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We investigate the predictive power of market volatility for momentum.We find that (1) market
volatility has significant power to forecast momentum payoffs, which is robust after controlling
formarket state and business cycle variables; (2)market volatility absorbsmuch of the predictive
power of market state; (3) after controlling for market volatility andmarket state, other variables
do not have incremental predictive power; (4) the time-series predictive power ofmarket volatil-
ity is centered on loser stocks; and (5) default probability helps explain the predictive power of
market volatility for momentum. These findings jointly present a significant challenge to existing
theories on momentum.
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1. Introduction

We examine the predictive power of market volatility for momentum profitability. A direct motivation for our study arises from
the observation that the high stock market volatility in late 2008 is followed by a string of dramatic losses of momentum strategies.
After the bankruptcy of Lehman Brothers in September,market volatility skyrocketed, whichwas followed by strikingly largemomen-
tum losses. In the first half of 2009, the momentum strategy performed miserably, producing a monthly average payoff of −17%
(Fig. 1).2 The momentum strategy also performs poorly following other periods of skyrocketed volatility, such as in the early 1930's,
themiddle 1970's, and around the turn of the century after the burst of theNASDAQbubble. Thesedrastic episodes suggest thatmarket
volatility may predict momentum profits.

While there exists an extensive literature on the momentum effect of Jegadeesh and Titman (1993), empirical studies are over-
whelmingly aimed at cross-sectional features of the anomaly. Time-variation in momentum profits has received relatively less atten-
tion. Important exceptions include Chordia and Shivakumar (2002; hereafter CS), who find that momentum varies with business
cycles, Cooper, Gutierrez, and Hameed (2004; hereafter CGH), who find that momentum exists only in the “UP” market state, and
Stivers and Sun (2010), who find that cross-sectional return dispersion negatively predicts momentum payoff.3 In this paper, we in-
vestigate whether market volatility has predictive power for time-variation in momentum payoff.

Our tests reveal a set of interestingfindings. First, market volatility indeed has significant and robust power to forecastmomentum
payoffs. Unlike market state and business cycle variables, market volatility has significant explanatory power even when the
Wang), jgxu@nsd.pku.edu.cn (J. Xu).

June 2009 are −17.02%, 3.40%, −23.49%, −40.62%, −23.23%, and −1.85%, respectively.
it is an “UP” (“DOWN”) market state if the past three-year market return is non-negative (negative). For con-
of a non-negative market state. Unless noted otherwise, this definition is used throughout our paper.
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Fig. 1. Market volatility and momentum payoff in the 2008–2009 episode. Panel A plots market volatility (standard deviation of daily market returns) in the month.
Panel B plots the payoffs to a momentum strategy. The data for momentum payoffs are from the Ken French data library. Specifically, stocks are sorted into deciles
based on returns from month t − 12 to month t− 2, where month t is the holding period. The momentum payoff is the difference between equal-weighted returns
of the winner and loser portfolios.
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momentum portfolios are constructed using relatively large stocks. Second, the predictive power of market volatility persists after
controlling for market states and business cycle variables. In contrast, these other variables lose much of their explanatory power
in the presence ofmarket volatility. Onlymarket state continues to have predictive power formomentumprofitability. Third, the pre-
dictability of momentum profits arises mainly from loser stocks. Performance of the winner stocks does not deviate from the overall
market performance in a predictable way.We use themarket index and the Fama and French three-factormodel as the benchmark to
adjust the performance of winners and losers. Finally, inspired by the fact that market volatility is related to default probability and
that the predictability is loser-centered, we explore the role of default probability and find that default probability can absorb
much of the predictive power of market volatility for momentum profitability.4

We also examine other potentially important variables in predictingmomentumprofitability, including investor sentiment (Baker
andWurgler (2006)), cross-sectional stock return dispersion (Stivers and Sun (2010)), andChicago BoardOptions Exchange Volatility
Index (VIX). Cross-sectional return dispersion and VIX are highly correlated with market volatility. The correlation coefficients are
0.52 and 0.71, respectively. We confirm Stivers and Sun (2010)'s finding that cross-sectional return dispersion negatively predict
momentum performance. We also find that investor sentiment and VIX can predict momentum profitability. In the presence of
these variables, the predictive power of market volatility remains robust. In contrast, the predictive power of these variables is not
robust in the presence of market volatility.

