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Total Volatility and the Cross Section of
Expected Stock Returns

Abstract

This paper examines the explanatory power of total volatility, a
model free quantity, for the cross section of stock returns. Asset pric-
ing theory implies that expected returns should be positively related to
model-implied systematic volatility, while various theoretical studies
suggest that idiosyncratic volatility should be positively related to ex-
pected returns and several empirical studies suggest that idiosyncratic
volatility has explanatory power for the cross section of expected re-
turns. Taken together these findings imply that total volatility should
be positively related to expected return.

We find both time series and cross sectional evidence for a positive
relationship between total volatility and expected return. Portfolios of
high volatility stocks achieve a higher expected return than portfolios
of low volatility stocks, particularly over the 1990-2004 period. This
effect is driven by both systematic volatility and idiosyncratic with
respect to the Fama-French model. A cross sectional regression of in-
dividual stock returns on total volatility leads to a significant positive
slope coefficient and this result is driven by idiosyncratic volatility
with respect to the Fama-French model. The factor price of risk for
a total volatility factor is positive and significant over the 1990-2004
period and is largely driven by idiosyncratic risk, indicating that the
increase in idiosyncratic risk in the 1990s has implications for asset
pricing.



1 Introduction

This paper explores the relationship between return and risk as proxied by to-
tal volatility, in the cross section of stock returns. This relationship has been
widely studied at the aggregate market level' but not thus far in the cross
section. Total volatility is the sum of systematic volatility relative to some
asset pricing model and idiosyncratic volatility relative to the same model.
Asset pricing theory implies that individual stock returns should be positively
related to systematic volatility while several theoretical studies, both ratio-
nal and behavioral, suggest that expected returns should also be positively
related to idiosyncratic volatility, while several empirical studies find that
idiosyncratic risk does appear to play a role in explaining the cross section
of expected returns. Taken together, these studies suggest that expected
returns should be positively related to total volatility and we investigate
whether this relationship is indeed valid and also explores the implications
for asset pricing.

Merton (1987) suggests that in an information segmented market, firms
with larger firm-specific variances require higher average returns to compen-
sate investors for holding imperfectly diversified portfolios. Malkiel and Xu
(2002) show that an inability to hold the market portfolio will force investors
to care about total risk to some degree in addition to the market risk. Jones
and Rhodes-Kropf (2002) show that diversifiable risk can be priced in ven-
ture capital deals, even if the outside investors are fully diversified and find
empirical support for their prediction. Barberis and Huang (2001) study
equilibrium firm-level returns in an economy where investors are loss averse
over the fluctuations of individual stocks that they own and predict that
stocks with high idiosyncratic volatility should earn higher returns. There is
also empirical evidence on whether firm-specific risk is priced starting from
the early tests of the CAPM. In very early work on testing the CAPM using
individual stocks, Douglas (1969) and Lintner (1965) found that the variance

'Early studies include Campbell (1987) and French, Schwert and Stambaugh (1987)
foolowed by Glosten et. al (1993) and more recently Ghysels et. al. (2005).



of the residuals from a market model was strongly significant in explaining
the cross-section of average stock returns®. More recently, Campbell, Lettau,
Malkiel and Yu (CMLX) (2001) have examined the risk-return relationship
at the individual stock level. CMLX (2001) find that although the mar-
ket as a whole has not become more volatile, individual stock volatility has
increased over a 35 year period with firm level volatility trending upwards
throughout the sample, particularly in the 1990s. Other recent studies also
point to an increase in total risk during the 1990s. Fama and French (2001)
find a secular decrease in the survival rates of new lists over a similar period,
consistent with the notion that firms became more risky in the 1990s while
Pastor and Veronesi (2003) point out that the 1990s increase in idiosyncratic
stock market risk has origins in the real (earnings) side. The implications for
corporate finance of this rise in idiosyncratic risk in the 1990s is explored in
Prabhala and Hoberg (2005) and our study is one of the first to explore the
implications for asset pricing.

