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Idiosyncratic Risk and Expected Returns 

Dissertation Essay I 

ABSTRACT 

This essay examines what causes the significant negative relation between 
idiosyncratic risk and subsequent stock returns, as shown by Ang et al. (2006a, 
2006b). Our analyses demonstrate that this negative relation is driven by monthly 
return reversals as documented in the previous literature (e.g. Jegadeesh (1990)). The 
abnormal positive returns from taking a long (short) position in the low (high) 
idiosyncratic risk portfolio are fully explained by an additional control variable, the 
"winners minus losers" portfolio returns, introduced to the conventional three- or 
four-factor time-series regression model. The cross-sectional regressions confirm 
that no significant relation exists between idiosyncratic risk and expected returns once 
we control for return reversals. 

1 



The traditional CAPM theory decomposes the individual stock return volatility 

into two components, the market risk (known as "covariance" or ''beta'' risk) and the 

residual risk (known as the idiosyncratic risk or "firm specific" risk). Although most 

of individual stock return volatility contribute to the idiosyncratic risk, the CAPM 

theory predicts that only the market risk component should be incorporated into asset 

prices and commands a risk premium; any role for idiosyncratic risk shonld be 

completely excluded through diversifications. However CAPM must surely hold base 

on two asswnptions: First, investors have homogenous expectations, meaning that 

everyone has the same information and agrees about the future prospects for securities, 

they have the same perceptions in regard to the expected return, variance, and 

covariances of securities; Second, Investors only hold a combination of the market 

portfolio and a risk-free asset as the theory prescribes. In reality, those asswnptions do 

not hold. Investors are heterogeneous; they have different perceptions and opinions 

about the future prospects for stocks; Second, investors just hold a few of stocks 

instead of the market portfolio for a lot of reasons, such as wealth constraints, 

transactions costs, incomplete information, taxes, liquidity constraints, or any other 

exogenous factors [Malkiel and Xu, (2002)]. 

If heterogeneous investors do not or can not hold the market portfolio, they will 

not only care about the aggregate market risk, but also concern the firm specific risk 

or the idiosyncratic risk. Some recent economic theories suggested that idiosyncratic 

volatility should be positively related to expected returns. For example, Merton (1987) 
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suggests that in an information-segmented market, firms with larger firm-specific 

variance require higher returns to compensate for imperfect diversification. If 

investors demand compensation for not being able to diversify risk, then investors 

will demand a premium for holding stocks with high idiosyncratic risks (also see 

Malkiel and Xu (2002)). Some behavioral models, like Barberis and Huang (2001), 

also predict that higher idiosyncratic volatility stocks should earn higher expected 

returns. 

Although there is no theatrical agreement on the role of idiosyncratic risk in asset 

pricing, whether idiosyncratic risk is priced in asset returns has been the subject of 

considerable attention in recent years due to its critical imPortance in asset pricing and 

portfolio allocation. This issue has gained further importance given the recent 

evidence that both firm-level volatility and the number of stocks needed to achieve a 

specific level of diversification have increased in the United States over time 

[Campbell et aI. (2001)]. The empirical results reported so far are mixed. Consistent 

with earlier research such as Lehmann (1990a), Lintner (1965), Tinic and West (1986), 

and Merton (1987), a number of recent stodies report a significant positive relation 

between idiosyncratic risk and expected stock returns, either at the aggregate level 

[Goyal and Santa-Clara (2003), Jiang and Lee (2004)], or at the firm level [Malkiel 

and Xu (2002), Fu (2005), Spiegel and Wang (2005), Chua, Goh and Zhang (2006)]. 

Other studies, however, do not support this positive relation. For example, in their 

classic empirical asset pricing study, Fama and MacBeth (1973) document that the 

statistical significance of idiosyncratic risk is negligible. Bali et aI. (2004) fmd that 
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the positive relation documented by Goyal and Santa-Clara (2003) at the aggregate 

level is not robust. Guo and Savickas (2006) report a negative relation between 

aggregate stock market idiosyncratic volatility and the future quarterly stock market 

return. 

In a recent study, Ang et al. (2006a) examine the relationship between 

idiosyncratic risk and the future stock return at the firm level. Specifically, they form 

portfolios sorted by idiosyncratic risk of individual stocks defined relative to the Fama 

and French (1993) three-factor model. They fmd that portfolios with high 

idiosyncratic volatility in the current month yield low returns in the following month 

and the difference between the return on the portfolio with the highest idiosyncratic 

risk and the return on the portfolio with the lowest idiosyncratic risk is -1.06% on 

average. In sharp contrast to the previous stodies, they document a negative 

intertempora1 relation between realized idiosyncratic risk and future stock returns, 

thereby raising a substantive "puzzle". Ang et al. (2006b) also confirm this negative 

relation in international markets and observe strong co-movement among stocks with 

high idiosyncratic risk across countries. 

While raising an interesting puzzle, Ang et al. (2006a, 2006b) neither identify 

the determinants of this negative relation, nor do they characterize the ex ante relation 

between idiosyncratic risk and expected returns. These questions deserve further 

examination for the following three reasons. First, the negative relation between 

realized idiosyncratic risk and future stock returns in Ang et al. (2oo6a) is driven 

mostly by the highest idiosyncratic volatility portfolio and this relation is 
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non-monotonic. For example, while the return on the lowest idiosyncratic risk 

portfolio is 1.04%, it is 1.20% for the medium idiosyncratic risk portfolio and -0.02% 

for the highest idiosyncratic risk portfolio; further, while the fifth quintile portfolio 

with the highest idiosyncratic risk realizes "abysmally" low average returns in the 

following month, the other foor quintile portfolios have positive average returns. Thos, 

understanding the price behavior of the portfolio with the highest idiosyncratic risk 

seems to be the key to uncovering what drives the negative intertemporal relation 

between idiosyncratic risk and stock retnrns. 

Second, to the extent that stock prices may overreact to firm-specific 

information as suggested by Jegadeesh and Titman (1995), stocks with higher 

idiosyncratic risk and hence greater firm-specific information may experience larger 

short-horizon return reversals as documented in the previous literatnre [Jegadeesh 

(1990) and Lehmaun (1990b)]. As a result, the role of short-horizon return reversals 

warrants a careful examination for a better understanding of the reported negative 

relation. 

Third, while ADg et al. (2006a, 2006b) find that the cross-sectional negative 

relation between idiosyncratic risk and futnre stock retnrns cannot be explained by the 

common pricing factors, it remains unclear whether the negative relation between 

idiosyncratic risk and stock returns holds ex ante. Asset pricing models are ex ante in 

their very natnre. Using past realized idiosyncratic volatility as the proxy for 

idiosyncratic risk implicitly assumes that stock volatility is a martingale, which 

contrasts with the evidence documented in other studies [e.g., Jiang and Lee (2005), 
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Fu (2005)]. Hence, determining whether the ex ante relation between idiosyncratic 

risk and expected returns is negative will offer significant insight into asset pricing 

model specifications. 

Our objectives in this study are twofold. First, we investigate why the portfolio 

of common stocks with the highest idiosyncratic risk yields low future returns. In 

particular, we examine the role of short-horizon return reversals in explaining the 

negative intertemporal relation between idiosyncratic risk and stock returns in the 

framework of the portfolio-level analysis and time-series regressions. Second, we 

investigate the role of ex ante idiosyncratic risk in asset pricing with cross-sectional 

regressions at the firm level. 

Our key findings are summarized as follows. First, using extended 

sample-period data, we confirm Ang et al. 's (2006a) finding that the value-weighted 

(henceforth VW) average monthly return on the portfolio with the highest 

idiosyncratic volatility is significantly lower than that of the portfolio with the lowest 

idiosyncratic volatility. The difference is nearly I % per month and is statistically 

significant. However, the difference disappears when we calculate equally-weighted 

(henceforth EW) portfolio returns. This fact has also been documented independently 

by Bali and Cakici (2006).' It suggests that the low return of the highest idiosyncratic 

volatility portfolio is explained by the lower returns of relatively larger cap stocks 

within the portfolio. 

Second, we find high concentration of both "winners" and "losers" stocks in 

the portfolio with the highest idiosyncratic volatility. Winner stocks are those stocks 
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that have the largest returns in the one-month portfOlio formation period, while loser 

stocks have the minimum returns in the same period Because winner stocks are on 

average larger than loser stocks in market capitalization in the one-month portfolio 

formation period, we observe that their return reversals drive down the VW return on 

the portfolio in the one-month holding period. Specifically, winner (loser) stocks earn 

lower (higher) returns in the holding period than in the formation period. On average, 

winner stocks are larger than loser stocks; therefore past winner stocks have greater 

weight in the VW return on the highest idiosyncratic risk portfolio. Thus, their 

holding period portfolio returns are lower than those in lower idiosyncratic risk 

portfolios. Going beyond Bali and Cakici (2006), we illustrate why EW returns of the 

same portfolios exhibit no significant differences. 

We further demonstrate that the negative relation between idiosyncratic risk 

and expected returns are driven by return reversals rather than idiosyncratic volatility 

itself. After controlling for both firm size and past returns, we find that the average 

return differences between the high and the low idiosyncratic volatility portfolios 

disappear. However, if we control for firm size and idiosyncratic volatility, significant 

differences still remain between average returns of formation period return-sorted 

qnintile portfolios, highlighting the role of return reversa1s more than idiosyncratic 

risk. 

In addition, the time-series regression results indicate that the abnormal 

positive returns that arise from taking a long (short) position in the low (high) 

idiosyncratic risk portfolio can be fully explained by adding the "winners minus 
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losers" portfolio returns as a control variable in addition to the conventional three- or 

four-factor model. 

Finally, we examine the ex ante relation between idiosyncratic risk and 

expected returns using cross-sectional regressions built on the framework of 

Fama-MacBeth (1973) and Fama-French (1992). When we control for return reversals, 

the relation between idiosyncratic risk and expected returns no longer exists. This 

finding is robust regardless of five different measures of ex ante idiosyncratic 

volatility measures introduced. This result is also robust after we control for 

momentum, liquidity and leverage. 

Given the evidence above, we conclude that there exists no reliable relation 

between expected idiosyncratic volatility and expected retorno The negative relation 

documented by Ang et al. (2006a) is driven by short-term return reversals. In 

particular, the low future return of the high idiosyncratic volatility portfolio is 

attributed to return reversals of winner stocks rather than to high idiosyncratic 

volatility itsel£ 

The remainder of our paper is organized as follows. In Section I, we examine 

why the portfolio with the highest idiosyncratic volatility has low return in the future 

one month holding period. In Section II, we conduct cross-sectional regressions to 

explore the ex ante relation between idiosyncratic risk and expected returns, and the 

role of idiosyncratic risk in asset pricing. We offer concluding remarks in Section III. 
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I. What Drives the Negative Relation between Idiosyncratic RIsk and 

Expected Retnrns? 

A. Idiosyncratic Volatility Measure 

Our data include NYSE, AMEX, and NASDAQ stock daily returns and 

monthly returns from July 1963 to December 2004. We obtain daily and monthly 

returns data from the Center for Research in Security Prices (CRSP) and book values 

of individual stocks from COMPUSTAT. We use the NYSEIAMEXINASDAQ index 

return as the market return and one-month Treasury bill rate as the proxy for the 

risk-free rate. 

In general, one estimates idiosyncratic volatilities from the residuals of an 

asset pricing model. To facilitate comparison, we measure idiosyncratic risk following 

Ang et aI. (2006a). For each month, we run the following regression for firms that 

have more than 17 daily return observations in that month: 

r,~ = a: + P'wcr . MKT,.d + P'sMB ·8MB,.d + P~ML . HML'.d + &:.d' 

(1) 

where, for day d in the portfolio formation period month t, r,~d is stock i's excess 

return, MKT,,,, is the market excess return, 8MB"d and HML'.d represent the 

returns on portfolios formed to capture the size and book-to-market effects, 

respectively, and&:", is the resulting residual relative to the Fama-French(1993) 

three-factor model! We use the standard deviation of daily residuals in month t to 

measure the individual stock's idiosyncratic risk.3 
4 
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B. Characteristics of Idiosyncratic Volatility-Sorted Portfolios 

We first follow the methodology in Ang et aI. (2006a) and conduct 

portfolio-level analysis. At the end of each month, we compute idiosyncratic volatility 

as the standard deviation of residuals from equation (1) using the daily stock returns 

over the past month. We construct value-weighted quintile portfolios based on the 

ranking of the idiosyncratic volatility of each individual stock and hold these 

portfolios for one month. Portfolio IVI (IV5) is the portfolio of stocks with the lowest 

(highest) volatility. The portfolios are rebalanced each month. Our procedure here is 

the same as that of Ang et aI. (2006a) except that our sample extends from July 1963 

to December 2004, whereas their sample period their sample period stops in 

December 2000. 

In the second column of Table I, we report average VW retorns for five 

portfolios sorted by idiosyncratic volatility in the one-month holding period (month 

t+ 1) immediately following the portfolio formation month t. Average VW retorns 

increase from 0.97% per month for portfolio IVI (low volatility stocks) to 1.08% for 

portfolio IV2, and further to 1.12% per month for portfolio IV3. The differences in 

average returns across these three portfolios are not significant. However, as we move 

toward the higher volatility stocks, average retorns drop substantially: portfolio IV5, 

which contains stocks with the highest idiosyncratic volatility, has an average retorn 

of only -0.03% per month. The difference in monthly retorns between portfolio IV5 

and portfolio IVI is -1.0% per month with a robust t-statistic of 2.95. The pattern for 

the average retorns of idiosyncratic volatility-sorted portfolios is similar to that 
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reported by Ang et aI. (2006a, Table VI), which we show in column 4 for the purpose 

of comparison. A negative relation emerges between idiosyncratic volatility and 

expected stock returns if we focus only on the lowest and the highest idiosyncratic 

volatility portfolios. If we exclude portfolio IV5 with the highest idiosyncratic 

volatility portfolio, the return differences between the other four portfolios are not that 

large, which indicates that the negative relation is mostly driven by those stocks with 

extremely high idiosyncratic volatility. It can be also seen from the last four columns 

of Table I that on the average, stocks from the highest idiosyncmtic volatility portfolio 

are much smaller, and have much lower prices. The market value of this portfolio 

accounts for only about 2% of total market. 

[Insert Table I] 

Since portfolio IV5 largely contains small cap and low-priced stocks, we 

compute the EW average returns for each of the idiosyncratic volatility-sorted 

portfolios in the same holding period (month t+ 1). The results are reported in the third 

column. The monthly return difference between portfolio IV5 and portfolio IVI is not 

Significant if we use EW average returns. The EW average monthly return of portfolio 

IVI is 1.21%, while that of portfolio IV5 is 1.20%. In fact, the EWaverage returns of 

all five idiosyncmtic volatility-sorted portfolios are close. We also find that there is a 

huge difference between the EW and VW returns of portfolio IV5: the former is 

1.20% while the latter is only -0.03%. However, the differences between the equally

and value-weighted returns of the other four portfolios are not as large as that of 

portfolio IV5. This suggests that the VW return difference between portfolios IVS and 
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IVI is likely to be driven by the stocks with relatively larger market capitalization 

rather than smaller-sized stocks in the highest idiosyncratic volatility portfolio. 

To verifY how portfolio returns may have changed from the formation period 

to the holding period, we report each portfolio's VW average return in the portfolio 

formation month. The VW average returns during the portfolio formation month t 

reported in column 5 indicate that they increase monotonically from portfolios IVI 

through IV5. Since the idiosyncratic volatility portfolio is constructed based on the 

daily returns in the portfolio formation month t, this result confirms that the 

contemporaneous relation between stock returns and idiosyncratic volatility is 

actually positive [Duffee (1995) and Fu (2005)]. The most important observation is 

that the VW average formation period return of portfolio IV5, which is at 8.06% per 

month, is in sharp contrast to the holding period return of -0.03%. This implies that 

some of the high idiosyncratic volatility stocks are likely to be winners in the portfolio 

formation period, but experience strong return reversals to become loser stocks in the 

holding period 

C. Short-Term Return Reversals 

The empirical regularity that individual stock returns exhibit negative serial 

correlation has been well known for a long time. For example, Jegadeesh (1990) finds 

that the negative first-order correlation in monthly stock returns is highly significant; 

winner stocks with higher returns in the past month (formation period) tend to have 

lower returns in the current month (holding period) while loser stocks with lower 

returns in the past month tend to have higher returns in the current month. He reports 
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profits of about 2% per month from a contrarian strategy that buys loser stocks and 

sells winner stocks based on their prior-month retums and holds them one month. 

Similarly, Lehmann (1990b) finds that the short-term contrarian strategy based on a 

stock's one-week retum generates positive profits. The findings compiled by these 

studies are generally regarded as evidence that stock prices tend to overreact to 

information [Stiglitz (1989), Summers and Summers (1989) and Jegadeesh and 

Titman (1995)]. 

If the high volatility portfolio is dominated by winner stocks in the month in 

which the portfolio is formed, it will experience a low retum in the next one-month 

holding period in the presence of retum reversals. Thus, the negative relation between 

idiosyncratic volatility and future returns may be caused by retum reversals rather 

than idiosyncratic' volatility itself. To verity this possibility, we examine the 

characteristics of ten portfolios constructed by sorting stock returns in the same 

manner as Jegadeesh (1990). Specifically, we calculate the VW average returns for 

ten portfolios formed based on the rankings of formation period stock returns, with PI 

containing past losers and PI0 containing past winners. The portfolios are then 

rebalanced each month. Table II reports the results. 

[Insert Table II] 

Consistent with Jegadeesh's (1990) findings, the average holding period 

returns exhibit a strong pattern of retum reversals. PI 0, the past winners portfolio, 

becomes losers in the following month, with returns declining from 24.95% to -0.15%, 

while PI, the past losers portfolio, becomes winners, with returns increasing from 
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-18.41 % to 1.92%. Furthermore, as shown in columns 5 and 6, the idiosyncratic 

volatilities are higher in two extreme loser/winner portfolios (PI and PIO), and lower 

in the middle portfolios (PS, P6, and P7), regardless of whether we use value- or 

equal-weighted average. S For example, the VW average idiosyncratic volatilities of 

PI and PIO are both over 13%, while the average idiosyncratic volatilities ofPS and 

P6 are only about 5.7% to S.8%. Figure I illustrates a U-shaped curve for EW and 

VW idiosyncratic volatility of the ten portfolios sorted by the past returns. Clearly, 

both the ''winners" and "losers" have significantly higher idiosyncratic volatilities. 

FinaIly, we observe from the last two columns of Table II that although past winner 

portfolio (PIO) and loser portfolio (PI) have similar idiosyncratic volatility, the 

average size of the past winner stocks is larger than that of loser stocks and the 

average price is also higher. 

[Insert Figure I] 

D. Past Returns Distribution among Idiosyncratic Volatility-Sorted Portfolios 

To highlight the role of return reversal in each of the five idiosyncratic 

volatility sorted portfolios, we form two-pass independently sorted portfolios based on 

each stock's performance and idiosyncratic volatility. We first sort all stocks into five 

portfolios based on idiosyncratic volatility, with portfolio IVI (IVS) representing the 

lowest (highest) idiosyncratic volatility portfolio. (These portfolios are the same as in 

Table I.) We then allocate stocks from each portfolio toone often groups, PI through 

PIO, based on the rankings of one-month formation period returns. The breakpoints 

for past stock returns are independent of their idiosyncratic volatility. PI is the 
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extreme loser portfolio and PIO is the extreme winner portfolio. This procedure 

creates 50 idiosyncratic volatility-past return portfolios as iIIustrated in Table ill. 

