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This dissertation consists of two essays that address issues related to the 

cross-section of stock returns. The first essay documents that actively managed 

mutual funds invest disproportionately in stocks with high historical risk-adjusted 

returns (alpha). This alpha-chasing behavior has a destabilizing effect on stock price. 

Specifically, low-alpha stocks earn higher subsequent returns than high-alpha stocks 

up to two months following portfolio formation—i.e. alpha is not persistent, but 

reverses. Consistent with liquidity-based price pressure, I find that low- (high)-alpha 

stocks that are heavily traded by mutual funds exhibit strong subsequent return 

reversals. Further analysis finds that trades from a few large funds are the primary 

source of this trading. However, there is no evidence to support the view that herding 

by fund managers explains fund managers’ preference for high-alpha stocks. The 

reason why managers of large mutual funds chase high-alpha stocks when alpha is not 

persistent remains a puzzle. 

The second essay shows that a better measure of mispricing confirms the primary 

prediction of the limits-of-arbitrage hypothesis that high levels of idiosyncratic risk 

prevent arbitrage activity. Rather than using returns to size, B/M and momentum 

portfolios, I construct a mispricing measure based on the difference between a stock’s 

price and its intrinsic value estimated using the residual income model of Ohlson 

(1995). I confirm that this measure explains future returns. I then use it and 

idiosyncratic return volatility to proxy for mispricing and arbitrage risk, respectively. 

I find that expected returns to undervalued (overvalued) stocks monotonically 

increase (decrease) with idiosyncratic risk. These findings support the 
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limits-of-arbitrage hypothesis and that idiosyncratic risk is an impediment to 

arbitrage. 
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CHAPTER 1 

Chasing Alpha and Its Impact on Stock Prices 

 

1.1  Introduction 

    Quantitative selection is a process of identifying good investments from a list of 

candidates based on various financial ratios and quantitative factors. It has become 

increasingly popular among professional investors with the widespread use of 

computers and the growing availability of financial databases. For example, in 1993, 

only about 13% of actively managed funds claimed to use quantitative factors to 

select stocks. By contrast, more than 65% of actively managed funds adopted such 

approach in their stock selection process at the end of 2005 (Zhao (2006)). This 

increasing use of quantitative factors in stock selection raises some interesting 

research questions.  

    If fund managers use the same quantitative factors to select stocks, their 

portfolios could include many stocks with same characteristics. In the mutual fund 

industry, the performance of active fund managers is judged on whether the manager 

generates superior risk-adjusted returns or alpha over a benchmark. If fund managers 

use alpha as a quantitative screening characteristic, and if they believe that alpha is 

persistent, they will hold disproportionately more high-alpha stocks in their portfolios. 

I refer to this behavior as “chasing alpha”.   

    Using the Thomson Reuters Mutual Fund (hereafter TRMF) quarterly holdings 

data from 1980-2010, I construct a sample of actively managed funds and examine 
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whether fund managers tilt their portfolios toward high-alpha stocks. I find that the 

relative holdings of actively managed funds are positively related to stocks’ historical 

alpha as estimated from Fama-French three-factor model and Carhart four-factor 

model.  Actively managed funds invest more than twice as much in high-alpha 

stocks as in low-alpha stocks. The relation between active funds’ investment and 

stocks’ historical alphas remains significant even after controlling for various stock 

characteristics and window-dressing. This finding supports the hypothesis that fund 

managers chase alpha. 

    A strategy of chasing alpha implicitly indicates the belief of fund managers that 

stocks’ alphas are persistent. That is, high-alpha stocks will continue to earn higher 

risk-adjusted returns than low-alpha stocks in subsequent periods. However, I find a 

negative relation between historical alphas and subsequent stock returns in the CRSP 

universe over the period of 1980-2010. On average, stocks in the lowest quintile by 

alpha outperform stocks in the highest quintile up to 2 months following portfolio 

formation. A self-financing trading strategy that is long low-alpha stocks and short 

high-alpha stocks earn 43 and 35 bps (35 and 26 bps after risk adjustment) in the 

post-ranking month 1 and 2 respectively1 . Moreover, this strategy is robust to 

controlling for the January effect.  

    These results indicate that alpha is not persistent. Either fund managers are 

misinformed or alpha-chasing behavior is driven by economic factors besides the 

perception that high-alpha stocks are better investments than low-alpha stocks. These 

                                                        
1 Chasing-alpha return is unlikely from bid-ask bounce because this strategy generates significant return beyond 
the first month following portfolio formation. 
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results also indicate that momentum, which is pervasive in the returns of equity and 

non-equity securities (Asness, Moskowitz and Pedersen (2012)) is not present in 

idiosyncratic component of returns to equities.  

    In last three decades, mutual funds have evolved into one of the most important 

forces on U.S. equity market. At the end of 2011, they held approximately one-third 

of U.S. equities.2 Thus, if actively managed funds trade stocks based on a common 

metric such as past alpha, their trades could impact the prices of stocks. Indeed, I find 

that trading by mutual funds is a primary determinant of the relation between stocks’ 

alphas and subsequent returns. Specifically, high (low)-alpha stocks that are 

aggressively bought (sold) by actively managed funds earn negative (positive) 

subsequent returns up to three months following the ranking. This result is consistent 

with the hypothesis that mutual fund trading exerts price pressure on the stocks they 

trade as in Scholes (1972). Scholes points out that uninformed trading can exert 

upward (downward) price pressure on the stocks that are bought (sold) together, 

which temporarily drives stock prices away from their fundamental values. This 

temporary price concession to liquidity providers results in a subsequent price 

reversal that serves as compensation to those who provide liquidity.3  

    To understand why active fund managers select stocks based on historical alphas, 

I first examine who among active fund managers trade stocks using the strategy of 

chasing alpha. To answer this question, I construct two volume based measures and 

                                                        
2 2012 Investment Facts Book, page 2: Mutual Funds manage 29% of U.S. domestic equities by the end of 2011.  
3 The models of price pressure include Grossman and Miller (1988) and Stoll (1978). The empirical studies which 
support the hypothesis of price pressure include Shleifer (1986), Coval and Stafford (2007), and Khan, Kogan, and 
Serafeim (2012).  
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run regressions of these two measures on lagged low and high alpha dummies to 

capture trading intensity from alpha-chasing trades. The first measure, ∆HM1, is the 

change in value of all funds’ holdings as a fraction of total industry assets. A positive 

(negative) ∆HM1 indicates that the active fund management industry as whole 

increases (decreases) the portfolio weight of specific stocks in the industry’s portfolio. 

The second measure, ∆HM2, is the percentage change in the value of all funds’ 

holdings. ∆HM2 is a volume measure that weights all funds equally regardless of the 

scale of the fund. A positive (negative) ∆HM2 indicates that mutual funds overall 

increase (decrease) the portfolio weight of specific stocks holding in their portfolios. 

    The regressions show that only ∆HM1 is positively related to stock alphas. The 

result indicates that stock alphas have predictability on the changes in active fund 

industry. But this predictability is not likely driven by trades from small funds. 

because ∆HM2 assign large industry portfolio weights on trades from small funds, but 

it does not catch chasing alpha trades-i.e. buy high-alpha and sell low-high stocks 

Taken together, the results of ∆HM1 and ∆HM2 imply that large trades from the funds 

with large net assets destabilize prices by using strategies that chase alpha. One 

explanation for this finding is from Berk and Green (2004). In a rational model of 

active portfolio management, Berk and Green show that active fund managers cannot 

expect to receive positive excess risk-adjusted returns because they face diminishing 

return to scale. Consequently, stock selection approaches should not affect fund 

performance. Meanwhile, quantitative selection approach is known to be more cost 

effective to manage large assets than fundamental selection approach. Therefore, 
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quantitative selection approach should be more popular in large funds than in small 

funds. However, Berk and Green’s model does not predict that the application of 

quantitative approach would harm funds’ performance in short term. Therefore, 

alpha-chasing behavior must be driven by economic factors besides the belief that 

alpha is an indicator of future stock performance.   

    A number of herding models hypothesize that the risk-taking behavior of a 

career-concerned agent can be affected by the risk-taking behavior of his peer group. 

For example, Sharfstein and Stein (1990), and Dasgupta et. al. (2011) argue that a 

money manager could ignore noisy private information and follow the investment 

decisions of others because the loss of reputation if he deviates from the consensus 

and ultimately proves to be wrong could be large. This argument appears a plausible 

explanation why mutual fund managers choose stocks with high past alphas when 

they are in fact bad investments. If majority of mutual fund managers select stocks as 

though alphas are persistent, a manager who receives a positive private signal about a 

stock with a low past alpha faces a tension between his desire to maximize expected 

profit (following his private signal) and his reputational concerns (pretending his 

signal is in accordance with those of his peers). To reduce the risk of being fired, fund 

manager knows that “It is better to fail conventionally than to succeed 

unconventionally” (Keynes 1936, pp157-58). Therefore, he chooses to follow the 

strategy of chasing alpha like other managers by pursuing (ignoring) high (low)-alpha 

stocks. 
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    I do not find empirical evidence in support of this reputation based herding 

hypothesis. Specifically, using herding measure based on the numbers of buyers and 

sellers in Wermers (1999), I do not find that there is a significant difference in the 

level of buy-side herding between low and high-alpha stocks. In fact, the level of 

sell-side herding is significantly higher in high-alpha stocks than in low-alpha stocks. 

This result, coupled with the findings in volume based measures results, suggests that 

the intensity of alpha-chasing is not determined by the imbalance of the number of 

buyers and sellers but the imbalance of share volume initiated from the buy and 

sell-sides of the market.  

    My paper makes several contributions to the literature. This is the first paper to 

document that the portfolios of actively managed funds tilt toward stocks with high 

historical alphas. This finding implies that standard multi-factor asset pricing models 

play an important role in the stock selection process of actively managed funds. 

Second, I show that stocks’ alphas are not persistent in the CRSP universe over the 

period of 1980-2010. In fact, low-alpha stocks outperform high-alpha stocks up to two 

months following portfolio formation. In other words, there are reversals rather than 

momentum in idiosyncratic returns at short horizons. These results suggest that 

alpha-chasing behavior is driven by economic factors other than information. Third, 

consistent with prior empirical evidence of short-lived price pressure due to 

non-informational mutual fund trading (Coval and Stafford (2007), and Khan, Kogan, 

and Serafeim (2012)), I find strong subsequent return reversals among high 

(low)-alpha stocks that mutual funds have heavily bought (sold). In addition, my 
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results show that chasing alpha is mainly attributable to large trades from funds with 

large assets under management. There is no evidence to support the hypothesis that 

alpha-chasing arises from herding among fund managers. What exactly drives the 

managers of large funds to chase alpha remains a puzzle. 

    My paper is most closely related to the recent work of Cao, Chen, Goeztzman, 

and Liang (2012) (hereafter CCGL). They find evidence of chasing alpha in the hedge 

fund industry. However, our papers complement each other by their differences on 

two important dimensions. First, CCGL find that stocks with high hedge funds 

ownership tend to have persistent alphas. In view of my findings that alpha is not 

persistent in the universe of stocks, this implies that hedge fund managers have skill at 

selecting the atypical stocks whose high alphas will persist. Since hedge funds load up 

on stocks with high future alphas, any price pressure they exert will be in the direction 

of the fundamental value of the stock. This is in contrast to the short-term 

destabilizing effect of mutual fund trading on stock prices when actively fund 

managers invest stocks based on their historical alphas. Second, CCGL conjecture that 

seeking arbitrage opportunities is what motivates hedge fund managers to trade stocks 

based on historical alphas. But my result indicates a more subtle explanation. Chasing 

alpha alone will earn losses for hedge funds because alpha is not persistent. The fact 

that alphas persist for the stocks that hedge funds hold implies that hedge funds 

combine past performance with an ability to select stocks based on future 

performance when choosing their investments. 

    The finding of lack of persistence among stock alpha seems inconsistent with 
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findings that fund performance is persistent. The persistence in fund performance 

often refers to the persistence in alpha from their portfolio holdings. A number of 

studies find evidence of persistence in mutual fund performance (see, e.g., Gruber, 

1996; Bollen and Busse, 2005, and Kosowski et al. (2006)). That is, fund’s past alpha 

can be the indicator of its future alpha. However, this observation is not against my 

finding that alpha is not a persistent variable. Fund’s alpha is a weighted average of 

the alphas of individual stocks in their portfolio. A skilled manager can change the 

alpha of his portfolio by using either a stock selection or a market timing strategy (or 

both). But neither of these two strategies can change the alpha of individual stocks in 

his portfolio. Thus, there could be different results for persistence of alpha at portfolio 

level and at firm level.  

    The remainder of this paper is organized as follows. Section 1.2 describes the 

data and examines the relation between historical alpha and fund holdings. Section 1.3 

studies the persistence of alpha, and section 1.4 examines the impact of chasing alpha 

behavior on stock prices. Section 1.5 investigates why actively managed fund 

managers chase high-alpha stocks. Section 1.6 concludes. 

 

1.2  Data and Method 

1.2.1 Data 

    I construct my main sample using the Thomson Reuters mutual fund (hereafter, 

TRMF) holdings database for the period from 1980 to 2010. Thomson Reuters 

provides quarter-end filings of portfolio holdings for all U.S. based mutual funds 
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starting from 1980. Following the approach of Brown, Wei and Wermers (2012), I use 

the Investment Objective Codes (IOC) to select actively managed U.S. domestic 

equity funds.4 Index funds are also eliminated by searching keywords ‘in fund 

names.5   

    During the sample selection, I noted some data quality problems in the TRMF 

database. First, the records of mutual fund holdings and transactions in the TRMF 

database are not complete. I find that on average, total market value of a fund’s 

holdings is only worth 80% of its total net assets recorded in the TRMF database 

during the period of 1980-2010. Second, there are 1070 fund-quarter records (2.54% 

of the sample) with dollar-value holdings larger than their total assets in TRMF 

database. Thus, I delete the observations whose dollar-value holding is greater than 

100% of their total assets in TRMF database. There are 2921 actively managed funds 

are identified from 1980-2010 in the final sample.6  

    Monthly stock prices and returns information for all NYSE, AMEX and 

NASDAQ companies covered by CRSP from 1980 through 2011 are used in this 

paper. In light of liquidity related concerns, penny stocks (by definition those with 

price less than $5) are removed. The three Fama-French risk factors are downloaded 

from Kenneth French’s website. 7  Finally, the financial information on public 

                                                        
4 Mutual funds with IOC=2,3,4,7 are ‘Aggregate Growth’, ‘Growth’, ‘Growth & Income’, and Balanced’ funds 
respectively. I exclude ‘International’, ‘Municipal Bonds’, ‘Bonds & Preferred’, ‘Metals’, and ‘Unclassified’ from 
my sample following the selection criteria of Brown et al. (2012)  
5 Keywords include “Index”, “Indx”, “Idx”, “S&P”, and “SP”.  
6 The Center for Research in Securities Prices (CRSP) also provides Survivorship-Bias Free Mutual Fund 
Database, but the coverage on mutual fund holdings is much shorter (starting from 2003) than that in TRMF 
database. Therefore, despite the quality problem, TRMF database still has the advantage compared to CRSP 
mutual fund database.     
7 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. I thank Kenneth French for making  
these data available. 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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companies is obtained from the COMPUSTAT (North America) Database.  