Our study extends previous work on time-series features of momentum in three aspects. First, existing work aims at testing certain
theories. For example, CGH (2004) aim at testing the models of Daniel, Hirshleifer, and Subrahmanyam (1998) and Hong and Stein
(1999). CS (2002) focus on the role of business cycles in explaining momentum. In contrast, our goal is to establish the predictive
power of a particular variable (market volatility) for momentum profitability. Second, our new findings, centered on market volatility,
are challenging for existing theories. They are not readily reconciled with the studies of CS and CGH that are motivated by the business
cycle risk explanation and the behavioral theories. Third, ourfindings are intriguingwhen comparedwithnumerous cross-sectional stud-
ies. The results of Jiang, Lee, and Zhang (2005) and Zhang (2006), for example, show that momentum payoffs are higher among firms
with higher information uncertainty. However, we find that over time high volatility periods are followed by low momentum payoffs.

Although momentum is largely a cross-sectional effect, our study shows that the time-series dimension is important as well for
developing a convincing theory of momentum. Overall, our findings present a significant challenge to existing research on
4 With data from January 1971 to June 2008, we use the approach of Hillegeist et al. (2004), which is based on the Black–Scholes–Merton option-pricing model, to
estimate bankruptcy probabilities of firms (hereafter referred to as BSM probs). We find that the average BSM probs across all stocks is significantly correlated with
market volatility. Our tests that focus on downmarkets show that both the all-stock average BSM probs and the loser-winner difference in BSM probs have significant
predictive power for momentum. These default risk proxies take away the explanatory power of market volatility.
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momentum. Using several recent papers on momentum, we discuss (in Section 2.4) why implications from our empirical results are
challenging.We also suggest two directions to explore theories that can account for the time-series features of themomentum effect.

Our focus on volatility also relates our study to the literature on stock market volatility and return predictability. Earlier research
has examined the time-series relation between market volatility and the expected market return.5 Our study extends this line of re-
search by examining the time-series relationship betweenmarket volatility andmomentumprofitability. Our finding that default risk
helps explain themomentum predictive power ofmarket volatility suggests that default riskmay play an important role in predicting
stock returns, especially in volatile down markets.

The rest of the paper is organized as follows. Section 2 presents the empirical analysis. Section 2.1 describes the setup and data.
Section 2.2 presents themain results on predictive power ofmarket volatility formomentumprofitability. Section 2.3 explores poten-
tial explanations. Section 2.4 discusses implications of our findings, emphasizing that they present a challenge to existing theories.
Section 3 concludes.

2. Market volatility and momentum

2.1. Setup and data

We aim at establishing the role of market volatility in predicting momentum profits in the presence of other important variables.
Toward this end, we run predictive regressions of the following form:
5 See
high sen

6 It sh
on whe
MOMt ¼ aþ bxt−1 þ εt
whereMOMt is themomentumpayoff ofmonth t. To calculatemomentum, stocks are ranked into portfolios based on past returns. The
ranking period is from 3 to 12 months. The portfolio with the highest (lowest) past return is thewinner (loser) portfolio. Momentum
payoff is winner–loser return difference in month t. xt − 1 is a vector of predictors measured at the end of month t − 1.6

We organize the results into two parts. Thefirst part aims at establishing themain results (Section 2.2). The performance ofmarket
volatility is presented together with the findings from twomost related studies (CGH and CS). In addition tomarket state of CGH, this
part has involved the macroeconomic variables of CS: dividend yield of the CRSP value-weighted index (DIV), yield spread between
Baa-rated bonds and Aaa-rated bonds (DEF), yield spread between ten-year Treasury bonds and three-month Treasury bills (TERM),
and yield on a T-bill with threemonths tomaturity (YLD).We obtainmonthly observations on these four variables from the CITIBASE
database. The sample period is from April 1953 to June 2009.

