one when there are more than the median number of S&P 500 

index constituent changes during that month, and its interaction with RLP. In the fourth specification we also add flow 

to the S&P 500 index funds, FlowIndex,t-1, the Pastor and Stambaugh (2003) liquidity level, P&S Levelt-1, and their 

interactions with RLP. As controls we use the Fama-French size (SMB) and value factors (HML), the Carhart 

momentum factor (MOM) and the Pastor-Stambaugh liquidity shock. The Pastor-Stambaugh liquidity shock data is 

from Lubos Pastor’s webpage and the data for the other control factors is from Kenneth French’s website. The t-

statistics are shown in parentheses below the mean coefficients. All coefficients that are statistically significant at the 

5% level are bolded. 
         

  
Mutual fund 

return Ri-RBM 

Mutual fund 

return Ri-RBM 

Mutual fund 

return Ri-RBM 

Mutual fund 

return Ri-RBM 
  

  

RLP -0.002 0.000 0.017 0.015 

  (-0.29) (0.07) (2.39) (3.40) 

RLP * Rebalancing     -0.027 -0.038 

      (-4.40) (-6.25) 

RLP * FlowIndex, t-1    0.852 

    (1.44) 

RLP * P&S Levelt-1    -0.177 

    (-2.95) 

 

       

SMB 0.025 0.009 0.008 0.009 

  (2.78) (1.62) (1.56) (1.58) 

HML 0.005 0.027 0.026 0.027 

  (0.41) (3.53) (3.45) (3.56) 

MOM -0.017 -0.008 -0.009 -0.012 

  (-3.65) (-2.47) (-2.93) (-4.50) 

Pastor-Stambaugh 0.000 -0.002 -0.002 -0.003 

  (0.17) (-1.09) (-1.28) (-1.73) 

Rebalancing     -0.000 -0.000 

      (-1.47) (-1.01) 

FlowIndex,t-1    -0.062 

    (-4.95) 

P&S Levelt-1    0.004 

    (2.51) 

α -0.001 -0.001 -0.001 -0.001 

  (-5.21) (-9.82) (-7.97) (-3.51) 

 

Sample All index funds S&P 500 funds S&P 500 funds S&P 500 funds 

 

# of fund specific 

regressions 155 71 71 71 
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Table 9: Mutual funds’ alpha and exposure to the returns from providing liquidity 
 

This table shows the average mutual funds’ alpha with and without controlling for the funds’ exposure to selected 

returns from providing liquidity proxies. The results are based on panel regressions in which mutual funds’ monthly 

returns in excess of the risk-free rate, Ri-Rf, are regressed on the value-weighted stock market index return in excess 

of the risk free rate, Rm-Rf, the Fama-French size (SMB) and value factors (HML), the Carhart momentum factor 

(MOM), a bond return factor (Rb), based on Barclays Capital Aggregate Bond index, the Pastor-Stambaugh liquidity 

factor, and - in all regression specifications except in the first one - some proxy for the returns from providing 

liquidity. Second specification uses the RLP series described in the text. The remaining specifications show the results 

for three related proxies for the returns from providing liquidity that are calculated similarly as RLP, except in case of 

Controls we include two controls variables used in Jylhä et al (2013) when estimating Equation (1). These variables 

are constructed by multiplying the past month’s (20-days’) excess returns with either the stocks’ monthly (log of) 

trading volume or the firms’ (log of) market capitalization at time t. In Trimmed, we exclude the extreme percentiles 

of expected return distribution when constructing the returns from providing liquidity series. Finally in Skip-a-Day 

we exclude the contemporaneous day’s data from the estimation of the expected returns. The t-statistics are shown in 

parentheses below the coefficients. Standard errors are corrected for heteroskedasticity. Sample period is from 

January 1984 through December 2010. All coefficients that are statistically significant at the 5% level are bolded. 
      