Panel A of Table ill presents the number of stocks within each portfolio. The 

total number of common stocks assigned to the two extreme portfolios I and 10 

amounts to 965. Only 29 (or three percent) of965 stocks are either past winners (PIO) 

or past losers (PI) in the lowest idiosyncratic volatility portfolio (IVI). However, 

nearly one-half (456 out of 965) are allocated to the highest idiosyncratic volatility 

portfolio (IV5).6 Furthermore, winners and losers are also almost one-half (456 out of 

960) of all the stocks within the highest idiosyncratic volatility portfolio, IV5. 

Interestingly, the number of winner stocks is roughly the same as that of loser stocks 

in each idiosyncratic volatility-sorted portfolio. Panel A of Figure 2 shows a graphical 

iIIustration of the symmetric distribution of each quintile portfolio. 

[Insert Table ill and Figure 2] 

Panels B and C of Table ill report the average monthly returns in the 

one-month formation period and in the holding period for each of the 50 portfolios 

sorted independently by idiosyncratic volatility and past return. 7 The two panels 

clearly illustrate the dramatic return reversals. Loser portfolio PI and winner 

portfolio PIO have much stronger return reversals than other portfolios, especially for 

the highest idiosyncratic volatility portfolios. In particular, the return of the past loser 

(PI) with the highest idiosyncratic volatility changes from -24.29% to 4.30%, while 

the return of the past winner (P I 0) with the same highest idiosyncratic volatility 

changes from 38.24% to -0.79%. Panel B of Figure 2 iIIustrates the average return 
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difference between the holding period and the fonnation period of these 50 portfolios. 

These results are consistent with J egadeesh and Titman (1995) in that higher 

idiosyncmtic volatility stocks nsually have more firm-specific infonnation and hence 

stronger short-term return reversals if stock prices tend to overreact to firm-specific 

information. 

Panel C also shows that the avemge returns on IV 5 in the holding period are 

less than the returns on IVI from P3 to PI O. In contrast, for the two loser portfolios, 

PI and P2, the retorn on IV5 is actoaily higher than the return on !VI. This indicates 

that the holding-month return on the highest idiosyncmtic risk is not always lower 

than that on the lowest idiosyncmtic volatility. 

In Panel D, we report the avemge market capitalization for each of the 50 

portfolios sorted by idiosyncmtic volatility and retorns in the portfolio fonnation 

period. The infonnation gleaned from Panel D is important for our analyses to foIIow 

given the interrelation among firm size, idiosyncratic risk, and retorn reversaIs. A 

strong negative relation exists between firm size and idiosyncratic volatility within 

each of return-based ten decile portfolios: the highest idiosyncmtic volatility portfolio 

dominated by small-sized stocks and the lowest idiosyncmtic volatility portfolio 

associated with large-sized stocks. In addition, within each of idiosyncratic 

volatility-sorted portfolio, the market capitalization of past winner stocks is much 

larger on avemge than that of loser stocks. In particular, in the highest idiosyncratic 

volatility portfolio, the market capitalization of winner stocks is 70% larger than that 

ofloser stocks ($16.93 miIIion vs $9.98 miIIion) although both of them are smail-cap 
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stocks among all stocks. A graphical illustration is presented in Panel C of Figure 2. 

Combining the findings from Tables II and Ill, we can now explain underlying 

reasons for the observed differences in VW and EW returns reported in Table I. Both 

past winner and past loser stocks have high idiosyncratic volatility in the formation 

month, but the winner stocks eam low returns and the loser stocks earn high returns in 

the following month due to return reversals. Given that the number of winner stocks 

and the number of loser stocks are roughly equal in the high idiosyncratic volatility 

portfolio. the EW average return of the high idiosyncratic volatility portfolio will not 

be significantly lower than that of other portfolios since the high returns of loser 

stocks can compensate for the low returns of winner stocks in the holding month. 

However. because there is a large concentration of both winner stocks and loser 

stocks in the highest idiosyncratic volatility portfolio and the average size of winner 

stocks is substantially larger than that ofloser stocks in the portfolio formation period, 

winner stocks dominate the VW high idiosyncratic volatility portfolio. The high 

idiosyncratic volatility portfolio will earn higher VW returns in the formation period 

but significantly lower value-weighted returns in the holding period due to the strong 

return reversal pattern. Therefore. as Table I shows. the VW high idiosyncratic 

volatility portfolios earn significantly lower return than the low idiosyncratic volatility 

portfolios in the portfolio holding period (month t+ 1). but the equally-weighted 

portfolio returns do not record this difference. Similarly. this return reversal can also 

be seen from the fact that the highest idiosyncratic volatility portfolio realizes the 

highest return during the portfolio formation period (month t). 
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E. Portfolio Returns under Different Formation and Holding Periods 

We have thus far found that the negative relation between idiosyncratic 

volatility and stock returns is driven by the short-term return reversals. Since the 

short-term return reversals may not be persistent (see Jegadeesh (1990)), an important 

question is whether this negative relation holds over the long run. To examine the 

performance of idiosyncratic volatility-sorted portfolios over the long run, we form 

four different trading strategies similar to Ang et al. (2006a). The trading strategies 

can be described by an L-month initial formation period, an M-month waiting period, 

and then an N-month holding period. At month t, we form portfolios based on the 

idiosyncratic volatility over a L-month period from the end of month t - L - M to the 

end of month t - M, and then we hold these portfolios from month t to month t + N for 

N months. To control for the short-term return reversals and thereby ensure that we 

only use the information available at time t to form portfolios, we skip M (>0) months 

between the formation period and the holding period. For example, for the 1211/12 

strategy, we sort stocks into quintile portfolios based on their idiosyncratic volatility 

over the past 12 months; we skip 1 month and hold these EW or VW portfolios for the 

next 12 months. The portfolios are rebalanced each month. Using this procedure, we 

form four trading strategies, namely, 1/1/1, 111112, 12/1/1, and 1211112. We report the 

EW or VW average returns on these portfolios in Table IV, and plot the VW average 

monthly returns of all five idiosyncratic volatility-sorted portfolios based on 1/1/12 

strategy over 13 months portfolio post-formation period (including the waiting month) 

in Figure 3. 
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Table IV indicates that, when a one-month waiting period is imposed between 

the formation period and the holding period, the negative difference between return 

on IV5 portfolio and return on IVI portfolio is no longer significant under all four 

strategies, regardless of whether the portfolio returns are computed using equal- or 

value-weighted methods.8 The only exception is the case of value weighted return of 

1/111 strategy, in which the negative difference between return on IV5 and return on 

IVI is marginally significant at the 10% level. In fact, the negative return 

differences between IV5 and IVI decline when the holding period increases. For 

example, the return difference declines from -0.61 for 11111 strategy to -0.27 for 

1/1112 strategy. The EW average returns of idiosyncratic volatility portfolio 5 from 

111112,12/111, and 12/1112 are even higher than those of other portfolios, although the 

differences are insignificant Figure 3 tracks the VW average returns on five IV sorted 

portfolios of the 111112 strategy from the first month to 13 months after the portfolios 

are formed. Apparently, returns on IV5 portfolio are only low in the first five months 

after the portfulio is formed; they increase quickly afterwards. Returns on all five 

idiosyncratic volatility sorted portfolios tend to converge when the holding period 

gets longer. Overall, our evidence again supports that the negative relation between 

idiosyncmtic volatility and stock returns is due to both short-term return reversals and 

the larger firm size of the past winners in the highest idiosyncratic volatility portfolio. 

The evidence hence suggests the negative relation does not hold under different 

formation and holding periods that are longer than one month. 

[Insert Table IV and Figure 3] 
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F. Interrelation among Size, Idiosyncratic Volatility and Past Returns 

If return reversals are the driving force behind the return difference in 

idiosyncratic volatility-sorted portfolios, this negative relation between idiosyncratic 

volatility and future stock returns might disappear after controlling for past stock 

returns. However, Ang et aI. (2006a) have shown that after controlling for past returns, 

the difference in alphas of value-weighted portfolios sorted on idiosyncratic volatility 

is stil1 significantly negative. Since firm size plays a critical role in determining the 

value-weighted returns, different size distribution may have an influence on the 

negative relation, even after controlling for past returns. We therefore use a 

triple-sorting approach that simultaneously controls for finn size and the previous 

one-month return to evaluate this negative relation between idiosyncratic volatility 

and expected stock returns by" 

Under this triple-sorting approach, we first sort stocks into five portfolios 

based on each stock's size each month. Then, within each quintile we sort stocks into 

five subgroups based on the previous one-month retom of stocks. This two-way 

sorting yields 25 portfolios. Finally, within each of these 25 portfolios, we sort stocks 

based on idiosyncratic volatility. The five idiosyncmtic volatility portfolios are then 

constructed by averaging over each of the 25 portfolios that have the same 

idiosyncmtic volatility making. Hence, the resulting portfolios represent idiosyncratic 

volatility quintile portfolios after finn size and past returns are simultaneously 

controlled for. 

Table V reports the VW avemge returns for idiosyncmtic volatility quintile 
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portfolios after controlling for firm size and past returns. Although idiosyncratic 

volatility increases from portfolio IVI 's 3.84% to portfolio IV5's 13.270/0, the average 

return difference between these two extreme portfolios is very small. The VW 

average one-month holding period return on portfolio IVI is 0.88%, while the return 

on portfolio IV5 is 0.71%. The return difference between portfolio IV5 and portfolio 

IVI is only -0.18% and is insignificant. This result indicates that the negative relation 

between idiosyncmtic volatility and expected returns does not hold once we control 

for both firm size and past returns. I •• 
lI 

[Insert Table V] 

If, indeed, it is the return reversal mther than idiosyncratic volatility that 

causes the return difference in idiosyncratic volatility-sorted portfolios, the return 

difference between the prior month's return-sorted portfolios should remain 

significant even after we control for firm size and idiosyncratic volatility. In Table VI, 

we perform another triple-sorting based on firm size, past returns, and idiosyncratic 

volatility. We first control for firm size and idiosyncratic volatility, and then form 

VW quintile portfolios based on the previous month's return. The five past 

return-sorted portfolios are constructed from each of the 25 size- and idiosyncratic 

volatility-sorted portfolios that have the same ranking on the previous month's return. 

Table VI shows that average returns for the five previous return-sorted 

portfolios after controlling for firm size and idiosyncratic volatility. Although firm 

size and idiosyncratic volatility are roughly the same across ail five portfolios, the 

VW average holding month return decreases monotonically from 1.24% in portfolio I 
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(the portfolio of past loser stocks) to 0.66% in portfolio 5 (the portfolio of past winner 

stocks). The difference in monthly returns between portfolio 5 and portfolio 1 is 

-0.59%, which is significant. This finding again confirms that the negative relation 

between idiosyncratic volatility and expected returns are driven by return reversals 

rather than idiosyncratic volatility itself. 

[Insert Table VI] 

G. Time-Series Regression 

Studies that propose a profitable investment strategy often examine whether 

the investment strategy earns abnormal returns relative to the Fama-French 

three-factor model (e.g., Fama and French (1996». In particular, one can construct 

return series from an investment strategy and run the time-series regressions of the 

excess returns on the investment strategy against the Fama-French three factors and 

the momentum factor (Carhart (1997) that captures the medium-term continuation of 

returns documented in Jegadeesh and Titman (1993). If the intercept (Jensen's alpha) 

of the regression is significantly different from zero, which implies that risk loadings 

of these three or four factors are not sufficient to explain the portfolio return, then this 

investment strategy can earn abnormal profits. Ang et aI. (2006b) report a significant 

tradable return from portfolio that goes long in IV 5 stocks and short in IV I stocks 

after controlling for Fama and French three factors. Their time series regression 

results thus suggest the persistence of the negative difference between the return on 

IV5 portfolio and return on IVI portfolio. To examine if this tradable return can be 

related to past returns, we add an easily constructed portfolio that takes a long (and 
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short) position in the past winner stocks (and loser stocks) to the following time series 

regression: 

r p., = Q p + Pfucr ·MKT, + Pfw, ·SMB, + PGML ·HML, + PIlMD .UMD, +&p.,' 

(2) 

where, r" is the excess return on portfolio that goes long the highest idiosyncratic 

portfolio and short the lowest idiosyncratic risk portfolio (lV5-IV1), MKT is the 

market excess return, 5MB is the difference between the return on a portfolio of 

small-cap stocks and the return on a portfolio of large-cap stocks (the size premium), 

HML is the difference between the return on a portfolio comprised of high 

book-to-market stocks and the return on a portfolio comprised oflow book-to-market 

stocks (the value premium), and UMD is the difference between the return on a 

portfolio comprised of stocks with high returns from t - 12 to t - 2 and the return on a 

portfolio comprised of stocks with low returns from t - 12 to t - 2 (the momentum 

premium). 

Table vn reports the results of time-series regressions of monthly returns on 

the "IV5-IV1" strategy against the three or four factors with (the last two rows) or 

without (the first two rows) controlling for the return on the past winner minus past 

losers. The estimated intercepts in the first two rows indicate that both the three- and 

four-factor models leave a large negative unexplained return for the investment 

strategy. The intercept on the three-factor model is -1.34%, with a t-statistic of -6.79; 

after we include the momentum factor, the intercept is still as large as -1.07%, with a 

t-statistic of -5.40. The loadings also indicate that the IV5-IVI strategy portfolio 
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behaves like small, growth stocks since it loads positively and heavily on 5MB but 

negatively on HML. Overal~ consistent with Ang et aL (2006b), the strategy based on 

idiosyncratic volatility can have significant tradable return even after adjusting for the 

conventional four factors. 

If low returns of high volatility stocks are really driven by their short-run 

return reversals, the investment strategy based on idiosyncratic volatility could show 

strong co-movement with the investment strategy based on stocks' previous month 

returns. In particular, the abnormal return of the IV-based investment strategy should 

be explained by the difference in returns on past winner and loser stocks. To examine 

this hypothesis, we create a predictive variable based on the previous month's returns. 

For each month, we form ten portfolios based on the past one month returns, with PI 

containing past losers and PI 0 containing past winners. We then create a "winners 

minus losers" or "WML" return, which is the EW average return difference between 

the past winner portfolio and the past loser portfolio during the formation period. 12 

We include this WML variable as an additional explanatory variable in the three- and 

four-factor models and re-run the time-series regressions. The last two rows of Table 

VII show that both WML coefficients are negative and statistically significant, which 

indicates that the return of the idiosyncratic volatility investment strategy (IV5-IVI) 

experiences reversals in the holding period. More important, none of the intercepts is 

significantly different from zero with WML added to the regression. This suggests 

that the return difference between the high idiosyncratic volatility portfolio and the 

low idiosyncratic volatility portfolio can be explained by the return reversals of the 
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prior winner and loser stocks, while controlling for other factors. Once again, the 

evidence indicates that the low return of high idiosyncratic volatility stocks is driven 

by the short-term return reversals. 

[Insert Table VII] 

II. Relation between Idiosyncratic RIsk and Expected Retnrn: 

Cross-Sectional Evidence 

Ang et al. (2006b) report the negative relationship between idiosyncratic 

volatility and expected return in the framework of Fama-MacBeth cross-sectional 

regressions. In particular, they use past idiosyncratic volatility as the predictor of 

futore idiosyncmtic volatility and confirm that there is a negative relationship between 

expected idiosyncratic volatility and expected returns. However, empirical evidence is 

still mixed. Some theoretical and empirical evidence suggests a positive relation 

between expected idiosyncratic volatility and future returns [Merton (\987), Barberis 

and Huang (2001), Ma1kiel and Xu (2002), Fu (2005), Spiegel and Wang (2005), 

Chua, Goh and Zhang (2006)]. 

In this section, we investigate whether the predicted idiosyncmtic volatility, a 

proxy for expected idiosyncratic risk, is positively or negatively related to expected 

returns after return reversals are accounted for. The use of cross-sectional regressions 

allows us to control for multiple variables at the same time when those variables are 

correlated. The coefficients in the regression indicate the effect of each explanatory 

variable on the dependent variable when other variables are kept fixed. For this 

purpose, we run Fama-MacBeth regressions of the cross-section of stock returns on 
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expected idiosyncratic volatility and other variables month-by-month and calculate 

time-series averages of the coefficients. Using these regressions, we evaluate the 

explanatory power of expected idiosyncratic volatility and the previous month's 

return on the expected stock return, in addition to beta, book equity to market equity 

ratio, and firm size as identified by Fama and French (I992). 

A. Constructing Expected Idiosyncratic Volatility 

To the extent that investors make decisions based on ex ante information, it is 

expected idiosyncratic risk, rather than realized idiosyncratic risk that affects 

equilibrium expected returns. In this study, we use five different methods to estimate 

expected idiosyncratic volatility. 

A.I. Estimating Idiosyncratic Volatility under the Martingale Assumption 

Similar to Ang et aI. (2006a, 2006b) approach, we use stock i's realized 

idiosyncratic volatility at month t-l, IVt.I_J. as the forecast of its idiosyncratic volatility 

at month t, which we denote as EIVI.,. This method implicitly assumes that the 

idiosyncratic volatility series follows a martingale. Thus, under the martingale 

assumption, stock i's expected idiosyncratic volatility at month t is given by 

EIVl" = 11'.,_1 . 

A.2. Estimating Idiosyncratic Volatility using ARlMA 

Given the time-series characteristics of the realized idiosyncratic volatility 

series, we employ the best-fit autoregressive integrated moving average (ARIMA) 

model to estimate expected idiosyncratic volatility over a rolling window. In 

particular, for each month, we use the best-fit ARIMA model to predict a stock's 
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idiosyncratic volatility next month based on the individual stock's realized 

idiosyncratic volatility in the previous 24 months. We denote the resulting estimate as 

EIV2. Appendix A provides a description of the model selection procedure for rmding 

the best-fit ARIMA model. 

A.3. Estimating Idiosyncratic Volatility using Portfolios 

Like beta estimates for individual stocks, idiosyncratic volatility estimates for 

individual stocks can suffer from the errors-in-variables problem. To mitigate this 

problem, we calculate portfolio idiosyncratic volatility in the spirit of Fama and 

French (1992). For each month, we form 100 portfolios based on a stock's realized 

idiosyncratic volatility level, where portfolio I (100) contains stocks with the lowest 

(highest) idiosyncratic volatility. We compute a portfolio's idiosyncratic volatility as 

the vw average idiosyncratic volatility of its component stocks. We then create each 

portfolio's idiosyncratic volatility time series. Next, for each month, we use the 

best-fit ARIMA model to obtain the portfolio's expected idiosyncratic volatility based 

on portfolio idiosyncratic risk over the previous 36 months. '3 Finally, again for each 

month, we assign a portfolio expected idiosyncratic volatility to individual stocks 

according to their realized idiosyncratic volatility rankings, which we use as the proxy 

for the expected idiosyncratic volatility of each stock in the portfolio. We therefore 

obtain the expected idiosyncratic volatility EIV3, which we use in the Fama-MacBeth 

cross-sectional regressions for individual stocks. 

A.4. Estimating Idiosyncratic Volatility using GARCH and EGARCH 

In the last two decades, the autoregressive conditional heteroskedasticity 

27 



(ARCH) model of Engel (1982) has been increasingly used to capture the volatility of 

financial time series. The ARCH model estimates the mean and variance jointly and 

captures the serial correlation of volatility by expressing conditional variance as a 

distributed lag of past squared innovations. Building upon Engel (1982), Bollerslev 

(1986) presents a genemlized autoregressive conditional heteroskedasticity (GARCH) 

model that provides a more flexible framework to capture the persistent movements in 

volatility. More recently, Nelson (1991) develops an exponential GARCH (EGARCH) 

model that accommodates the asymmetric property of volatility, that is, the leverage 

effect, whereby negative surprises increase volatility more than positive surprises. 