    Table 1.1 reports summary statistics for the sample of merged CRSP, 

COMPUSTAT and TRMF 12S holding data. Panel A presents the number of actively 

managed funds in each investment category. The largest group is ‘Growth’ funds 

which account for 50.29% of the sample. Panel B and panel C report the stock 

characteristics at the firm-quarter panel level for all stocks owned by actively 

managed mutual funds and a sub-sample of stocks within the top 20% of mutual fund 

ownership respectively. The full sample and the sub-sample have very similar average 

book-to-market ratio (0.57 versus 0.54), and average price (23.09 versus 23.02). The 

major differences of stock characteristics in these two samples are size and age. 

Stocks with high mutual fund ownership appear to be smaller firms, the average sizes 

are $960 million and $2.52 billion in the sub-sample and in the full sample 

respectively. Last, stocks with high mutual fund ownership have younger age (176 

months versus 219 months) in comparison to stocks in the full sample.    
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Table 1.1: Sample Description and Summary Statistics 
 
This table provides summary statistics for funds and stocks in my sample over the period of 
1980-2010. Panel A provides summary statistics for the number of actively managed funds 
from Thomson Reuters S12 mutual fund database. To classify a mutual fund an actively 
managed funds, I use investment objective code to select ‘Aggregate Growth’ (IOC=2), 
‘Growth’ (IOC=3), ‘Growth & Income’ ((IOC=4) and ‘Balanced’ (IOC=7) funds. I exclude 
‘International’, ‘Municipal Bonds’, ‘Bonds & Preferred’, ‘Metals’, and ‘Unclassified’ from 
my sample. Panel B presents summary statistics for stocks held by actively managed fund. 
Panel C presents summary statistics for stocks with top 20% mutual fund ownership in my 
sample. I use ‘CUSIP’ in Thomson Reuters data to find PERMNO for each stock, then use 
PERMNO to get stock price information from CRSP.  

 

Panel A: The Number of Actively Managed Funds by Category 

Fund Category No. of Funds % of Sample 

Growth 50.29% 1469 

Aggregate Growth 19.91% 582 

Growth & Income 17.50% 511 

Balanced 12.30% 359 

Total 100.00% 2921 

 

Panel B Summary Statistics of Stock Characteristics 

Variable Mean Std. Median 25 percentile 75 percentile 

Book-to-Market 0.57 0.36 0.49 0.30 0.76 

Market cap($bil) 2.52 13.31 0.29 0.08 1.10 

Age (month) 218.56 210.69 156.40 65.55 295.55 

Price 23.09 23.49 18.67 11.00 30.58 
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Table 1.1 (Continued) 

Panel C Summary Statistics of Stock with Top 20% Mutual Fund Ownership 

Variable Mean Std. Median 25 percentile 75 percentile 

Book-to-Market 0.54 0.37 0.47 0.27 0.74 

Market cap($bil) 0.96 2.03 0.36 0.14 0.97 

Age (month) 176.48 188.68 113.00 47.46 231.65 

Price 23.02 20.99 18.09 11.01 29.22 

 

1.2.2 Tests of the Alpha-Chasing Hypothesis  

    The first question I address is: Do actively managed funds tilt their portfolios 

toward high-alpha stocks? Given the prevalence of the Fama-French three-factor 

model (Fama and French (1992)) and the Carhart four-factor model (Carhart (1997)) 

in academic research and business application, it is reasonable to start with them as 

the benchmark models. At the beginning of each quarter, an alpha for each sock is 

estimated from Equations (1.1.A) and (1.1.B) using the previous 36 month returns 

(hereafter ranking alpha): 

 

ttttttttti HMLSMBMKTR εβββα ++++= )(*)(*)(* ,3,2,1,                  (1.1.A) 

ttttttttttti UMDHMLSMBMKTR εββββα +++++= )(*)(*)(*)(* ,4,3,2,1,   (1.1.B) 

 

where tiR , is the excess return on stock i in month t, tMKT  is the value-weighted 

market excess return,  tSMB , tHML , and tUMD  are the excess returns of the 

value-weighted portfolios for size book-to-market, and momentum in stock returns 



 

13 
 

respectively.  

    At the beginning of each quarter from 1980 through 2010, all stocks traded on 

the NYSE, AMEX and NASDAQ exchanges are sorted into quintiles based on their 

ranking alphas from Fama-French three-factor model and Carhart four-factor model. 

As discussed in the introduction, fund managers who use ranking alpha to 

quantitatively select stocks will allocate their investments more heavily toward 

high-alpha stocks. To test this hypothesis, I construct measures of how concentrated 

are fund holdings in stocks with alpha quintile rankings. Specifically, Q
tmhAlpha ,_ , is 

the percentage holdings of fund m in calendar quarter t on stocks in the Qth alpha 

quintile divided by total fund assets: 

 

               ∑
=

=
tQ

i tm

tmitiQ
tm asset

shareprc
hAlpha

1 ,

,,,
,

*
_                      (1.2) 

 

where Q=1,2,3,4,5 denotes the alpha quintile. tiprc , is the market price for stock i in 

quintile Q at the end of calendar quarter t. tmishare ,,  is the number of shares of stock 

i held by fund m at the end of quarter t, which is set to zero if stock i is not held by 

fund m in quarter t. Qt is the number of stocks in Qth alpha quintile in quarter t. 

tmasset , is total assets of fund m at the end of quarter t. For each calendar quarter, five 

averages of Q
tmhAlpha ,_  are computed across funds, one for each quintile Q. The 

average for quintile Q in quarter t is denoted by Q
thAlpha_ . 

    As constructed, Q
thAlpha_  measures the average of funds’ asset allocation in 

each alpha quintile in quarter t. Table 1.2 reports time-series averages of Q
thAlpha_  
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over the period of 1980-2010. The time-series averages of Q
thAlpha_ monotonically 

increase with stocks’ ranking alphas. On average, actively managed funds only invest 

7.24% (7.37%) of total assets in stocks in the bottom-three-factor-alpha 

(four-factor-alpha) quintile. In contrast, they invest 20.49% (20.23%) of total assets in 

stocks in the top-three-factor-alpha (four-factor-alpha) quintile. The 13.25% (12.86) 

difference in average holdings between the top and bottom-three-factor-alpha 

(four-factor-alpha) quintile has a t-statistic of 5.24 (8.86). This finding is preliminary 

evidence that active fund managers invest heavily in high-alpha stocks, where alpha is 

measured using the Fama-French three factor model. 

    Previous mutual fund literature finds that fund managers tend to follow certain 

trading styles based on stock characteristics. For example, Wermers (1999), and Chan, 

Chen and Lakonishok (2002) demonstrate that mutual funds favor small, growth and 

past winner stocks. Considering that those stocks might overlap with stocks picked by 

ranking alphas, I examine whether style trading affects the relation between fund 

holdings and ranking alphas. I address this question by examining the pattern of fund 

holdings within subgroups that share certain characteristics. Panel B of table 1.2 

presents Q
thAlpha_  averaged over stock-quarters, but segregated by alpha quintile 

and book-to-market (BM) quintile. The differences between the Q
thAlpha_  of the 

top and bottom-alpha quintiles are all positive and significant within each BM quintile 

regardless of the benchmark models. The largest difference is in the lowest BM 

quintile (4.43%, t-stat=3.85 for three-factor alpha, v.s. 3.90%, t-stat=4.19 for 

four-factor alpha), and the smallest difference is in the highest BM quintile (0.32%, 
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t-stat=2.85 for three-factor alpha, v.s. 0.68%, t-stat=3.48 for four-factor alpha). This 

implies that actively managed funds with a growth style are more likely to concentrate 

their holdings in stocks with high historical alphas. 

    Similar patterns are found in Panels C and D of Table 1.2 that report the results 

for the subgroups segregated by size and past-return quintiles, respectively. Actively 

managed funds allocate more investments to the highest alpha quintile than to the 

lowest alpha quintile within each size and past-return subgroup. It is interesting to 

note that, after controlling size and momentum effects, the difference in fund holdings 

between the highest and the lowest alpha quintile is the largest in the top size quintile 

(2.68%, t-stat=4.07 for three-factor alpha, v.s. 4.07%, t-stat=5.07 for four-factor 

alpha), and in the top past-return quintile (3.16%, t-stat=5.83 for three-factor alpha, 

v.s. 3.05%, t-stat=5.37 for four-factor alpha) respectively. This means that mutual 

funds chase alpha more aggressively among large stocks than small stocks, and 

among winner than loser stocks.  

    It is possible that large and winner stocks are also high-alpha stocks, so fund 

managers who trade stocks based on those styles coincidently pick high-alpha stocks. 

However, the Pearson correlation coefficients between ranking alpha, size and past 

returns are very weak. Ranking alpha is only weakly negatively correlated with size 

(Pearson correlation coefficient = -0.0093), and is only weakly positively correlated 

with past returns (Pearson correlation coefficient = 0.0125). Overall, these results 

indicate that the significant difference of funds’ holdings between high-alpha and 

low-alpha stocks is not attributable to trading styles based on stock characteristics like 
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book-to-market, size or past returns. 

 

Table 1.2: The Percentage of Fund Holdings in Alpha Quintiles 

Panel A reports the averages of dollar % fund holdings for each alpha quintile, q
tmhAlpha ,_ , 

in each quarter over the period of 1980-2010. Ranking alphas are estimated from FF-3-factor 
and Carhart-4-factor models using the previous 36 month returns. The number in parenthesis 
is t-statistics based on Newey-West (1987) standard errors.. Panel B, C, and D report the 

averages of q
tmhAlpha ,_ for each alpha quintile in each quarter segregated by book-to-market, 

size and past-return quintiles respectively. **, * denote statistically significance at 1% and 5% 
levels, respectively 

 

Panel A: Dollar % of Holdings in each Alpha Quintile 

 Dollar % fund holdings 

Quintiles of Alpha 3-Factor Alpha 4-Factor Alpha 

1 (L) 7.24% 7.37% 

2 13.79% 13.67% 

3 18.46% 18.56% 

4 19.10% 19.27% 

5 (H) 20.49% 20.23% 

Total 79.09% 79.09% 

Test the difference of Dollar % of holdings between the top and bottom-alpha quintiles 

H-L 
13.25%** 

       (5.24) 

2.86%** 

        (8.86) 
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Table 1.2 (Continued) 

Panel B: Dollar % of Holdings in each Alpha Quintile by Book-to-Market Quintile 

 Dollar % of Fund’s Investment 

 Quintiles of Book-to-Market 

Quintiles of Alpha    1    2    3    4    5 

 3-Factor Alpha 

1(L) 1.86% 2.02% 2.15% 2.15% 2.53% 
2 2.05% 3.12% 3.20% 3.75% 1.47% 
3 2.71% 3.65% 3.60% 4.04% 2.45% 
4 4.12% 3.73% 3.46% 3.75% 2.27% 

5(H) 6.30% 4.96% 3.64% 3.25% 2.85% 

H-L 
4.43%**    
(3.85) 

2.94%**    
(3.74) 

1.49%**    
(3.65) 

1.10%**    
(3.02) 

0.32%**    
(2.85) 

 4-Factor Alpha 

1(L) 1.96% 2.12% 2.14% 2.08% 2.20% 
2 1.89% 2.69% 2.74% 3.47% 2.79% 
3 2.67% 3.49% 3.39% 3.99% 2.92% 
4 4.25% 4.46% 3.43% 3.40% 2.30% 

5(H) 5.86% 5.03% 4.05% 3.65% 2.88% 

H-L 
3.90%** 
(4.19)         

2.91%** 
(4.52) 

1.91%** 
(3.70) 

1.57%** 
(3.90) 

0.68%** 
(3.48) 
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Table 1.2 (Continued) 

Panel C: Dollar % of Holdings in each Alpha Quintile by Size Quintile 
 Dollar % of Fund’s Investment 

 Quintiles of Size 
Quintiles of Alpha 1 2 3 4 5 

 3-Factor Alpha 
1(L) 1.59% 2.05% 1.72% 1.80% 2.09% 

2 2.09% 2.87% 2.88% 3.13% 3.97% 
3 2.08% 3.40% 3.47% 3.75% 3.90% 
4 2.54% 3.47% 3.91% 3.99% 4.45% 

5(H) 3.01% 3.52% 4.20% 4.45% 4.77% 

H-L 
1.42%**    
（3.62） 

1.47%**   
（3.17） 

2.48%** 
（3.54） 

2.65%** 
（3.35） 

2.68%** 
（4.07） 

 4-Factor Alpha 
1(L)  1.75%  1.42%  2.00% 2.45% 2.63% 

2 1.77% 2.56% 2.67% 3.89% 4.06% 
3 1.59% 1.46% 2.54% 4.02% 6.00% 
4 1.88% 1.59% 2.93% 4.83% 6.12% 

5(H) 1.96% 2.34% 3.34% 5.61% 6.70% 

H-L 
0.21%**  
(3.61） 

0.92%** 
（3.43） 

1.34%** 
（4.81） 

3.16%** 
（4.85） 

4.07%**   
（5.07） 
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Table 1.2 (Continued) 

Panel D: Dollar % of Holdings in Each Alpha Quintile by Past-Return Quintile 
 Dollar % of Fund’s Investment 

 Quintiles of Past-Return 

Quintiles of Alpha 1 2 3 4 5 
 3-Factor Alpha 

1(L) 2.13% 2.26% 2.03% 2.16% 2.15% 
2 2.63% 3.10% 3.15% 3.56% 2.92% 
3 2.54% 3.53% 3.60% 3.69% 3.58% 
4 2.48% 3.22% 3.45% 4.26% 4.09% 

5(H) 3.04% 3.26% 3.20% 3.73% 5.31% 

H-L 
  0.91%** 

(4.11) 
 1.00%** 

(4.65) 
 1.17%** 

(5.04) 
 1.57%** 

(5.50) 
3.16%** 

(5.83) 

 4-Factor Alpha 

1(L) 2.14% 2.22% 1.97% 2.12% 2.27% 
2 2.55% 3.19% 3.14% 3.58% 2.90% 
3 2.47% 3.30% 3.52% 3.97% 3.69% 
4 2.60% 3.42% 3.53% 3.91% 4.04% 

5(H) 3.06% 3.18% 3.21% 3.76% 5.33% 

H-L 
  0.92%** 

(5.07) 
 0.97%** 

(5.78) 
 1.24%** 

(5.65) 
 1.64%** 

(5.23) 
3.05%** 

(5.37) 
 

1.2.3 Window Dressing and Alpha-Chasing Behavior 

    Window dressing is a practice in the mutual fund industry whereby managers 

either alter or distort their portfolios by selling stocks with large recent losses and 

purchasing stocks with high recent returns. In this way, fund managers attempt to 

mislead investors about their true abilities by disclosing disproportionately higher 

(lower) holdings in stocks that have done well (poorly) over a reporting period. There 

is abundant evidence in the mutual fund literature to show fund managers engage in 

window-dressing (i.e. Lakonishok et. al. (1991), Sias and Starks (1997), Ng and Wang 

(2004) and Agarwal, Gay and Ling (2012)).  
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Given that low (high)-alpha stocks are also likely to be loser (winner) stocks, 

window-dressing by mutual fund managers might create the appearance that their 

holdings are tilted towards (away from) high (low)-alpha stocks. To address this 

possibility, I reexamine the relation between fund holdings and ranking alphas by 

controlling for window dressing. In order to detect window-dressing activities, I 

employ the Rank Gap measure proposed in Agarwal, Gay and Ling (2012). The 

intuition underlying this measure is that a poorly performing fund should have a 

greater percentage of its assets invested in loser stocks and a lesser percentage 

invested in winner stocks than a better performing fund. Therefore, observing a poorly 

performing fund with a high percentage of disclosed holdings in winners and a low 

percentage in losers would suggest a greater degree of window-dressing behavior. 