We first carry out a statistical analysis to ascertain the relationship be-
tween total volatility and expected return. We sort individual stocks over
the 1975-2004 period into quintiles based on their total volatility and then
calculate the difference in average return between the top quintile consisting
of stocks with the highest total volatility and the bottom quintile of stocks
with the lowest total volatility. We then compute the average difference in
returns both over the entire sample period as well as both halves to assess
whether stocks with high volatility earned higher returns on average. We
find that the difference between the average return on the top quintile with
highest volatility stocks and the bottom quintile with lowest volatility (5-1
premium) stocks is 0.74% a month over the 1980-2004 period, with a p-value

ZDouglas (1969) and Lintner (1965). Miller and Scholes (1972), and Fama and Mac-
Beth (1973) point out some statistical pitfalls in the analysis. However, Lehmann (1990)
reaffirms the results of Douglas (1969) after conducting a careful econometric analysis.
Tinic and West (1986) find that portfolio returns appear to be predicted more accurately
when idiosyncratic volatility (relative to the CAPM) is added to the portfolio beta as an

explanatory factor.



of 1.37%. The premium is much larger for the second half of the sample than
the first, with the premium over the 1980-1990 period being 0.38% with a
p-value of 20.26% while that over the 1990-2004 period is 1.10% a month
with a p-value of 1.24%. This indicates that stocks with higher volatility
earn significantly higher returns than stocks with lower volatility, suggest-
ing that volatility is a good proxy for expected return. This premium is
lower when we sort on Fama-French systematic volatility and appears to be
driven by both systematic and idiosyncratic volatility with respect to the
Fama-French model. The 5-1 premium is slightly higher when controlling for
size and momentum effects and is virtually unchanged when controlling for
the book-to-market effect showing that our observed relationship between
volatility and expected return is not driven by the size, book-to-market or
momentum effects. There appears to be an interaction between total volatil-
ity and the momentum effect with the momentum premium increasing in the
total volatility quintiles, suggesting that high total volatility affects winner
stocks more than loser stocks, consistent with the findings in Brooks et. al.
(2006). The composition of the top quintile varies considerably over time also
indicating that the 5-1 premium is not driven by specific stocks. We then
carry out a cross sectional regression analysis following Fama and Macbeth
(1973) to see if total volatility has explanatory power for the cross section
of expected returns. The cross sectional regression slope coefficient for total
volatility over the 1980-2004 period is 0.102 with a p-value of .01% showing
that total volatility has explanatory power for the cross section of stock re-
turns. The explanatory power is stronger over the 1990-2004 period with the
average slope coefficient being 0.136 with a p-value of .05% while it is .052
over the 1980-1990 period which is not significant. The explanatory power
of total volatility is largely driven by idiosyncratic volatility with respect to
the Fama-French model.

We now investigate the implications of the findings above for asset pric-
ing and construct a total volatility factor via the factor mimicking portfolio
for total volatility. We follow Fama and French (1992) and construct the



factor mimicking portfolio as the zero cost portfolio which is long the quin-
tile of stocks with highest total volatility and short the quintile with lowest
total volatility. We estimate the factor price of total volatility risk using the
Fama-Macbeth (1973) procedure using individual stocks. Over the 1980-2004
period the factor price of total volatility risk is positive and it is significant
at the 5% level over the 1990-2004 period. We decompose the total volatility
factor into aggregate and idiosyncratic components and find that the fac-
tor price of risk for the aggregate factor is negative, consistent with Ang et.
al. (2006)and Bondranenko (2004), while it is positive for the idiosyncratic
component with the idiosyncratic factor price being larger in absolute value.
Higher firm-specific risk could be related to higher growth in the future as
suggested by Malkiel and Xu (2003) leading to a positive factor price of
risk and our findings suggest that the rise in idiosyncratic volatility in the
past decades has implications for asset pricing. The positive factor price
of total volatility indicates that aggregate firm specific volatility is more
important for asset pricing than aggregate volatility, particularly over the
1990-2004 period. We decompose the total volatility factor into systematic
and idiosyncratic components and find the factor price of systematic risk is
negative while that for idiosyncratic is positive and larger in magnitude. The
positive price of factor risk for idiosyncratic volatility implies that increases
in idiosyncratic volatility represents improvements in the investment climate
for firms consistent with idiosyncratic volatility being linked to growth op-
tions (Cao, Simin and Zhang (2006)) as well as high growth (Malkiel and Yu
(2003)). The relative importance of idiosyncratic volatility could be driven
by time trends in financial market development, particularly the recent rise
in public listings of risky firms which has led to changes in the composition
of publicly traded firms. The different characteristics of these newly listed
firms (Fama and French (2004)) appear to have significant implications for

asset pricing and our study is a first step in analyzing these implications.