Following this literature, we employ two widely used generalized ARCH models, 

GARCH (1, I) and EGARCH (I, I), to capture the conditional volatility ofindividuaI 

stocks. The details are provided in Appendix B. The forecasts thus obtained comprise 

our fourth and fifth expected idiosyncratic volatility measure, EIV4 and EIV5, 

respectively. 

B. Fama-MacBeth Cross-Sectional Regressions 

Our model is very similar to Fama-French (1992) and Farna and MacBeth 

(1973) except that we include the expected idiosyncratic volatility and individual 

stocks' prior month return. Specifically, we regress 

~J =a, +YuBeto,J_l +Y2lLn(Size)'J_l +Y3lLn(BEI ME)/J-l +r4lEn-;, +YSt~J-l +eIJ , 

(3) 

where R'J is stock i's return at month t, R'J_l is stock i's return at month t-l, 

Beta,.1-1 is the stock's beta estimate at month t-1. 14 EIV,J is the predicted 
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idiosyncratic volatility for stock i at month / conditioning on the information available 

at the end of month /-1. We use five different methods to predict the expected 

volatility as specified above. In addition, Ln(Size),,_l is the stock's log market 

capitalization at the end of month t-l, and Ln(BE 1 ME)"_l is the log of the ratio of 

book value to market value based at the end of month of t-I based on last fiscal year 

information. IS 

In the above model, we use an individual stock's prior month return to control 

for return reversals. The idea is that if the stock's prior month return is too high (low), 

it will tend to reverse next month and earn a low (high) return. However, the prior 

month return could be a noisy proxy for return reversals. Some smaIl-sized stocks or 

value stocks earn higher returns and these high return stocks do not necessarily tend to 

reverse in the future; similarly, some large stocks and growth stocks that earn low 

returus in the past do not necessarily have high returns in the next month. To 

distinguish whether the high (low) returns of winner (loser) stocks are due to the 

overreaction to market information or to their fundamental risk, we also use the 

previous month's demeaned return RR'J-l to proxy for the return reversal and run 

following regression: 

(4) 

t-1 

where RR.,-l = R,,_l - LR,.J 136, is stock j's return at month t-l minus the mean of 
}'<4-36 

the stock i's return over the past 36 months. The intuition behind this measure is that 
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if the stock's return is higher or lower than its long-term mean return, it will tend to 

reverse next month. Thus, the demeaned return might be a better proxy for retorn 

reversals than the raw return since it accounts for long-term return level. 

We run cross-sectional regressions for equations (3) and (4) for each month 

and then report the time-series averages of the coefficients' estimates in Table VIII. 

Panel A summarizes the regression results without the idiosyncratic volatility variable 

introduced and the remaining five panels report the results when five forecasts of 

idiosyncratic volatility are introduced. The t-statistics for the Beta coefficients are 

adjusted using Shanken (1992) correction factor and the t-statistics for all other 

estimated coefficients are Newey-West (1987) consistent. The results are for all 

NYSEI AMEXINASDAQ stocks over the sample period from July 1963 to December 

2004. 

Panel A of Table VIII shows that the coefficients on monthly returns or 

demeaned returns in the portfolio formation period are negative and significant with 

conventional explanatory variables such as beta, firm size, and book-to-market 

introduced, which is consistent with Jegadeesh (1990). The rest of Table VIII report 

the cross sectional regression results when various ElY measures are used. The results 

show that the coefficients of expected idiosyncratic volatility (ElY) are not consistent. 

Specifically, in Panel B when we use the previous month's idiosyncratic volatility as 

the expected idiosyncratic volatility, the coefficient on expected volatility Y" is 

negatively significant at the 5% level, which implies that stocks with higher 

idiosyncratic volatility earn lower returns in the following month. Similar results are 
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reported by Ang et aI. (2006b). The same result also holds in Panel D and Panel E 

when the expected idiosyncratic volatility is estimated from the ARIMA model on 

portfolio idiosyncratic volatility and from the GARCH (1,1) model, respectively. 

However, this negative relation is not very robust. When idiosyncratic risk is 

estimated by the EGARCH (1,1) model in Panel F or the ARlMA model based on 

individual stock-level idiosyncratic volatility in Panel C, the coefficient on expected 

volatility Y4, is not significant. I. 

[Insert Table VIll] 

It is noteworthy, however, none of the coefficients on expected idiosyncratic 

volatility Y 4t is significant after return reversal is controlled for. This result holds no 

matter which forecast of idiosyncratic volatility is used. We also find that the 

magnitude of the coefficients on expected idiosyncratic volatility become much 

smaller for most of the regressions. The one-month formation period returns or 

demeaned returns take away all of the explanatory power of idiosyncratic volatility. 

The results of Panel B where we use the previous month's idiosyncratic volatility as 

the expected idiosyncratic volatility indicates that the volatility coefficient Y4, is 

-0.02, with a I-statistic of -2.44, without controlling for the previous month's return. 

However, when we add the formation period return (formation month demeaned 

return) to the regressions, the coefficient r 4t is 0.00, with a t-statistic of 0.15 (-0.51). 

The evidence here once again indicates that the negative relation between 

idiosyncratic volatility and expected returns is driven by return reversaIs. 17 

Early theories, such as Merton (1987), argue that since investors are not able 
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to totally diversity idiosyncratic risk, they will demand a premium for holding stocks 

with high idiosyncratic risk, and thus stocks with higher expected idiosyncratic risk 

should deliver higher expected returns. We do not find reliable evidence to support 

this argument. No matter which method we use to forecast expected idiosyncratic 

volatility, we do not fmd a significantly positive coefficient on expected idiosyncratic 

volatility. Furthermore, after we control for retorn reversals, we never obtain 

significant coefficients on expected idiosyocratic volatility. 

From Table II, we notice that both winner stocks and loser stocks have high 

idiosyncratic risk in the formation month, but winners earn lower retorns and losers 

earn higher returns in the holding-period month. If we observe a negative relation 

between idiosyncmtic volatility and expected returns, it can only be driven by winner 

stocks, since loser stocks with high idiosyncmtic volatility will earn high expected 

returns due to their retorn reversals. Therefore, we expect that this negative relation 

between idiosyncratic volatility and expected returns will disappear if we exclude the 

winner stocks from our sample. 

To test this hypothesis, we run the same cross-sectional regressions as in Table 

VIII, but for every month we exclude from the sample the 50 winner stocks that have 

the highest prior-month retorn.18 Table IX reports the avemge coefficients from the 

cross-sectional regressions with winner stocks excluded. As predicted, the negative 

relation between idiosyocratic volatility and expected returns disappears even before 

we control for the retorn reversals. In particular, the negative coefficients reported for 

idiosyncratic risks in Panels B, D, and E of Table VIII no longer exist in Table IX. 
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Another interesting finding is that the significance of one-month portfolio formation 

period returns or demeaned returns are not affected by the exclusion of winner stocks 

from the sample. The evidence here therefore suggests that the negative relation 

between idiosyncratic volatility and expected returns is driven in particular by the 

return reversals of winner stocks. 

[Insert Table IX] 

C. Robustness Checks 

C.l. estimates of Idiosyncratic Volatility 

Since idiosyncratic volatilities are unobservable, we require estimates of 

idiosyncratic volatility in order to perform empirical tests. Usually these estimates can 

be obtained from the residuals of an asset pricing model. Because different asset 

pricing models call for different approaches to measure an individual stock's 

idiosyncratic risk, the relation between idiosyncratic volatility and expected returns 

reported above could be driven by a particular model used Therefore, we use 

different idiosyncmtic volatility estimates to verify the robustness of our results. 

Besides using the Fama-French three-factor model (1993) given in equation (I) 

to calculate idiosyncmtic volatility, we also use the CAPM model. Assume that the 

return of each stock i is driven by a common factor and a firm-specific shock: 

I 'p' MKT. I 'i,d = a, + MKT' I,d + &t.d ' (5) 

where, for each day d in month t, rid is stock i's excess return, MKT,,d is the 

market excess return as in equation (I), and S:.d is the idiosyncratic return (relative 

to the CAPM model). Again, we use the standard deviation of the daily residuals to 
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measure stock i's month t idiosyncmtic volatility relative to the CAPM model. 

Theoretically idiosyncmtic risk has to be estimated from the residuals of an 

asset pricing model; empirically, however, it is very difficult to interpret the residuals 

estimated from the CAPM or from a multifactor model as solely the idiosyncmtic risk. 

One can always argue that these residuals simply represent omitted factors and thus 

are not really "idiosyncmtic." Jiang and Lee (2004) suggest that most of the return 

volatility (about 85%) is idiosyncmtic volatility. More importantly, since we do not 

know which asset pricing model is correct, we can use total risk to proxy for 

idiosyncmtic volatility. This method is essentially model-free. We therefore calculate 

stock i's standard deviation of daily retorns within month t and use this statistic to 

proxy for idiosyncmtic volatility. 

We use the previous month CAPM-based idiosyncmtic volatility or the 

mw return-based idiosyncmtic volatility as the expected idiosyncmtic volatility and 

ron cross-sectional regressions. The time-series averages of the coefficients' estimates 

are reported in Table X The results show that the role of idiosyncmtic volatility is not 

sigoificant when we control for return reversals, and our results are not driven by any 

particular approach to measure idiosyncmtic volatility. 

[Insert Table Xl 

G.2. NYSE/AMEX Stocks Only 

Table X shows that our results still hold if we only include NYSEI AMEX 

stocks in our sample. To save space, in our remaining robustness test discussions, we 

use ouly the previous month's idiosyncmtic volatility relative to the Fama-French 
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model's (1993) idiosyncmtic volatility to proxy for expected idiosyncmtic volatility.lo 

The evidence confirms that our results are not driven by small-sized stocks or illiquid 

stocks listed on NASDAQ. 

C.3. Controlling/or Leverage 

Levemge is related to both past returns and volatility. Past winners have a 

smaller mtio of book assets to market equity, or smaller market levemge; while an 

increase in levemge produces an increase in stock volatility. We use the natural log of 

the mtio of the total book value assets to book value of equity to measure book 

levemge in Table X. Consistent with Fama and French (1992), there is a negative 

relation between book levemge and expected retorns. Controlling for levemge does 

not change the effect of idiosyncmtic risk and past retorns on avemge retorns - the 

coefficient on past retorns is negatively significant, and that of idiosyncratic 

volatility is insignificant from zero. 

C.4. Controlling/or Momentum 

Jegadeesh and Titman (1993) show that the stocks that perform the best (worst) 

over the previous 3- to 12-month period tend to continue to perform well (poorly) 

over the subsequent 3 to 12 months. This phenomenon is referred to as the momentum 

effect. If the loser stocks during the previous month are the stocks with good historic 

performance and the winner stocks are the stocks with poor historic performance, the 

role of return reversals may simply proxy for the momentum effect To examine the 

role of idiosyncmtic risk on expected retorns after taking the momentum effect into 

account, we construct the momentum variable MOM and include it in the 
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cross-sectional regressions. This variable is equal to the cumulative returns for six 

months from month t-7 to month t-2, assuming that the current month is t. 

The results in Table X suggest the existence of momentum since the 

coefficient on MOM is positive and significant. However, controlling for momentum 

does not change the effect of idiosyncratic risk on expected returns. In Table X, the 

coefficient on past returns is still significantly negative. while the coefficient on 

idiosyncratic volatility is not significant. 

C.5. Controllingfor Liquidity 

Liquidity measures 'the degree to which one can trade a large amount of stocks 

without changing their prices. Many theoretical and empirical papers confirm the role 

of liquidity in cross-sectional returns and document a negative relation between 

liquidity and expected stock returns [Amihud and Mendelson (1986), Constantinides 

(1986), Brennan and Subra1nnanyam (1996), Heaton and Lucas (1996), Brennan et 

al. (1998), Datar et al. (1998), and Huang (2002)]. Pastor and Stambaugh (2003) also 

demonstrate that stocks with high liquidity betas have high average returns. 

According to them, liquidity is a systematic risk and thus assets with higher liquidity 

risk should have lower prices, other things being equal, in order to compensate 

investors for assuming the risk. Hence, if liquidity is indeed priced, our idiosyncratic 

volatility measure constructed based on residuals from the CAPM, the Fama-French 

three-factor model, or total risk could potentially capture the liquidity factor. We use 

two measures of liquidity to control for liquidity risk. The first liquidity measure is 

the turnover retio, which is the retio between share volume and shares outstanding; 
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this metric can also be regarded as the relative volume. Specifically, we use the 

previous 36 months' average turnover mte to proxy for liquidity in the cross-sectional 

regressions. Our second liquidity measure is the historical Pastor-Stambaugh (2003) 

liquidity beta that measures exposure to liquidity risk. 

Table X shows that our results are robust to liquidity risk. When idiosyncmtic 

volatility, past returns, and liquidity risk are included, the sign and significance of the 

coefficients of past returns are unchanged, and the coefficients on idiosyncmtic 

volatility are very small and insignificant. The ability of liquidity to explain expected 

returns seems 10 be limited; the coefficient on the turnover mtio is negative as the 

previous litemture suggests, but not significant or marginally significant at the 5% 

level, and the coefficient on the liquidity beta is very close to zero and insignificant. 20 

In summary, the negative relation between current-month returns and past 

one-month returns appears to be robust to the inclusion of other explanatory variables 

in the cross-sectional regressions, suggesting a significant short-term return reversal. 

More important, we do not find any relation between expected idiosyncmtic volatility 

and expected returns once we control for past returns. 

III. Conclusion 

Empirical support for a positive relation between a stock's idiosyncmtic 

volatility and expected returns has been mixed. Recently, however, Ang el at. (20068, 

2006b) document that portfolios with high monthly idiosyncmtic volatility deliver low 

avemge returns in the next one month, suggesting a negative intertemporal relation 
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between idiosyncratic risk and stock returns. While these results identify an 

interesting ''puzzle,'' neither the cause of the negative relation nor the relation 

between ex ante idiosyncratic risk and expected return is known. 

In this paper, we demonstrate that the negative intertemporai relation between 

idiosyncratic risk and stock returns is driven by short-term return reversals. In 

particular, we observe that nearly half of the stocks in the portfolio with the highest 

idiosyncratic volatility are either winner stocks or loser stocks. We observe that the 

winner stocks tend to be relatively larger cap stocks than the loser stocks in the 

portfolio fonnation period and they experience significant return reversals, which 

drives down the value-weighted return on the portfolio in the next month. In contrast, 

there is no significant difference in the equally-weighted returns on the five portfolios 

sorted by idiosyncratic volatility. In the absence of return reversals for longer holding 

periods, no negative relation is observed between idiosyncratic volatility and stock 

returns, regardless of VW or EW portfolio return. This result provides further 

supportive evidence that return reversals are the driving force of the negative relation. 

Our evidence from idiosyncratic volatility-sorted portfolios that control for both size 

and past returns also suggest that negative difference between return on the highest 

idiosyncratic volatility portfolio and return on the lowest idiosyncratic volatility 

portfolio is driven by the short term return reversal, rather than idiosyncratic volatility 

itself. 

The time-series regression results indicate that the seemingly abnormal 

positive return from taking a long position in the lowest idiosyncratic risk portfolio 
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and a short position in the highest idiosyncratic risk portfolio can be fully explained 

by adding the "winners minus losers" return to the conventional three- or four-factor 

model. 

Finally, we use five different approaches to form ex ante idiosyncmtic risk and 

conduct cross-sectional tests. Once again, we find no significant relation between ex 

ante idiosyncmtic volatility and expected returns once we control for past returns. Our 

results are robust to the inclusion of other variables such as beta, size, book-to-rnarket, 

momentum, liquidity, leverage, and different measures of idiosyncratic volatility. 

Overall, our results suggest that return reversal is the underlying reason behind the 

negative relation between idiosyncratic risk and subsequent stock returns. There is no 

significant relation between idiosyncratic risk and expected return once past returns 

are controlled for. Our study thus contributes toward understanding of the role of 

idiosyncmtic risk in asset pricing. 
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Footnotes 

I Bali and Cakici (2006) find that the negative relation between idiosyncratic risk and expected returns is 

not robust under different choices of data frequency, weighting scheme end breakpoints in the 

construction of idiosyncratic volatility sorted portfolios. 

2 We thank Kenneth French for our use of data available on his website. 

3 We also use the standard deviation of the residual from the capital asset pricing model (CAPM) and the 

return itself to measure idiosyncratic volatility and obtain qualitatively similar results. 

4 To measure the monthly idiosyncratic volatility of stock /, we follow French et a\. (1987) and multiply 

the standard deviation of daily residuals in month I (STD,., ) by .r;;;, where n" is the number of 

trading days duting month I. Therefore IV;, = K, STD,., is stock /'s reslized idiosyncratic volatility 

in month I. 

5 This is more obvious if we use total volatility as the measure of idiosyncratic volatility. In this case, 

idiosyncratic volatility is simply the standard deviation of stock returns and "high volatility" refers to 

very positive returns or very negative returns, that is, to winners or to losers. 

6 Jiang and Lee (2004) find that on average, idiosyncratic volatility is about 85% of total stock return 

volatility. Since winner and loser stocks often have larger total volatility, it is not surprising to find the 

large presence of both of them in the highest idiosyncratic volatility portfolio. 

7 We report the simple (equally-weighted) average monthly returns in Panels B end C. This implies thet 

we lrest the stocks within each of the 50 idiosyncratic volatility-past return sorted portfolios as 

40 



homogeneous, and stocks from different portfolios as heterogeneous. 

8 Ang et a!. (2006a) document that the negative relation between past idiosyncratic volatility and future 

rettnns still holds for a long horizon when they compare the difference in Fama-French three-factor 

(FF-3) alphas between value-weighted portfolio 5 and portfolio I of the above fonr strategies. Our 

an.lysis is based on the value-weighted or equally-weighted return difference of portfolio 5 and portfolio 

lover the long nm. 

9 The same approach is adopted by Diother et aI. (2002). Sorting portfolios on more than two dimensions 

is useful in controlling for the effects of multiple factors at the same time. The conventional two-way 

sorting scheme may be insufficient becanse both idiosyncratic volatility and stock returns are correlated 

with many other control variables or firm characteristics simultaneously. 

10 We also conduct a triple sort based on stock price, past returns, and idiosyncratic volatility, and find 

qualitatively similar results, that is, tha average return difference between portfolio 5 and portfolio I 

remains insignificant This is not surprising given the high correlation (0.76) between stock price and 

firm size. This result is not reported bot available npon request 

II Note that Ang et at. (2oo6a) show that after controlling for past returns, the difference of 

Fama-French (1993) alphas of VW portfolios sorted on idiosyncratic volatility are still negatively 

significant We replicate their two-pass sorting based on past return and idiosyncratic volatility and 

compute the return difference between IV5 and IV!. We find the difference is negative and significant, 

consisteot with the result in the difference ofFama-French (1993) alphas. We conjecture that controlling . 

for past return alone may not be able to simultaneously control for size. 

12 Stricdy speaking, WML here is not a trading strategy since we are calculating its return during the 
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formation period. However, we use the formation period to capture the lead-lag relation between this 

portfolio snd the idiosyncratic volatility-based portfolio. 

13 We also use a portfolio's previous 100 months' idiosyncratic volatility to predict expected 

idiosyncratic volatility; the results are similar. 

14 To reduce eJTOrs-in-variables problems, we assign individual stock betas based upon 100 portfolios, 

sorted using the Fama snd French (1992) methodology. In particular, each month, all stocks are sorted 

into \0 groups by market cspita1ization. Within each size group, stocks are sorted again by their betas 

into ten equal-numbered groups. The beta of each stock is estimated from a market model using the 

previous 24 to 60 months ofretums, as available. The 100 portfolios thus obtained are rebalanced every 

month. We use NYSE-listed stocks to detennine the cutoff value for each size group to ensure that the 

ranking is not dominated by many small-cap stocks on NASI)AQ. For eaeh portfolio, we corupute its 

return in each month snd then regress the return series against the market rettnn snd the one-month 

lagged market return. The portfolio betas therefore equa1 the sum of these two beta coefficients. Finally, 

we assign the portfolio betss to individual stocks according to their size-beta ranking in each month. 