  

Alpha 

Coefficient for return 

from providing 

immediacy 

Returns from providing liquidity not controlled -0.030% - 

 

(-6.07) - 

 

RLP 0.027% 

 

-0.039 

  (4.66) (-18.28) 

 

Controls 0.011% 

 

-0.029 

  (2.02) (-13.39) 

Trimmed 0.029% -0.049 

  (5.09) (-18.01) 

Skip-a-Day 0.010% -0.032 

  (1.82) (-16.48) 
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Figure 1: Monthly returns from our liquidity providing trading strategy (RLP) 
 

This figure presents the monthly returns from our liquidity providing trading strategy (RLP) during our sample period 

from January 1984 to December 2010. The returns from providing liquidity are estimated as the returns on a zero-

investment long-short trading strategy in which the 5-day expected excess returns are used as portfolio weights when 

forming the long and the short portfolios for 5-day investments. These expected returns are calculated using six-

month moving averages of coefficients for return reversal from the regression defined in Equation (1) until six days 

prior to taking positions. Portfolio returns are based on averages of the returns of all open positions. There is no 

consideration for transaction costs. 
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Figure 2: Costs of immediacy and fund characteristics 

 
The figure in upper left corner shows the average coefficient of RLP from regressions similar to Equation (3) in 

signed flow quintiles, where flow is measured on year t-1 (dark grey = negative flow and green = positive flow). 

Other figures show the average coefficient of RLP, again from regressions similar to Equation (3), in characteristics 

deciles. The considered characteristics are Turnover, measured in year t-1, and funds’ factor betas (SMB, HML, 

MOM and market BETA) estimated using past two years’ data. The reported RLP coefficients are based on fund-

specific regressions in which mutual funds’ monthly returns in excess of risk-free rate, Ri-Rf, are regressed on the 

returns from providing liquidity, RLP, described in the text, and the same controls as in Table 4. In order to account 

for time variation in fund characteristics and to estimate the effect of fund flow on the funds’ supply of liquidity and 

demand for immediacy we perform these regressions separately for all non-overlapping two-year periods of data. 

Here ***, ** or * are used to denote figures that are statistically significantly different from zero at 1%, 5% or 10% 

level.  
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Figure 3: The effect of fund flow correlation on the costs of immediacy 

 
This figure shows the average coefficient of RLP from regressions similar to Equation (3) in deciles based on the past 

two year’s correlation of the funds’ flow with the aggregate mutual fund flows. The RLP coefficients are based on 

fund-specific regressions in which mutual funds’ monthly returns in excess of risk-free rate, Ri-Rf, are regressed on 

the returns from providing liquidity, RLP, described in the text, and the same controls as in Table 4. In order to 

account for time variation in the correlation of funds’ flows with the aggregate mutual fund flows, we performed 

these regressions separately for all non-overlapping two-year periods of data. The fund flow is the fund’s dollar flow 

divided by its beginning of the month assets under management, and the aggregate fund flow is the assets under 

management weighted average of the fund flows. Here ***, ** or * are used to denote figures that are statistically 

significantly different from zero at 1%, 5% or 10% level.  
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Figure 4: Time variation in mutual funds’ exposure to returns from providing liquidity 

 
This figure presents the time series of RLP beta estimated using a panel regression similar as in Table 5, but using 24-

month rolling window. In the regressions mutual funds’ monthly returns in excess of the risk-free rate, Ri-Rf, are 

regressed on the returns from providing liquidity, RLP, described in the text, the value-weighted stock market index 

return in excess of the risk free rate, Rm-Rf, the Fama-French size (SMB) and value factors (HML), the Carhart 

momentum factor (MOM), a bond return factor (Rb), based on Barclays Capital Aggregate Bond index, and the 

Pastor-Stambaugh liquidity factor. The horizontal lines mark the following events: 

 
 

 

 

1. Tax Reform Act of 1986 (Oct 1986)33  
2. Black Monday (Oct 19, 1987) 

 

 
3. Friday the 13th minicrash (Oct 13, 1989)  
 

4. Gulf War (Aug 1990) 

 
 

 

5. Black Wednesday (Sep 16, 1992) 
 

 
 

6. Mexican peso crisis (Dec 1994) 

 
 

 

 
7. Asian crisis begins (Jul 1997) 

8. Global stock market crash of Oct 27, 1997 

 
9. The collapse of LTCM (Sep 1998) 

 

10. The burst of Dot-Com bubble (Mar 2000) 
 

 

11. 9/11 terrorist attack (Sep 2001) 
12. Enron (Dec 2, 2001) 

13.   2002 Stock market downturn (starting March) 

14. Second Gulf War (Mar 2003) 
15. 2003 Mutual fund scandal (Sep 2003) 

 

16. Tsunami (Dec 26, 2004) 
17. Hurricane Katrina (Aug 23, 2005) 

 