2 Statistical Evidence

We first report the time series evidence based on sorting stocks on total
volatility together with various controls and then study the explanatory

power of total volatility for the cross section of expected stock returns.

2.1 Data

We use data from the Center for Research in Security Prices (CRSP) over
the 1975-2004 period. As we plan to sort explore the relationship between
risk and return over the entire sample period we consider only stocks that
survived over the entire sample period. Stocks that did not survive over the
entire period eventually end up in the bottom quintile and create a downward
bias in its return. We end up with a sample of 682 stocks over the entire

period.

2.2 Time Series Evidence

We first consider the time series evidence for whether stocks with high volatil-
ity have higher average returns than stocks with lower volatility. We follow
the procedure in Ang et. al.(2006) and sort individual stocks into quin-
tiles based on their total volatility calculated on the basis of the previous 60
months return, hold these portfolios for 1 month and then repeat the pro-
cess. We consider equally weighted rather than value weighted quintiles as
value weighting focuses on stocks with higher returns. This gives us a time
series of returns for the quintiles and we compute the difference in average
return between the top quintile and the bottom quintile (5-1 premium) and
the results are reported in Panel A of Table 1. The 5-1 premium over the
1980-2004 period is 0.74% a month with a p-value of 1.37% which indicates
that stocks with higher volatility earn significantly higher returns than stocks
with lower volatility, suggesting that volatility is a good proxy for expected

return. The premium is much larger for the second half of the sample than



the first, with the premium over the 1980-1990 period being 0.38% with a p-
value of 20.26% while that over the 1990-2004 period is 1.10% a month with
a p-value of 1.24%. The difference between the two sub-periods is clearly vis-
ible from Figure 1 as well which shows the cumulative returns on a strategy
that was long the top quintile and short the bottom quintile.

When we further condition on total skewness by sorting each volatility
quintile in further quintiles based on total skewness motivated by Hong, Chen
and Stein (2001) and more recently Kapadia (2007), we find that the 5-1 pre-
mium is considerably higher at 1.97% per month when restricted to stocks
with the highest total skewness, is virtually zero for the lowest skewness quin-
tile and declines with decreasing total skewness. We also find that average
return for stocks in the top volatility quintile are monotonic in total skewness
with the difference in average return between the high volatility stocks with
high skewness and high volatility stocks with low skewness being 2.11% per

month.

Sorting on Systematic Volatility

We now investigate the 5-1 premium sorting on systematic volatility based
on the Fama-French model rather than total volatility. From Panel B of
Table 1 we see that the 5-1 premium based on systematic volatility over the
1980-2004 period is 0.68% per month with a p-value of 3.52%. While the
overall premium is close to that obtained with total volatility, the results
over the two sub-periods are rather different. Over the 1980-1990 period the
5-1 premium based on systematic volatility is only 0.20%, around half of that
obtained with total volatility, with a a p-value of 34.77% while over the 1990-
2004 period it is 1.16% with a p-value of 1.66%. Thus over the first period
it appears that total volatility appears to be be a considerably better proxy
for return than systematic volatility while over the second period systematic
volatility performs slightly better and overall total volatility appears to be
the better proxy. The results also indicate idiosyncratic risk relative to the

Fama-French model commands a positive premium in the first period, a small



negative premium over the second period and overall a positive premium.

If the Fama-French model is a true asset pricing then the 5-1 premium
based on total and systematic volatility should be the same. The premium
based on total volatility is higher suggesting that idiosyncratic volatility rela-
tive to the Fama-French model may be priced. To further analyze the relative
importance of total volatility and systematic volatility we double sort stocks
on total volatility and then systematic volatility and consider the difference
in average returns between stocks with high systematic volatility and low
total volatility and low systematic volatility and high total volatility. If the
5-1 premium is driven largely by systematic volatility then this difference
should be close to the 5-1 premium with systematic volatility. We find that
the difference is 0.13% a month which is considerably lower than the 0.68% a
month premium for systematic volatility. Conversely the difference between
average return for stocks with high total volatility and low systematic volatil-
ity and that for low total volatility and high systematic volatility is 0.48%
with a p-value of 4.42%. These results suggest that the 5-1 premium is not
entirely driven by systematic volatility relative to the Fama-French model
and that total volatility which incudes the idiosyncratic volatility relative to

this model is a better proxy for mean returns.