15 To ensure that accounting data are known before they are used to explain the cross-section of stock 

returns, we use a firm's matket equity at the end of December of year t-I to compute its year t-I 

book-to-market mtio, aod then match the book-to-market mtio for calendar year t-1 with the returns from 

July ofyeart to June oft+1. 

16 Fu (2005) runs a similar cross-sectional regression and finds that the coefficient on expected 

idiosyncmtic volatility is significantly positive. Although he also uses sn EGARCH model to estimate 

expected idiosyncmtic volatility, he chooses the best-fit EGARCH model among nine EGARCH (p, q) 
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models, with 1 s P s 3, 1 s q s 3, according to the Akaike Infonnation Criterion to obtain each 

stock's forecast. 

17 Ang et aI. (2006b) find negative relation between idiosyncratic volatility and expected returns after 

controlling for the lagged retum. However, note that the lagged retum in their paper is a firm's return 

over the previous six months. Therefore it takes account of both short term retum reversal and 

momentum effect. 

18 We also exclude portfolio Pia, that is, all winner stocks, from our sample and obtain qualitatively 

similar results. 

19 Our empirical analysis indicates that all robustness test results still bold when we use CAPM-based 

idiosyncratic volatility or raw return-based idiosyncratic volatility. 

20 Spiegel and Wang (200S) confinn that stock returns decease with liquidity. They also find that the 

explanatory power of liquidity is weakened once idiosyncratic risk is included in the regression. 
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Table I 
Characteristics of PortfoUos Sorted by Idiosyncratic VolatiUty 

This table repot1S the characteristics of five portfolios sorted by idiosyncratic volatility relative to the Fama and French (1993) model. Portfolios are f~ed evety 
month based on idiosyncratic volatility computed using daily data over the previous month. Portfolio IVI (IV5) is the portfolio of stocks with the lowest (highest) 
idiosyncratic volatilities. VW (EW) Return is the value (equa1ly)-weighted average monthly retwn measured in percentage terms in the mooth following the 
portfolio formation period. Formation Period Return is the value-weighted average monthly portfolio return during the previous one-month formation period. The 
VW-IV is the value-weighted average idiosyncratic volatilities of the portfolio in the formation period. The weights are based upon the stock's marlret capitalization 
at the end of the previous month. For comparison, we report Ang et ol.'s (20060) Table VI Panel B in column 4; their sample period extends from 1963.07 to 
2000.12. Size is the simple average of the log market capitalization of firms within the portfolio and DIM is the simple average book-to-msrket ratio. Market share 
percentage measures the marlret value of 0 portfolio relative to total marlret value ofall stocks. Price is the simple average price at the end of previous month. The 
row "IV5-IVI" refexs to the difference in moothly returns between portfolio IV5 and portfolio IVI. Newey-West (1987) robust I-statistics are reported in parentheses. 
The sample period is from July 1%3 to December 2004. 

(I) ._ (2) (3) (4)--.1.5) (Ii) . __ (7)_ (8)__ ._® 

Portii Ii VW Return EW Return Ang et al. (2006a) Formation VW IV S· MKT Share Average 
o 0 [1963.07-2000.12] Period Return - JZe Percentage Price 

IVI 0.969 1.207 1.04 1.126 4.179 4.985 48.26 44.05 

1V2 1.075 1.439 1.16 1.603 6.967 4.932 30.41 28.79 

IV3 1.120 1.466 1.20 2.157 10.289 4.265 13.40 19.20 

IV4 0.746 1.300 0.87 3.016 14.341 3.600 5.95 12.85 

IV5 -0.026 1.202 -0.02 8.061 24.576 2.643 2.09 7.02 

IV5-IVI 
-1.000 -0.005 -1.06 6.935 
(-2.95) (-0.01) (-3.10) (9~74) 
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Table II 
Characteristics of PortfoHos Sorted by Past One month Retnms 

This table reports the characteristics of ten portfolios sorted by the previous one-month stock returns in the 
formation period. Portfolios are formed at the end of esch month and held for next one month. PI through 
PIO represent winnenllosers portfolios, with PI contailring past losers and PIO containing past winners. 
Formation Period VW Returns are the value-weighted average returns during the formation period. Holding 
Period VW Returns are the value-weighted average returns during the folIowing one-month holding period. 
Both are measured in monthly percentage terms. VW (EW)-IV is the value (equa1Iy)-weighted 
idiosyncratic vo\stility of the portfolio in the formstion period. The weights are based upon the stock's 
IlllIIket capitalization at the end of the formation month. The idiosyncratic volatility is relative to the Fama 
and French (1993) model. We calculate the individual stock's idiosyncratic volatility using daily data in the 
formation month. Size is the simple average log market capitalization of firms within the portfolio. Price is 
the simple average price at the end of the formation month. The sample period is from July 1963 to 
December 2004. 

(1) (2) (3) (4) (5) (6) (7) (8) 

Formation Holding VW-IV EW-IV Rank Period Period 
(%) (%) 

Size Price 
VW Return VW Return 

Portfolio 

Loser I -18.409 1.915 13.073 20.395 2990 9.34 

2 -10.279 1.767 8.438 13.336 3.737 15.45 

3 -6.2467 1.616 6.835 11.108 4.048 21.39 i 
4 -3.3758 1.253 6.111 10.034 4.246 22.02 

5 -1.0167 1.203 5.767 9.443 4.393 25.31 

6 1.2353 1.001 5.729 9.311 4.465 26.82 

7 3.7483 0.837 5.895 9.766 4.516 28.26 

1 8 7.0\33 0.706 6.495 10.833 4.476 25.49 

9 12.0148 0.310 7.925 13.115 4.262 22.90 

Winner 10 24.9501 -0.154 13.085 21.764 3.593 15.65 
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Table III 
Portfolios Sorted by Idlosyocratic Volatility and Past One Montb Returns 

This table reports the characteristics of 50 portfolios sorted independently by idiosyncratie volatility 
and previous one month stock returns. At the beginning of each month, we sort all of stocks into five 
portfolios based on idiosyncratic volatility computed using daily data over the previous one month. 
Portfolio IVI (IV5) is the portfolio of stocks with the lowest (highest) idiosyncratic volatility. The 
stocks are also independently allocated to ten portfolios based on their previous one-month returns. PI 
through PIO represent winnersllosers portfolios. with PI containing past losers and PIO containing past 
winners. The intersections of the idiosyncratic voletility-sorted portfolios and previous month 
return-sorted portfolios are then used to create 50 idiosyncratic voletility- and past return-sorted 
portfolios. Panel A reports the average nmnber of stocks in each of the 50 portfolios. Panel B shows the 
simple average monthly returns measured in percentage terms in the portfolio formetion period. Panel 
C reports the simple average monthly returns measured in percentage terms in the one-month holding 
period. Panel D reports the average of merket capitalization (in million dollars) of firms within !he 
portfolio in the portfolio formetion period. The sample period is from July 1963 to December 2004. 

Portfolio PI 

IVI 

IV2 

IV3 

IV4 

IV5 

13 

35 

77 

137 

222 

P2 P3 P4 P5 P6 P7 P8 

Panel A: The Average Nmnber of Stocks wilhin Each Portfolio 

56 

94 

\17 

121 

98 

108 

\14 

109 

95 

67 

146 

119 

99 

79 

54 

156 

\14 

87 

67 

45 

162 

118 

89 

67 

43 

142 

\18 

93 

72 

47 

108 

\16 

104 

86 

58 

Panel B: The EW Average Monthly Returns During Formation Perioda 

P9 

60 

97 

115 

\15 

92 

PIO 

16 

36 

71 

124 

234 

IVI -14.793 -9.844 -6.059 -3.271 -0.954 1.303 3.798 6.889 11.287 18.183 

lV2 -16.489 -10.210 -6.212 -3.343 -0.971 1.319 3.851 7.057 \1.877 20.189 

IV3 -17.699 -10.430 -6.258 -3.357 -0.958 1.337 3.892 7.130 12.218 22.273 

IV4 -19.497 -10.534 -6.266 -3.326 -0.948 1.367 3.926 7.201 12.443 25.355 

IVS -24.294 -10.601 -6.3\1 -3.324 -0.918 1.421 3.984 7.268 12.599 38.237 

IVI 

IV2 

IV3 

IV4 

IV5 

Panel C: The EW Average Monthly Returns During Holding Perioda 

2.882 1.641 1.358 1.288 1.2\1 1.174 1.086 0.922 0.678 

2.177 

2.509 

2.673 

4.295 

1.844 

1.938 

1.649 

1.807 

1.735 

1.724 

1.377 

1.017 

1.625 

1.481 

1.363 

0.872 

1.464 

1.628 

1.364 

0.658 

1.456 

1.332 

1.024 

0.231 

1.274 

1.227 

1.071 

0.404 

1.115 

1.195 

0.928 

0.042 

Panel D: The Average Market Capita1ization During Formetion Perioda 

0.941 

0.952 

0.743 

-0.180 

0.035 

0.368 

0.775 

0.504 

-0.791 

IVI 94.349 127.996 136.047 141.034 149.008 168.679 199.737 249.635 273.144 227.466 

lV2 65.957 86.056 104.585 117.331 127.613 135.368 149.157 163.041 170.545 152.018 

IV3 

IV4 

IV5 

39.291 50.958 

23.571 28.905 

9.984 12.466 

56.940 62.427 

30.478 32.525 

13.027 14.354 

67.222 71.307 75.189 82.765 88.943 89.121 

34.536 36.053 37.600 40.731 43.904 47.040 

15.196 15.705 15.565 16.379 16.330 16.929 
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Table IV 
PortfoHos Sorted by Idiosyncratic VolatiHty for LIM/N Strategies 

The table reports EW and VW average retmns of five idiosyncmtic volatility portfolios under UMIN 
strategies described in Section I.E. At month t, we fonn quintile portfolios based on the idiosyncratic 
volatility over the L-month period from month t-L-M to month toM, then hold these portfolios for N 
months from month t. To take short-term return reversals into account, we skip the ntiddle M months. 
The colunm "IV5-NI" refers to the difference in monthly retmns between portfolio NS and portfolio 
IVI. Newey-West (1987) robust t-statistics are reported in parentheses. The sample pcriod is from July 
1963 to December 2004. 

Ranking on Idiosyncratic Volatility 
Strategy NI N2 IV3 N4 IV5 N5-IVI 

0.820 0.359 
-0.605 

VW 0.964 1.025 1.087 
(-1.75) 

11111 

EW 1.310 1.364 1.397 1.223 1.284 
-0.025 
(-0.07) 

VW 0.990 1.008 1.025 0.942 0.724 
-0.266 
(-0.80) 

111112 
0.311 

EW 1.303 1.331 1.336 1.323 1.614 (0.91) 

-0.240 
VW 0.967 1.062 1.089 0.901 0.727 (-0.58) 

121111 
0.491 

EW 1.238 1.345 1.362 1.290 1.728 (1.16) 

-0.094 
VW 0.968 1.046 1.048 0.891 0.874 (-0.23) 

12/1112 
0.608 

EW 1.234 1.299 1.358 1.369 1.842 (1.48) 
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Table V 
Characteristics of Portfolios Sorted by Idiosyncratic Volatility Controlling for 

Size and Past Returns 

Each month, we first sort stocks based on size and then, within each size quintile, we sort stocks into five 
portfolios based on the formation month return. This yields 2S size-past return portfolios. Finally, within 
each size-past return portfolio, we sort stocks based on idiosyncratic volatility. The five idiosyncratic 
volatility portfolios are then averaged over each of the 25 size-return portfolios. VW Holding Period 
Returns denotes VW average monthly returns measured in percentage terms during the holding period. VW 
(EW) Formation Period Return statistics are VW (EW) average formation month returns. The VW (EW)-N 
is the value (equaIly)-weighted idiosyncratic volatility of the portfolio in the formation period. The weights 
are based upon the stock's market capitaIization at the end of the previous month. Size is the average oflog 
market capitaIization of firms within the portfolio in the formation month. The row "N5-Nl" refers to the 
difference in monthly returns between portfolio N5 and portfolio IV1. Newey-West (1987) robust 
I-statistics are reported in parentheses. The sample period is from July 1963 to December 2004. 

(I) (2) (3) (4) (5) (6) ill 

IV Sorted VWHolding VW Formation EW Formation 
VW-N EW-N Size Portfolio Period Returns Period Return Period Return 

Nl 0.884 1.815 0.444 3.837 5.334 4.093 

N2 1.135 1.518 0.755 5.366 8.454 4.157 

N3 0.944 1.476 0.960 6.732 11.065 4.066 

N4 0.998 1.563 1.406 8.589 14.570 4.000 

N5 0.706 2.259 3.075 13.273 23.979 3.886 

IV5-Nl -0.178 
(-0.83) 
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Table VI 
Characteristics of Portfolios Soried by the Past Returns Controlling for Size and 

Idiosyncratic Volatlllty 

Each month, we first sort stocks based on size, and then, within eech size quintile, we sort stocks into 
five portfolios on the basis of idiosyncratic volatility. This yields 25 size-N portfolios. Finally, within 
eech size-N portfolio, we sort stocks based on the previous one month returns. The five past 
return-sorted portfolios (from PI to P5) are then averaged over each of the 2S size-N portfolios; PI 
(P5) contains stocks with lowest (highest) return in the fonnation period. VW Holding Period Returns 
denotes VW average monthly retuma measured in pereentage terms during the holding period. VW 
(EW) Fonnation Period Return statistics are VW (EW) average monthly retuma in portfolio fonnation 
month. VW (EW)-N is the value (equally)-weighted idiosyncratic volatility of the portfolio in the 
fonnation period. The weights are based upon the stock's market cepitalizetion at the end of the 
previous month. Size is the average of the log market capitalizetion of firms within the portfolio in the 
portfolio fonnation month. The row "P5-PI" refers to the difference in monthly returns between 
portfolio P5 Bod portfolio PI. Newey-West (1987) robust t-statistics are reported in parentheses. The 
sample period is from July 1963 to December 2004. 

(1) (2) (3) (4) (5) (6) (7) 

EW Form 
Past Return VWHolding VW Fonnation ation VW-N EW-N Size Sorted Portfolio Period Returns Period Return Period R 

etum 

PI 1.243 -7.989 -13.781 6.784 13.035 3.937 

P2 1.102 -2.416 -5.014 6.436 12.433 3.968 

P3 0.828 1.117 0.494 6.473 12.780 4.061 

P4 0.860 4.907 6.623 6.440 12.795 4.138 

P5 0.657 11.344 19.431 6.651 13.909 4.093 

P5-PI 
-0.585 
(-4.56) 

54 



Table VII 
The Time-Series Regression 

This table reports results from the time-series regressions. The dependent variable is the time-series 
return on the strategy (IY5-IVl) that takes a long position in the bighest idiosyncratic risk portfolio and 
a short position in the lowest idiosyncratic risk portfolio. The independent variables include the Fama 
and French (1993) three factors (RM-RF, 5MB, and HML), the momentum factor (UMD), and a 
time-series return on a strategy that takes a long position in the winner portfolio and a short position in 
the loser portfolio (WML). Winner and loser portfolios are formed based on past one month returns. 
Specifically, ten portfolios are formed based on the past one month returns, with PI containing past 
losers and PI 0 containing past winners. "WML" is the difference between the equally-weighted average 
return of the past winners (PIO) and the past losers (PI) during the fonnation pariod. Adjusted 
R-squares are reported in the last colwnn. Newey-West (1987) robust I-statistics are reported in 
pareotheses. The aample pariod is from July 1963 to December 2004. 

Regression Coustant RM-RF 5MB 
Models 

HML UMD WML Adjusted 
R-squares 

2 

3 

4 

-1.339 

(-6.79) 

-1.065 

(-5.40) 

0.112 

(0.16) 

0.272 

(0.41) 

0.353 

(7.33) 

0.317 

(6.74) 

0.357 

(7.46) 

0.322 

(6.86) 

1.447 -0.400 

(23.12) (-5.51) 

1.454 -0.469 -0.266 

(23.96) (-6.58) (-5.71) 

1.455 -0.386 

(23.30) (-5.33) 

-0.028 

(-2.19) 

1.461 -0.460 -0.263 -0.026 

(24.12) (-6.39) (-5.66) (-2.08) 
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TableVm 
Relation between Idiosyncratic Risk and Expected Return: 

Cross-Sectional Evidence 

This table reports the average coefficients of the Fama-MacBeth cross-sectional regressions for all 
NYSEI AMEXlNASDAQ individual stocks over the period from July 1963 to December 2004. Panel A 
reports the cross-sectional regressions without expected idiosyncratic volatility as the explanatory 
variable. In Panel B, the expected idiosyncratic volatilities (ENI) are the realized idiosyncratic 
volatility in the previous month. In Panel C, the expected idiosyncratic volatility (EIV2) is estimated by 
the bast-fit ARIMA model based on an individoa1 stock's rea1ized idiosyneratic volatility over the 
previous 24-month period. In Panel D, the expected idiosyncratic volatilities (EM) is estimated by the 
ARIMA model based on portfolio's realized idiosyncratic volatility over the previous 36-month period 
woo 100 portfolios are formed based on the idiosyncratic volatility of a stock in the previous month. 
In Panel E, the expected idiosyncratic volatility (EN4) is estimated by the GARCH (1,1) model based 
on an individual stock's idiosyncratic volatility over the previous 30-month period. In Panel F, the 
expected idiosyncmtic volatility (ENS) is eatimated by the EGARCH (1,1) model based on an 
individual stock's realized idiosyncratic volatility over the previous 30-month period. Beta is estimated 
using the 100 sizelbeta sorted portfolio following Fama and French (1992). Size is the log of market 
cspitalization and BIM is the log of book-to-market in the previous month as defined by Fama and 
French (1992). Rt-l is an individual stock's previous one-month return. RR'_I is the stock's 

demeaned return during the previous month. The demeaned return is the difference between an 
inclividoa1 stock's return at month t-I and the average of the stock's return over the period from t-36 to 
t-\' We run the cross-sectional regression every month and report the time-series avemges of the 
coefficients. The t-statistics are reported in the parentheses. The (-statistics for the betas are adjusted 
using the Shanken (1992) correction factor. The t-statistics for the other variables are Newey and West 
(1987) consistent 

Intercept Beta Size BIM EN 

Panel A: Regression without Expected Iclinsyncratic Volatility 

2.289 -0.004 -0.147 0.381 -0.068 
(7.66) (-0.01) (-3.23) (4.90) (-14.02) 

2.288 
(7.61) 

0.005 
(0.02) 

-0.160 0.386 
(-3.75) (5.11) 

-0.907 
(-15.92) 

Panel B: Regression with Expected IcliOS)'!lC!lUic Volatility ENI 

2.505 0.018 -0.188 0.301 -0.019 
(8.29) (0.08) (-4.79) (4.25) (-2.44) 

2.044 -0.007 -0.109 0.384 0.000 -0.070 
(6.75) (-0.03) (-2.83) (5.22) (0.15) (-14.57) 

2.123 0.009 -0.132 0.387 -0.000 -0.912 
(6.81) (0.04) (-3.57) (5.40) (-0.51) (-16.74) 

Panel C: R'W"'!"ion with Expected Idiosyncratic Volatility EN2 

2.469 -0.090 -0.183 0.313 -0.003 
(7.95) (-0.43) (-4.92) (4.22) (-0.25) 

2.153 -0.040 -0.123 0.386 0.002 -0.072 
(6.70) (-0.173) (-3.24) (5.03) (0.18) (-14.87) 