18. The burst of Chinese stock bubble (Feb 27, 

2007) 

19. Quant crisis (Aug 2007) 

20. The bailout of Bear Stearns (Mar 2008) 
21. The bankruptcy of Lehman Brothers (Sep 

2008) 

22. Madoff scandal (Dec 2008) 
 

                                                 
33

 Tax Reform Act of 1986 reduced significantly IRA deductibility.  
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Figure 5: Mutual funds’ underperformance and costs of immediacy 

 

This figure shows the effect of the costs of immediacy on mutual fund returns. The value-weighted CRSP 

index is compared to an equal-weighted index for mutual fund investments with monthly rebalancing, 

and to an equal-weighted index for mutual fund investments (with monthly rebalancing) to which our 

estimates of the mutual funds’ monthly costs of immediacy are added. The monthly estimates of the costs 

of immediacy equal the negative of the average coefficient for RLP presented in Table 4 multiplied by the 

monthly return from providing immediacy, RLP (defined in the text).  
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Figure 6: Funds’ exposure to RLP and their alphas 

 

This figure shows the effect of the mutual funds’ exposure to RLP on their alphas. More specifically it 

shows the average Carhart 4-factor alphas in lagged RLP beta deciles. The RLP betas are based on fund-

specific regressions in which mutual funds’ monthly returns in excess of risk-free rate, Ri-Rf, are 

regressed on the returns from providing liquidity, RLP, described in the text, and the same controls as in 

Table 4. In order to account for time variation in the funds’ exposure to RLP, we performed these 

regressions separately for all non-overlapping two-year periods of data. Here ***, ** or * are used to 

denote alphas that are statistically significantly different from zero at 1%, 5% or 10% level.  
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Table A2: Mutual funds’ exposure to the returns from providing liquidity with Fung and 

Hsieh (1997) controls 

 
This table shows the summary statistics from fund-specific regressions in which mutual funds’ monthly 

returns, Ri, are regressed on the returns from providing liquidity, RLP, described in the text, and the 

following controls: returns to MSCI USA equity market index (Rm,US), MSCI World excluding USA 

equity market index (Rm,NON-US), MSCI Emerging Market equity index (Rm,EMERGING), JP Morgan US 

Government Bond index (Rb,US GOV), Non-US Government bond index (Rb,NON-US GOV), one-month 

Eurodollar deposit evaluated using middle rates (REURO$), Gold Bullion LBM index (RGOLD), a foreign 

exchange-investment in the Federal Reserve trade-weighted Exchange index using major currencies 

(RFX), and Pastor-Stambaugh liquidity factor. The foreign exchange index return data is obtained from 

the Federal Reserve, Pastor-Stambaugh liquidity factor data is from Lubos Pastor’s webpage, and the 

other factor data is downloaded from Datastream. The mean coefficient column shows the average of the 

factor coefficients from the fund-specific regressions. The t-statistics are shown below the mean 

coefficients, in parentheses. The other two columns show the proportion of individual funds for which 

the coefficient of RLP is statistically significantly negative (positive) at the 5% level (two-tail test using 

Newey-West standard errors). The figures in parentheses below are z-statistics testing whether the 

proportion is equal to 2.5% (which would be the proportion observed in the case where the RLP and Ri are 

uncorrelated). All coefficients that are statistically significant at the 5% level are bolded. 
        

Mutual fund return, Ri Mean coefficient 
Proportion of funds in which 

coefficient of RLP is 

statistically significantly 

negative 

Proportion of funds in which 

coefficient of RLP is 

statistically significantly 

positive 

RLP -0.043 7.36% 4.16% 

  (-14.77) (20.60) (7.04) 

Rm,US 0.627     

  (98.10)     

Rm,NON-US 0.173     

  (34. 98)     

Rm,EMERGING 0.113     

  (38.18)     

Rb,US GOV 0.087     

  (16.08)     

Rb,NON-US GOV -0.220     

  (-27.57)     

REURO$ 0.440     

  (7.79)     

RGOLD 0.021     

  (9.30)     

RFX -0.197     

  (-20.63)     

Pastor-Stambaugh -0.005     

  (-5.57)     

α -0.001     

  (-4.40)     

# of fund specific 

regressions 4,373     
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Table A3: Robustness checks 