The second part explores robustness and potential explanations of our key findings (Section 2.3). We test whether cross-sectional
stock return dispersion, option implied volatility, or Baker–Wurgler sentiment index can account for market volatility's explanatory
power. We construct the return dispersion measure following exactly the procedure of Stivers and Sun (2010). We obtain data on
VIX from the web site of Chicago Board Options Exchange. The data on Baker–Wurgler sentiment index is obtained from Jeffrey
Wurgler's web site (http://www.stein.nyu.edu/∼jwurgler). We further explore whether default risk can explain the predictive
power of market volatility. Hillegeist et al. (2004) and Vassalou and Xing (2004) have used Merton's (1974) option-pricing model
to compute default measures for firms. We implement the procedure of Hillegeist et al. (2004) to estimate default probabilities of
firms.

The rest of this section explains howwe constructmomentum,market state, andmarket volatility and howweuse alternative def-
initions of these variables for robustness checks. In Appendix A, we provide a list summarizing all the variables used in our analysis.

Themomentumstrategy is constructed following Fama and French (1996). Specifically, the rankingperiod is frommonth t− 12 to
month t− 2. The holding period is month t. Stocks are sorted into deciles using their ranking period returns. The top (bottom) return
decile is defined as thewinner (loser) portfolio. Equal-weighted portfolios are formed for the deciles.Momentumpayoff is the holding
month return difference between the winner and loser portfolios.

We focus on this momentum strategy for three reasons. First, the data for the strategy is publicly available at the French's web site.
Thismakes it easy to replicatemost of our results, since it is straightforward to obtain the predictors such asmarket volatility andmar-
ket state. Second, Fama and French (1996) show that this momentum strategy is as tough as the ones constructed by Jegadeesh and
Titman (1993). Their three-factor model fails to explain the payoff to this strategy. Third, the one-month holding period in this con-
struction makes it well suited for studying time-series predictability. Extending the holding period beyond one month would artifi-
cially introduce a strong autocorrelation in monthly observations of momentum payoffs. A highly autocorrelated dependent
variable also creates concerns of spurious regressions andmakes it unclear how to interpret the adjusted R-squares of the regressions.

For robustness concerns, we examine a widely used alternative momentum measure, MomFF, constructed by Fama and French
(1996). This factor is constructed using six value-weighted portfolios formed on size and past returns. The portfolios, denoted as
Small High, Small Medium, Small Low, Big High, Big Medium, and Big Low, are the intersections of two portfolios formed on size
and three portfolios formed on prior return (from month t− 12 to month t− 2). To be size-balanced, MomFF is the average return
, e.g., Campbell and Hentschel (1992) and Glosten, Jagannathan and Runkle (1993). Recently, Ang, Hodrick, Xing, and Zhang (2006, 2009) find that stocks with
sitivities to innovations in aggregate volatility have low average returns and that stocks with high idiosyncratic volatilities have low average returns.
ouldbe noted that the time-series predictability ofmomentum is different from the aggregate stockmarket predictability. For themomentumeffect, the focus is
ther (and why) the relative performances of the winner and loser portfolios vary over time in a predictably different way.

http://www.stein.nyu.edu/~jwurgler


Table 1
Market states, market volatility, and momentum profits.
Monthlymomentum returns are from the Ken French data library. Stocks are sorted into deciles based on returns frommonth t − 12 tomonth t − 2,wheremonth t is
theholding period.Momentum returns are theholdingmonth return differences between equal-weightedwinner and loser portfolios. Amonth is in positive (negative)
market states if the lagged three-yearmarket return is positive (negative). Amonth is of high (low) volatility if the lagged 12-monthmarket volatility is larger (smaller)
than the lagged 36-month market volatility. The average monthly payoff for each of the four categories of positive (negative) market state and high (low) volatility is
reported. In parenthesis are robust t-statistics. All the payoffs are in percentage terms.