This window-dressing proxy is constructed for each actively managed fund in each 

quarter as follows:8  

 

   Rank Gap 200/]100)
2

[( +
+

−=
LoserRankWinnerRankeRankPerformanc       (1.3) 

      

    As discussed in the Appendix, the higher is the Rank Gap measure, the greater is 

the degree of window dressing. Table 1.3 presents time-series averages of 

Q
thAlpha_  in each alpha quintile after controlling for window dressing. The results 

indicate that Q
thAlpha_  increases with ranking alpha within each window-dressing 

quintile regardless of the benchmark models. The difference in Q
thAlpha_  between 

                                                        
8  The detail of Rank-Gap window-dressing measure is provided in the Appendix 
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the top and bottom alpha quintile does decrease in the likelihood of window-dressing. 

However, the smallest difference is still significant (1.12%, t-statistics=3.02 for 

three-factor alpha, v.s. 1.55%, t-stat=4.76 for four-factor alpha) and therefore not 

explained fully by window dressing.  

 

Table 1.3: Window Dressing and Fund Holdings 

This table reports the results E report the averages of % fund holdings for each alpha quintile 
in each quarter segregated by window-dressing quintiles. Numbers in parenthesis are 
t-statistics based on Newey-West (1987) standard errors. Window-dressing measure is 
constructed using Rank Gap measure in Agarwal et al. (2012). The detail of the construction 
of Rank Gap measure is provided in the Appendix. **, * denote statistically significance at 
1% and 5% levels, respectively 
 

 Dollar % of Fund’s Investment 

 Quintiles of window-dressing 

Quintiles of 
Alpha 

1 (L) 2 3 4 5(H) 

 3-Factor Alpha 
1(L) 1.96% 2.00% 2.11% 2.19% 2.39% 

2 2.93% 2.86% 3.23% 2.99% 3.36% 
3 3.41% 3.42% 3.05% 3.32% 3.73% 
4 3.41% 3.56% 3.46% 3.48% 3.61% 

5(H) 3.96% 3.83% 3.63% 3.70% 3.51% 

H-L 
2.01%** 

(3.68) 
1.83%** 

(3.53) 
1.52%** 

(3.42) 
1.51%** 

(3.32) 
1.12%** 

(3.02) 
 4-Factor Alpha 

1(L) 2.29% 2.17% 2.14% 2.00% 2.04% 
2 2.92% 2.95% 2.78% 3.27% 3.44% 
3 3.34% 3.28% 3.34% 3.34% 3.63% 
4 3.23% 3.31% 3.44% 3.71% 3.82% 

5(H) 4.08% 3.77% 3.57% 3.62% 3.59% 

H-L 
1.79%** 

(4.73) 
1.60%** 

(4.57) 
1.43%** 

(4.92) 
1.62%** 

(4.20) 
1.55%** 

(4.76) 
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1.3  Persistence of Alpha 

    My results so far find that actively managed funds have disproportionately high 

investment in high-alpha stocks. This finding suggests that fund managers might 

regard alpha as a persistent variable. In this section, I examine the persistence of alpha 

and provide empirical results on this question.  

The question of whether alpha is persistent is equivalent to testing whether 

stocks with high ranking-period alphas outperform stocks with low ranking-period 

alphas in subsequent periods.  To address this question, I estimate Fama-MacBeth 

regressions using dummies for low and high ranking-period alphas as the only 

independent variables using the entire CRSP universe of stocks:  

 

            jtijtijthjtijtljtti HighLowR ,,,,,, ** εββα +++= −−              (1.4) 

 

where jtiHigh −, ( jtiLow −, ) equals one if stock i is among the top (bottom) quintile in 

month t-j (j=1,2,3,4) by its ranking-period alpha estimated from Carhart-four-factor 

model in month t-j.9  

    The estimates of the coefficients β 1,jt and β 2,jt are excess returns to equally 

weighted low and high-alpha portfolios relative to a benchmark equally weighted 

portfolio of stocks in the middle three alpha quintiles in post-ranking month j. Panel A 

of table 1.4 reports the time-series averages of these coefficients before risk 

adjustment for the period 1980 - 2010. The result shows that low-alpha portfolios earn 

                                                        
9 The results using Fama-French three-factor alpha are similar to those from Carhart four-factor alpha. To save the 
space, I do not present the results in this draft, but they are available upon request.  
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significantly higher returns than both high-alpha portfolios and the benchmark 

portfolios in post-ranking months 1 and 2. The return difference between the low and 

high-alpha portfolios is 43bp (t-statistic = 2.15) and 35bp (t-statistic = 2.00) per 

month in post-ranking months 1 and 2, respectively. There is no significant return 

difference between low or high-alpha stocks and stocks in the middle three quintiles, 

or between low and high alpha stocks, 3 and 4 months after ranking.  

    The right-hand side of Panel A examines the impact of the January effect on the 

returns to these portfolios. This is important because low-alpha stocks are more likely 

to be loser stocks than other stocks, and loser stocks are prime candidates for tax-loss 

selling in December. Thus, the tax-loss selling effect on January returns may affect the 

returns to low-alpha stocks. I repeat the regression in equation (1.4) after excluding 

January returns. The coefficient of low dummy is weaker but still significant and 

positive in months 1 and 2 after portfolio formation. Likewise, the return difference 

between low and high-alpha portfolios is a significant 35bp (t-statistic = 2.08) and 

24bp (t-statistic = 1.98) per month in the first and the second month after portfolio 

formation, but is insignificant in post-ranking months 3 and 4. These results indicate 

that part of returns to low-alpha stocks is attributable to the tax-loss selling effect on 

January returns. However, even after deleting January returns, low ranking alpha 

stocks still outperform high ranking alpha stocks in the first and the second post 

ranking months.  

Given the dramatic increase in the percentage of U.S. equity managed by mutual 

funds after 1990’s, I also examine whether the returns to low and high-alpha stocks 
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vary by sub-period using the sample from 1990-2010.  The results are reported in 

Panel B of Table 4. The return differences between the low and high-alpha portfolios 

are larger in the 1990 – 2010 subperiod. The self-financing strategy that is long 

low-alpha stocks and short high-alpha stocks generates 47 bp (t-statistic = 2.73) and 

39 bp (t-statistic = 2.04) in post-ranking month 1and 2 in the sub-sample These 

compare to 43 bp and 35 bp in the full sample. These results confirm that my findings 

do not vary with the sample period. If anything, the alpha-chasing phenomenon 

becomes slightly more pronounced after 1990.  
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Table 1.4: Raw Returns of Low and High Alpha Portfolios. 

Panel A and B report the time-series average of the cross-sectional mean estimates of the 
following regression over the period of 1980-2010 and 1990-2010, respectively: 

jtijtijthjtijtljtti HighLowR ,,,,,, )(*)(* εββα +++= −−  

where tiR ,  is the return to stock i in month t, jtiHigh −, ( jtiLow −, ) equals one if stock i is 

among the top (bottom) quintile in month t-j (j=1,2,3,4) when ranked by its ranking alpha 
estimated from Carhart four-factor model, and zero otherwise. The sample period is from 
1980 to 2010. The numbers in parenthesis are t-statistics based on Newey-West (1987) 
standard errors.  **, * denote statistically significance at 1% and 5% levels, respectively. 
NOBS is the average number of stocks used in the monthly cross-sectional regressions. 
 

Panel A: Raw Returns of Low and High Alpha portfolios over the period of 1980-2010 

 Raw Returns (NOBS=3483 per month) 

 1980-2010  1980-2010(Jan. excluded)  

Holding 

Month 
1 2 3 4 1 2 3 4 

Intercept 0.0110** 0.0107** 0.0104** 0.0109** 0.0091** 0.0089** 0.0087** 0.0090** 

 

Low 

(4.03) 

0.0031* 

(2.40) 

(4.00) 

0.0024* 

(2.03) 

(3.98) 

0.0019 

(1.87) 

(4.01) 

0.0021 

(1.53) 

(3.24) 

0.0026* 

(2.11) 

(3.22) 

0.0018* 

(1.97) 

(3.18) 

0.0014 

(1.53) 

(3.23) 

0.0017 

(1.37) 

High -0.0012* 

(-2.07) 

-0.0010 

(-1.88) 

-0.0008 

(-1.47) 

-0.0010 

(-1.23) 

-0.0009* 

(-1.98) 

-0.0006 

(-1.64) 

-0.0003 

(-1.32) 

-0.0005 

(-1.06) 

 

H-L -0.0043* 

(-2.15) 

-0.0035* 

(-2.00) 

-0.0027 

(-1.76) 

-0.0031 

(-1.36) 

-0.0035* 

(-2.08) 

-0.0024* 

(-1.98) 

-0.0017 

(-1.65) 

-0.0022 

(-1.22) 

                                                                                                                             

Panel B: Raw Returns of Low and High Alpha portfolios over the period of 1990-2010  

 Raw Returns (NOBS=3723 per month) 

 1990-2010  1990-2010(Jan. excluded)  

Holding 

Month 
1 2 3 4 1 2 3 4 

Intercept 0.0116** 

(3.97) 

0.0113** 

(3.94) 

0.0110**  

(3.92) 

0.0115** 

(3.95) 

0.0097** 

(3.18) 

0.0095** 

(3.16) 

0.0093** 

(3.12) 

0.0091** 

(3.17) 

Low 0.0055* 

(2.20) 

0.0044 

(1.83) 

0.0031 

(1.67) 

0.0033 

(1.33) 

0.0043 

(1.91) 

0.0033 

(1.77) 

0.0024 

(1.33) 

0.0025 

(1.17) 

High 0.0008* 

(2.09) 

0.0005 

(1.95) 

-0.0011 

(-1.78) 

-0.0013 

(-1.65) 

0.0006* 

(2.01) 

0.0003 

(1.89) 

-0.0008 

(-1.67) 

-0.0010 

(-1.44) 

 

H-L -0.0047* 

(-2.13) 

-0.0039* 

(-2.04) 

-0.0042 

(-1.89) 

-0.0046 

(-1.45) 

-0.0037* 

(-2.06) 

-0.0030* 

(-2.00) 

-0.0032 

(-1.80) 

-0.0035 

(-1.43) 
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Next, I examine whether low-alpha stocks earn higher subsequent risk-adjusted 

returns than high-alpha stocks. To obtain risk-adjusted returns for low and high-alpha 

portfolios, I run times-series regressions of the coefficient estimates from equation 

(1.4), which are portfolio returns, on the three contemporaneous Fama-French risk 

factors plus the momentum factor (UMD): 

 

tttttt UMDSMBHMLMKTRTIntercept εββββα ααααα +++++= **** 4,3,2,1,   (1.5) 

tttttllt UMDSMBHMLMKTRTIntercepet
llll

ςβββββ ββββ +++++= **** 43,2,1,   (1.6) 

ttttthht UMDSMBHMLMKTRTIntercepet
hhhh

ξβββββ ββββ +++++= **** 4321   (1.7) 

where tα , ltβ and htβ  are coefficients of Intercept, Low and High dummy from 

equation (1.4) tMKTRT , is the excess return on stock i in month t, tHML , tSMB  

are the returns of Fama French factor-mimicking portfolios for book-to-market and 

size in month t respectively. tUMD  is the return of Carhart (1997) factor-mimicking 

portfolio for momentum in month t. 

    Table 1.5 presents the results for the risk-adjusted returns. The coefficients 

reported for Intercept, Low and High are time-series averages of the monthly 

intercepts from estimating equations (1.5), (1.6) and (1.7). Low-alpha stocks earn 

excess returns over high-alpha and middle three alpha quintile stocks in post-ranking 

month 1 and 2 regardless of whether January returns are excluded. The return 

differences between low and high-alpha portfolios in post ranking months 1 and 2 are 

35 bps and 26 bps in the full sample, and 28 bps and 20 bps when January returns are 

excluded (again, report as suggested above). The differences in risk-adjusted returns 
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between the low and high-alpha portfolios are much larger in magnitude during the 

sub-period of 1990-2010 than those in the full sample of 1980-2010. In addition, their 

significance extends out four months post ranking at 42 bps and 29 bps per month in 

the full sample and in the subsample without January, respectively.  

    To sum up, alpha computed from the Carhart 4-factor model is not persistent in 

individual stocks, in fact it reverses for low-alpha stocks. The raw and risk-adjusted 

returns to low ranking alpha stocks are significantly higher than stocks with middle 

and high ranking alpha for two to four post-ranking months.  
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Table 1.5: Risk Adjusted Returns of Low and High Alpha Portfolios. 

Panel A and B report monthly risk-adjusted returns for the portfolios formed based on their 
ranking alphas over the period of 1980-2010 and 1990-2010, respectively. To obtain 
risk-adjusted returns, I first run the following regression at each month between January 1980 
and December 2010:  

jtijtijthjtijtljtti HighLowR ,,,,,, )(*)(* εββα +++= −−  

where tiR ,  is the return to stock i in month t, jtiHigh −, ( jtiLow −, ) equals one if stock i is 

among the top (bottom) quintile in month t-j (j=1,2,3,4) when ranked by its ranking alpha 
estimated from Carhart four-factor model, and zero otherwise. Next, I run time series 
regressions of the cross sectional mean estimates above on the contemporaneous 
Fama-French three factor and momentum factor. The numbers reported in the table are 
intercepts from these time-series regressions. The numbers in parenthesis are t-statistics based 
on Newey-West (1987) standard errors.  **, * denote statistically significance at 1% and 5% 
levels, respectively. NOBS is the average number of stocks used in the monthly 
cross-sectional regressions.  
 

Panel A: Low and High Alpha portfolios over the period of 1980-2010 
 Risk Adjusted Returns (NOBS=3483 per month) 
 1980-2010 1980-2010(Jan. excluded) 
Holding Month 1 2 3 4 1 2 3 4 

Intercept 0.0046** 

 (3.71) 

0.0044** 

 (3.69) 

0.0042** 

 (3.64) 

0.0046**  

 (3.57) 

0.0034** 

 (2.78) 

0.0032** 

 (2.65) 

0.0031* 

(2.54) 

0.0033* 

(2.45) 

Low 0.0021* 

(2.22) 

0.0015* 

(2.10) 

0.0008 

(1.88) 

0.0013 

(1.63) 

0.0018* 

(2.02) 

0.0013* 

(1.97) 

0.0006 

(1.66) 

0.0011 

(1.54) 

High -0.0014* 

(-2.09) 

-0.0011* 

(-1.99) 

-0.0009 

(-1.65) 

-0.0012 

(-1.34) 

-0.0010* 

(-2.01) 

-0.0007 

(-1.92) 

-0.0006 

(-1.64) 

-0.0007 

(-1.23) 

 

H-L -0.0035* 

(-2.12) 

-0.0026* 

(-2.02) 

-0.0017 

(-1.77) 

-0.0025 

(-1.56) 

-0.0028* 

(-1.99) 

-0.0020 

(-1.90) 

-0.0012 

(-1.61) 

-0.0018 

(-1.44) 
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Table 1.5 (Continued) 

Panel B: Low and High Alpha portfolios over the period of 1990-2010 
 Risk Adjusted Returns (NOBS=3723 per month) 
 1990-2010 1990-2010(Jan. excluded) 

Holding 
Month 

1 2 3 4 1 2 3 4 

Intercept 0.0042** 

(4.83) 

0.0040** 

(4.79) 

0.0038** 

(4.73) 

0.0041** 

(4.66) 

0.0031** 

(3.87) 

0.0028** 

(3.76) 

0.0026** 

(3.65) 

0.0029** 

(3.55) 

Low 0.0049* 

(2.18) 

0.0040* 

(2.06) 

0.0029 

(1.92) 

0.0031* 

(2.00) 

0.0038* 

(2.12) 

0.0027* 

(1.99) 

0.0020 

(1.84) 

0.0021 

(1.94) 

High 0.0005* 

(1.99) 

0.0003 

(1.77) 

-0.0009 

(-1.65) 

-0.0011* 

(-2.01) 

0.0003 

(1.94) 

0.0001 

(1.65) 

-0.0007 

(-1.42) 

-0.0008* 

(-1.97) 

 

H-L -0.0044** 

(-2.68) 

-0.0037* 

(-2.15) 

-0.0038 

(-1.84) 

-0.0042* 

(-2.46) 

-0.0032* 

(-2.36) 

-0.0026* 

(-2.02) 

-0.0027 

(-1.81) 

-0.0029* 

(-2.17) 

 

1.4  The Impact of Alpha-Chasing by Mutual Funds on Stock Prices 

    In previous sections, I document that active fund managers tilt their portfolios 

toward high-alpha stocks and away from low-alpha stocks, and that low-alpha stocks 

outperform high-alpha stocks in the cross-section. I now examine whether the 

underperformance of high-alpha stock is actually associated with greater demand for 

high versus low-alpha stocks from actively managed funds. To answer this question, I 

first investigate whether the high (low) returns to low (high) alpha stocks are related 

to the changes in fund ownership.  