  
This table shows the summary statistics from fund-specific regressions in which mutual funds’ monthly 

returns in excess of the risk-free rate, Ri-Rf, are regressed on several proxies for the returns from 

providing liquidity, several other measures of returns to contrarian trading strategies, and the same 

controls as in Table 4. First panel reprints the results from Table 4. Second panel shows the results for 

three other proxies of the returns from providing liquidity that are calculated similarly as RLP, except in 

case of Controls we include two controls variables when estimating Equation (1). These variables are 

constructed by multiplying the past month’s (20-days’) excess returns with either the stocks’ monthly 

(log of) trading volume or the firms’ (log of) market capitalization at time t.  In Trimmed, in turn, we 

exclude the extreme percentiles of expected return distribution when constructing the returns from 

providing liquidity series. Finally in Skip-a-Day we exclude the contemporaneous day’s data from the 

estimation of the expected returns. Third panel shows the results replacing Fama-French industry index 

returns in the excess return calculations with equal-weighted or value-weighted CRSP index. Fourth 

panel presents the results replacing the Pastor-Stambaugh liquidity factor with the Sadka (2006) liquidity 

factor. The fifth panel presents the results for several other proxies for the returns to contrarian trading 

strategies that have been presented in the literature (using the same data and data restrictions that are used 

in the RLP calculations). Jegadeesh (1990) is the equal-weighted return difference of top and bottom 

deciles based on the previous month’s returns. Lehmann (1990) is the return to a long-short trading 

strategy that uses previous week’s excess returns as portfolio weights and has a one week holding period. 

Khandani and Lo (2007) is the return to a long-short trading strategy that uses previous day’s excess 

returns as portfolio weights and has a one day holding period. Bali et al. (2011) is the value-weighted 

return difference of top and bottom deciles based on the previous month’s maximum daily returns. Nagel 

(2012) is the average return of five overlapping long-short portfolios that use the previous day’s excess 

returns as portfolio weights and have effectively a five day holding period (with daily rebalancing).  The 

mean coefficient column shows the average of the factor coefficients from the fund specific regressions. 

The t-statistics are shown below the mean coefficients, in parentheses. The other two columns show the 

proportion of individual funds for which the factor coefficient is statistically significantly negative 

(positive) at the 5% level (two-tail test using Newey-West standard errors). The figures in parentheses 

below are z-statistics testing whether the proportion is equal to 2.5% (which would be the proportion 

observed in case the RLP and Ri-Rf are uncorrelated). All coefficients that are statistically significant at the 

5% level are bolded.  
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Mutual fund return Ri-Rf 

 

Mean 

coefficient 

Proportion of funds in 

which coefficient of 

RLP is statistically 

significantly negative 

Proportion of funds in 

which coefficient of 

RLP is statistically 

significantly positive 

RLP -0.037 15.88% 7.29% 

  (-14.45) (56.85) (20.36) 

Alternative proxies for the returns from providing liquidity  

 

Controls -0.024 10.65% 4.54% 

 (-11.25) (34.65) (8.68) 

Trimmed -0.043 15.51% 6.97% 

 (-14.15) (55.30) (19.01) 

Skip-a-Day -0.028 15.65% 7.36% 

 (-12.64) (55.88) (20.65) 

RLP based on alternative reference index 

EW Market Index -0.017 10.77% 7.13% 

 (-8.66) (35.13) (19.68) 

VW Market Index -0.010 10.49% 6.09% 

 (-5.27) (33.97) (15.24) 
 

Using the shocks to Sadka liquidity factor instead for the Pastor-Stambaugh liquidity factor  

 

RLP  -0.035 12.63% 7.88% 

 (-13.22) (43.04) (22.87) 
 

Returns to other contrarian trading strategies instead of RLP  

 

Jegadeesh (1990) -0.020 7.86% 6.27% 

 (-12.56) (22.77) (16.02) 

Lehmann (1990) -0.011 8.88% 5.59% 

 (-7.31) (27.12) (13.12) 

Khandani and Lo (2007) -0.006 3.45% 4.45% 

 (-4.32) (4.05) (8.29) 

Bali et al. (2011) -0.039 17.12% 12.17% 

 (-17.58) (62.16) (41.11) 

Nagel (2012) -0.015 3.77% 6.09% 

 (-4.95) (5.40) (15.24) 
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