Controlling for Cross Sectional Effects

We now double sort our sample by first sorting stocks into quintiles based
on a) firm size, b) book-to-market ratios and c) past twelve month return
and then within each of these quintiles, into quintiles again based on total
volatility. We then average across the attribute quintiles to obtain quintiles
sorted on total volatility that contain stocks with all levels of the character-
istic and then compute the 5-1 premium for each set of portfolios with the
results being reported in Table 2. The 5-1 premium controlling for size is
1.00% per month with a p-value of 0.14% which strongly indicates that the
effect is not just driven by small stocks. Controlling for the book-to-market

effect leads to a premium of 0.79% with a p-value of 1.71% while controlling



for past return leads to a premium of 1.06% per month, the highest overall,
with a p-value of 0.01%. We see that in all cases the 5-1 premiums are higher
when controlling for the three characteristics which demonstrates that the
volatility effect is not directly related to the size, book-to-market or past

returns of the individual stocks.

Interaction Between Volatility and Momentum

The 5-1 premium controlling for momentum is around 30% higher than
the overall premium suggesting that momentum and total volatility are re-
lated. To further explore the issue we sort stocks by past return and total
volatility and then examine the difference in average return between winners
and losers with monthly re-balancing for each volatility quintile. We see from
Panel A of Table 3 that the momentum premium is monotonically increas-
ing in the total volatility quintiles with the momentum premium for the top
volatility quintile being 10.51% and that for the bottom being 4.15%? When
we replace total volatility with Fama-French systematic volatility (Panel B)
we see that the premium for the top volatility quintile is lower at 9.30% but
is higher for the bottom volatility quintile. This shows that the effect is
driven by both Fama-French systematic volatility and idiosyncratic volatil-
ity relative to the Fama-French model and that higher total volatility has
a greater positive effect on winner stocks than loser stocks. This finding is
consistent with the results in Brooks at al (2006) who find that momentum
profits appear to be compensation for unsystematic risk and which are com-

mon to the winner and loser stocks but affect the former more than the latter.

Further Robustness Analysis

In order to see if the 5-1 premium is driven by a ”general factor” or by a
few stocks or kind of stocks that are “always” on the top quintiles, we analyze
the time series of volatility of the stocks that were in the highest quintile at

the end of the sample period and compared it with the average volatility of

3The size of these premiums is driven by the monthly rebalancing,.



the various quintiles. We found that the volatility of 81% and 62% of these
stocks fell below the average volatility of the 4th and 3rd quintiles respec-
tively (the comparison was done period by period) . We also analyze at the
percentage of times that their volatility fell below the 4th and 3rd quintiles
average volatility and we found that it fell below the 4th quintile volatility
37% of the time and below the 3rd quintile volatility 20% of the time. The
findings indicate that the 5-1 premium is not driven by the presence of spe-
cific stocks. The correlation between the 5-1 premium and the level of the
VIX is -0.22 indicating that 5-1 premium is not driven by aggregate volatility

alone.

2.3 Cross Sectional Evidence

We now analyze whether total volatility has explanatory power for the cross
section of expected returns by running a cross sectional regression. We follow
Fama and Macbeth (1973) and at each point in time run a cross sectional

regression of realized return on total volatility

Riy = aiy + 70450 + €3y (1)

Then average the slope coefficient in this regression across time () to
obtain an estimate for the unconditional slope coefficient. The t-statistic
for the slope coefficient is given by t, = ‘UL‘T where o, = ﬁ Sy — )2
Total volatility is computed using the previous 60 months of data so that our
regression begins in 1980.