MOM Positive market state Negative market state

High vol Low vol High vol Low vol

Aug 1929–July 2009
0.79 0.89 1.56 −3.01 −1.29
(3.60) (4.40) (9.27) (−1.94) (−0.94)

Aug 1929–July 1969
0.63 0.75 1.45 −3.25 −2.28
(1.95) (3.31) (5.97) (−1.87) (−1.75)

Aug 1969–July 2009
0.95 1.00 1.70 −2.86 1.16
(3.33) (3.29) (8.75) (−1.33) (2.56)

Table 2
Predictive power of market volatility.
We regress momentum payoff on a set of variables including market volatility, market state, and business cycle variables. All regressions are of the form:
yt = a + bxt − 1 + εt
where xt − 1 is the vector of predictors measured at the end of month t − 1. MKT is the lagged three-year market return in annual terms. Vol is the lagged 12-month
(month t − 12 tomonth t − 1)market volatility in percentage terms. Vol+ (Vol−) is equal to Vol if the lagged three-year (month-36 tomonth t − 1)market return
is positive (negative) and otherwise equal to 0. DIV is the dividend yield of the CRSP value-weighted index. DEF is the yield spread between Baa-rated bonds and Aaa-
rated bonds. TERM is the yield spread between ten-year Treasury bonds and three-month Treasury bills. YLD is the yield on a T-bill with three months to maturity.We
use different timewindows to calculatemarket state and volatility (in Panel A) and alternativemeasures of momentumprofitability (in Panel B) for robustness checks.
For each regression, we report regression coefficients, robust t-statistics (in parentheses), and adjusted R-squares. We omit the intercepts for brevity.

Panel A. Market state and volatility

MKT Vol Vol+ Vol− Adj-R2

I. Market state and market volatility
7.95 −1.64 0.029
(2.38) (−2.38)
1.78 −0.71 −2.68 0.035
(0.33) (−1.64) (−2.34)

II. Market volatility calculated over past six months
7.92 −1.59 0.030
(2.28) (−2.10)
7.03 −0.90 −1.84 0.032
(2.13) (−1.15) (−2.61)

III. Both state and volatility calculated over past six months
0.42 −2.27 0.022
(0.42) (−3.56)
−3.85 −0.78 −3.53 0.032
(−2.83) (−1.14) (−3.93)

Panel B. Market state, market volatility, and business cycles

MKT Vol Vol+ Vol− DIV DEF TERM YLD Adj-R2

I. Regular momentum construction
3.68 −2.09 −0.24 −1.86 0.49 0.38 0.056
(1.99) (−2.44) (−1.02) (−2.14) (2.06) (3.69)

−1.38 −2.91 −0.21 −1.52 0.43 0.32 0.060
(−2.02) (−3.18) (−0.97) (−1.81) (1.93) (3.05)

II. Size-balanced momentum profit
1.98 −1.41 −0.14 −0.77 0.25 0.15 0.029
(1.14) (−2.60) (−0.91) (−1.54) (1.57) (2.07)

−0.88 −1.95 −0.12 −0.51 0.21 0.10 0.034
(−2.06) (−3.13) (−0.79) (−1.01) (1.35) (1.35)

III. Large-cap momentum profit
1.06 −1.70 −0.10 −0.37 0.11 0.02 0.016
(0.51) (−3.46) (−0.64) (−0.77) (0.66) (0.29)

−1.10 −2.20 −0.06 −0.06 0.06 −0.04 0.022
(−2.37) (−3.93) (−0.43) (−0.12) (0.39) (−0.49)
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Fig. 2.Market volatility andmarket state. In Panel A, market volatility is the standard deviation of daily market returns in the last 12 months. In Panel B,market state is
the lagged three-year market return, measured in terms of the monthly average. In Panel C, market state is the lagged six-month market return.
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on the twohigh prior return portfolios (Small High and Big High)minus that on the two lowprior return portfolios (Small Lowand Big
Low). In addition toMomFF,we also useMomBig, the return difference between BigHigh andBig Low. This helps to showwhether the
predictive power is limited to small stocks. For brevity, the results based on MomFF and MomBig are reported only in Table 2.7
7 We have also considered themomentum strategywith a six-month ranking period and a six-month holding period. Both the overlapping construction approach of
Jegadeesh and Titman (1993, 2001) and the non-overlapping approach are applied. The results (reported in an earlier version of this paper) are similar and hence
omitted.
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We employ the value-weighted CRSP market index to calculate market state and market volatility. Following CGH (2004), we
calculate the past three-year market return as a measure of market state (MKT hereafter). We compute the lagged 12-month
(month t− 12 tomonth t− 1) daily return standard deviation as ameasure ofmarket volatility (Vol hereafter). Two alternativemea-
sures are checked for robustness.8 In addition, we consider the up and downmarket volatility, Vol+ and Vol−, which equal to Vol in
positive and negative market states, respectively, and otherwise equal to 0.