2.161 -0.044 -0.138 0.393 0.004 -0.944 
(6.57) (-0.19) (-3.79) (5.25) (0.29) (-16.57) 

Panel D: Regression with Expected ldi0sY11cratic Volatility EN3 
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2.809 -0.065 -0.212 0.298 -0.027 
(9.21) (-0.29) (-5.43) (3.9S) (-3.2S) 

2.281 -0.064 -0.124 0.384 -0.006 -0.072 
(7.39) (-O.26) (-3.22) (4.91) (-0.63) (-14.68) 

2.346 -0.068 -0.143 0.391 -0.009 -0.945 
(7.36) (-0.28) (-3.85) (5.17) (-1.00) (-16.60) 

Panel E: Regression with Expected Idiosyncratic Volatility EN4 

2.678 0.053 -0.214 0.279 -0.024 
(9.53) (0.24) (-5.48) (4.11) (-2.89) 

2.139 0.0219 -0.130 0.385 0.003 -0.071 
(7.43) (0.09) (-3.35) (5.42) (0.37) (-14.50) 

2.310 0.025 -0.162 0.378 -0.006 -0.904 
(7.78) (0.10) (-4.25) (5.38) (-0.69) (-16.38) 

Panel F: Regression with Expected Idiosyncratic Volatility ENS 

2.444 -0.032 -0.188 0.307 0.000 
(8.SS) (-O.13) (-4.39) (4.21) (0.10) 

2.200 0.036 -0.139 0.378 0.002 -0.069 
(7.56) (0.14) (-3.24) (5.02) (0.54) (-14.32) 

2.262 0.013 -0.157 0.384 0.001 -0.905 
(7.69) (0.05) (-3.87) (5.18) (0.11) (-15.90) 
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Table IX 
Relation between Idiosyncratic Risk and Expected Return: 

Cross-Sectional Evidence with Winner Stocks Excluded 

This table reports the average coefficients of the Fama-MacBeth cross-aectional regressions for all 
individual NYSE/ AMEXlNASDAQ stocks over the period from July 1963 to December 2004. Each 
month, we exclude the SO winner stocks that have the highest returns over the previous one month. All 
variables are the same as those in Table VIII. We run the cro .... sectioual regression every month and 
report the time-series averages of the coefficients. The I-statistics are reported in the parentheses. The 
I-statistics for the betas are a4justed using the Sbanken (1992) correction factor. The I-statistics for the 
other variables are Newey and West (1987) consistent 

Intercept Beta Size BIM EN R,-I RR,-I 
Panel A: Regression without Expected Idiosyncratic Volatility 

2.240 -0.001 -0.139 0.379 -0.076 
(7.47) (-0.003) (-3.08) (4.88) (-14.59) 

2.300 
(7.59) 

0.006 
(0.02) 

-0.166 0.373 
(-3.91) (4.929) 

-0.903 
(-15.60) 

Panel B: Regression with Expected Idiosyncratic Volatility ENI 

2.404 -0.014 -0.179 0.302 -0.000 
(7.84) (-0.07) (.4.62) (4.27) (-1.l4) 

2.028 0.008 -0.105 0.378 -0.000 -0.078 
(6.57) (0.03) (-2.74) (5.17) (-0.23) (-15.42) 

2.057 -0.007 -0.128 0.379 -0.000 -0.909 
(6.42) (-0.03) (-3.46) (5.30) (-0.06) (-17.03) 

Panel C: Regression with Ex~ted Idiosyncratic Volatility EN2 

2.409 -0.108 -0.181 0.308 0.005 
(7.66) (-0.51) (.4.84) (4.13) (0.37) 

2.103 -0.051 -0. liS 0.385 0.003 -0.080 
(6.45) (-0.22) (-3.01) (4.99) (0.21) (-15.19) 

2.109 -0.060 -0.136 0.384 0.007 -0.939 

(6.30) (-0.26) (-3.72) (5.12) (0.57) (-16.66) 

Panel D: Regression with Expected Idiosyncratic Volatility EIY3 

2.688 -0.092 -0.201 0.297 -0.017 
(8.72) (-0.41) (-5.18) (3.94) (-1.84) 

2.276 -0.059 -0.122 0.380 -0.009 -0.08 
(7.27) (-0.24) (-3.15) (4.84) (-0.93) (-15.23) 

2.286 -0.083 -0.140 0.384 ,0.005 -0.945 
(7.03) (-0.34) (-3.76) (5.06) (-0.55) (-16.90) 

Panel E: Regression with Expected Idiosyncratic Volatility EN4 

2.520 -0.018 -0.200 0.293 -0.004 
(8.94) (-0.09) (-5.33) (4.40) (-0.41) 

2.19 0.019 -0.132 0.370 -0.002 -0.0780 
(7.51) (0.083) (-3.49) (5.28) (-0.20) H5.16) 

2.240 -o.Ql8 -0.156 0.376 0.002 -0.909 
(7.42) (-0.08) (.4.26) (5.43) (0.16) (-16.67) 

Panel F: Regression with Expected Idiosyncratic Volatility ENS 
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2.46 -0.036 -0.196 0.300 0.005 

(8.64) (-0.15) (-4.60) (4.10) (1.33) 

2.17 0.024 -0.133 0.373 0.003 -0.077 
(7.41) (0.09) (,3.17) (4.94) (0.75) (-14.66) 

2.253 0.004 -0.160 0.375 0.002 -0.901 

(7.64) (0.016) (-3.97) (5.05) (0.47) (-16.01) 
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Table X 
Robustness Test 

This table reports the avemge coefficients of the Fama-MacBeth cross-sectional regressions for all 
NYSEIAMEXINASDAQ individual stocks over the period of July 1963 to December 2004. The 

variables Beta, Size, BIM, R,-I are the same as explained in Table VIII. FF-N is the idiosyncnJtic 

volatility relative to the Fama-French (1993) model. CAPM-IV is the idiosyncnJtic volatility relative to 
the CAPM model. Total-N is computed from standard deviation of the daily TaW returns. We calculate 
the idiosyncnJtic volatility using daily data over the previous month. Leverage is the log of the ratio of 
total book value of assets to book value of equity. MOM is the cumulative return from month 1-7 to 1-2, 
where I is the current moath. The returns of the immediate prior month (I-I) are excluded to avoid any 
spurious association between the prior month return and the current moath return caused by thin 
trading or bid-ask spread effects (Jegadeesh (1990». TURN is the average share turnover in the past 36 
moaths. lrBeta represents the Pastor and Stambaugh (2003) historical liquidity beta. The I-statiatics are 
reported in parentheses. The I-statistics for betas are edjusted using the Shanken (1992) correctioa 
factor. The I-statistics for other variables are Newey and West (1987) coosistant. 

NYSEIAMEX All Stocks 
Stocks only 

1.963 1.909 1.869 2.170 2.139 1.862 1.999 2.037 2.166 
Intercept 

(7.12) (5.66) (5.52) (8.18) (7.24) (6.75) (6.35) (8.36) (8.05) 

0.020 -0.007 -0.007 -0.030 -0.060 0.175 0.012 0.108 -0.063 
Beta 

(0.01) (-0.03) (-0.03) (-0.14) (-0.27) (0.85) (0.05) (0.55) (-0.27) 

-0.083 -0.114 -0.110 -0.107 -0.128 -0.090 -0.106 -0.105 -0.118 
Size 

(-2.38) (-3.01) (-2.86) (-2.76) (-3.32) (-2.37) (-2.70) (-2.73) (-2.98) 

0.295 0.384 0.384 0.372 0.360 0.330 0.375 0.294 0.344 
BIM 

(4.03) (5.18) (5.23) (4.93) (4.84) (4.68) (5.04) (3.99) (4.49) 

R,-I 
-0.067 -0.070 -0.070 -0.071 -0.071 -0.074 -0.073 -0.083 -0.081 

(-12.25) (-14.52) (-14.54) (-14.97) (-14.82) (-15.52) (-14.78) (-19.42) (-18.57) 

-0.000 0.000 -0.000 -0.000 0.000 0.000 0.000 
FF-IV 

(-1.50) (0.34) (-0.24) (-0.00) (0.34) (0.08) (0.231) 

CAPM-IV 
-0.184 
(-0.21) 

Total-IV 
0.090 
(0.10) 

-0.135 -0.113 -0.110 
Levemg. 

(-2.03) (-1.78) (-1.65) 

0.005 0.007 0.007 
MOM 

(3.15) (3.91) (3.80) 

TURN 
-1.960 -2.827 

(-1.451) (-1.99) 

lrBeta 
0.007 -0.005 
(0.09) (-0.08) 
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Portfolio ranking: Loser(l) and winner(lO) 

Figure 1. Idiosyncratic Volatility for Past Performance Sorted Portfolios 

This figure plots the EW (VW) average percentage level of the idiosyncratic volatility for the portfolios 
sorted by return performance in the previous one-month formation period. Portfolio 1 (\0) is the loser 
(winner) portfolio. The idiosyncratic volatility of a portfolio is the EW (VW) average of the 
idiosyncratic volatilities of all the stocks within the portfolio. 
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Panel A: The Num ber of Stocks in 50 Portfolios Sorted on Idiosyncratic Volatili ty and the 
Previous One Month Return 
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Panel 8 : Return Difference bch\o'ccn Formation Period and Holding Pcriod for 50 Portfolios 
Sorted by Idiosyncratic Volatili ty and Previous One-Month Formation Period Return 
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Panel C: The Average Market Capita lization (in Million Dollars) of 50 Portfolios Sorted by 
Idiosyncratic Volatility and the Previous One-Month Formation Period Return 

300 
~ 

'" ... 
250 '" -

~ 
~ 

0 

'" 
" 

200 
0 

. ~ 

~ 

~ 150 
::< 

" 100 
c. 
Ol 

u 
... 50 
-'" 

"" a 

r-

~ 
IVI IV2 IV3 

,rITlII 
l V4 IV5 

I. 

-o Pl' 
. P2 

OP3 

oP4 

• P5 

O P6 

. P7 

o PB 

. P9 

• Pia 

Figure 2. The Characteristics of Idiosync ratic Volatility-Sorted Portfolio and 
Past One Month Return-Sorted Portfolios 

This figure shows the average number of stocks (Panel A), the difference between the average 
one-monlh holding period return and the average one-month formation period return (Panel 8), and the 
average market capitalization (Panel C) for cach of lhe 50 portfolios sorted independently by 
idiosyncratic volati lity and the previous one monlh (formation period) returns. 

63 



1.2 ,--------------------------------------, 

O. 8 

'" 
-+- JV 1 

" 0. 6 ... -II- IV2 
~ 
~ 

w IV3 

'" ,. O. 4 , IV4 
> 

-4- IV5 

2 3 4 5 6 7 8 9 10 11 12 13 

- 0. 2 

Month t 

Figure 3. Post-Formation Returns of Five Idiosyncratic Volatility Portfolios 

This figure tracks the value-weighted average returns on IV-sorted quinli lc portfolios from the first 
month to 13 months after the portfolios arc fonned. At month I, we Conn fi ve idiosyncratic vo latili ty 
portfolios based on the idiosyncrat ic vo lati lity at month r-I, and hold these portfolios from month t to 
month t+ 12. We then ca lculate the va lue-weighted returns of the fi ve portfolios over 13 months after 
they arc formed. The weights arc the stock market capitali zation at the end of the fannalion period, i.c. 
month 1- 1. PorI fol io IV 1 (5) is the port folio of stocks with the lowest (highest) idiosyncratic volat ility. 
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Information Content and Return Reversals 

Dissertation Essay II 

ABSTRACT 

There are two approaches to explain the short-term return reversals. Liquidity 
hypothesis argues that non-informational trades generate return reversals and 
informational trades cause return continuations. While overreaction hypothesis 
suggests that return reversals are caused by informational trades, and stocks with 
more ftrm-speciftc information exhibit stronger return reversals since investors 
overreact to. ftnn-speciftc infonnatio.n. Using idiosyncratic volatility to. proxy the 
amo.unt o.f ftrm-speciftc info.rmation co.ntained in prevailing stock trading activities, 
this study distinguishes the above two. explanatio.ns by examining the relatio.n between 
short-term return reversals and idio.syncratic vo.latility. I ftnd that stocks with mo.re 
ftrm-speciftc info.rmatio.n hence higher idio.syncratic vo.latility display greater return 
reversals, and this relation is ro.bust after trading vo.lume and illiquidity are co.ntro.lled. 
Our study supports overreact inn hypothesis and indicates information content playa 
very important ro.le in explaining sho.rt-term return reversals. 
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There is adequate evidence showing that individual stock returns exhibit strong 

short-term return reversals, 1 however little agreement is achieved on sources of 

short-term return reversals. Many studies, e.g., Conrad, Kaul, and Nimalendran 

(1991), Jegadeesh and Titman (1995a), Conrad, Gultekin, and Kau! (1997) and 

Liorente, Michaely, Saar and Wang (2002) argue that liquidity issues such as 

inventory effects or bid-ask bounce are causes of these reversals. While others, such 

as Jegadeesh and Titman (1995b), Cooper (1999) and Mase (1999), Subrabmanyarn 

(2005) suggest that investors' overreaction and belief reversion drive the short-term 

return reversals. 

The liquidity hypothesis usually relates short-term return reversals to liquidity 

motivated trading activities; it argues that non-informational trades generate return 

reversals while informational trades cause return continuations, whereas the 

overreaction hypothesis suggests that return reversals are caused by informational 

trades, and stocks with more firm-specific information should exhibit stronger return 

reversals as investors overreact to firm-specific information. 

In this paper, assuming that stocks with more firm-specific information have more 

informational trades, we argue that the key to distinguishing between liquidity-based 

and overreaction-based explanations for return reversals is the amount of firm-specific 

information contained in prevailing stock trading activities. If it is the investor's 

overreaction to firm-specific information that arouses short-term return reversals, we 

would expect stocks with more firms-specific information to display greater return 

reversals, and stocks with less firms-specific information do not. On the other hand, as 

suggested by the liquidity hypothesis, if short-term return reversals are ouly generated 

I For example, Jegadees\1 (1990) finds that negative finn-order correlation in monthly stock returns is highly 
significant; He reports prafi'" of about 2% per month from a contrarian strategy that buys loser stocks and .. lis 
winoer stocks based on their prior-month returns and holds them for one month. Similarly, Lehmann (1990) finds 
that short-term contrarian strategy haaed 00 a stock's ooe-week return generates positive profits. 
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by price pressures associated with non-informational trades, stocks with less 

firm-specific information are then expected to display greater return reversals since 

they have less informational trading. 

Since firm-specific information can not be measured directly, we use idiosyncratic 

volatility (N) to proxy the amount of firm-specific information, and then examine the 

relation between short-term return reversals and idiosyncratic volatility. If short-term 

return reversa1s are due to overreaction to firm-specific information, and stocks with 

more firm-specific information hence higher idiosyncratic volatility tend to display 

greater return reversals, we should observe positive relation between short-term return 

reversals and idiosyncratic volatility. On the other hand, if non-informational trades 

are the cause of short-term return reversals, we should expect negative relation 

between short-term return reversals and idiosyncratic volatility, because lower 

idiosyncratic volatility stocks have less firm-specific information and more 

non-informational trades, and they should have greater return reversa1s. Therefore, we 

can distinguish the above two explanations by viewing the relation between 

short-term return reversa1s and idiosyncratic volatility. To the best of our knowledge, 

such a framework has not yet appeared in the literature. 

Using the sample of U.S. stocks over the period from 1963 to 2005, first, we find 

positive relation between return reversa1s and idiosyncratic volatility, in other words, 

higher idiosyncratic volatility stocks experience greater return reversals than lower 

idiosyncratic volatility stocks, which favors the overreaction hypothesis. 

Next we decompose contrarian profits into three parts as suggested by Jegadeesh 

and Titman (1995b), and then examine the direct relation between IV and contrarian 

profits attributed to fIrm-speciflc information. Specifically, we construct five portfolios 

based on the ranking of individual stock's IV, then for each portfolio, we decompose their 
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contrarian profits into three sources: lead-lag structure, overreaction to firms-specific 

infonnation, and cross-sectional variance of expected returns. The results confirm 

prediction of the overreaction hypothesis again. It shows that (1) almost all contrarian 

profits are attributed to overreaction to firms-specific infonnation; (2) as idiosyncratic 

volatility increases, contrarian profits due to overreaction also increases, and highest IV 

stocks earn largest overreaction contrarian profits. 

To furlher examine if overreaction hypothesis provides a better explanation for 

return reversals than liquidity hypothesis, trading volume is then introduced. The 

liquidity hypothesis implies that the degree of return reversals should be positively 

(negatively) related to trading volume fur low (high) idiosyncratic volatility stocks, 

whereas the overreaction hypothesis suggests that only high IV stocks exhibit greater 

return reversals as trading volume increases, and there is no relation between return 

reversals and trading volume for low IV stocks; our evidence shows no significant 

relation between trading volume and return reversals for lowest idiosyncratic 

volatility stocks; however, very strong return reversals appear within highest 

idiosyncratic volatility stocks during high volume period, which is also inconsistent to 

the liquidity hypothesis but support the viewpoint of overreaction hypothesis. 

Lastly, according to Avrarnov, Chordia and Goyal (2006), the liquidity hypothesis 

implies that stock illiquidity enhances the return reversals for low idiosyncratic 

volatility stocks, but generates return continuations for high idiosyncratic volatility 

stocks. Yet we find smaller rather than larger return reversals in illiquid and low IV 

stocks, and very large return reversals in illiquid and high IV stocks, which challenges 

the liquidity hypothesis again. 
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In general, our study supports overreaction hypothesis, arguing that return reversals 

documented by many empirical studies are mostly driven by market overreaction to 

firm-specific information; rather than liquidity issues. 

The paper is organized as follows. Section I illustrates the background and motivation 

of this study. Section II describes the sources of our data, as well as sample selection 

criteria, and methods applied in estimating idiosyncratic volatility. Section ill examines 

the cross-sectional relation between return reversal and idiosyncratic volatility, and shows 

how trading volume and liquidity impact this relation. Section IV demonstrates the 

robustness of our resuJts. Section V is a short discussion and conclusion. 

I. Background and Motivation 

Theoretical models on sources of short-term return reversals generally follow two 

approaches: liquidity approach or overreaction approach. The former argues that 

return reversals occur when market lacks sufficient liquidity to offset price pressures 

generated by non-informational trading [see Campbell, Grossman, and Wang (1993) 

(henceforth COW model), Wang (1994), Jegadeesh and Titman (1995a), Liorente, 

Michaely, Saar and Wang (2002) (henceforth LMSW model)]. For example, in 

LMSW model, two reasons are assumed as investors' trading motive: to rebalance 

their portfolios for risk sharing, or to speculate on their private information; these two 

types of trades, named hedging trades and speculative trades, have different 

information contents and hence result in different return dynaruics. When some 

investors without private information sell a stock for hedging reasons, a decrease in 

stock price is required to attract buying from other investors, resulting in a low return 

in the current period. However, since expectation of future stock payoff still remains 

the same, the temporary low price eventually reverts in the next period, leading the 

occurrence of return reversals. On the other hand, when some investors with private 

information sell a stock for speculative reasons, its decreased price reflects negative 
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private information about its future payoff. Since this information is only partially 

impounded into the price, the low return in the current period will be followed by a 

low return in the next period, bringing forth return continuation. In short, LMSW 

model predicts that non-informational hedging trades generate return reversals while 

informational speculative trades contribute to return continuations. 

The second approach to explain short-term return reversals is based on overreaction 

hypothesis, proposed by Jegadeesh and Titman (l995b). This approach argues that 

return reversa1s are triggered by investors' overreaction to firm-specific information. 