The results are reported in Table 4. From Panel A of Table 4 we see
that the average slope coefficient when we use total volatility as a regressor
over the 1980-2004 period is 0.102 with a p-value of .01% showing that total
volatility has explanatory power for the cross section of stock returns. The
explanatory power is stronger over the 1990-2004 period with the average

slope coefficient being 0.136 with a p-value of .05% while it is .052 over the



1980-1990 period which is not significant. To assess whether these results are
driven by Fama-French systematic volatility we decompose total volatility
into Fama-French systematic volatility and idiosyncratic volatility and use
these as separate regressors. Panel B of Table 4 shows that over the 1980-2004
period the slope coefficient for Fama-French systematic volatility is 0.023
which is not significant while that for idiosyncratic volatility is 0.109 with a
p-value of 0.01%, indicating that the explanatory power of total volatility is
driven by idiosyncratic volatility with respect to the Fama-French model.
We decompose total volatility into expected and unexpected components
to ascertain how much each component contributes to the explanatory power
of total volatility. Following Chua, Goh and Zhang (2006) the expected com-
ponent is obtained by fitting an AR(2) model to the time-series of total
volatility, while the unexpected component is the residual of the AR(2) re-
gression. When returns are regressed on the expected and unexpected compo-
nents the beta coefficient for expected volatility is 0.0357 with a ¢-statistic of
1.7469 compared to 0.8399 with a t-statistic of 4.7781 for unexpected volatil-
ity. Thus the explanatory power of total volatility appears to be driven by

the unexpected component, not the predictable component.

3 Implications for Asset Pricing

The statistical results above suggest that there may be a role for total volatil-
ity in pricing the cross section of expected stock returns. In order to investi-
gate this issue further we follow the Fama and French (1992) procedure and
construct the factor mimicking portfolio for total volatility risk. This is a zero
cost portfolio which is the difference in return between the highest volatility
quintile and the lowest volatility quintile. To estimate the factor price of
total volatility risk we run a cross sectional Fama-Macbeth regression across
individual stocks using both the market portfolio and the total volatility

portfolio as factors. Each month we run the cross sectional regression
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ri = i + Batr Nukr + BrvorXevor (2)

with the betas estimated using 60 months of data. The overall price of

risk for each factor is given by A, the time series average and the t-statistic

is adjusted by a factor of m to account for the fact that the betas are
generated regressors.

Our cross sectional regressions begin in 1985 as we need 60 months of
initial data to construct the factor and another 60 months of data to construct
the factor betas. Panel A of Table 5 shows that the market price of risk
from this regression is negative and insignificant. We also see that over the
1985-2004 period the factor price of risk for total volatility is 0.68% with a
t-statistic of 1.58 (p-value of 5.8%) and over the the 1990-2004 period the
factor price is considerably higher at 1.42% with a t-statistic of 1.76 (p-value
of 4.0%). Hence over the 1990-2004 period the factor price of total volatility
risk is significant and positive, in contrast to the findings in Ang et. al.
(2006) and Bondranenko (2004) who estimate a negative price of risk for
aggregate volatility. When we omit the market factor and run Equation 2
with total volatility alone the factor price of risk (Panel B of Table 5) over the
1985-2004 period is 0.58% which is not significant, while it is higher (0.97%)
and significant over the 1990-2004 period consistent with the earlier result.

The higher factor price of total volatility over the 1990-2004 period in-
dicates that idiosyncratic or aggregate firm specific risk is more important
for asset pricing over this period. The rise of firm specific volatility in the
1990s has been documented in a number of recent studies Campbell, Lettau,
Malkiel, and Xu (2001) find that idiosyncratic risk has increased in the 1990s,
while Fama and French (2001) find a secular decrease in the survival rates
of new lists over a similar period, consistent with the notion that firms be-
came more risky in the 1990s. Pastor and Veronesi (2003) point out that this
increase in idiosyncratic stock market risk has origins in the real (earnings)
side. In order to analyze the relative importance of aggregate and firm spe-