As discussed before, if the demand patterns of actively managed funds affects 

prices, then high demand for high-alpha stocks will bid up their prices temporarily. 

Likewise, the prices of low-alpha stock will be pushed down when actively managed 

funds turn away from them. To test this hypothesis, I estimate the following 
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Fama-MacBeth regression: 

 

jtitjtitjtitjtitti ACCUMSHEDHighLowR −−−− ++++= ,,4,,3,,2,,1, **** ββββα

)*(*)*(*)*(* ,,,7,,,6,,,5 jtijtitjtijtitjtijtit ACCUMLowSHEDHighSHEDLow −−−−−− +++ βββ

tijtijtit ACCUMHigh ,,,,8 )*(* εβ ++ −−                                (1.8) 

 

where jtiACCUM −,  ( jtiSHED −, ) is a dummy variable which equals one if the 

changes in mutual fund ownership for stock i in month t-j is the top (bottom) 20% in 

my sample.10 As defined, stocks among the top 20% of the changes in mutual fund 

ownership are recently accumulated (shed) by mutual funds. jtiLow −,  and jtiHigh −,  

are defined the same as in equation (1.4). The coefficient of 

jtijti SHEDLow −− ,, * ( jtijti SHEDHigh −− ,, * ) is the excess return to stocks with low 

(high)-alphas and aggressively sold in month t-j. Similarly, the coefficient of 

jtijti ACCUMLow −− ,, * ( jtijti ACCUMHigh −− ,, * ) is the excess return to stocks with 

low (high)-alphas and aggressively bought in month t-j. Similarly as defined in 

section 1.2, the holdings are set to zero for stocks that do not appear in the mutual 

funds holdings data. 

    The results for raw returns with and without January appear in Panel A of Table 

1.6. The coefficients of Low*SHED are significant and positive in all cases. 

Correspondingly, the coefficients of High*ACCUM are significant and negative for 

months j=1 (-0.0016, t-stat=-2.05) and j=2 (-0.0012, t-stat=-1.96). These two results 

                                                        
10 Since 

jtiSHED −,  
and 

jtiACCUM −,
dummy variables are constructed from quarterly holding data, I 

have to use one quarterly dummy to create three monthly dummies for stock i. I assume the change of fund holding 
occurs at the beginning of each quarter, so stock i get the same holding dummy for all three months in the same 
quarter.  
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indicate that stock returns are negatively related to high past demand from mutual 

funds for high-alpha stocks, and positively related to low past demand from mutual 

funds for low-alpha stocks. After removing January from the sample, the coefficients 

of Low *SHED and High *ACCUM lose the predictability after month 1. As before, 

this suggests that the January effect is responsible for part of returns to low-alpha 

stocks 

   Panel B provides results for risk-adjusted returns. The results are similar to raw 

returns. The coefficients of Low*SHED remain significant and positive in all three 

months, but the coefficients of High*ACCUM lose the predictability after month 1.11 

These results are consistent with prior empirical evidence of price pressure due to 

institutional trading. For example, Coval and Stafford (2007) find that inflow-driven 

purchases from mutual funds generate a long-lived price effect that takes several 

quarters to revert.  

 

 

 

 

 

 

 

 

                                                        
11 The results using the sub-sample of 1990-2010 are not provided in this draft. The result is very similar with that 
in the full sample. 
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Table 1.6: The Impact of Fund Holdings on the Returns to Low and High-Alpha 
Portfolios 

 
Each month between January 1980 and December 2010, cross-sectional regressions of the 
following forms are estimated.  
 

jtitjtitjtitjtitti ACCUMSHEDHighLowR −−−− ++++= ,,4,,3,,2,,1, **** ββββα
)*(*)*(*)*(* ,,,7,,,6,,,5 jtijtitjtijtitjtijtit ACCUMLowSHEDHighSHEDLow −−−−−− +++ βββ

tijtijtit ACCUMHigh ,,,,8 )*(* εβ ++ −−  

where tiR ,  is the return to stock i in month t, jtiHigh −, ( jtiLow −, ) equals one if stock i is 

among the top (bottom) quintile in month t-j (j=1,2,3,) when ranked by its ranking alpha 

estimated from Carhart four-factor model, and zero otherwise. jtiACCUM −, ( jtiSHED −, ) is 

dummy which equals one if stock i is among the top (bottom) quintile in month t-j, when 
ranked by its change in mutual fund ownership, and zero otherwise. The numbers reported are 
time-series average of the cross-sectional estimates from the equation above. The numbers in 
parenthesis are t-statistics based on Newey-West (1987) standard errors.  **, * denote 
statistically significance at 1% and 5% levels, respectively. NOBS is the average number of 
stocks used in the monthly cross-sectional regressions.  
 

 Panel A Raw Return:  (NOBs= 3123) 
 1980-2010 1980-2010 (Jan. excluded) 

Month 1 2 3 1 2 3 
Intercept 0.0097** 

(3.76) 

0.0096** 

(3.79) 

0.0095** 

(3.77) 

0.0086** 

(3.07) 

0.0088** 

(3.10) 

0.0087** 

(3.09) 

Low 0.0028* 

(1.99) 

0.0030* 

(1.97) 

0.0029 

(1.93) 

0.0032 

(1.78) 

0.0033 

(1.76) 

0.0033 

(1.73) 

High -0.0008 

(-0.40) 

-0.0007 

(-0.42) 

-0.0008 

(-0.41) 

-0.0016 

(-0.83) 

-0.0017 

(-0.84) 

-0.0016 

(-0.84) 

SHED 0.0016 

(1.20) 

0.0011 

(0.83) 

0.0012 

(0.93) 

0.0009 

(0.67) 

0.0005 

(0.36) 

0.0006 

(0.44) 

ACCUM 0.0028* 

(2.14) 

0.0026* 

(2.09) 

0.0027* 

(2.16) 

0.0038** 

(2.90) 

0.0036** 

(2.76) 

0.0037** 

(2.81) 

Low*SHED 0.0010* 

(2.57) 

0.0008* 

(2.46) 

0.0006* 

(2.37) 

0.0008* 

(2.15) 

0.0007* 

(2.08) 

0.0007* 

(2.01) 

High*SHED 0.0019 

(0.58) 

0.0027 

(0.85) 

0.0028 

(0.90) 

0.0017 

(0.59) 

0.0020 

(0.60) 

0.0022 

(0.68) 

Low*ACCUM -0.0022 

(-0.70) 

-0.0024 

(-0.78) 

-0.0025 

(-0.81) 

-0.0020 

(-0.65) 

-0.0021 

(-0.67) 

-0.0022 

(-0.70) 

High*ACCUM -0.0016* 

(-2.05) 

-0.0012* 

(-1.96) 

-0.0010 

(-1.92) 

-0.0015* 

(-2.03) 

-0.0013 

(-1.95) 

-0.0011 

(-1.93) 
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Table 1.6 (Continued) 

 
Panel B Risk-Adjusted Return:  (NOBs=3123 ) 

 1980-2010 1980-2010 (Jan. excluded) 
Month 1 2 3 1 2 3 

Intercept 0.0064 
(3.31) 

0.0063** 
(3.34) 

0.0061** 
(3.33) 

0.0052** 
(2.87) 

0.0102** 
(2.90) 

0.0101** 
(2.88) 

Low 0.0019* 
(2.10) 

0.0021* 
(2.14) 

0.0017* 
(2.07) 

0.0016 
(1.78) 

0.0018 
(1.86) 

0.0014 
(1.72) 

High -0.0006 
(-0.65) 

-0.0005 
(-0.60) 

-0.0006 
(-0.62) 

-0.0005 
(-0.44) 

-0.0004 
(-0.40) 

-0.0005 
(-0.41) 

SHED 0.0014 
(0.99) 

0.0010 
(0.73) 

0.0011 
(0.78) 

0.0008 
(0.69) 

0.0006 
(0.43) 

0.0007 
(0.50) 

ACCUM 0.0019* 
(2.08) 

0.0017* 
(2.03) 

0.0018* 
(2.10) 

0.0025** 
(2.78) 

0.0022** 
(2.62) 

0.0023** 
(2.69) 

Low*SHED 0.0008* 
(2.20) 

0.0006* 
(2.17) 

0.0004* 
(2.12) 

0.0006* 
(2.13) 

0.0005* 
(2.10) 

0.0003* 
(2.04) 

High*SHED 0.0016 
(0.42) 

0.0023 
(0.71) 

0.0025 
(0.78) 

0.0015 
(0.50) 

0.0017 
(0.62) 

0.0020 
(0.67) 

Low*ACCUM -0.0017 
(-0.44) 

-0.0019 
(-0.47) 

-0.0021 
(-0.49) 

-0.0014 
(-0.35) 

-0.0017 
(-0.38) 

-0.0019 
(-0.40) 

High*ACCUM -0.0014* 
(-2.01) 

-0.0010 
(-1.91) 

-0.0008 
(-1.88) 

-0.0010* 
(-1.99) 

-0.0007 
(-1.89) 

-0.0005 
(-1.85) 
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1.5.   Potential Explanations for Why Mutual Funds Chase Alpha  

    In the previous section, I document that actively managed funds tilt their 

portfolios toward stocks with high historical alphas. Moreover, there is also some 

evidence that chasing alpha hurts funds’ performance in short-term. Given that stock 

returns are negatively related to past alpha, a natural question to ask is why fund 

managers select stocks with high historical alphas which could lead a bad future 

performance. In this section, I explore some potential explanations for this question.  

1.5.1 Ranking Alpha and the Percentage Changes in Fund Holdings 

    To answer why active fund managers trade stocks based on their alphas, I first 

examine who among active fund managers relies mostly on the strategy of chasing 

alpha to manage their portfolios. To capture trading intensity from chasing-alpha 

trades, I construct two volume measures using quarterly percentage changes in funds’ 

holdings, and estimate Fama-MacBeth regressions of these measures on lagged 

explanatory variables including the Low and High alpha dummies, and control 

variables (book-to-market, size, and past_returns) which are related to style trading 

found in previous literature.  

    The first measure, 1HM∆ , is the percentage change in value of all funds’ 

holdings as a fraction of total industry assets for each stock in each quarter.  

            ∑
∑ =

=

=∆
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n
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,,
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, *11              (1.9) 

where n
tichange , is the net change in shares of stock i held by fund n in quarter t since 
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prior report. tiprice ,  is quarter-end price for stock i in quarter t. N is the number of 

funds. n
tAssets  is the assets of fund n in quarter t. The denominator of tiHM ,1∆  , 

∑
=

N

n

n
tAssets

1

, is the total assets of the whole active fund management industry in 

quarter t. A positive (negative) coefficient for an explanatory variable indicates that 

the active fund management industry as whole increases (decreases) stocks with a 

specific character in the industry’s portfolio in next quarter. I would expect a 

significant positive (negative) coefficient of lagged high (low) alpha if the active fund 

management industry as whole pick stocks based on their past alphas.    

    The results in table 1.7 show that the coefficients of both low and high alpha 

dummy are all significant regardless of model specification. For example, the 

coefficient of low alpha dummy is -0.06% (t-statistics=-5.36), while the coefficient of 

high alpha dummy is 0.22% (t-statistics=3.61). These results confirm that the active 

fund management industry as whole do engage in chasing alpha trades.  
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Table 1.7: Stock’s Ranking Alpha and the Changes in Subsequent Fund Industry 

Holdings 

This table presents the coefficients from quarterly Fama-MacBeth regression of  ∆HM1 
measure on various stock characteristic variables. Dependent variable, ∆HM1, is defined in 
equation (9). Low (High) is a dummy that equals one if stock is among the bottom (top) 
ranking alpha quintile. BM is book-to-market ratio for each stock. SIZE is the market 
capitalization of stock. Past_Return is cumulative past 3-month return for each stock.The 
numbers in parenthesis are t-statistics based on Newey-West (1987) standard errors.  **, * 
denote statistically significance at 1% and 5% levels, respectively.  
 

Dependent Variable: ∆HM1 (1980-2010) 

 Model_1 Model_2 Model_3 

Intercept 
0.0677** 
(11.32) 

0.0522** 
(8.46) 

0.0134** 
(6.35) 

Low 
-0.0006** 

(-5.36) 
-0.0032** 

(-3.42) 
-0.0034** 

(-2.78) 

High 
0.0022** 

(3.61) 
0.0045** 

(5.65) 
0.0048* 
(3.55) 

BM  
0.0143 
(1.61) 

0.0067 
(1.28) 

SIZE  
0.0011* 
(2.54) 

0.0010* 
(2.93) 

Past_Return  
 0.0544* 

(2.27) 

Test for the difference between High and Low dummy estimates 

H-L 
0.0029** 

(4.84) 
0.0076** 

(4.31) 
0.0082** 

(3.86) 
 

    As constructed, 1HM∆  assigns large industry portfolio weights to those 

funds with large dollar value changes in holdings. However, it is possible that small 

funds with large increases (decreases) in their portfolio weights of high (low) alpha 

stocks get relatively smaller weights in industry’s portfolio than large funds with same 

changes in their portfolio weights. In this scenario, the role of small funds’ trades on 
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chasing alpha is underestimated. To address this problem, I introduce the second 

volume measure, 2HM∆ , as below   

                  ∑
=

=∆
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n
t
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n
ti

ti Assets
pricechange

HM
1
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,
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2               (1.10) 

where n
tichange , , n

tAssets , and tiprice ,  are defined the same as those in the measure 

of 1HM∆ . 2HM∆ , as constructed, is the percentage changes in the value of all 

funds’ holdings. Normalized by total assets of each fund, 2HM∆  weights the dollar 

percentage change of all funds’ holdings equally regardless of fund size. Again, I run 

tiHM ,2∆  on lagged alpha dummies and lagged stock characteristic variables. A 

significant positive (negative) coefficient of lagged high (low) alpha would indicate 

that active mutual funds overall increase (decrease) the portfolio weight of stocks with 

high (low) historical alphas in their portfolios.   