This means, when important information is released, stock price may overshoot due to 

investor's excessive optimism or pessimism, resulting in a temporary price deviation 

from its foundational value. However, after investors realize their mistakes, return 

reversals will occur as correction of prior overreaction. Therefore, in contrast to 

liquidity hypothesis, the overreaction hypothesis suggests that return reversals are 

caused by informational trades, and more firm-specific information leads to stronger 

return reversa1s. 

To understand sources of short-term return reversals, this study tries to distinguish 

these two explanations by examining the relation between short-term return reversals 

and firm-specific information. Since fimt-specific information can not be observed 

and measured directly, we use idiosyncratic volatility (IV) to proxy the amount of 

firm-specific information contained in stock trading activities. Here the reason why 

idiosyncratic volatility can proxy for amount of fimt-specific information can be 

better understood in the context of existing literatore on stock return variance 

decomposition. In the framework of Campbell (1991) and Vuolteenaho (2002), stock 

returns are driven by news on expected cash-flows (cash-flows news) and discount 

rate (expected-return news); the return variance can also be decomposed into the 
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variance of expected-return news and cash-flow news, the latter being obviously 

firm-specific information. Vuolteenaho (2002) finds that most market-adjusted return 

variances 2 are contributed by variances of cash-flow news, indicating that 

idiosyncratic volatility is mostly driven by changes in firm-specific information; 

hence idiosyncratic volatility is a good proxy for amount of firm-specific information. 

Other empirical studies also show that firm- specific information, such as news about 

future cash flows, is the dominant factor driving firm-level stock returns and 

idiosyncratic volatility. For instance, Pastor and Veronesi (2003) and Wei and Zhang 

(2004) identifY a positive contemporaneous correlation between stocks' idiosyncratic 

volatility and the variance of return on equity. Irvine and Pontiff (2005) find that trend 

in cash flow volatility mirrors that of idiosyncratic stock return volatility. And Jiang, 

Xu, and Yao(2007) find firms with poor prospect of future earnings tend to disclose 

less information, resulting in higher stock return volatility. 

By using idiosyncratic volatility to proxy the amount of firm-specific information 

contained in stock trading, we are able to distinguish two explanations of short-term 

return reversal sources. If short-term return reversals are merely due to overreaction to 

firm-specific information, we would expect stocks with higher idiosyncmtic volatility 

to display greater return reversals, while stocks with lower idiosyncratic volatility 

demonstmte the opposite. Intuitively, stocks with more firm-specific information will 

have a higher level of idiosyncmtic volatility and, according to theory of overreaction, 

they should experience greater return reversals. On the other hand, if price pressures 

associated with non-informational trades are the cause of short-term return reversals 

as suggested by liquidity hypothesis, we should expect a greater return reversals on 

lower idiosyncratic volatility stocks since less firm-specific information is involved; 

2 In Vuolteenaho (2002), the definition of individual stock market-adjusted return variance is esseotially the same 
as the definition of CAPM-based idiosyncratic volatility in our paper. 
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and, as high idiosyncratic volatility stocks is equipped with more firm-specific 

information and therefore more informational trades, they should experience greater 

return continuation or at least less return reversa1s. 

n Data and Methods 

A.Sample 

Our sample includes all common stocks traded on New York Stock Exchange (NYSE) 

and American Stock Exchange (AMEX)3 from July 1963 to December 2005. We obtain 

daily and monthly return data from the Center for Research in Security Prices (CRSP) 

and book values of individual stocks from COMPUSTAT. We use the 

NYSElAMEXlNASDAQ index return as the market return and one-month Treasury 

bill mte as the proxy for the risk-free mte. 

To ensure that our results are not affected by extremely illiquid stocks, following 

A vramov, Chordia and Goyal (2006), we exclude all stocks with share prices below $1 

at the end of last month. Additionally, we exclude any stock that has less than 17 daily 

return observations within every month. This exclusion is necessary to allow for 

calculation of idiosyncratic volatility and other control variables for each stock. 

B. Idiosyncratic Volatility Measure 

In geneml, one estimates idiosyncmtic volatilities from the residuals of an asset 

pricing model. In this study, we measure idiosyncratic risk following Ang et al. 

(2006). For each month, we run the following regression on finns that have at least 17 

daily return observations in that month: 

'We also include NASDAQ stocks in the robustness test. the resuifll ore quaJitatively similar. 
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where, for day d in the portfolio formation period month t, r,~d is stock j's excess 

return, MKT,.d is the market excess return, 5MB'.d and HML,.d represent the 

returns on portfolios formed to capture the size and book-to-market effects, 

respectively, and e:,d is the resulting residual relative to the Fama-French(1993) 

three-factor model. 4 We use standard deviation of daily residuals in month t to 

measure individual stock's idiosyncratic risk. 5 6 

C. Liquidity Measure 

Liquidity refers to the ability to be quickly bought or quick sold of a stock in the 

market without causing a significant movement in the price. Following Amihud (2002) 

and A vramov, Chordia, Goyal (2006), we measure monthly illiquidity as the average 

of daily price impacts of the order flow, i.e., the daily absolute price change per dollar 

of daily trading volume. 

We define the illiquidity as the mtio of daily absolute return to the dollar trading 

volume: 

(2) 

where Ii.d is the stock return on day d at month t and VOI,.d the dollar volume. 

The average is computed over all days with nonzero volume in the month t. 

D. Trading Volume Measure-Standardized Turnover Rate 

The individual stock's turnover mte is often used to measure a stock's relative 

4 w. thank Kenneth French for our use of data available on his_. 
, w. also use the standard deviation of the residual from the capital asset pricing mod.l (CAPM) and the return 
itself to measure idiosyncratic volatility and obtain qualitatively similar results. 
• To meaaure the monthly idioayrtCnltic volatility of stock I, we fonow French et at. (1987) and multiply the 

standard deviation of deity residuals in month t (STD,.,) by..r;;; ,where nil is the number of trading daya 

during month t. Therefore IV,I =..r;;; STDI1 is stock r. realized idiosyncratic volatility in month t. 
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trading volume, which is calculated as the number of shares traded per month divided 

by the number of shares outstanding. However, many earlier empirical litemtures on 

stock liquidity also use turnover mte to proxy for stock's liquidity. The turnover mte is 

potentially correlated to the Amihud illiquidity MO, which would bias our empirical 

results. In fact, in our sample, the avemge cross-sectional correlation between the 

turnover mte and the Amihud illiquidity ratio is -0.101, which is not negligible. Using 

the standardized turnover mte as the measurement indicator for trading volume will 

reduce this bias substantially. 

The standardized turnover rate is defined as stock i's turnover mte at month t minus 

the mean of its avemge turnover mte over the past 12 months, and then divided by 

standard deviation. 

SV04 = TURNOVE~" - Mean(TURNOVER) 
,I STD(TURNOVER) 

(3) 

Now the average cross-sectional correlation between the standardized turnover me and 

the Amihud illiquidity mtio is only -0.037, which become much smaller than that of the 

turnover mte and the Amihud illiquidity MO. 

Another support to application of standardized turnover mte as a measurement to 

relative trading volume is that liquidity hypothesis implies that it is the unexpected or 

excess trading activities that genemte liquidity pressures and subsequent return reversals, 

hence the standardized turnover mte is a better variable to assess unexpected or excess 

trading volume.7 

m. The Relation between Return Reversal and Idiosyncratic Volatillty: Main 

Empirical Results 

A. Relation between Return Reversal and Idiosyncratic Volatility 

1 Our results keep the same when the trading volume is measured as the tumover rate. 
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Return reversals (Jegadeesh (1990» refer to the empirical evidence that winner 

(loser) stocks with higher (lower) returns in the formation month t tend to have lower 

(higher) returns in the holding month t+ I. To examine whether idiosyncratic volatility is 

related to return reversals, we first construct quartile portfolios based on the ranking of 

idiosyncmtic volatility of each individual stock at month t; portfolio IVI (IV 4) is the 

portfolio of stocks with lowest (highest) idiosyncratic volatility. The stocks are also 

independently allocated to four portfolios based 00 their one-month returns at the same 

month. PI1P4 represents winnersllosers portfolios, with PI containing past losers and P4 

cootaining past winners. The breakpoints for stock returns sorting are independent of 

the idiosyncmtic volatility sorting, and therefore sequence of these two sortings does 

not matter. This procedure creates 16 idiosyncmtic volatility-past return portfolios and 

they are rebalanced each month. For simplicity, we define portfolio based on past 

return and idiosyncmtic volatility, for example, portfolio P2-IV3 contains stocks in 

past return portfolio P2 and idiosyncratic volatility portfolio IV3 simultaneously. 

The magnitude of return reversals depends on both formation period return at 

month t and holding period return at month t+ I. In order to compare the magnitude of 

return reversals at different idiosyncmtic volatility level, for each of the 16 past 

return-IV sorted portfolios, panel A and B of Table I report the avemge monthly 

returns in the holding month t+ I and in the formation month t respectively, and panel 

C reports the return difference between two months. Since we are following a stmtegy 

of independently sorting stocks into past return-IV portfolios, it is possible that some 

of these portfolios may only have a few or no stocks. Panel D reports the average 

number of stocks within each portfolio, which indicates that each portfolio has 

enough stocks, and therefore our results do not suffer from small sample bias. 

Panel A, B, and C clearly illustrate that stocks with higher idiosyncratic volatility 
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experience stronger return reversals. For example, when we focus on loser portfolio 

PI, the return of the portfolio P1-IV1 changes from -7.73% in fonnation period to 

1.61 % in holding period, the return difference being 9.34%. As idiosyncratic 

volatility level increases, this return difference increases to 10.86% for P1-IV2, 

12.43% for P1-IV3, and 15.83% for P1-IV4. The winner portfolio P4 also experiences 

strong return reversals as well. P4-IV1 portfolio has -8.83% return difference between 

holding month t+ I and fonnation month t, and this return difference increases up to a 

large number of -21.12% for P4-IV4 portfolio. 

Moreover, panel A of Table I discovers that high idiosyncratic volatility stocks 

make more profits than low idiosyncratic volatility stocks by using the contrarian 

strategy that buys loser (PI) stocks and sells winner stocks (P4). The contrarian 

profits increase monotonically across IV portfolios, rising from 0.75% per month to 

1.81 % per month from the lowest to highest IV portfolio. Difference in contrarian profits 

between the highest IV portfolio and the lowest IV portfolio is economically and 

statistically significant at 1.07% per month with t-value 4.84. 

Thus, high idiosyncratic volatility stock portfolio exhibits more reversals than low 

idiosyncratic volatility stock portfolio. These results are consistent with overreaction 

hypothesis in that higher idiosyncratic volatility stocks usually have more 

finn-specific information and hence greater short-tenn return reversals. 

B. What drives the contrarian prof/ts? 

Although Table I illustrates that higher idiosyncratic volatility stocks shows greater 

contrarian profits, it is still not clear whether the contrarian profits of high IV stocks 

are really driven by investor's overreaction to firms-specific infurmation, since 

contrarian profits may have other sources. For example, Lo and MacKinlay (1990) 

argue contrarian profits may also arise when the retums of some stocks react faster to 
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information than other stocks; i.e. the returns of the former lead the returns of the later 

stocks. Lo and MacKinJay find that such a lead-lag relationship is an important source 

of contrarian profits. However, Jegadeesh and Titman (1995b) suggest that the 

measure of contribution of the lead- lag effect to contrarian profits used in the Lo and 

MacKinlay study may be misleading, they proposed a novel methodology to 

decompose contrarian profits into three sources: overreaction to firms-specific 

information, lead-lag structure, and cross-sectional variance of expected returns, and they 

fiod that most of the profits are due to firm-specific overreaction. 

We attempt to examine whether idiosyncratic volatility is positively related to 

contrarian profits attributed to firm-specific information. Follow Jegadeesh and 

Titman (1995b), we run the following regression on each firm that has at least 60 

monthly return observations in the sample period: 

r,' = a' + P'wao . MKT, + P'M1<T1 . MKT,_I + P~o . 5MB, + P~I . 5MB,_I 

+ P~MLO . HML, + P~MLI . HML,_t + e: (4) 

where r,' is the stock j's excess monthly return at month t, p~ the month t 

sensitivity of stock i to the contemporaneous monthly FF factor realisation, P: the 

month t sensitivity of stock i to the lagged FF factor realization, and e: the resulting 

idiosyncratic component of return relative to Fama-French three-fuctor model. 

Then we construct four portfolios based on the ranking of an individual stock's average 

monthly N over the sample period; portfolio Nl (N4) is the portfolio of stocks with 

lowest (highest) average idiosyncratic volatility level. According to Jegadeesh and 

Titman (1995b), contrarian profits of each N portfolio are decomposed as follows: 

(5) 

(6) 
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(7) 

(8) 

For each N portfolio, the contrarian profits 1t can be decomposed into three parts: 

K 

- L8k(T~ ,-n, and-a-; are estimates of contrarian profits due to lead-lag structure, 
k.l 

overreaction to firms-specific information, and cross-sectional variance of expected 

returns, respectively. Here -n is the measure of contrarian profits attributed to 

firm-specific information, which is the average serial covariance of idiosyncratic 

component of returns (and is determined by stock price reactions to firm- specific 

information). If stock prices tend to overreact to firm-specific information and correct 

the overreaction in the following period, n will be negative, and the contrarian profits 

attributed to firm-specific information -n will be positive. 

Table IT presents estimates of three sources of contrarian profits for each of four N 

portfolios. It shows that n, the average autocovariance of idiosyncratic component of 

returns from equation (4) are negative for all four N portfolios, which indicates that a 

idiosyncratic component of stock returns in one month is, on average, reversed in the 

following month, meaning that stock prices do overreact to firm-specific information. 

Evidence also shows that almost all contrarian profits are due to overreaction to 

firms-specific information, while the other two factors, lead-lag structure and 

cross-sectional variance of expected returns, contribute very little or even undermine 

contrarian profits. Moreover, as idiosyncratic volatility increases, the contrarian profits 

due to overreaction also increases, highest N stocks earning largest overreaction 

contrarian profits. 

However, Jegadeesh and Titman (1995b) have showed a strong negative relation 

between firm size and overreaction-related profits; Malkiel and Xu, (2002) and Aog et al. 
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(2006) also demonstrated a strong negative relation between fum size and IV. Therefore 

the positive relation between IV and overreaction-related contrarian profits we observe 

here may be specious and just a manifestation of well-known size effect. To test this 

possibility, we perform a two-way sort to exanrine the relation between IV and 

overreaction-related profits with controlling on firm size. We first construct four 

portfolios based on the ranking of average monthly idiosyncratic volatility of 

individual stock as we did in Table II; next stocks are independently allocated to four 

portfolios based on their average fum size, and sizel to size4 are portfolios with smallest cap 

or largest cap stocks. Contrarian profits for 16 size-IV sorted portfolios are then 

decomposed into three parts following the same method in Table II. Table ill presents 

estimates of three sources of contrarian profits. Clearly, within each of the four size 

portfolios, higher IV stocks still earn larger overreaction related contrarian profits, 

showing that there is a strong positive relationship between IV level and overreaction 

related contrarian profits even fum size is controlled. Evidence here provides direct proof 

to support overreaction hypothesis in that contrarian profits of high IV stocks are driven 

by investor's overreaction to firms-specific ioformation. 

C. Controllingjor Trading Volume 

In this section, we introduce trading volume and attempt to differentiate two 

hypotheses by examining the inter-relation between return reversals, idiosyncratic 

volatility and trading volume. Trading volume plays an important role in explaining 

return reversals in both liquidity hypothesis and overreaction hypothesis. For example, 

assuming high trading volume can only be generated by non-informational trades, 

COW model predicts that price changes accompanied with high trading volume 

should revert while price changes with low trading volume might not revert. Wang 

(1994) and LMSW (2002) go further and correctly argue that high trading volume 

79 



could be generated by both informational trading and non-informational trading, and 

price change coinciding with non-informational trading volume should revert, while 

price change co-occurring with informational trading volume wilI continue. Hence 

Wang(1994) and LMSW(2002) gauge that stocks with a high (low) degree of 

informational trading tend to exhlbit positive (negative) return autocorrelation in 

periods of high volume. In pmctice, empirical support for the role of trading volume 

advocated by CGW model has been provided by Conmd, Hameed, and Niden (1994) 

based on a sample of NASDAQ stocks; Cooper (1999) also provides support for 

Wang (1994) that price continuations are accompanied with high trading volumes 

when informed investors decide their trades based on information. 

Providing idiosyncmtic volatility measures the magnitude of firm-specific 

information, whereas volume measures the amount of trading activities, the 

combination of trading volume and idiosyncmtic volatility can predict both direction 

and magnitude ofretum autocorrelations. For instance, ifhigh idiosyncmtic volatility 

stocks contain more firm-specific information and their tmding volumes are 

dominated by informational trades, higher trading volume of high N stocks wilI lead 

to greater return continuations, according to liquidity hypothesis. Similarly, low 

idiosyncmtic volatility stocks dominated by non-informational trades should exhibit 

negative return autocorrelation as their return reversals would increase with trading 

volume. In short, liquidity hypothesis predicts that return reversals (continuations) 

occur among low (high) idiosyncmtic volatility stocks and their degrees are 

intensified with the increase of trading volume. 

On the other hand, overreaction hypothesis predicts that retum reversals should 

occur only in high idiosyncmtic volatility stocks and its degree increases with the 

growth of trading volume. The reason is that high idiosyncmtic volatility stocks 
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contain more fI1'l11-specific information, and their trading volume are generated by 

informational trading activities; therefore higher trading volume will cause greater 

price deviation from its foundational value as investors overreact to firm-specific 

information, resulting in greater return reversals subsequently. Similarly, since low 

idiosyncratic volatility stocks contain little firm-specific information and their trading 

volume is generated by liquidity trades, investors doesn't overreact to 

non-informational trading volume, hence no direct link between trading volume and 

return reversals for low idiosyncratic volatility stocks appears. Table IV summarizes 

the relation between degree of short-term reversals and trading volume change based 

on liquidity hypothesis and overreaction hypothesis. 

To examine the relation between return reversals and trading volume while 

controlling on idiosyncmtic volatility, we do a three-way sort based on idiosyncratic 

volatility, past return and standardized turnover me. We first construct four portfolios 

based on the ranking of idiosyncratic volatility of each individual stock at month t. 

IVI (IV4) being the portfolio of stocks with the lowest (highest) idiosyncratic volatility; 

stocks are then independently allocated to four portfolios based on their one-month returns at 

month t. P I to P4 represent winners/losers portfolios. with P I containing past losers and P4 

containing past winners. Stocks are also independently sorted to four portfolios based on their 

standardized turnover mte, with VOLI containing lowest volume stocks and VOL4 

containing highest volume stocks .We use standardized turnover mte since it measures the 

excess trading volume which are more likely to generate price pressures and subsequent 

return reversals. Finally we have 64 idiosyncratic volatility-past return-volume 

portfolios and they are rebalanced each month. 

Table V shows the average monthly returns in holding month t+1 for each of the 64 

portfolios. It provides some very interesting evidence on the relation between trading 

volume, idiosyncratic volatility and return reversa1s. First, when we control idiosyncratic 
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volatility and trading volume, i.e. within in each of 16 IV-VOL sorted portfolio, loser 

portfolio PI and winner portfolio P4 exhibit strong return reversals, and the contrarian 

strategy that buys loser (PI) stocks and sells winner stocks (P4) within each IV-VOL 

portfolios generates positive and significant profits, with alphas of FF four factor 

model being significant as well, indicating that occurrence of return reversals are not 

only limited to low idiosyncratic volatility and high trading volume stocks as liquidity 

hypothesis suggests, they are also robust to different levels of idiosyncratic volatility 

and trading volume. 