Fig. 2 plots time-variations in market volatility and market state. Panel A shows that market volatility jumped in late 2008 to the
highest level in the post-war period, comparable to the level in the early 1930's. Panel B shows that, using the lagged three-yearmar-
ket return, themarket is rarely in negative states. Only 13.6% of themonths in the sample period are in negativemarket states. There is
not a single month in the negative market state during the 1980's and 1990's. Since 1980, market state is negative only during the
internet crash period and the 2008–2009 recession. To address this issue, we consider an alternative definition of up and down
markets, which is based on past six-month returns (Panel C). The six-month return is more sensitive to sudden changes in market
returns. With this measure, about 30% of the months in the sample period are in negative market states. For a robustness check,
we have used the lagged six-month market return to define up and down market volatility (see Table 2).

2.2. Market volatility and momentum profitability

In this subsection, we present evidence that market volatility can predict momentum profitability. We proceed in two steps. First,
we show that market volatility can predict momentum. Because market state and business cycle variables are found important by
existing studies, we control for these variables. Second, we check whether the time-series predictability is symmetric between the
winner and loser portfolios.

2.2.1. Predictive power of market volatility
We start with a two-way sort. The purpose is to make an intuitive comparison showing whether market volatility matters after

controlling for market state. All the months in the sample period are sorted into four subsets, depending on whether the market
state is positive or negative and whether the market volatility is high or low. Following CGH (2004), we define a month to be in
the UP (DOWN) market state if the lagged three-year market return is positive (negative). The UP (DOWN) market state is also re-
ferred to as the positive (negative)market state. Amonth is of high (low) volatility if the lagged 12-month volatility is larger (smaller)
than the lagged 36-month volatility. Over the full sample period, there are 829 months in positive market states, 358 (471) of which
are of high (low) volatility. There are 131 months in negative market states, 75 (56) of which are of high (low) volatility. Since this is
an independent two-way sorting, it does not matter whether we first sort on market state or market volatility.

Table 1 presents results from the two-way sort. The average monthly momentum payoff is 0.79% for the full sample period. The
average payoffs over the subsets show that both market state and market volatility matter. Consistent with CGH, momentum profits
are higher in positive market states. Within positive (negative) market states, momentum profits are higher in low volatility months.
Within positivemarket states, low volatility months outperform high volatility months by 0.67% (=1.56%− 0.89%).Within negative
market states, the difference is 1.72% (=−1.29%− (−3.01)%). It seems that volatilitymattersmore in negativemarket states. Jointly,
market state and market volatility create a very large return spread. Positive-market-state-low-volatility months outperform
negative-market-state-high-volatility months by an astonishing 4.57% (=1.56%− (−3.01)%).

The eighty-year sample period is divided into two equal-length subperiods, from 1929 to 1969 and from 1969 to 2009. Consistent
with various earlier studies, the momentum payoff is higher in the more recent subperiod. Volatility also matters more in the more
recent period but this difference is limited to negativemarket state. The return spread between high and lowmarket volatilitymonths
in negativemarket states is−0.97% and−4.02% for the first and second subperiods, respectively. In comparison, the return spread in
positive market states is 0.7% for both subperiods. Overall, Table 1 suggests market volatility matters and it matters more in negative
market states.

The results from Table 1 suggest a simple way to improve momentum profitability. Given the large negative payoff in volatile
down markets, it is natural to reverse the momentum-trading rule in these volatile periods. Specifically, one takes a long position
in the loser portfolio and a short position in the winner portfolio in negative market states with high volatility. In other months,
one carries out the regular momentum strategy. It should be noted that the increase in transaction costs due to the modification
should not be amajor concern, given that the negativemarket states of high volatility are relatively infrequent (75 out of 960 months,
or 7.8%) and tend to cluster together.9 The gain from the modified strategy is highly significant.10

2.2.2. Market state and macroeconomic variables
Table 2 presents predictive regressions. In Panel A, we include only market state and market volatility. In Panel B, we further add

business cycle variables. In both panels, we try different measures of market volatility, market state, andmomentum profitability. The
purpose is to establish the robustness of the basic results.
8 For alternative measures, we have considered using the standard deviation of daily returns from month t − 6 to month t − 1 or from month t − 12 to month
t − 2. The results are robust.