cific volatility we first decompose our total volatility factor into an aggregate
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volatility component and an idiosyncratic volatility component. The aggre-
gate volatility factor is a zero cost portfolio long the top quintile of stocks
sorted on CAPM systematic volatility and short the bottom quintile sorted
on CAPM systematic volatility while the idiosyncratic volatility factor is the
corresponding long short portfolio sorted on CAPM idiosyncratic volatility.
We then run the counterpart of Equation 2 with aggregate volatility and id-
iosyncratic volatility over the 1990-2004 period and Panel B of Table 5 shows
that the factor price of aggregate volatility risk is negative and insignificant
while that for idiosyncratic risk is positive and larger although not significant.
As a further robustness check we change the systematic component with the
returns on the VIX index and find (Panel C of Table 5) that the factor price
of aggregate volatility continues to be negative (-0.32%) and insignificant
and the factor price of idiosyncratic risk is positive and higher (0.83%). The
negative price of risk for aggregate volatility is consistent with the findings in
in Ang et. al. (2006) and Bondranenko (2004), but the higher factor price of
risk for idiosyncratic volatility over the 1990-2004 period indicates that firm
level volatility plays a more important role in asset pricing over this period.
The positive price of factor risk for idiosyncratic volatility implies that an
increase in firm specific volatility represents improved prospects for firms,
consistent with idiosyncratic volatility being related to growth options for
firms (Cao, Simin and Zhang (2006)) as well as high growth (Malkiel and Yu
(2003)) . The rise in idiosyncratic risk over the 1990s thus has asset pricing
implications which could be due to time trends in financial market develop-
ment in the past few decades, in particular the increasing public listing of
risky firms leading to a change in the overall composition of publicly traded
companies. These new listing have different fundamentals from previously
listed firms as documented by Fama and French (2004), and Brown and Ka-
padia (2007) argue that this “new listing” effect explains the entire increase
in idiosyncratic risk. Our study is a first step in quantifying the implications

of these developments for asset pricing.
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4 Conclusion

This paper investigates the explanatory power of total volatility for the cross
section of expected stock returns. Total volatility, a model free measure,
is the sum of systematic volatility with respect to an asset pricing model
and idiosyncratic volatility with respect to the same model. Asset pricing
theory says that expected return should be positively related to systematic
volatility while several studies both theoretical an empirical suggest that
idiosyncratic risk could also be positively related to expected return, thus
implying a positive relation between total volatility and expected return.
We find both time series and cross sectional evidence for a positive re-
lationship between total volatility and expected return. Portfolios of high
volatility stocks achieve a higher expected return than portfolios of low
volatility stocks, particularly over the 1990-2004 period. This effect is driven
by both systematic volatility and idiosyncratic with respect to the Fama-
French model. A cross sectional regression of individual stock returns on
total volatility leads to a significant positive slope coefficient and this result
is driven by idiosyncratic volatility with respect to the Fama-French model.
We explore the asset pricing implications of these findings by constructing a
factor mimicking portfolio for total volatility as a zero cost portfolio, long a
portfolio of high volatility stocks and short a portfolio of low volatility stocks.
We find a positive factor price of risk for total volatility which is large and
significant over the 1990-2004 period. The positive price of total volatility
risk is driven by idiosyncratic risk suggesting that the rise in idiosyncratic
volatility from the 1990s, documented in several recent studies, has implica-

tions for asset pricing.

References

Ang, A., Hodrick, R., Xing, Y. and Zhang, X. (2006) The Cross Section of
Volatility and Expected Returns, Journal of Finance, 51, 1, 259-299.

Barberis, N. and Huang, M., (2001) Mental Accounting, Loss Aversion

13



and Individual Stock Returns, Journal of Finance, 56, 1247-1292.

Bondarenko, O. (2004) Market Price of Variance Risk and Perfor-
mance of Hedge Funds, Working Paper, University of Illinois at Chicago.

Brooks, C., Li, X., Miffre, J. and Sullivan, N. (2006) Momentum Prof-
its and Time-Varying Unsystematic Risk, Journal of Banking and

Finance, forthcoming.

Brown, G., and Kapadia, N., (2007) Firm-specific Risk and Equity Mar-

ket Development, Journal of Financial Economics, Forthcoming.

Campbell, J.Y., (1987) Stock returns and the term structure. Journal
of Financial Economics 18 (2), 373399.

Campbell, J., Lettau, M., Malkiel, B. and Yu, X., (2001) Have Individ-
ual Stocks Become More Volatile? An Empirical Exploration of

Idiosyncratic Risk, Journal of Finance, 51, 1-44.