Secondly, the relation of return reversals and trading volume is very weak within 

lowest idiosyncratic volatility portfolio. In particular, the contrarian profits increase 

from 0.87% per month to 1.04% per month from lowest volume portfolio lVI-VOLI 

to medium volume portfolio IVI-VOL3, then decrease to 0.59% per month for the 

highest volume portfolio IVI-VOL4. The alpha displays a similar pattern, increasing 

from 0.69% for the IVI-VOLI portfolio to 0.98% for the lVI-VOL3 portfolio. then 

decrease to 0.63% for the lVI-VOL4 portfolio. Overall, there is no direct link 

between trading volume and return reversals for lowest idiosyncratic volatility stocks, 

inconsistent to liquidity hypothesis. 

Thirdly, there are very strong return reversals rather than continuations within 

highest idiosyncratic volatility stocks. Within highest IV portfolio IV4, the contrarian 

profits appears as high as 2.44% per month for lowest volume portfolio IV4-VOLI 

and 2.82% per month or 2.31 % per month for medium volume portfolio IV 4-VOL2 or 

lV4-VOL3. The highest volume portfolio IVI-VOL4 also generates contrarian profits 

atl.13% per month. The alpha also displays a similar pattern. Finding here contradicts 

liquidity hypothesis which predicts that high idiosyncratic volatility stocks may 

exhibit positive return autocorrelation during high volume period. 
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Last, as overreaction hypothesis suggests, we observe that there is a strongly 

positive relation between idiosyncratic volatility and return reversals even trading 

volume is under control. Within each volume portfolio, from lowest idiosyncratic 

volatility IVI to highest idiosyncmtic volatility N 4, contrarian profit increases 

monotonically. In short, our results show that positive relation between idiosyncratic 

volatility and return reversals is still held after trading volume is controlled, and return 

reversals occur during both high volume and low volume periods, which supports 

overreaction hypothesis. 

D. Controllingfor Illiquidity 

Liquidity hypothesis assumes that stock market is not perfectly liquid and demand 

curves for stocks are not perfectly elastic; return reversals occur because market lacks 

liquidity to accommodate supply or demand pressures. If demand curves were 

perfectly elastic, the market would be able to accommodate any supply or demand 

shock; trading activities would not cause any price pressure, and then return reversals 

would not be obtained (Avmmov, Chordia and Goyal (2006). 

Given downward sloping demand curves, liquidity hypothesis suggests that 

liquidity should have a great impact on return reversals. Within low idiosyncratic 

volatility stocks, where non-informational trading is the dominant force, illiquid 

stocks would experience stronger return reversals than liquid stocks. Since demand 

curves of illiquid stocks are steeper, same amount of non-informational trading 

volume would cause stronger price pressures hence generate greater return reversals. 

Similarly, in case of high idiosyncratic volatility stocks dominated by informational 

trading, illiquid stocks should experience stronger return continuations. Return 

continuations occur because market frictions impede the price adjustment and new 

83 



information is impounded into the price gradually and partially. Stocks with low 

liquidity have high transaction costs and they respond to new information more 

slowly than liquid stocks, hence should have greater return continuation. In genera!, 

liquidity hypothesis predicts that stock illiquidity enhances return reversals 

(continuations) for low (high) idiosyncmtic volatility stocks, such relation being also 

summarized in Table IV. Empirically, Avmmov, Chordia and Goyal (2006) document 

a strong positive relationship between short-run reversals and stock return illiquidity, after 

controlling on trading volume. 

Table V shows the relation between return reversals and illiquidity when 

idiosyncmtic volatility is control1ed. Our attempt here is to test if the degree of return 

reversals (continuations) is really positively related to illiquidity within low (high) 

idiosyncmtic volatility stocks. We do a three-way sort based on idiosyncmtic 

volatility, past return and illiquidity; this three-way sort is as same as what we did in 

table IV except that the illiquidity are used to replace the standardized turnover mte. 

Liquidity hypothesis predicts that return reversals should be the largest among 

stocks with lowest liquidity and lowest IV where price pressures of non-informational 

trading are the greatest; while the return continuations should be the largest among 

highest IV and most illiquid stocks where private information is incorporated into the 

price most slowly. However, our rmdings in table VI show that it is not the case. For 

example, within lowest idiosyncratic volatility portfolio lVI, the contrarian profit rust 

increases from 0.76% per month for most liquid stock portfolio IVI-Illiquidityl to 

1.08% per month for portfolio IVI-Illiquidity2, then decreases to -0.24% per month 

for portfolio IVI-Illiquidity4, and the difference in contrarian profits between most 

liquid portfolio and most illiquid portfolio is at -0.94% per month with t-values -2.22, 

which is economically and statistically significant. It is clear that, illiquid stocks with 
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low idiosyncratic volatility exhibit smaller ratber tban larger return reversa1s, 

inconsistent to liquidity hypotbesis. 

What's more, Table VI shows tbat illiquid stocks actually exhibit larger return 

reversals instead of return continuations in case of high idiosyncratic volatility. For 

example, witbin in IV 4 portfolio, as illiquidity level increases from lowest to highest, 

tbe contrarian profit also increases from -0.69% per montb to 3.04% per month, 

implying tbat lack of liquidity does not induce return continuation or weaken reversals 

for high idiosyncratic volatility stocks; it actually enhance return reversals. In sum, all 

of empirical evidence in Table VI are inconsistent to liquidity hypotbesis but strongly 

supports tbe overreaction hypotbesis. 

E. The cross-sectional regressions 

Giving tbe fact tbat botb trading volume and illiquidity are correlated to return 

reversals, next we run Farna-MacBetb regressions of tbe cross-section of individual 

stock's return reversal on idiosyncratic volatility, trading volume and illiquidity. The 

cross-sectional regressions allow us to control volume and illiquidity effect at tbe 

same time when we examine tbe relation between return reversal and idiosyncratic 

volatility. 

We use tbe stock's return differential between previous montb and current montb to 

measure tbe individual stock's return reversals. This measure has two advantages. 

First, it is intuitive tbat tbe magnitude of return reversals depends on botb formation 

period return and holding period return; tbe bigger difference between two periods, 

tbe larger return reversal is. Second, this metbod provides a direct measurement on 

magnitude of return reversa1 for an individual stock, which allows us to run 

cross-section regression. 
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Our model is very simple 

R,1+l-R,1 =a, +rltw" +r2tSVO~, +r"III +ell (9) 

where R,,+1 is stock j's return at month t+!, R" is stock j's return at month t, 

SV04., is the stock j's standardized turnover rate at month t defined in equation (3), 

which is the turnover rate at month t minus the mean of the its monthly turnover rate 

over the past 12 months, then divided by the standard deviation. I,., is the Amihud 

(2002) illiquidity ratio defined as the average of daily absolute price change per dollar 

of daily trading volume over month t. 

We run cross-sectional regressions for equations (9) for stocks within each IV-past 

return sorted portfolio in Table I, regression results being presented in Table VII. We 

only report resn1ts on loser and winner stocks since constrain profits are only generated 

by reversals ofloser and winner stocks. 

Consistent to earlier findings, the results of cross-sectional regressions show that there 

is a positive relation between idiosyncratic volatility and return reversals for both low 

idiosyncratic volatility stocks and high idiosyncratic volatility stocks. The coefficients 

of IV keep statistically sigoificant across all winnerlloser portfolios either it is used alone or 

combined with other two variables. The positive (negative) and statistically sigoificant 

coefficients of IV for loser (winner) stocks indicates that loser (winner) stocks with 

higher idiosyncratic volatility in current month earn higher (lower) return next month. 

This positive relation is even more significant for high idiosyncratic volatility stocks, 

which again confirm overreaction hypothesis. 

Table VII shows strong positive relation between trading volume and degree of 

reversals. First, within lowest idiosyncratic volatility stocks, trading volume measuted 

by standardized turnover rate is positively correlated to magnitode of reversals, 

consistent to liquidity hypothesis; however, this volume effect only exists for loser 
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stocks. Interestingly, there is no significant relation between trading volume and 

reversals for low IV winner stocks. Secondly, as idiosyncratic volatility increases, 

from IV2 to IV4 portfolio, coefficients of SVOL are all positive and significant for 

both winner stocks and loser stocks; evidence here suggest that high volume and high 

IV stocks display greater return reversals, inconsistent to liquidity hypothesis but 

supporting the overreaction hypothesis. 

The liquidity hypothesis predicts that return reversals should be positively related to 

stock illiquidity for low idiosyncratic volatility stocks while negatively related to 

illiquidity for high idiosyncmtic volatility stocks; however, empirical results here 

contradict this predication. For example, within lowest idiosyncratic volatility 

portfolio lVI, loser stocks' illiquidity is not statistically related to reversal at all, be it 

used alone or combined with other variables; winner stocks' illiquidity is even 

negative related to reversal, although this negative relation is not statistically 

significant. For highest idiosyncratic volatility portfolio IV4, winner or loser stocks' 

illiquidity is statistical significantly positively related to reversal when illiquidity is 

used alone, and coefficient of illiquidity becomes negative for winner stocks after 

including IV and SVOL, but it keeps positive for loser stocks. 

Overall, these results provide supplemental evidence that liquidity hypothesis does not 

appear to be useful in explaining the cross-sectional relation between return reversals, 

stock idiosyncmtic volatility, trading volume and stock illiquidity. 

m. Robustness Tests 

A. Different Estimates of Idiosyncratic Volatility 
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In this study we use idiosyncratic volatility as a proxy for the amount of 

firm-specific information, then examine whether return reversals are generated by 

informational trading or non-informational trading. Since idiosyncratic volatilities can 

not be observed directly, we need to estimates idiosyncratic volatility before empirical 

tests. The idiosyncratic volatility are usually calculated from residuals of an asset 

pricing model, such as Fama-French three factors model, or CAPM model, and 

different asset pricing models have different estimates. Therefore, our empirical 

findings above could be driven by a particular model, therefore different idiosyncratic 

volatility estimates are needed to verifY the robustness of our results. 

Except Fama-French three-factor model (1993) given in equation (I) to calculate 

idiosyncratic volatility, we also use the CAPM model. Assuming that the return of 

each stock i is driven by a common factor and a firm-specific shock: 

I I pi MKT I r,.d = at + MKT· I,d + &,.d , (10) 

where, for each day d in month t. r,j is stock i's excess return, MKT,.., the market 

excess return as in equation (I), and S:.d the idiosyncratic return (relative to the 

CAPM model). Again, we use standard deviation of daily residuals to measure stock 

i's month t realized idiosyncratic volatility relative to CAPM model. 

The third method is to apply total risk to proxy for idiosyncratic volatility. We 

calculate stock i's standard deviation of daily returns within month t and use this 

statistic to proxy for idiosyncratic volatility. This method is essentially model-free. 

We use CAPM-based or raw return-based idiosyncratic volatility to replace 

Fama-French-based idiosyncratic volatility in equation (9) and then run 

cross-sectional regressions again. The time-series averages of coefficients' estimates 

are reported in panel A of Table VIII. Whether idiosyncratic volatility measure N is 

computed from the daily raw return or from the residuals of CAPM, Table VIII shows 
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that coefficients of IV are still statistically significant and the positive relationship 

between return reversals and idiosyncratic risk continues to be held. In fact, the 

coefficient estimates of other variables, such as SVOL and Illiquidity change only 

slightly relative to the results using F-F model based IV. Therefore, our results appear 

to be robust whatever definition we use for idiosyncratic volatility. 

B. Inclusion ofNADSDAQ Stocks 

Our original sample excludes NASDAQ stocks since most of them are small and 

illiquid stocks. Panel A of Table VITI shows that our results still hold even we include 

NASDAQ stocks in our sample. The evidence confirms that our results are not driven 

by some large-sized stocks or liquid stocks listed on NYSEI AMEX. 

C. Size, Beta and BIM 

Subrahmanyam (2003) finds that large stocks experience stronger return reversals 

than small stocks, which indicates that return dynamics could be different for large 

and small stocks; firm's size or other firm's characteristics should be controlled in our 

cross-sectional regression analysis. 

We add firm size, Beta and BIM retio to equation (9) and redo the Fama-Macbeth 

cross-sectional regressions. 

R,J+I-R" =a, +Y"~J +YuSVOIo +Y3tI'J +Y4tIn(SIZEJ" +YStBET4J +y.,In(BI M)" +e" 
(11) 

Where the Ln(Size)" is the stock's log market capitalization at the end of month t, 

Ln(BE I ME),., the log of the retio of book value to market value at the end of month 

of t based on last fiscal year information, and Beta" the stock's beta estimate at 
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month t. 8 Time-series averages of coefficients' estimates are reported in panel B of 

Table VIII. 

It shows that coefficients of Beta are very significant for low N loser stocks and 

high N winner stocks, be it used alone or combined with other variables. On the other 

hand, the relation between firm size and return reversals is not consistent; size is 

positively related to return reversals only within high N winner stocks, which 

confinns Subra1unanyam (2003) since most of winner stocks are large-sized stocks. 

The role of BIM ratio is also inconsistent; its coefficients are positive and significant 

for high N winner stocks, but negative and significant for high N loser stocks. 

It is very interesting to look at how trading volume or illiquidity relates to return 

reversals after controlling on firm characteristics. Although coefficient estimates of 

SVOL are very significant, results show that trading volume enhances return reversa1s 

for both low N stocks and high IV stocks; coefficient estimates of llliquidity are 

either insignificant or negatively related to return reversals. What's more, coefficients 

of IV are still statistically significant and positive in any case, and positive 

relationship between return reversals and idiosyncratic risk continues to exist after 

other firm characteristics are controlled. Generally, empirical results here are 

consistent with previous evidence; main results of our study are robust to inclusion of 

other firm characteristic variables. 

IV. Conclusion 

Liquidity hypothesis predicts that high idiosyncratic volatility stocks should 

experience return continuations while low idiosyncratic volatility stocks experience 

8 We follow Fama and French (1992) to calculate individual stock's Ln(BE / ME) " and BetalJ • 
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return reversals, and it also implies that degree of return continuations (reversals) 

increases with trading volume and illiquidity, while overreaction hypothesis argues 

that only high idiosyncmtic volatility stocks display return reversals, and the degree of 

reversals increases with trading volume. 

Our empirical findings show that higher idiosyncmtic volatility stocks display 

greater return reversals than low idiosyncratic volatility stocks, and as idiosyncratic 

volatility increases, contrarian profits due to overreaction also increases; highest IV 

stocks earn largest contrarian profits as investors overreact to firm-specific information, 

which favors overreaction hypothesis. 

To distinguish between liquidity hypothesis and overreaction hypothesis, we 

introduce trading volume and illiquidity, and then examine how those variables affect 

return reversals under different level of idiosyncmtic volatility. The results indicate 

that the positive relation between idiosyncratic volatility and return reversals is robust 

and consistent, while relations between return reversals and trading volume or 

illiquidity are not consistent with liquidity hypothesis after idiosyncratic volatility is 

controlled. Overall, our empirical evidence supports overreaction hypothesis and 

indicates that information content playa very important role in explaining short-term 

return reversals. 
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Table I 
Monthly Return for PortfoUos Sorted on Idiosyncratic VolatlUty and Past Returns 

This table reports average monthly returns on portfolios based on independent sorts of idiosyncratic 
volatility and previous one month stock returns. At the beginning of each month, we aort aU stocks into 
four portfolios based on idiosyncratic volatility defined as the standard deviation of the residuals of the 
Fama-French three factor regression of daily returns over the previous one month. Portfolio NI (IV4) 
is the portfolio of stocks with the lowest (highest) idiosyncratic volatility. The stocks arc also 
independently allocated to four portfolios based on their previous one-month returns. PI to P4 
represent winnersllosers portfolios, with PI containing past losers and P4 containing past winn"",. 
"PI-P4" is calculated as the difference between returns for the past winner portfolio and the past loser 
portfolio for each idiosyncratic volatility gmup. Newey-West (1987) robust t-statistics arc reported 
below the retom. 

Panel A shows the simple average monthly returns measured in percentage terms in the one-month 
holding period. Panel B reports the simple average monthly rctoms measured in percentage terms in 
the portfolio formation period. Panel C reports the rctom difference between formation month and 
holding month. Panel D reports the average number of stocks in each of the 16 portfolios. 

The sample includes all common stocks traded on the New Yark Stock Exchange (NYSE) and 
American Stock Exchange (AMEX) for the period July 1963-December 2005. We exclude all stocks 
with prices below $1 at the beginning of the holding period. 

Portfolio PI (los"",) P2 P3 P:!(winn""'l PI-P4 
Panel A: The holding month returns!rol 

NI(low) 1.61 1.26 1.05 0.87 0.75 
[7.31) [6.62) [5.82) [4.43) [5.98) 

IV2 1.98 1.56 1.24 0.90 1.08 
[7.16) [6.20) [5.31) [3.97) [8.41) 

IV3 2.04 1.60 1.28 1.02 1.03 
[6.16) [5.10) [4.25) [3.70) [6.87] 

IV4(high) 1.79 1.14 0.71 -0.02 1.81 
[4.29) [2.76) [1.79) [-0.05) [8.00) 

IV4-IVI 1.07 
[4.84] 

Panel B: The formstion month returns (%) 

NI(low) -7.73 -1.95 3.10 9.70 -17.35 
[-27.72) [-8.55) [13.32) [32.00) [-57.19) 

N2 -8.88 -2.07 3.30 11.12 -19.90 
[-31.25) [-8.78) [13.57) [34.63) [-58.07) 

IV3 -10.38 -2.13 3.39 13.27 -23.54 
[-34.59) [-8.83) [13.59) [37.97) [-61.01) 

IV4(high) -14.04 -2.13 3.46 21.10 -35.09 
[-38.43) [-8.80) [13.83) [40.18) [-57.70) 

IV4-IVI -17.73 
[-41.51] 

Panel C: The retom difference (%) 

IVI(low) 9.34 3.21 -2.04 -8.83 18.Q4 
[40.09) [21.50) [-14.56) [-38.69) [52.75) 

N2 10.86 3.62 -2.05 -10.22 20.93 
[40.80) [22.41) [-13.93) [-39.08) [49.91) 

IV3 12.43 3.72 -2.11 -12.26 24.49 
[39.74) [19.45) [-12.37) [-43.79) [51.74) 

1V4(high) 15.83 3.27 -2.75 -21.12 36.82 
[40.69) [12.07] [-11.64) [-48.71) [55.16) 

IV4-NI 18.78 
[42.13) 
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Panel 0: Number of stocks 

NI0ow) 87 186 183 78 

N2 120 151 153 112 

N3 151 119 120 146 

N4(high) 178 79 79 198 
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TableD 
Deeomposltlon of Contrarian Profits for FODr PortfoUos Sorted Based on Idiosyncratic VolatlUty 
This table presents estimates of various sources of contrarian profits for four N sorted portfolios. 
Follow Jegadeesb and Titman (1995b), we first run the regression in equation (4) on each finn in the 
sample thot has at least 60 monthly return observations in the sample period, next we sort all stooks 
into four portfolios based on the ranking of the individual stook's average monthly N over sample 
period, portfolio Nl (N4) is the portfolio of stooks with the lowest (highest) average idiosyneratic 
volatility level. The contrarian profits of each IV portfolio are then decomposed into three parts 

following equation (5), (6) and (8): - Bu' ,-0, and - 0'; are estimates of contrarian profits due to 

lead-lag structure, overreaction to tinns-specific infonnation, and cross-sectional variance of expected 
returns, respectively. The numbers within braces are the percentsges of each these components relative 
to the total contrarian profits. 