    Table 1.8 presents the results for 2HM∆ , neither low (-0.0076, t-stat=-1.53) nor 

high alpha dummy (0.0004, t-stat=0.08) are economically significant alone, or when 

the control variables related to stock characteristics are added as independent 

variables in the regressions. There is no evidence to support that active fund managers, 

as a whole, change the portfolio weights of stocks in funds’ portfolios based on 

stocks’ historical alphas. Moreover, the result of 2HM∆ implies that the trading 

pattern of chasing alpha found in active fund industry’s portfolio is less likely driven 

by trades from small funds.  
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Table 1.8: Stock’s Ranking Alpha and the Changes in Subsequent Fund Holdings 

This table presents the coefficients from quarterly Fama-MacBeth regression of  ∆HM2 
measure on various stock characteristic variables. Dependent variable, ∆HM2, is defined in 
equation (12). Low (High) is a dummy that equals one if stock is among the bottom (top) 
ranking alpha quintile. BM is book-to-market ratio for each stock. SIZE is the market 
capitalization of stock. Past_Return is cumulative past 3-month return for each stock. The 
numbers in parenthesis are t-statistics based on Newey-West (1987) standard errors.  **, * 
denote statistically significance at 1% and 5% levels, respectively.  
 

Dependent Variable: ∆HM2 (1980-2010) 

 Model_1 Model_2 Model_3 

Intercept 
0.0348** 

(6.42) 
0.0242** 

(4.53) 
0.0259* 
(2.86) 

Low 
-0.0076 
(-1.53) 

-0.0003 
(-0.06) 

-0.0006 
(-0.15) 

High 
0.0004 
(0.08) 

0.0030 
(0.64) 

0.0048 
(0.85) 

BM  
0.0045 
(0.54) 

0.0078 
(0.55) 

SIZE  
0.0024** 

(5.35) 
0.0024** 

(5.45) 

Past_Return  
 -0.0082 

(-0.72) 

Test for the difference between High and Low dummy estimates 

H-L 
0.008 
(0.92) 

0.0033 
(0.39) 

0.0054 
(0.62) 

 

    The results of 1HM∆  and 2HM∆ together show that active fund managers use 

large trades to implement the strategy of chasing alpha. Small funds are less likely to 

make their investment decisions based on stocks’ historical alpha. In fact, the trading 

pattern of chasing alpha among actively managed funds is generated by large trades 

from large funds. This puzzling finding that large funds trade based on an unprofitable 

chasing alpha strategy is related to the prediction of Berk and Green (2004). In a 
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rational model, Berk and Green show that active fund managers cannot expect to 

receive risk-adjusted returns due to decreasing return to scale. In addition, quantitative 

approach has cost advantages to manager large assets over fundamental approach. Put 

them together, quantitative approach can reduce investment cost without negatively 

affecting fund performance. Thus, chasing alpha strategy should be more popular 

among large funds than among small funds. 

 

1.5.2 Tests of Herding Hypothesis 

    Herd behavior in financial markets can be described as correlated trading 

patterns across investors. Prior theoretic research categories herd behaviors in 

financial markets into two types: information based herding, and reputation based 

herding. Information based herding is intrigued to correlated public information 

received by investors. For example, Froot, Scharfstein, and Stein (1992), and 

Hirshleifer, Subrahmanyam, and Titman (1994) argue that institutional investors make 

similar trade decisions because they receive correlated information or infer the same 

private information from previous trades. In contrast, reputation based herding is 

linked to career or reputational concern of investment managers. In the scenario of 

reputation based herding, when a manager receives a contrary private information 

against public information, he faces a tradeoff between maximizing the investments 

by following his own information and reducing his reputational loss by mimicking 

other managers’ trades. However, on the labor market, a manager receives less 

punishment from an unprofitable investment decision when other managers make the 



 

40 
 

same decision as well, or so called “share-the-blame” effect. Due to this effect, a 

manager always chooses to ignore his own information and imitate the investment 

decisions of others to reduce the risk of being fired (Sharfstein and Stein (1990)).  

    The alpha-chasing behavior seems consistent with the predication in herding 

models above. Specifically, when most fund managers trade stocks based on chasing 

alpha strategy, a career-concerned fund manager is subject to a fatal reputation loss 

from picking low-alpha stocks by following his private signal, but to much less 

reputation loss from mimicking chasing alpha strategy by pick high-alpha stocks as 

well. Thus, this “share-the-blame” effect gives him incentive to pretend receiving the 

same signal as other managers and to buy high-alpha stocks even his own information 

does not indicate that high-alpha stocks are good investments in future.     

If reputation based herding can explain why fund managers chase high-alpha 

stocks and shun away from low-alpha stocks, I would expect that herding intensity 

from buy (sell)-side for high (low)-alpha stocks would be higher (lower) than for low 

(high)-alpha stocks. To explore the hypothesis above, I adopt the herding measure 

developed in Lakonishok, Shleifer, and Vishny (1992) (hereafter LSV) to capture the 

degree of herding. LSV herding measure is constructed to quantify the unexpected 

imbalance of the number of buyers and sellers from a particular group of investors in 

a stock. More specifically, the measure is defined as  

 

                |)(||)(| ,,,,, tititititi pEpEpEpHM −−−=            (1.11) 

 

where tip ,  is the ratio of buyers to all traders who trade stock i during quarter t, and 
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)( ,tipE is the average of tip ,  over all stocks during quarter t. The second term in 

equation (1.11) is an adjustment factor which accounts for the expected proportion of 

buyers under the null hypothesis of independent trading decisions by fund managers.12  

    The LSV measure does not specify the direction of the herding. However, it is 

more meaningful to test the relationship between ranking alpha and herding intensity 

conditional on trading direction because herding activities from buy side and sell side 

could be cancelled each other when we use unconditional herding measure. To 

separately measure the herding levels from the buy and sell-side, I follow the method 

in Wermers (1999) to construct conditional buy and sell herding measure as follows: 

                 

                   )(| ,,,, titititi pEpHMBHM >=                  (1.12) 

                   )(| ,,,, titititi pEpHMSHM <=                  (1.13) 

 

where tiBHM ,  and tiSHM , are buy and sell herding measure for stock i in quarter t 

respectively. They are separated from unconditional herding measure by whether they 

have a higher (lower) proportion of buyers than the average stock during quarter t.  

    To examine the relation between the herding intensity and ranking alpha, I next 

run Fama-MacBeth regressions of conditional buy (sell) herding measures on low, 

high alpha dummies and various stock characteristics (i.e. book-to-market, size and 

past-returns) which are found related to herding activities in literature. Looking first at 

the result for buy herding measure in Panel A of table 1.9, neither low nor high alpha 

dummy is significant regardless of model specification. SIZE is the only control 

                                                        
12 See Lakonishok, Shleifer, and Vishny (1992) for detailed explanation of this measure. 



 

42 
 

variable having explanatory power on buy-herding level. The significant and positive 

coefficients for SIZE in model 2 (0.0004, t-stat=3.13) and model 3 (0.0003, 

t-stat=2.88) indicate that active managed funds herd more common in large stocks 

than in small stocks. This is different with previous empirical find that mutual funds 

have higher buy herding levels in small stocks than in large stocks (Wermers (1999)).  

    Next, Panel B of table 1.9 presents the results for sell herding measures. High 

alpha dummy is found to be significant and positive associated with sell herding 

intensity in all three models. This indicates that active fund managers herd in selling 

high-alpha stocks. However, this is contrary to the type of herding that could explain 

on alpha-chasing behavior. As regarding control variables, active fund managers are 

likely to sell together Small stocks and Growth stocks which is consistent with the 

results in Wermers (1999). Overall, I do not find empirical results in the support of 

herding as an explanation for alpha chasing in active mutual fund industry.  
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Table 1.9: Herding Intensity and Low and High Alpha Portfolios 

Panel A presents the coefficients from quarterly Fama-MacBeth regression of LSV buy 
herding measure on various stock characteristic variables. Dependent variable, 

)(| ,,,, titititi pEpHMBHM >= , where tip ,  equals the proportion of funds trading stock I 

during quarter t that are buyers.  Low (High) is a dummy that equals one if stock is among 
the bottom (top) ranking alpha quintile. BM is book-to-market ratio for each stock. SIZE is the 
market capitalization of stock. Past_Return is cumulative past 3-month return for each stock. 
Panel B presents the coefficients from quarterly Fama-MacBeth regression of LSV sell 
herding measure on various stock characteristic variables. Dependent variable, 

)(| ,,,, titititi pEpHMSHM <= . The numbers in parenthesis are t-statistics based on 

Newey-West (1987) standard errors.  **, * denote statistically significance at 1% and 5% 
levels, respectively.  

 
Panel A: Buy Herding Intensity (1980-2010) 

 Model 1 Model 2 Model 3 

Intercept 
-0.1092** 

(22.32) 
-0.1091** 
(-20.97) 

-0.1102** 
(-29.09) 

Low 
-0.0005 
(-1.05) 

-0.0004 
(-1.02) 

-0.0002 
(-1.02) 

High 
-0.0006 
(-1.06) 

-0.0005 
(-1.03) 

-0.0004 
(-1.03) 

BM  -0.0001 
(-0.89) 

-0.0002 
(-0.60) 

SIZE  0.0004* 
(3.12) 

0.0003* 
(2.88) 

Past_Return   0.0007 
(0.99) 

Test for the difference of the coefficients of High and Low-alpha dummy 

H-L 
-0.0006 
(-1.06) 

-0.0001 
(1.08) 

-0.0002 
(-1.03) 
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Table 1.9 (Continued) 
 

Panel B: Sell Herding Intensity (1980-2010) 

 Model 1 Model 2 Model 3 

Intercept 
0.5612** 
(23.35) 

0.5620** 
(23.46) 

0.5626** 
(23.70) 

Low 
0.0005* 
(2.68) 

0.0002 
(1.06) 

0.0001 
(0.70) 

High 
0.0007* 
(3.03) 

0.0004* 
(2.03) 

0.0004* 
(2.13) 

BM  -0.0005** 
(-4.87) 

-0.0005** 
(-4.90) 

SIZE  -0.0002** 
(-3.15) 

-0.0002* 
(-3.13) 

Past_Return   -0.0005 
(-1.66) 

Test for the difference of the coefficients of High and Low-alpha dummy 

H-L 
0.0002 
(1.48) 

0.0002* 
(2.03) 

0.0003* 
(2.15) 
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1.6  Conclusion 

    Mutual funds now play a key role in U.S. equity market. Meanwhile, active fund 

managers increasingly use quantitative selection method to select investment 

candidates for their portfolios. This stock selection process can have profound impact 

on stock prices when fund managers pick stocks using same quantitative ratio. In this 

paper, I provide evidence that actively managed funds exhibit a greater propensity to 

hold stocks with high alphas estimated from Fama-French three-factor model over the 

period of 1980-2010. This suggests that alpha is an important ratio in the fund 

manager’s stock selection process. This alpha-chasing behavior generates short-term 

price pressure on the prices of the stocks that they demand. Specifically, the prices of 

high-alpha stocks are moved up away from their fundamental values temporarily by 

excess demand from mutual funds. Furthermore, I find that low-alpha stocks 

outperform high-alpha stocks in the first and second month following portfolio 

formation. A self-financing strategy that long low-alpha and short high-alpha quintile 

generates significant risk-adjusted returns.  

    Interestingly, I find that chasing alpha is not a trading pattern among all actively 

managed funds. Instead, it is primarily caused by large trades from large funds. To 

explore the economic explanation on alpha-chasing behavior, I test whether 

alpha-chasing behavior is caused by herding among fund managers. I do not find the 

evidence of buy (sell)-side herding activity among high (low) alpha stocks using 

traditional LSV measure. Future research on the motivation of those funds chasing 

alpha is needed.  
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Appendix: The Construction of Rank Gap Window-Dressing Measure 

    At the end of each fund’s fiscal quarter, I sort all domestic stocks in CRSP 

database in descending order according to their returns over the past three months. 

The first (fifth) quintile consists of stocks that have the highest (lowest) returns. Then, 

I identify stocks in fund’s holdings belonging to different quintile and calculate the 

proportion of the fund’s assets invested in the first and fifth quintiles. Following 

Agarwal, Gay and Ling (2012), I call these two extreme quintiles as winner and loser 

proportions, respectively.  

    Next, I rank the funds in three ways. For the first ranking (performance rank), I 

sort all the funds in descending order by their quarterly returns, with funds in 1st 

percentile being the best performing funds (and all assigned a rank 1) and funds in the 

100th percentile being the worst (and all assigned a rank 100). For the second ranking 

(winner rank), I sort all the funds in descending order according to their proportion of 

winner stock holdings and assign ranks between 1 and 100 to the funds, with funds in 

the 1st (100th) percentile having the highest (lowest) winner proportion. For the third 

ranking (loser rank),  I sort all the funds in ascending order according to their 

proportion of loser stock holdings and assign ranks between 1 and 100 to the funds, 

with funds in the 1st (100th) percentile having the lowest (highest) loser proportion. 

Based on the above rankings, I construct window-dressing measure, Rank Gap, as 

follows 

200/]100)
2

[( +
+

−
LoserRankWinnerRankeRankPerformanc  
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The bound of Rank Gap measure is (0.005, 0.995). The higher is the Rank Gap 

measure, the greater is the likelihood of window dressing.   
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CHAPTER 2 

Relative Mispricing Measure, Arbitrage Risk, and the Limits 

of Arbitrage 

 

2.1   Introduction: 

    Classical financial theory believes that security prices always trade at their 

fundamental values because rational arbitrageurs have economic incentives to 

immediately drive incorrect prices to efficient levels by exploiting all available profits 

opportunities. In contrast to market efficiency theory, Shleifer and Vishny (1997) 

argue that financial markets can be inefficient when rational investors fail to 

completely eliminate mispricing due to their limits to arbitrage, such as limited risk 

bearing capacity, short investment horizon, limited capital, etc. Since then many 

empirical studies provide the evidence of supporting the existence of the limits of 

arbitrage. For example, Ali, Hwang and Trombley (2003) use firm’s book-to-market 

ratio (B/M) as the inferences about arbitrage risk on mispricing, and shows that B/M 

effect is greater for stocks with higher idiosyncratic volatility. Zhang (2006) finds that 

recent loser (winner) stocks tend to earn larger negative (positive) abnormal returns in 

high limits to arbitrage environment. Mendenhall (2004) finds the similar relationship 

between arbitrage risk and the post-earnings announcement drift. And Sullivan and li 

(2010) document that accrual anomaly exists due to high barriers to arbitrage. 

    However, a recent study of Brav and Heaton (2006, BH hereafter) find that 

value-weighted annual returns do not increase in annual idiosyncratic volatility among 
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undervalued stocks (e.g. small stocks, value stocks or ‘winner’ stocks). In other words, 

there is no connection between the “risk factor” measure of mispricing and 

idiosyncratic volatility. Thus, they conclude that the limits of arbitrage do not explain 

mispricing. 