Cao, C., Simin, T., and Zhao, J., (2007) Can Growth Options Explain
the Trend in Idiosyncratic Risk?, Review of Financial Studies, forth-

coming.

Chen, J., Hong, H. and Stein, J., (2001) Forecasting Crashes : Trad-
ing Volume, Past Returns, and Conditional Skewness in Stock

Prices, Journal of Financial Economics, 61, 345-381.

Chen, N., R. Roll, S. A. Ross (1986) Economic Forces and the Stock
Market, Journal of Business 59, 383-403

Chua, C., Goh, J. and Zhang, Z. (2006) Idiosyncratic Volatility Matters
for the Cross-Section of Returns— in More Ways than One!,

Working Paper, Singapore Management University.

Fama, E., and French, K., (1992) The Cross Section of Expected Re-
turns, Journal of Finance, 47, 427-465.

Fama, E.; and French, K., (2001) Disappearing dividends: Changing

14



firm characteristics or lower propensity to pay?, Journal of Finan-

cial Economics 60, 344.

Fama, E., and French, K., (2004) New lists: Fundamentals and survival

rates, Journal of Financial Economics 72, 229-269.

Fama, E. and MacBeth, J., (1973) Risk, return and equilibrium: Em-
pirical tests, Journal of Political Economy 81, 607636.

French, K.R., Schwert, W. and Stambaugh, R.F., (1987) Expected stock

returns and volatility, Journal of Financial Economics 19 (1), 329.

Ghysels, E., Santa-Clara, P. and Valkanov, R., (2005) There is a Risk-
Return Tradeoff After All, Journal of Financial Economics, 76, 509-
548.

Glosten, L.R., Jagannathan, R. and Runkle, D.E.; (1993) On the relation
between the expected value and the volatility of the nominal

excess return on stocks, Journal of Finance 48 (5), 1779-1801.

Hoberg, G., and Prabhala, N., (2005) Disappearing dividends: The im-
portance of idiosyncratic risk and the irrelevance of catering,

Working Paper, University of Maryland.

Jones, C. and Rhodes-Kropf, M., (2004) The Price of Diversifiable Risk
in Venture Capital and Private Equity, Working Paper, Columbia

Business School.

Kapadia, N., (2007) The Next Microsoft? Skewness, Idiosyncratic
Volatility, and Expected Returns, Working Paper, University of North
Carolina.

Lehmann, Bruce N., (1990) Residual risk revisited, Journal of Economet-
rics 45, 71-97.

Lintner, J., (1965) Security prices and risk: The theory and compar-

ative analysis of A.T.&T. and leading industrials, Presented at

15



the conference on “The Economics of Regulated Public Utilities” at the

University of Chicago Business School.

Malkiel, B. and Yu, X., (2002) Idiosyncratic Risk and Security Returns,
Working Paper, University of Texas at Dallas.

Malkiel, B. and Yu, X., (2003) Investigating the behavior of idiosyn-
cratic volatility, Journal of Business, 76, 613-644.

Merton, R., (1987) A Simple Model of Capital Market Equilibrium

with Incomplete Information, Journal of Finance, 42, 483-510.

Miller, M., and Scholes, M., (1972) Rates and return in relation to risk:
A reexamination of some recent findings, Studies in the Theory of
Capital Markets, (Edited by Michael Jensen) 47-78 Praeger: New York.

Pastor, L., and Veronesi, P., (2003) Stock valuation and learning about
profitability, The Journal of Finance 58, 335.

Tinic, Seha M, and Richard R. West, (1986) Risk, return and equilib-
rium: A revisit, Journal of Political Economy 94, 1, 126-147.