N Portfolio -0 _0" 
p -w Totsl 

IVl(low) 3.45 (128.09%) -0.64 (-23.85%) -0.11 (-4.08%) 2.69 
N2 5.23 (118.75%) -1.06 (-24.09%) 0.24 (5.45%) 4.40 
N3 9.16 (98.41%) -2.68 (-28.85%) 2.83 (30.40%) 9.31 

IV~ah) 32.78 (98.18%) -5.34 (-15.98%) 5.94 (17.79%) 33.39 
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Table III 
Deeomposltlon of Contrarian Proftts for Two-Way Sorted PortfoUos b ..... on Idiosyncratic 

VoladUty and FIrm Size 
This table presents estimates of various sources of oontrarian profits for sixteen size-IV sorted 
portfolios. We first construct four portfolios based on the ranking of average monthly idiosyncratic 
volatility of individual stock; next stocks are independently allocated to four portfolios based on their 
average firm size over sample period, sizel to size4 are portfolios with smallest cap or largest cap 
stocks. The oontrarian profits for 16 size-IV sorted portfolios are then deoompoaed into three parts 
following the same method wo did in Table II. Tho nnmbers within braces are the percentages of each 
these components relative to the total oontrarian profits. 

Size IV Portfolio -0. _0'2 _80'2 Total 
Portfolio p 

IVI(low) 2.83 (120.37%) -0.38 (-15.99%) ..0.10 (4.37"10) 2.35 

Sizel(small) 
IV2 6.76 (98.01%) ..0.90 (-13.09%) 1.04 {I 5.08%) 6.90 
IV3 14.06 (96.08%) -1.65 HI.24%) 2.22 (15.16%) 14.63 

IV4(high) 4Q.63 (92.99%) -3.66 (-8.38%) 6.72 (15.39%) 43.69 
IVI(low) {I 27.00%) (-36.2%) (9.21%) 

Size2 IV2 (162.83%) (-31.15%) (-31.68%) 
IV3 (85.78%) (-25.74%) (39.96%) 

IV4(hillh) (99.77%) (-28.91%) (29.15%) 
IVI(low) (-25.59%) (-6.71%) 

Size3 IV2 
IV3 

Size4 (large) 
(101.07"10) 
(121.77"10) (-36.5%) 
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Table IV 
Summary of Relation between Short-term Return ReversaIB and Trading Volnme or Illiquidity 

This table summarizes the relation between the degree of short-term reversals and tmdlng volwne 
nlliquidity for high idiosyncratic volatility stocks and low idiosyncratic volatility stocks based on the 
prediction of liquidity hypothesis as well as the overreaction hypothesis. The "+" sign means the 
relation between the degree of short-term reversals and trading volume nmquidity is positive, while the 
"-"sign means this relation is negative. 

Return Reversals Liquidity HyPothesis 
High IV stocks Low IV stocks 

Truding Volume 
Illiquidity 

+ 
+ 
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Overreaction HyPOthesis 
High IV stocks Low IV stocks 

+ NlA 
+ N/A 



Table V 
Returns on Three-Way Sorted PortfoUos based on Idiosyncratic VolatiUty, Past Return and 

Trading Volume 
ThIs table reports the return in holding month 1+1 for each of 64 past return-N-Volume portfolios. Every 
month, we first construct four portfolios besed on the ranking of the idiosyncratic volab1ity of each 
individual stock at month t, and NI OV4) is the portfolio of stocks with the lowest (highest) idiosyncratic 
volatility; then stocks are independently allocated to four portfolios based on their one-month returns in the 
same month, with PI containing past losers and P4 containing past winners. At the same time, stocks are 
also independently sorted into four portfolios besed on their standardized turnover mte during formation 
month t, with VOLI (VOL 4) containing stocks with the lowest (highest) trading volume. The individual 
stock's turnover mte is calculated as the number of shares traded per month divided by the number of shares 
outstanding, and the standardised turnover mte is stock fs turnover mte at month t minus the mean of the its 
monthly turnover mte over the past 12 months, then divided by the standard deviation. Finally we have 64 
idiosyncmtic volatility-past return-volume portfolios. Portfolios are held for one month and they are 
rebalaneed each month. Newey-West (1987) robust t-statistics are reported in bracket. The sample includes 
all common stocks traded on the New York Stock Exchange (NYSE) and American Stock Exchange 
(AMEX) for the period July 1963-December 2005. We exclude all stocks with prices below $1 at the 
beginning of the holding period. 

VOLI VOL2 VOL3 VOL4 VOU-VOLI 

PI 1.31 [5.32] 1.56 [6.69] 1.86 [7.69] 2.02 [8.89] 

P2 0.98 [4.80] I.17 [6.09] 1.44 [7.34] 1.70 [8.94] 

IVI P3 0.79 [4.00] 0.98 [5.49] 1.18 [6.37] 1.47 [8.07] 

P4 0.43 [1.81] 0.70 [3.39] 0.81 [3.68] 1.41 [6.87] 

PI-P4 0.87 [4.79] 0.84 [4.68] 1.04 [5.43] 0.59 [3.31] -0.34 [-1.69] 

Alpha 0.69 [3.86] 0.65 [3.03] 0.98 [5.17] 0.63 [3.55] -0.11 [-0.56] 

PI 1.61 [5.48] 1.82 [6.30] 2.22 [7.75] 2.40 [8.73] 

P2 1.19 [4.50] 1.47 [5.62] 1.79 [6.93] 1.98 [8.37] 

P3 0.89 [3.64] I.10 [4.36] 1.37 [5.71] 1.68 [7.66] 
1V2 P4 0.32 [1.19] 0.72 [2.92] 0.90 [3.93] 1.40 [6.61] 

PI-P4 1.29 [7.28] 1.10 [6.88] 1.32 [7.75] 0.99 [5.89] -0.30 [-1.64] 

Alpha 1.00 [5.09] 126 [7.16] 1.12 [6.55] 1.18 [7.53] 0.18 [0.84] 

PI 1.36 [3.88] 2.12 [6.16] 227 [6.72] 2.52 [7.89] 

P2 1.10 [3.25] 1.56 [4.84] 1.82 [5.74] 2.06 [6.64] 

P3 0.65 [1.96] 1.20 [3.79] 1.56 [5.22] 1.75 [5.95] 
1V3 P4 0.08 [0.24] 0.46 [1.53] 1.06 [3.71] 1.62 [6.63] 

PI-P4 1.28 [5.64] 1.66 [8.27] 1.21 [6.35] 0.90 [5.19] -0.38 [-1.71] 

Alpha 1.05 [4.34] 1.45 [6.22] 1.34 [6.85] 0.95 [5.93] -0.10 [-0.45] 

PI I.11 [2.49] 1.99 [4.46] 1.94 [4.54] 2.02 [4.89] 

P2 0.53 [1.22] 0.90 [1.87] 1.51 [3.72] 1.72 [4.03] 

P3 -0.19 [-0.43] 0.25 [0.57] 1.26 [3.10] 1.33 [3.27] 

N4 P4 -1.32 [-2.82] -0.83 [-2.12] -0.36 [-0.99] 0.89 [2.69] 

PI-P4 2.44 [7.30] 2.82 [10.38] 2.31 [8.89] I.13 [4.28] -1.32 [-420] 

Alpha 2.30 [727] 2.85 [11.09] 228 [9.27] 125 [5.11] -1.06 [-3.57] 
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Table VI 
Returns on Tbree-Way Sorted Portfolios based on IdlosyoeratJc VolatiUty, Past Retum and 

DUquldlty 
This table reports the return in holding month t+ I for each of 64 past return-IV -Illiquidity portfolios. Every 
month, we first construct four portfolios based on the ranking of the idiosyncnulc volatility of each 
individual stock at month t, and IV I (IV 4) is the portfolio of stocks with the lowest (highest) idiosyncnuic 
volatility; then stocks are independently allocated to four portfolios based on their one-month returns in the 
same month, with PI containing past losers and P4 containing past winners. At the same time, stocks are 
also independently sorted to four portfolios based on their Amihud Illiquidity ratio during formation month 
t, with Illiquidity I (Illiquidity 4) containing stocks with the lowest (highest) illiquidity. We measure 
monthly illiquidity ratio as the average of the daily price impacts of the order flow, i.e., the daily absolute 
price change per dollat of daily trading volume. Finally we have 64 idiosyncnuic volatility-past 
return-Illiquidity portfolios. Portfolios are held for one month and they are rebalanced each month. 
Newey-West (1987) robust t-statistics are reported in bracket The sample includes all common stocks 
traded on the New York Stock Exchange (NYSE) and American Stock Exchange (AMEX) for the period 
Jnly 1963-Decemher 2005. We exclude all stocks with prices below $1 at the beginning of the holding 
period. 

Illiquidity I Illiquidity 2 Illiquidity 3 Illiquidity 4 IL4-ILl 

PI 1.52 [6.76] 1.91 [8.00] 1.96 [7.36] 1.43 [4.40] 

P2 1.27 [6.82] 1.42 [6.95] 1.32 [6.05] 1.13 [4.63] 

IVI P3 1.02 [5.72] 1.09 [5.81] 1.20 [5.72] 1.49 [5.57] 

P4 0.75 [4.10] 0.83 [3.83] 1.09 [3.36] 1.62 [4.37] 

PI-P4 0.76 [4.78] 1.08 [6.90] 0.86 [3.15] -0.24 [-0.62] -0.94 [-2.22] 

Alpha 0.73 [4.82] 1.18 [6.64] 0.60 [2.12] -1.32 [-2.57] -2.00 [-3.88] 

PI 1.59 [6.11] 2.01 [6.82] 2.22 [7.20] 2.04 [6.46] 

P2 1.38 [5.57] 1.56 [5.84] 1.78 [6.44] 1.67 [5.84] 

P3 1.15 [5.00] 1.36 [5.60] 1.29 [4.94] 1.43 [5.14] 

IV2 P4 1.01 [4.51] 0.90 [3.86] 0.90 [3.41] 0.82 [2.84] 

PI-P4 0.58 [3.52] 1.11 [7.09] 1.31 [7.76] 1.22 [5.07] 0.64 [2.26] 

Alpha 0.46 [2.77] 1.14 [7.47] 1.31 [8.22] 1.05 [4.22] 0.59 [2.09] 

PI 1.20 [3.87] 1.76 [5.12] 2.23 [6.23] 2.34 [6.48] 

P2 1.28 [4.11] 1.42 [4.35] 1.82 [5.S4] 1.67 [4.72] 

P3 1.26 [4.32] 1.28 [4.00] 1.32 [4.15] 1.34 [3.92] 

IV3 P4 1.23 [4.41] 1.23 [4.47] 1.06 [3.69] 0.51 [1.56] 

PI-P4 -0.03 [-0.15] 0.53 [2.78] 1.17 [5.89] 1.83 [8.02] 1.86 [6.49] 

Alpha -0.15 [-0.65] 0.48 [2.69] 1.27 [6.17] 1.51 [5.93] 1.66 [6.01] 

PI 0.04 [0.10] 0.65 [1.63] 1.17 [2.82] 2.34 [5.14] 

P2 0.30 [0.57] 0.51 [1.29] 1.03 [2.39] 1.43 [3.17] 

P3 0.48 [0.94] 0.58 [1.49] 0.63 [1.46] 0.85 [1.96] 

IV4 P4 0.73 [2.22] 0.70 [2.01] 0.47 [1.29] -0.70 [-1.77] 

PI-P4 -0.69 [-2.00] -0.05 [-0.21] 0.70 [2.98] 3.04 [10.70] 3.72 [10.24] 

Alpha -0.34 [-1.01] -0.01 [-0.05] 0.80 [3.41] 3.09 [11.60] 3.43 [9.23] 
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Table VII Cross Seetlon Regressions 
This table reports the results of Fama-MacBeth regressions of individual stock's return reversal on 
idiosyncratic volatility, trading volume and illiquidity. The sample includes all common stocks traded 
on the New York Stock Excbange (NYSE) and American Stock Excbange (AMEX) for the period July 
1963-December 2005. We exclude all stocks with prices below $1 at the beginning of the holding 
period. 
The model is defined in equation (4), we run the cross-sectional regression every month for stocks 
within each IV -past return sorted portfolio in Table I Bod report the time-series averages of the 
coefficients. We only report results on loser and wioner stocks since constrain profits are only 
generated by reversals of loser and winner stocks. The I-statistics are reported in bracket, which are 
Newey and West (1987) consistent 

Loser Stocks PI Winner Stocks P4 

Intercept IV SVOL ILL Intercept IV SVOL ILL 

6.00 0.74 -6.82 -0.44 
[12.72] [8.62] [-12.24] [4.44] 

9.45 0.48 -8.82 -0.05 
[39.09] [6.72] [-36.88] [-0.68] 

IVI 9.38 -0.05 -8.91 1.57 
[38.11] [-0.17] [-38.25] [1.65] 

6.07 0.75 0.44 -7.08 -0.37 -0.11 
[11.61] [7.94] [6.13] [-9.74] [-2.70] [-1.13] 

6.17 0.73 0.39 0.38 -6.26 -0.52 -0.14 1.86 
[12.16J [8.35J [5.50J [1.08J [-6.07J [-3.02J [-1.49J [1.24J 

7.00 0.54 -5.50 -0.68 
[15.44] [8.54] [-11.54] [-10.72] 
10.94 0.51 -10.12 -0.26 

[40.89] [7.43] [-36.85] [4.28] 

IV2 10.80 0.03 -10.19 0.10 
[39.08] [0.36] -38.03 [0.61] 

7.20 0.53 0.51 -5.50 -0.66 -0.24 
[15.07] [8.01] [7.27] [-11.22] [-10.13] [-3.96] 

7.26 0.51 0.51 0.10 -5.57 -0.65 -0.28 0.12 
[15.00] [7.63J [7.54J [1.15J [-11.73) [-10.04) [4.51) [0.76J 

7.49 0.47 4.28 -0.80 
[14.32] [8.65] [-10.37] [-21.32] 
12.52 0.76 -11.83 -0.74 

[40.30] [10.54] [-40.62] [-10.18] 

IV3 12.35 0.05 -12.20 -0.01 
[37.40] [1.20] [-41.83] [-0.15] 

7.92 0.44 0.74 4.29 -0.75 -0.69 
[14.90] [7.96] [10.45] [-9.93] [-19.08] [-9.42] 

7.95 0.42 0.74 0.09 4.40 -0.74 -0.73 -0.03 
[15.19J [7.69) [10.79J [1.94) [-9.86) [-17.92J [-10.40) [-0.45) 

9.36 0.34 -1.42 -0.98 
[23.52] [19.82] [-3.33] [44.76] 
15.75 1.99 -17.57 4.38 

[42.61] [15.22] [-34.49] [-30.34] 

IV4 15.49 0.06 -20.52 -0.11 
[37.94] [2.33] [-47.78] [-3.64] 
10.18 0.30 1.58 -0.62 -0.90 -2.81 

[24.01] [16.69] [12.14] [-1.35] [40.12] [-27.15] 
10.35 0.28 1.63 0.05 -0.46 -0.93 -2.75 0.10 

[24.92] [16.08J [13.20J [1.53) [-1.02J [43.32] [-27.60] [3.72) 
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Table VITI Robustness Tests 
This table reports the average coefficients of the Fama-MacBeth cross-sectional regressions for 
individual stocks over the period of July 1963 to December 2005. The variables IV, SVOL, ILL, are 
the same as explained in Table VI. CAPM-IV is the idiosyncratic volatility relative to the CAPM 
model. Total-IV is computed from standard deviation of the dal1y mw retwns. We calculate the 
idiosyncmtic volatility using daily data over the previous month. Beta is estimated using the 100 
size/beta sorted portfolio following Fama and French (1992). Size is the log of market capitalization 
and BIM is the log of book-to-market in the previous month as dafined by Fama and French (1992). 
We run the cross-sectional regression eveI)' month for stocks within each IV-past return sorted 
portfolio in Table I and report the time-series averages of the coefficients. We only report results on 
loser and winner stocks since constrain profits are only genemted by revemaIs of loser and winner 
stocks. The I-statistics are reported in bmcket, which are Newey and West (1987) consistent 

Panel A 

Loser Stocks PI Winner Stocks P4 

Intercept IV SVOL ILL Intercept IV SVOL 

7.05 0.53 0.26 0.30 -6.88 -0.39 -0.09 

ILL 

1.71 
CAPM-IV IVI [S.OO) [4.05) [1.60) [1.24) [-6.68) [-2.50) [-1.43) [0.92) 

IV4 10.19 0.27 1.60 0.05 -0.08 -0.S9 -2.69 0.11 
[23.97] [16.36] [12.72] [1.53] [-0.18] [-44.64] [-27.92] [3.841 

IVI 5.46 0.69 0.36 0.26 -4.S0 -0.70 -0.06 0.96 

Total-IV [11.6S) [10.15) [4.9S) [1.76) [-4.61) [-4.64) [-O.SI) [2.28) 

IV4 9.89 0:1.7 1.62 0.Q7 0.75 -O.SS -2.72 0.10 
[22.S7] [16:1.S] [13.06] [1.74] [1.63] [-44.53] [-29.29] [3.29] 

IVI 7:1.8 0.60 0.41 -0.50 -6.70 -0.56 -0.10 1.63 
NYSEIAMEXI NASDAQ [14.76) [8.94) [5.53) [-1:1.6) [-6.27) [-US) [-1.04) [2.92) 

Stocks IV4 11.91 0.24 1.87 0.05 0.24 -0.92 -3.57 0.12 
[23.31) [16.53] [13.48) [1.92) [0.43] [-41.05) [-26.33) [4.89] 

102 



PaneiB 

Intercept IV SVOL ILL IN_SIZE BETA BIM 

8.27 0.73 0.48 0.14 .Q.36 
[12.71] [8.01] [5.55] [0.29] [-5.99] 

5.01 0.61 0.32 0.11 1.48 
IVI [8.37] [6.64] [2.07] [0.34] [5.98] 

5.27 0.88 0.37 0.66 -0.12 
[6.99] [6.18] [2.96] [1.41] [.Q.72] 
4.75 0.87 0.37 0.71 -0.12 1.16 -0.57 

Loser [2.78] [4.64] [2.48] [0.86J [-O.SS] [3.68] [-1.58) 
Stocks PI 14.36 0.25 1.89 .Q.OO -1.01 

[27.24] [14.57] [14.55] (.Q.07] [-13.59] 
7.28 0.27 1.74 0.05 1.85 

IV4 [13.60] [15.23] [14.67] [1.50] [8.61] 
9.89 0.31 1.58 0.03 0.03 

[20.83] [13.26] [10.71] [0.74] [0.18] 
12.89 0.18 1.59 0.11 .Q.63 0.55 .Q.56 
[9.62] [1.53] [5.93) [O.60J [-1.55) [0.71] [-2.22) 
-5.54 -0.53 -0.13 1.48 .Q.12 

[-4.79] [-3.00] [-1.24] [0.57] [-1.39] 
-6.01 -0.51 -0.13 1.66 .Q.27 

IVI [-5.28] [-2.95] [-1.35] [1.14] [-1.01] 
-6.42 -0.41 -0.20 1.73 0.32 

[-6.13] [-2.32] [-1.73] [0.83] [1.84] 
-7.22 -0.70 -0.25 3.37 0.40 0.20 0.72 

Winner [-1.92) [-2.02] [-1.94) [1.22J [0.97) [0.22] [1.58) 
Stocks P4 2.29 .Q.95 -2.74 0.04 .Q.58 

[3.12] [-42.25] [-28.17] [1.81] [-6.42] 
-1.66 -0.91 -2.73 0.10 0.66 

IV4 [-3.34] [-43.29] [-27.30] [3.73] [2.30] 
-O.IS -0.93 -266 0.14 0.62 

[.Q.37] [-38.70] [-24.38] [4.53] [4.98] 
3.14 -0.93 -2.66 0.06 .Q.47 -0.69 0.50 

[3.31] [-36.93) [-24.39] [1.70J [-4.59) [-2.21] [3.S6] 
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