    One problem with previous studies of the relationship between mispricing and 

idiosyncratic risk is whether appropriate mispricing measures have been adopted. For 

long time, economists have debated on whether size, B/M ratio, and momentum are 

risk factors which link to macroeconomic fundamentals, or as the reflections of 

irrational mispricing. According to the explanations of the limits of arbitrage, factor 

premiums, such as size, B/M, and momentum, should only load in high limits to 

arbitrage stocks if they are due to mispricing but not due to risk. In this paper, I 

empirically test this hypothesis and show that none of three factors can explain stock 

returns in high limits to arbitrage portfolios. On the other hand, factor premiums still 

keep in low limits to arbitrage portfolios. This evidence strongly supports that B/M, 

size, and momentum should be interpreted as risk factors instead of mispricing 

measures. Therefore, the finding of BH (2006) that the low returns exist in high limits 

to arbitrage portfolios is largely because risk factors do not load premium in high 

limits to arbitrage environments. 

    In order to empirically test the theory of the limits of arbitrage, we need suitable 

measures for arbitrage risk and mispricing. To measure the mispricing, I use the 

logarithm of the ratio of market stock price to intrinsic firm value for individual stock 

(log(P/V)) developed from Ohlson (1995), or called relative mispricing measure 
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(RMM) in this paper. Rhodes-Kropf, Robinson, and Viswanathan (2005) decompose 

market to book ratio into two components, growth risk and misevaluation, and show 

that firm’s misevaluation can be captured by market to value ratio, P/V.  On 

empirical side, Frankel and Lee (1998), and Doukas, Kim, and Pantzalis (2008), show 

that RMM measure has superior cross-sectional abnormal return predictive power to 

B/M ratio.  

    Consistent with previous findings, I find that RMM measure has desired 

relationships with stock mispricing and firm characteristics. Specifically, I find a 

strong negative relationship between B/M ratio and RMM measure, and a positive 

relationship between size and RMM measure. This result shows that small (large) 

stocks have relative low (high) valuations. Moreover, my finding is consistent with 

Doukas et al. (2005) that excessively undercovered (overcovered) stocks have low 

(high) relative valuations. In another word, the number of analysts decreases in RMM 

mispricing measure.  

    Next, I empirically confirm the ability of the mispricing measure to predict the 

future abnormal returns. This predictability is important to prove that RMM can 

capture stock mispricing. The difference of raw annual return between low RMM 

(undervalued) and high RMM (overvalued) is -4.81% (t-statistics -10.38). This ability 

has been enhanced over longer time horizon. The difference of raw annual return over 

24 and 36 months between low RMM and high RMM are -12.11% (t-statistics -7.63), 

and -27.46% (t-statistics -4.74) respectively.  

    Last, I show that my mispricing measure is not driven by known risk factors. I 
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use Fama-French three-factor model and Carhart four-factor model to regress the 

return difference between low and high RMM value portfolios. The large Jensen 

Alphas in three-factor model (0.52, t-statistics 9.21) and four-factor model (0.47, 

t-statistics 7.78) suggest that the return difference between low and high RMM value 

portfolios is not attributed to common risk factors.   

    With regard to arbitrage risk, I focus on idiosyncratic risk because Shleifer and 

Vishney (1997), and Pontiff (2006) identify it as the primary arbitrage holding costs. 

Most empirical studies in this area also assume the limit to arbitrage as idiosyncratic 

risks. For the consistence, I follow BH (2006) to proxy for arbitrage risk by the 

amount of idiosyncratic volatility from the four factor asset pricing model of Carhart 

(1997). To examine the impact of alternative asset pricing model on estimated 

idiosyncratic volatility, I use the Fama-French three factor model in the robustness 

test.  

    My results support the limits of arbitrage hypothesis, I find that stock returns 

strongly increase in idiosyncratic risk among undervalued (bottom 30% RMM) stocks 

and decrease in idiosyncratic risk among overvalued (top 30% RMM) stocks. For 

undervalued portfolios, high idiosyncratic risk stocks outperform low idiosyncratic 

stocks by 8.83% (t-statistics 11.35) per year for value-weighted returns. In contrast, 

for stocks within overvalued portfolios, high idiosyncratic risk stocks underperform 

low idiosyncratic risk stocks by -6.36% (t-statistics -14.88) per year for 

value-weighted returns.  

    All of my results are robust to use alternative asset pricing models in estimating 
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idiosyncratic volatility. Considering that some arbitrageurs may be limited to or 

specialized within specific industry sectors, I repeat the tests within the Fama-French 

12 industries and find similar results across industries. 

    This paper adds contributions to a growing literature that examines the limits of 

arbitrage. Recently, there are intensive debates on whether the limits of arbitrage can 

explain the anomalies. Ali, et. al (2003) and Zhang (2006) emphasizes the impact of 

idiosyncratic risk on individual anomalies such as the value premium and momentum. 

Brav and Heaton (2006) find that value-weighted annual returns do not increase in 

annually idiosyncratic volatility among “undervalued stocks. My paper examines the 

relationship between idiosyncratic risk and returns based on RMM measure which has 

been empirically confirmed the ability to catch the cross-sectional abnormal returns. 

My results strongly support the predication of the limits of arbitrage regarding the 

relation between arbitrage risk and stock returns. This paper also helps to understand 

the findings of Brav and Heaton (2006) that there is no relation between mispricing 

measure and idiosyncratic risk. BH’s result is primarily due to the inappropriate 

mispricing measure so that the true relation between stock mispricing and 

idiosyncratic risk has been distorted.  

    The rest of paper is as follows: section 2.2 describes the data and presents 

summary statistics. Section 2.3 tests whether B/M, size and momentum premium are 

from risk premium or due to mispricing. Section 2.4 describes the construction of 

RMM mispricing measure and tests its predictability on cross-sectional returns. 

Section 2.5 examines the relationship between mispricing and idiosyncratic risk 
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within undervalued and overvalued portfolios. Section 2.6 presents the results from 

robustness tests and section 2.7 concludes. 

 

2.2  Data and Sample Selection 

    The original data includes monthly stock returns for NYSE, AMEX, and 

NASDAQ stocks, from July 1958 to December 2008. To keep the trading 

characteristics consistent among securities, I only use the data with CRSP common 

share code equal to 10 or 11. I obtain stock level data such as prices, returns, trading 

volumes, and share outstanding from the Center for Research in Securities Prices 

(CRSP). The monthly returns of common risk factors and Fama-French 48-Industry 

rates of cost of capital are from Kenneth French’s website. The annual accounting 

data of all firms are from Compustat North America. The quarterly institutional 

holding data are from CDA/Spectrum institutional (13f) database. The earning 

forecast data and analyst coverage of all firms are obtained from I/B/E/S. 

To construct the intrinsic value of firms, I follow the procedure of Frankel and 

Lee (1998) and require all sample firms to have one-year-ahead (FY1) and 

two-year-ahead (FY2) consensus earning forecasts. This limits my data sample period 

from July 1983 to December 2008. In estimating the intrinsic value of firms, I also 

remove firms with negative book values, because return on equity (ROE) for these 

firms cannot be interpreted in economic terms. To control the unreasonable ROEs, I 

only consider firms with ROEs or forecasted return on equity (FROE) for less than 

100% and dividend payout ratio of less than 100%. Last, I delete penny stocks with 
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stock prices of under $5 because such firms have unstable B/M, V/P ratios and poor 

market liquidity. Taken together, my data sample includes 9044 stocks and 2,227,306 

stock-month observations.  

 

2.3  Factor Premiums in High and Low Limits to Arbitrage Environments 

    There are intensive debates among researchers on whether size, B/M, and 

momentum reflect risk or irrationality. According to risk based explanation, factor 

premiums should be loaded strongly only in low limits to arbitrage environment, but 

not in high limits to arbitrage environment. This argument is based on the fact that 

arbitrage risks keep the price away from equilibrium level such that the risk factor can 

not earn equilibrium risk premiums. In contrast, the theory of limits of arbitrage 

indicates that the factor premiums are loaded strongly in high limits to arbitrage 

environment. Therefore, we can reject the hypothesis that B/M, size, and momentum 

are mispricing measures if the factors load the premium only in low limits to arbitrage 

environments.  

To test the hypothesis, I follow the method of BH (2006) and assume that the 

Carhart (1998) four-factor model is the right model used by market for expected 

returns. Given this, idiosyncratic risk equals the standard deviation of the regression 

residual from equation (2.1) 

 

   itttititmtiitit UMDHMLSMBrRarR εββββ ++++−+=− 4321 )(  ),0(~ 2
itit σε    (2.1) 

 

I define idiosyncratic risk as )( ,tiεσ  in equation (2.1). At the beginning of each July 
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of sample period, I calculate the realized idiosyncratic volatility (IVOL) by estimating 

the Carhart four-factor model using CRSP monthly data. The data sample is from July 

1983 to Dec 2008. I estimate the four-factor model for each firm using preceding 60 

months return data. A minimum of 36 monthly returns are required for each firm in 

previous 60 months. The firms are allocated into quintiles based on the regression 

residual standard deviations. The sorting procedure is repeated yearly through July 

2008. I calculate portfolio value weighted returns for the ensuring 12 months.  

    The Table 2.1 reports some preliminary results for the CRSP universe. The 

average residual variance of the highest limits stocks is almost five times than the 

stocks in the lowest limits portfolio. And the loadings of four factors except market 

beta in lowest IVOL portfolio are all larger than those in the highest IVOL portfolio. 

This fact foreshadows that the arbitrage risk might deter the loading of risk premiums 

in high limits to arbitrage environments. Consistent with prior studies, stocks with 

higher idiosyncratic risk have lower analyst coverage, which indicates more 

information uncertainty on these stocks. Finally, the lower institutional ownership in 

higher idiosyncratic volatility stocks implies lower investor sophistication on these 

stocks.  
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Table 2.1: Pre-Formation Firm Characteristics 

The sample firms are traded on NYSE, AMEX, and NASDAQ with CRSP common share 
code 10 or 11. Beginning in July of 1983, for each firm, a four-factor model using monthly 
return data from the preceding 36 months is estimated. Based on the regression residual 
standard deviations, firms are sorted in quintiles. I then calculate the post-formation 12 month 
returns. The sorting procedure is repeated quarterly through July 2008. The column ‘Q1-low 
(Q5-high) refers to a portfolio holding the securities with the lowest (highest) residual 
standard deviation. Number of analysts following a firm is obtained from I/B/E/S. 
Institutional holding is the percentage of share held by institutions calculated by averaging the 
percent shares held in the pre-formation period. 

 Q1-Low Q2 Q3 Q4 Q5-High 

Regression IVOL(%) 3.51 4.48 6.75 11.9 15.55 

Average alpha (%) 0.71 0.88 1.2 2.3 2.9 

Market Beta 0.67 0.93 1.12 1.29 1.41 

HML loading 0..44 0.51 0.36 0.25 0.18 

SMB loading 0.33 0.16 0.08 0.21 0.25 

Mom loading -0.07 -0.07 -0.01 -0.01 -0.02 

BM quintile 2.72 2.34 0.78 0.34 0.11 

Size quintile(in millions) 3425 3019 1320 878 540 

MOM quintile (%) 7.12 6.98 6.24 5.33 4.56 

RMM quintile -0.31 0.12 1.20 2.38 2.76 

Number of Analysts 10.30 8.40 6.67 5.08 3.39 

Institutional Holding (%) 0.3031 0.3124 0.2965 0.1025 0.0867 

 

    For long time, researchers have no consensus on whether book-to-market, size 

and momentum are common risk factors related to macroeconomic fundamentals, or 

mispricing measures reflecting the irrationality. For example, Fama and French (1993, 

1997) interpret the return to B/M as compensation for state-dependent risk related to 
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relative financial distress. La Porta et al. (1997) argue that the B/M effect is due to 

mispricing. They show that for high (low) B/M securities, market participants 

underestimate (overestimate) future earnings so that stock prices will be corrected for 

the biased expectations and move back to fundamental values eventually. Since most 

studies of the limits of arbitrage use B/M, size and momentum to proxy mispricing, it 

is important to identify whether factor premium is from risk loading or is due to 

mispricing before we take them as mispricing measures. According to the limits of 

arbitrage, high idiosyncratic risks can deter arbitrage activity. Therefore, if stock 

anomalies like size effect, value premium and return momentum are caused by 

irrationality, we should find no premium in low limits to arbitrage portfolio but only 

in high limits to arbitrage portfolio.  

    To test this hypothesis, I sort the stocks into quintiles based on estimated IVOL 

at the July of each year. I then calculate one year post-formation period returns and 

examine the factor loadings of low and high IVOL portfolios in CAMP, Fama-French 

three factors model, and Carhart four factors model respectively. Panel A of Table 2.2 

reports the results of post formation portfolio regression in low limits to arbitrage 

portfolios. Adjusted R2 of CAMP model is only 0.0482, which indicates that the 

CAMP model has limited explanatory power on stock returns. Jensen Alpha in CAMP 

model is 0.0949 with t-statistics 8.09. In contrast, Adjusted R2 of three-factor model 

and four-factor model are 0.2787 and 0.2748 respectively. They indicate that multi 

factors models explain the stock returns well in low limits to arbitrage portfolios. 

    Panel B of Table 2.2 presents the regression results for the high limits to 
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arbitrage portfolios. Neither CAMP model nor multifactor model has explanatory 

power for high limits to arbitrage portfolios. The largest adjusted R2 among three 

models is only 0.0276. Meanwhile, all factors except SMB are insignificant. These 

results are inconsistent with the prediction of the limits of arbitrage on factor loading 

in high arbitrage risk environments. I also include the results for the medium limits to 

arbitrage portfolio.13 As shown in Panel C of Table 2.2 multiple factors model have 

better explanatory power over CAMP model, but all adjusted R2 are relatively smaller 

than those in low limits to arbitrage portfolios.  

    To sum up, the factor premiums of size, value and momentum are low in high 

limits to arbitrage environments, but high in low limits to arbitrage environments. The 

above results strongly reject the hypothesis that stock anomalies such as size effect, 

value premium and return momentum are caused by irrationality. Therefore, size, B/M 

and return momentum cannot be regarded as mispricing measures.  

 

 

 

 

 

 

 

 

                                                        
13 I only report the regression for quintile 3 in this paper since quintile 2,3, and 4 have similar results. Additional 
test results available upon request. 
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Table 2.2: The Factor Premium in Low and High Limits to Arbitrage Environments 

Stocks are sorted into quintiles at each month based on estimated IVOL using previous 36 
month returns from 1983 to 2008. Panel A reports the regression results for low limits to 
arbitrage portfolio. Panel B reports the regression results for high limits to arbitrage portfolio. 
And Panel C reports the regression results for middle limits to arbitrage portfolio. Low (high) 
limits to arbitrage stocks is defined as firms whose residual standard deviations estimated 
from Carhart four-factor model is Lowest (highest) among quintile. Medium limits to 
arbitrage stocks are firms whose residual standard deviations estimated from 4-factor model 
are between lowest and highest idiosyncratic risks. I first regress one year post-formation 
returns on MKTRF in first model, then add HML and SMB in the second model, Last I add 
MOM in the third regressions. The sample period is from July 1983- Dec. 2008. The 
estimated coefficients and Newey-West (1987) t-statistics are reported in each panel. The 
symbols *,**,*** denote significance at the 10%, 5% and 1% levels, respectively.   