16



H5-1 Premium

Panel A: Total Volatility
Overall: 0.74% (1.37%)
1980-1990: 0.38% (20.0%)

1990-2004: 1.10% (1.24%)

Panel B: Fama French Systematic Volatility
Overall: 0.68% (3.52%)
1980-1990: 0.20% (35.0%)

1990-2004: 1.16% (1.10%)

Table 1: Volatility Premiums: Overall

In this table we provide the 5-1 premium which is the difference in average return between
the top and bottom equally weighted portfolio of stocks sorted on total volatility (Panel
A) and Fama-French systematic volatility (Panel B). The premiums are shown for the
entire period (1980-2004) and the 1980-1990 and 1990-2004 sub periods. Further details
of the sorting procedure are given in Section 2.2. Returns are given in percent per month

and the figures in brackets are the p-values.
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Equally Weighted High minus Low Vol Cumulative Returns

1 1 1
1984 1988 1992 1996 2000 2004
Year

Figure 1: Returns from a Long Short Strategy
This figure shows the cumulative returns on a zero cost portfolio strategy that is long the top

equally weighted quintile of stocks sorted on total volatility and short the bottom equally weighted
quintile sorted on total volatility over the 1980-2004 period.

18



Attribute Controlled 5-1 Premium

Size: 1.00% (0.14%)
Book-to-Market: 0.79% (1.711%)

Momentum: 1.06% (0.01%)

Table 2: Volatility Premiums: Attribute Controlled

In this table we report the attribute controlled premiums over the 1980-2004 period where
stocks are double sorted on attributes (size, book-to-market and past return) and volatility
and then averaged across the attribute. Further details of the sorting procedure are given
in Section 2.2. Returns are given in percent per month and the figures in brackets are the

p-values.
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Momentum Premium

Panel A: Total Volatility

Ql:  10.51%
Q2: 7.42%
Q3: 6.54%
Q4: 5.22%
Q5: 4.15%

Panel B: Fama French Systematic Volatility

Ql:  9.30%
Q2 T.02%
Q3 6.57%
Q4 6.13%
Q5 5.12%

Table 3: Momentum Premium across Volatility Quintiles

This table shows the momentum premium sorted by volatility quintiles. We first sort
stocks into equally weighted quintiles based on total volatility and then on again into
equally weighted quintiles based on 12 month past return. For each volatility quintile we
compute the momentum premium which is the difference between the top and bottom
quintiles sorted on past return. The results in Panel A are based on sorting on total

volatility while those in Panel B are based on Fama-French systematic volatility.
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Slope Coefficients

Panel A: Total Volatility

Overall: 0.102 (0.01%)
1980-1990: 0.052 (12.8%)

1990-2004: 0.136 (1.05%)

Panel B: Fama French Systematic Volatility and Idiosyncratic Volatility

Overall:  0.023 (36.7%)  0.109 (0.01%)

Table 4: Cross Sectional Slope Coefficients.

In this table we provide the cross sectional slope coefficient for a cross sectional regression
of individual stock returns on their total volatility (Panel A) over the 1980 -2004 period as
well as the 1980-1990 and 1990-2004 sub periods. In Panel B we decompose total volatility
into Fama-French systematic volatility and idiosyncratic volatility and then run the cross

sectional regression over the 1980-2004 period. The figures in bracket are the p-values.
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Factor Prices of Risk

Panel A: CAPM and Total Volatility
Overall: -0.15% (34.2%) 0.68% (5.8%)

1990-2004:  -0.53% (41.5%) 1.42% (4.0%)

Panel B: Total Volatility Alone
Overall: 0.58% (7.62%)

1990-2004: 0.97% (3.12%)

Panel B: Systematic Volatility and Idiosyncratic Volatility (1990-2004)
CAPM: -0.61% (73.3%) 1.10% (15.2%)

VIX: -0.32% (52.9%)  0.83% (29.0%)

Table 5: Factor Prices of Risk.

In this table we provide the the factor prices of risk obtained from a cross sectional
regression. In Panel A the factors are the market return and the total volatility factor, a
zero cost portfolio which is long the top quintile sorted on total volatility and short the
bottom quintile sorted on total volatility, and the factor prices of risk are computed over
the 1985-2004 period as well as the 1990-2004 period. In Panel B the total volatility factor
is considered on its own and in Panel C we decompose the total volatility factor into a
systematic component which is the zero cost portfolio based on quintiles sorted on CAPM
systematic volatility and an idiosyncratic component which is the zero cost portfolio based
on quintiles sorted on CAPM idiosyncratic volatility. More details on the construction of

the factors are given in Section 3. The figures in bracket are the p-values.
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