Panel A: Factors loading in Low limits to arbitrage (Q1-Low) 

 Alpha MKTRF HML SMB MOM Adj R2 

Estimates 0.0949*** 0.0478***    0.0482 

T-statistics 8.09 3.25     

Estimates 0.0699*** 0.0152 0.0149* 0.0753***  02787 

T-statistics 4.96 0.90 1.89 5.33   

Estimates 0.0685*** 0.0201 0.0214* 0.0765*** -0.0181 0.2748 

T-statistics 4.80 1.09 1.91 5.35 -0.65  

 
 

Panel B: Factors loading in high limits to arbitrage (Q5-High) 

 Alpha MKTRF HML SMB MOM Adj R2 

Estimates 0.0177*** 0.0153    0.0076 

T-statistics 8.13 1.57     

Estimates 0.0143*** -0.0192 0.0170 0.0327*  0.0276 

T-statistics 4.46 -0.10 1.02 1.9   

Estimates 0.0135*** 0.0570 0.0148 0.0326* -0.0277 0.0264 

T-statistics 4.01 0.27 0.87 1.89 -0.93  
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Table 2.2 (Continued) 
 

Panel C: Factors loading in middle limits to arbitrage (Q3) 

 Alpha MKTRF HML SMB MOM Adj R2 

Estimates 0.01629*** 0.0148    0.0570 

T-statistics 9.23 1.03     

Estimates 0.01179*** 0.0282** -0.0170 0.074***  0.1040 

T-statistics 5.96 2.04 -0.13 4.84   

Estimates 0.01164*** 0.0298* -0.0220 0.0748*** -0.0492 0.1156 

T-statistics 5.40 1.84 -0.17 4.75 -0.19  
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2.4   Relative Mispricing Measure  

2.4.1 The Construction of Relative Mispricing Measure  

    A good mispricing measure must capture the deviation of actual price from 

intrinsic value. Therefore it should have good predictability on future abnormal 

returns. Frankel and Lee (1998) suggest that valuation model of Ohlson (1995) is a 

good predictor of long-term cross-sectional returns. Therefore, I construct relative 

mispricing measure, RMM, based on Ohlson’s residual income valuation model. This 

measure represents the difference between fundamental value, V, and market value P. 

Prior studies show that the residual income valuation, V/P, is a good indicator of 

mispricing. Lee, Myers and Viswanathan (1999) report that V/P predicts 

one-month-ahead returns on Dow 30 stocks better than book-to-market ratio. Frankel 

and Lee (1998) also show that residual income value is a better predictor of the 

one-year-ahead cross section of returns. D’Mello and Schroff (2000) apply V/P to 

measure mispricing of equity repurchase.   

Following Frankel and Lee (1998) and Doukas et al.(2008), I measure 

fundamental equity value, V, using a two-period residual value model as follows: 
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Where tFROE  and 1+tFROE  are respectively the forecasted return on equity (ROE) 

one year ahead and two year ahead. tFROE  and 1+tFROE  are estimated using 

analyst’ consensus one-year-ahead (FY1) and two-year-ahead (FY2) I/B/E/S earning 
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forecasts of return on equity (ROE) at time t. Specifically, they are estimated as 

follows: 

 

                 ]2/)/[(1 21 −− += ttt BBFYFROE                       (2.3) 

                 ]2/)/[(2 1−+= ttt BBFYFROE                        (2.4) 

 

The estimated book value of common shareholder equity at the end of year, tB , is 

calculated as follows 

 

                  )]1(1[1 kFROEBB ttt −+= −                         (2.5) 

 

Where k is the dividend payout ratio. The cost of capital, r , in equation (2.1) is 

estimated using the Fama and French (1997) three-factor model ,as an industrial 

specific rate based on Fama-French 48 industry classification. 

 

2.4.2 Return Analysis of Portfolios Formed on Relative Mispricing Measure 

    In this section, I first check whether RMM measure has desired characteristics 

with respect to B/M, size, and return. Table 2.3 shows that there is strong inverse 

relation between book-to-market and RMM, and strong positive relation between size 

and RMM. Specifically, the most undervalued portfolio (low RMM value) has the 

largest B/P ratio of 1.306, the smallest size of 650 million dollars, and the largest 12 

month return (Ret12) of 18.56%. In contrast, the most overvalued portfolio (high 

RMM value) has the smallest B/P ratio of 0.192, the largest size of 2935 million 
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dollars, and the smallest 12 month return of 13.75%.  

    Another important result of Table 2.3 is that the low RMM (undervalued) firms, 

outperform the high RMM (overvalued) firms over 12, 24, and 36 months period 

following portfolio formation. Specifically, a long low RMM value portfolios and 

short high RMM value portfolios strategy can earn 4.81%, 12.11%, and 27.46% risk 

free return in 12, 24 and 36 months holding period. That indicates RMM measure 

captures the deviation from fundamental prices very well. 

Finally, there is a remarkable relation between IVOL and mispricing. The Table 

2.3 shows that the most mispriced stocks (Q1, most undervalued stocks, and Q5, most 

overvalued stocks) are associated with the highest level of arbitrage risk. Specifically, 

for the most undervalued (Q1) stocks, the IVOL is 5.51. For the most overvalued (Q5) 

stocks, the IVOL is 5.89. Meanwhile, the level of arbitrage risk are lower for the three 

middle quintiles (Q2, Q3 and Q4) than for the extreme quintiles (Q1 and Q5), where 

mispricing is more likely.   
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Table 2.3: Summary Statistics For Stocks Sorted By Mispricing Measure RMM 

This table reports mean values of RMM, book-to-market(BM), Size(in millions), mean 
12-month return (Ret12), 24 month return (Ret24), 36 month return(Ret36), and the 
idiosyncratic volatility for the quintile portfolios of firms sorted at each month from 1983 to 
2008 based on the mispricing measure, log(P/V). The differences in mean between the log(Q1) 
and high(Q5) quintile and Newey-West (1987) t-statistics (in parenthesis) are also reported. 
*,**, and *** indicates significance at the 10%, 5%, and 1% levels respectively.    

Using RMM as Mispricing Measure 

 
Q1 

Undervalue 
Q2 Q3 Q4 

Q5 
Overvalue 

All 
Q5-Q1 

Difference 
RMM -0.21 0.532 0.983 1.496 2.465 1.053 2.675*** 

(19.23) 
BM 1.306 0.806 0.610 0.441 0.192 0.672 -1.114*** 

(-19.23) 
Size 650 1024 1321 1733 2935 1532 2285*** 

(4.45) 
Beta 1.229 1.099 1.044 0.958 0.819 1.029 -0.410 

IVOL(%) 5.51 5.04 4.90 5.09 5.89 5.48 0.24*** 
(7.23) 

Ret12 0.1856 0.1801 0.1690 0.1484 0.1375 0.1642 -0.0481*** 
（-10.38） 

Ret24 0.3376 0.3591 0.3272 0.2824 0.2165 0.3045 -0.1211*** 
(-7.63) 

Ret36 0.6051 0.5572 0.5010 0.4343 0.3305 0.4856 -0.2746*** 
(-4.74) 

 

    I then examine whether the Q1-Q5 returns are explained by common risk factors. 

Specifically, if undervalued (low RMM) stocks outperform overvalued (high RMM) 

stocks on a risk-adjusted basis, times series tests of arbitrage strategy formed by going 

long low RMM portfolios and short high RMM portfolios should consistently 

outperform relative to an explicit multifactor asset pricing model. I address this issue 

using two asset pricing models: Fama-French three-factor model, as well as Carhart 

four-factor model. If the return difference between low and high valuation stocks is 
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not attributed to the difference in common factors (i.e. difference in market beta, size, 

book-to-market, and momentum), the regression intercepts should be significantly 

distinguishable from zero. The arbitrage portfolios are constructed as the difference in 

returns between the bottom quintile and the top quintile portfolios of stocks ranked on 

their RMM values. 

    The regression results in Table 2.4 show that the return difference between low 

and high excess valuation stocks cannot be attributed to existing risk factors (i.e. 

differences in market beta, size, book-to-market, and momentum). The regression 

intercepts are different from zero in economic and statistical terms. The estimated 

intercepts suggest that both three-factor and four-factor model leave a large 

unexplained fraction of the mispricing arbitrage portfolio returns. The intercept based 

on the three-factor model, is 0.52 (t-statistic=9.21) and the intercept for the four-factor 

model is 0.47 (t-statistic =7.78). If my relative valuation approach does yield a fairly 

accurate and distinct mispricing measure, the adjusted R2s from time series 

regressions of the arbitrage return spread on the Fama-French three-factor or Carhart 

four-factor model should be very small. Indeed, the adjusted R2s are only 16.83% and 

17.07% respectively. This evidence is consistent with the view that the arbitrage 

return differences constructed using my relative valuation approach, capture 

mispricing.  
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Table 2.4: Time Series Tests For Mispricing Arbitrage Portfolios 

The table reports coefficients and t-statistics (in parenthesis) for the CAMP model, the 
Fama-French (1993) three-factor model, and the Carhart (1997) four-factor model. The 
dependent variable is the value-weighted return difference between the overvalued and the 
undervalued portfolios. The overvalued portfolio consists of firms with highest 30% RMM 
measure, while the undervalued portfolio consisted of firms with lowest 30% RMM measure. 
MKTRF is the value-weighted market returns minus the one-month Treasury Bill rate. 
SMB(small minus big) is the difference each month between the return on small and big firms, 
while HML (high minus low) is the monthly difference of the returns on aportfolio of high 
book-to-market and low book-to-market firms. UMD (up minus down) is the momentum 
factor computed on a monthly basis as the return differential between a portfolio of winners 
and a portfolio of losers. RM – Rf , HML, SMB and UMD are extracted from K. French’s 
website. *, **, *** denote significance at the 10%, 5% and 1% levels, respectively.  

Mispricing Arbitrage Portfolio Created using RMM Rankings: Dependent Variable: RQ1-RQ5 

 Alpha MKTRF HML SMB MOM Adj R2 

Estimates   0.52*** -0.01   0.24***   0.22***   

T-statistics 9.21 -0.28 5.97 (6.51)  16.83 

Estimates   0.47*** -0.01   0.23***   0.23*** -0.03  

T-statistics 7.78 -0.28 5.75 6.60 -1.37 17.07 
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2.5  Mispricing and Idiosyncratic Risk 

    In this section, I use RMM measure to proxy for mispricing and idiosyncratic 

risk to measure the arbitrage risk and test the hypothesis of the limits of arbitrage. The 

limits of arbitrage indicates that the stock returns increase in idiosyncratic risk among 

undervalued portfolios, and decrease in idiosyncratic risk among overvalued 

portfolios. To test this hypothesis, I first classify the stocks annually into high (top 

30%) medium (middle 40%), and low (bottom 30%) portfolio based on their RMM 

values. According to the definition of RMM measure, the low RMM portfolio 

includes undervalued stocks, the high RMM portfolio includes overvalued stocks, and 

the medium RMM portfolio must include relative fairly valued stocks. In each 

portfolio, firms are further allocated into quintile based on the magnitude of their 

idiosyncratic volatility estimated from Carhart four-factor model. To be consistent 

with BH (2006), the sorting procedure is repeated yearly from July 1983 to July. 2008. 

And the one year post formation return of each firm is calculated.    

    I then investigate the relationship between idiosyncratic risk and returns across 

each quintile. Table 2.5 presents the results. As the limits of arbitrage predicts, that 

stock returns must increase in idiosyncratic risk within undervalued portfolios because 

risk-averse arbitrageurs are reluctant to buy stocks with high idiosyncratic risk. On the 

other hand, stock returns must decrease in idiosyncratic risk within overvalued 

portfolios because risk-averse arbitrageurs are reluctant to sell stocks with high 

idiosyncratic risk.  

    My results strongly support this prediction. In Panel A of Table 2.5, the mean 
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average stock returns monotonically increase in idiosyncratic risk within undervalued 

portfolio. The Q5-Q1 difference for value weighted return is 0.74% monthly 

(t-statistics 5.35). Moreover, the difference of Fama-French three-factor alphas and 

Carhart four-factor alphas are 5.29 with t-statistics 7.65 and 5.30 with t-statistics 8.46 

respectively. They suggest that common risk factors cannot explain the conditional 

relation between idiosyncratic risk and returns. 

In contrast, Panel B of Table 2.5 documents that stock returns within overvalued 

portfolio monotonically decrease in idiosyncratic risk. Q5-Q1 value weighted stock 

return is -0.54% monthly (t-statistics 5.88). Moreover, the differences in Fama-French 

three factor and Carhart four factor alphas exhibit similar results. (-0.28% (t-statistics 

5.93), and -0.26 (t-statistics 5.55) respectively).  

Panel C of Table 2.5 reports the results of medium RMM (fairly valued) portfolio. 

Neither Q5-Q1 difference nor Fama-French three factor and Carhart four factor alphas 

are significant. Furthermore, there is no monotonic relation between idiosyncratic risk 

and stock returns. Considering the medium RMM portfolio include fairly valued 

(relatively speaking) stocks that has less arbitrage opportunities, it indicates that 

idiosyncratic risk does not affect returns of fair valued stocks. This result is also 

consistent with Cao (2009) who use arbitrage score method to find the similar result.      

    The results of Table 2.5 are also comparable to BH (2006). They document that 

the value weighted annual returns do not increase in annually updated idiosyncratic 

volatility among “undervalued” stocks. Using different mispricing measure, I find that 

value-weighted annual returns significantly increase within undervalued portfolio.   
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Table 2.5: Interaction of Idiosyncratic risk with RMM Mispricing Measure 

This table examines the relation between idiosyncratic risk and returns conditioning on RMM 
value. At each month, all stocks are first sorted into undervalued, fairly valued and overvalued 
portfolios based on their RMM value, and then sorted within each group into quintiles based 
on estimated idiosyncratic volatility from Carhart 4-factor model. The undervalued stocks are 
defined as the stocks with the bottom 30%  RMM values. The overvalued stocks are defined 
as the stocks with the top 30%  RMM values. The fairly valued stocks are defined as the 
stocks with the middle 40% RMM values. The return (Ret) is value-weighted one year 
post-formation return. The sample period is from July 1983 to December 2008. The testing 
period starts from June 1985. Newey-West t-statistics for Q5-Q1 difference are reported in 
parenthesis. The symbols *,**,*** denote significance at the 10%, 5% and 1% levels, 
respectively.   

Panel A: Undervalued Portfolio  (low 30% RMM) 

 Q1-Low Q2 Q3 Q4 Q5 
Q5-Q1 

(t-statistics) 
Ret(%) 1.11 1.20 1.33 1.57 1.85 0.74*** 

(5.35) 
FF-3 Alpha (%) 1.01 1.18 1.32 1.38 1.45 0.44*** 

(5.65) 
Carhart-4 Alpha(%) 1.00 1.16 1.31 1.34 1.43 0.43*** 

(5.46) 
IVOL(%) 1.63 3.16 4.2 5.29 7.37 5.74*** 

(7.23) 
BM 1.47 1.48 1.40 1.52 1.54 0.07*** 

(6.17) 
SIZE (in Million) 839 461 428 237 140 -699*** 

(-4.55) 
RMM 0.18 0.19 0.17 0.07 0.06 -0.12*** 

(-14.26) 
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Table 2.5 (Continued) 
 

Panel B: Overvalued Portfolio (high 30% RMM) 

 Q1-Low Q2 Q3 Q4 Q5 
Q5-Q1 

(t-statistics) 
Ret(%) 1.28 1.12 1.04 0.75 0.74 -0.54*** 

(-5.88) 
FF-3 Alpha(%) 1.00 1.01 0.87 0.75 0.72 -0.28*** 

(-5.93) 
Carhart-4 Alpha(%) 0.97 0.96 0.78 0.73 0.71 -0.26*** 

(-5.55) 
IVOL(%) 4.3 4.3 4.4 4.5 4.8 0.5*** 

(11.93) 
BM 0.167 0.21 0.16 0.18 0.172 0.005*** 

(12.43) 
SIZE (in Million) 4049 1885 1375 486 273 -3776*** 

(-13.11) 
RMM 2.96 2.93 2.95 2.05 3.11 0.15*** 

(6.68) 
 
 

Panel C: Fairly Valued Portfolio (middle 40% RMM) 

 Q1-Low Q2 Q3 Q4 Q5 
Q5-Q1 

(t-statistics) 
Ret(%) 1.41 1.49 1.34 1.24 1.30 -0.11 

(-0.60) 
FF-3 Alpha(%) 1.31 1.35 1.21 1.25 1.15 -0.16 

(-0.8) 
Carhart-4 Alpha(%) 1.30 1.33 1.19 1.24 1.14 -0.16 

(-0.8) 
IVOL(%) 4.48 6.23 7.87 8.94 10.34 5.86*** 

(7.74) 
BM 0.807 0.720 0.69 0.55 0.44 -0.37*** 

(-7.23) 
SIZE (in Million) 1789 1685 1346 1023 986 -803*** 

(-4.75) 
RMM 0.54 0.86 1.27 1.89 2.35 1.81*** 

(6.33.) 
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2.6  Robustness Check 

2.6.1 The Relation between Idiosyncratic Risk and Mispricing Across 

Industries 

    Cao (2009) points out that arbitrageurs can be restricted or focus in certain 

industries. To ensure that my results are robust to different industry, I assign all firms 

in my sample to one of 12 industries based on their four-digit SIC code at the 

beginning of each July from 1983 to 2008. Following the industry definition obtained 

from Ken French’s website.14  This 12 industrial classification considers both a 

reasonable number of distinct industries and enough firms within each industry so that 

sorting within industries will not produce portfolio that are too thin. Each July, stocks 

within each industry are first classified into the bottom-30th (undervalued portfolio), 

middle-40th (fairly valued portfolio) and top-30th percentile (overvalued portfolio) of 

their RMM values, and then sorted each group into quintiles based on idiosyncratic 

risk. Table 2.6 reports the portfolio value weight returns for the ensuing 12 months. 

The relation between idiosyncratic risk and return are very strong across industries. 

For undervalued portfolios, the Q5-Q1 spread is significantly positive for all 

industries except for the utility and finance sector. It holds the reverse results in 

overvalued portfolios. The Q5-Q1 spread is significantly negative for all industries 

except for the utility and finance sector. Since utility and financial firms are subject to 

                                                        
14 The 12 industries are: (1) consumer nondurables; (2) consumer durables;(3) manufacturing; (4) oil, 
gas, and coal extraction and products; (5) chemicals and allied products; (6)business equipment; (7) 
telephone and television transmission; (8) utilities; (9) wholesale, retail, and some services; 
(10)healthcare, medical equipment, and drugs; (11) .finance; and (12) others. 
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regulations, stocks within these two industries might be valued differently from others. 

Overall, the basic results are robust to different industry sectors. 
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Table 2.6: Interaction of Idiosyncratic Risk with RMM Across Industries 

This table examines the relation between idiosyncratic risk and returns conditioning on RMM 
value across all Fama-French 12 industries. All firms are assigned into one of 12 industries 
based on their 4-digit SIC code. At each month, all stocks are first sorted into undervalued, 
overvalued, and fairly valued portfolios based on their RMM value, and then sorted within 
each group into quintiles based on estimated idiosyncratic volatility from Carhart 4-factor 
model. The undervalued stocks are defined as the stocks with the bottom 30% RMM values. 
The overvalued stocks are defined as the stocks with the top 30% RMM values. The fairly 
valued stocks are defined as the stocks with the middle 40% RMM values.  The return (Ret) 
is value-weighted one year post-formation return. The sample period is from July 1983 to 
December 2008. The testing period starts from June 1985. Newey-West t-statistics for Q5-Q1 
difference are reported in parenthesis. The symbols *,**,*** denote significance at the 10%, 
5% and 1% levels, respectively.   

Panel A: Undervalued Portfolio  (low 30% RMM) 

 
Q1 

Low 
Q2 Q3 Q4 

Q5 
High 

Q5-Q1raw 
return 

(t-statistics) 

Q5-Q1 FF-3 α 
(t-statistics) 

Consumer Non-Durables 0.89 1.15 1.23 1.27 1.46 0.57*** 
(7.12) 

0.35*** 
(7.05) 

Consumer Durables 0.72 0.81 0.83 0.96 1.10 0.38*** 
(6.39) 

0.23*** 
(6.35) 

Manufacturing 0.99 1.01 1.11 1.21 1.34 0.35*** 
(6.02) 

0.25*** 
(5.98) 

Energy 1.15 1.17 1.20 1.29 1.32 0.17*** 
(3.08) 

0.12*** 
(3.07) 

Chemicals 0.94 1.07 1.09 1.13 1.23 0.29*** 
(5.61) 

0.22*** 
(5.56) 

Business Equipment 0.69 0.81 0.92 1.06 1.16 0.47*** 
(7.50) 

0.36*** 
(6.79) 

Telecom 0.87 0.88 0.98 1.13 1.29 0.42*** 
(4.08) 

0.33*** 
(4.01) 

Utilities 1.14 1.09 1.21 1.26 1.27 0.13 
(1.32) 

0.09 
(1.24) 
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Table 2.6 (Continued) 

Wholesale & Retail 0.90 0.97 1.00 1.00 1.18 0.28*** 
(4.82) 

0.22*** 
(4.56) 

Healthcare 1.06 1.07 1.09 1.19 1.29 0.23** 
(4.48) 

0.15*** 
(3.71) 

Finance 1.23 1.25 1.24 1.28 1.38 0.15 
(1.49) 

0.08 
(1.49) 

Others 0.53 0.62 0.63 0.73 0.83 0.28*** 
(4.77) 

0.21*** 
(4.12) 

Panel B: Overvalued Portfolio (high 30% log(P/V)) 

 
Q1 

Low 
Q2 Q3 Q4 

Q5 
High 

Q5-Q1raw 
return 

(t-statistics) 

Q5-Q1 FF-3 α 
(t-statistics) 

Consumer Non-Durables 0.97 0.88 0.78 0.67 0.66 -0.31*** 
(-5.13) 

-0.27*** 
(-5.90) 

Consumer Durables 0.82 0.73 0.60 0.51 0.51 -0.31*** 
(-4.78) 

-0.26*** 
(-5.14) 

Manufacturing 0.98 0.89 0.83 0.74 0.64 -0.34*** 
(-4.09) 

--0.23*** 
(-4.24) 

Energy 0.97 0.89 0.76 0.68 0.52 -0.45*** 
(-5.78) 

-0.32*** 
(-6.19) 

Chemicals 0.97 0.89 0.82 0.59 0.49 -0.48*** 
(-6.30) 

-0.35*** 
(-5.67) 

Business Equipment 0.89 0.81 0.72 0.67 0.57 -0.32*** 
(-4.31) 

-0.22*** 
(-4.55) 

Telecom 0.91 0.83 0.70 0.60 0.52 -0.39*** 
(-3.75) 

-0.28*** 
(-3.90) 

Utilities 1.23 1.15 1.10 1.00 0.91 -0.32 
(-0.57) 

-0.23 
(-0.76) 

Wholesale & Retail 1.05 0.96 0.99 0.90 0.82 -0.23*** 
(-3.09) 

-0.13*** 
(-3.08) 
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Table 2.6 (Continued) 

Healthcare 0.89 0.80 0.67 0.67 0.65 -0.24*** 
(-3.80) 

-0.15*** 
(-3.92) 

Finance 1.14 1.06 0.95 0.84 0.68 -0.46 
(-1.12) 

-0.33 
(-1.14) 

Others 0.63 0.55 0.42 0.41 0.32 -0.31*** 
(-5.38) 

-0.24*** 
(-5.78) 

Panel C: Fairly Valued Portfolio (middle 40% log(P/V)) 

 
Q1 

Low 
Q2 Q3 Q4 

Q5 
High 

Q5-Q1raw 
return 

(t-statistics) 

Q5-Q1 FF-3 α 
(t-statistics) 

Consumer Non-Durables 1.39 1.38 1.19 1.25 1.41 0.02*** 
(5.13) 

0.01*** 
(4.90) 

Consumer Durables 0.65 0.81 0.85 0.93 1.01 0.36*** 
(3.78) 

0.28*** 
(5.14) 

Manufacturing 1.06 9.31 0.91 0.82 0.73 -0.33 
(-0.90) 

-0.23 
(-0.76) 

Energy 1.06 0.97 0.84 0.76 0.68 -0.38*** 
(-5.78) 

-0.27*** 
(-6.19) 

Chemicals 0.97 0.89 0.82 0.68 0.66 -0.31 
(-1.3) 

-0.21*** 
(-1.67) 

Business Equipment 0.89 0.81 0.72 0.67 0.07 -0.82 
(-1.31) 

-0.63 
(-1.55) 

Telecom 1.16 1.08 0.95 0.69 0.60 -0.56*** 
(-2.75) 

-0.38*** 
(-2.90) 

Utilities 1.14 1.10 1.10 1.08 0.99 -0.15 
(-0.57) 

-0.09 
(-0.76) 

Wholesale & Retail 0.65 0.74 0.82 0.96 0.88 0.23*** 
(5.09) 

0.17*** 
(5.08) 

Healthcare 0.89 0.80 0.75 0.75 0.81 -0.08 
(-1.30) 

-0.05 
(-1.28) 
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Table 2.6 (Continued) 

Finance 0.98 0.81 0.70 0.84 0.93 -0.06 
(-1.12) 

-003 
(-1.14) 

Others 0.63 0.55 0.42 0.41 0.32 -0.31 
(-1.38) 

-0.21 
(-1.34) 
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2.6.2 Alternative Asset Pricing Model for Idiosyncratic Volatility Estimation  

Last, since I assume that Carhart four-factor model is the right asset pricing 

model, it is worth checking my result in different asset pricing model. To test the 

robustness, I estimate idiosyncratic volatility using CAMP and Fama-French three 

factor model instead of Carhart four factor model, and re-examine the relation 

between arbitrage risk and stock mispricing.  

 Table 2.7 presents the results. There is almost no difference with previous results 

in Table 2.5. There is monotonic increase (decrease) relationship between returns and 

idiosyncratic risk within undervalued (overvalued) portfolio. The difference of returns 

within medium RMM portfolio is still insignificant. These results confirm that 

alternative asset pricing models do not change my results.       
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Table 2.7: Alternative Asset Pricing Models for IVOL Estimation 

This table examines the relation between returns and idiosyncratic risk conditioning on RMM 
value. The idiosyncratic risk is estimated using CAMP and Fama-French 3-factor model 
respectively. At each month, all stocks are first sorted into low RMM (undervalued), high 
RMM (overvalued), and medium RMM (fair valued) portfolios based on their RMM value, 
and then sorted within each group into quintiles based on estimated idiosyncratic risk. The 
low RMM group is defined as the stocks with the bottom 30% RMM values. The high RMM 
group is defined as the stocks with the top 30% RMM values. The medium RMM group is 
defined as the stocks with the middle 40% RMM values. The return (Ret) is value-weighted 
one year post-formation return. The sample period is from July 1983 to December 2008. The 
testing period starts from June 1985. Newey-West t-statistics for Q5-Q1 difference are 
reported in parenthesis. The symbols *,**,*** denote significance at the 10%, 5% and 1% 
levels, respectively.   

Panel A: Undervalued Portfolio  (low 30% RMM) 

 Q1-Low Q2 Q3 Q4 Q5 
Q5-Q1 

(t-statistics) 
CAMP Ret (%) 1.03 1.12 1.25 1.42 1.79 0.76*** 

(5.99) 
CAMP Alpha(%) 0.98 1.11 1.24 1.41 1.71 0.73*** 

(5.46) 
FF-3 Ret(%) 1.02 1.12 1.25 1.47 1.78 0.76*** 

(5.36) 
FF-3 Alpha (%) 0.89 1.11 1.24 1.38 1.60 0.71*** 

(5.65) 

 

Panel B: Overvalued Portfolio (high 30% RMM) 

 Q1-Low Q2 Q3 Q4 Q5 
Q5-Q1 

(t-statistics) 
CAMP Ret (%) 1.27 1.20 1.11 0.84 0.82 -0.45*** 

(-5.26) 
CAMP Alpha(%) 1.17 1.20 1.10 0.84 0.81 -0.36*** 

(-5.27) 
FF-3 Ret(%) 1.20 1.20 1.11 0.84 0.81 -0.39*** 

(-5.45) 
FF-3 Alpha(%) 1.27 1.19 1.10 0.84 0.81 -0.46*** 

(-5.26) 
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Table 2.7 (Continued) 

 

 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Panel C: Fairly Valued Portfolio (middle 40% RMM) 

 Q1-Low Q2 Q3 Q4 Q5 
Q5-Q1 

(t-statistics) 
CAMP Ret (%) 1.41 1.49 1.32 1.29 1.21 -0.20 

(-0.79) 
CAMP alpha(%) 1.40 1.49 1.31 1.28 1.19 -0.21 

(-0.80) 
FF-3 Ret(%) 1.41 1.49 1.32 1.29 1.20 -0.21 

(-0.61) 
FF-3 Alpha(%) 1.39 1.49 1.30 1.28 1.19 -0.20 

(-0.78) 
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2.7  Conclusion 

    The limits of arbitrage suggests that stocks tend to trade at market price away 

from fundamental values because arbitrageurs fail to close arbitrage opportunities, 

allowing mispricing to persist. Specifically, it is argued that highly idiosyncratic 

stocks are difficult to elicit arbitrage activity that is free from idiosyncratic risk and 

more likely to trade at market prices far from fair value. Thus, arbitrageurs’ trades in 

highly idiosyncratic stocks are limited. In this sense, the stock mispricing must be 

enhanced in high limits to arbitrage environment. Put another way, the stock returns 

should increase in idiosyncratic risk among undervalued portfolios and decrease in 

idiosyncratic risk among overvalued portfolios.  

    My findings are consistent with this argument. I use estimated idiosyncratic 

volatility to proxy for arbitrage risk. I then construct a relative mispricing measure, 

RMM, based on Ohlson (1995) residual income valuation model. Using this measure, 

I classify the stocks into undervalued, fairly valued and overvalued portfolios. The 

results show that stock returns monotonically increase in idiosyncratic risk for 

undervalued stocks and monotonically decrease in idiosyncratic risk for overvalued 

stocks. Additionally, I find that the returns of fairly valued stocks are not related to 

idiosyncratic risk. This suggests that idiosyncratic risk does not affect returns in the 

absence of arbitrageurs. My results are robust to alternative asset pricing models and 

to various industries. Furthermore, systematic risk and firm characteristics cannot 

account for the role of idiosyncratic risk. 

    My results also suggest the finding of Brav and Heaton (2006) that 
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value-weighted annual returns do not increase in annually updated idiosyncratic 

volatility among “undervalued” stocks (small firms, value firms or recent winners) is 

due to inappropriate mispricing measures. My paper shows that the mispricing 

measures in their study are indeed risk factors, thus “undervalued” stocks are deterred 

from loading premium under high idiosyncratic risk environments. 

    Finally, there are some additional interesting avenues of future research. For 

instance, arbitrage risks include holding cost and trading cost. IVOL only measures 

for holding cost. It would be interesting to test the limits of arbitrage hypothesis under 

high trading cost environment.      
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