9 In everymonth, both the regular andmodified strategies need to buy one portfolio and short-sell another. It is not even clearwhether themodified strategy ismore
costly.
10 For example, if in late 2008 one canceled the short position in the loser portfolio in a regularmomentum strategy, shewouldhave avoided the large losses in 2009 as
depicted in Fig. 1. Of course, she would have gained tremendously if she reversed themomentum trading rule instead of just unwinding the short position in the loser
portfolio.
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In Panel A, we present three pairs of regressions, differing in the number ofmonths used to calculateMKT and Vol. In each pair, we
first useMKTwith Vol and then useMKTwith Vol+ and Vol−. In the first pair, MKT is the lagged three-yearmarket return. Vol is the
lagged 12-month market volatility. In the first regression, both MKT and Vol are significant, indicating that both variables have inde-
pendent power to forecast momentum profits. In the second regression, MKT becomes insignificant.11 It should be emphasized that
since MKT is used in defining Vol− and Vol+, one cannot conclude from the second regression that MKT has no power. Throughout
this paper, we do not dispute the predictive power of market state. Our view is that market volatility and market state fit well with
each other so that combined together, they provide a useful indicator of market conditions. Consistent with Table 1, the predictive
power of market volatility is more evident in down markets. Although Vol+ and Vol− both have negative signs, Vol− is dominant
in terms of the magnitudes of the coefficient and the t-statistic.

In Pairs II and III, we present robustness checks using alternative time windows to calculate market state and market volatility.
That is, we calculateMKT and Vol asmarket returns and volatility in the past 6, rather than 36 and 12 months. In Pair II, only volatility
is changed into the newmeasure. In Pair C, we replace both market state andmarket volatility with newmeasures. The results show
that it does notmatterwhether to use 12 or 6 months tomeasure volatility. Vol keeps its sign and remains significant. Vol− continues
to be stronger than Vol+. In contrast, the results about market state change significantly. It is significantly positive in Pair II, but sig-
nificantly negative in the second regression of Pair III.12

In Panel B, we examine whether the macroeconomic variables of CS can take away the explanatory power of market volatility.
Panel B also consists of three pairs of regressions that differ in the dependent variable. In Pair I, the dependent variable is the same
momentum payoff as in previous tables. In Pairs II and III, the dependent variables are the size-balanced momentum factor of Fama
and French (MomFF) andmomentumpayoff using large stocks only (Mombig), respectively. Pairs II and III are used to checkwhether
the predictive variables perform well when the portfolio construction is size-balanced or tilted toward large stocks.

The results from Pair I show that these macroeconomic variables do have predictive power for time-variation in momentum
profits. For example, DEF, TERM and YLD are all statistically significant in the first regression. However, the predictive power of the
macroeconomic variables becomes considerably weaker when the momentum factor is size-balanced. For the regressions in Pair II,
only YLD has a robust t-statistic that is above 2.0 in absolute value. In Pair III, the predictive power of the macroeconomic variables
disappears completely, with the t-statistics ranging from −0.77 to 0.66. Similar to the macroeconomic variables, MKT is statistically
significant in Pair I, but not in Pairs II and III. That is, the predictive power of the market state is also not robust when the portfolio
construction is tilted toward large stocks. In contrast, market volatility remains significant throughout all the cases. As a matter of
fact, the t-statistic of Vol increases in absolute value when moving from Pairs I to Pairs III. The t-statistics of Vol− and Vol+ in Pair
III are also larger in absolute value than those in Pairs I and II.

In sum, Table 2 shows that market volatility has robust predictive power in the presence of market state andmacroeconomic var-
iables. Unlike the market state and macroeconomic variables, market volatility retains its significant predictive power when the mo-
mentum portfolios are constructed to be size-balanced or with large stocks.13 We also notice that in all cases, the predictive power of
market volatility is more pronounced in down markets.
2.2.3. Asymmetric predictability
We proceed to examine whether the predictability of momentum payoff comes from the winner or the loser portfolios. Toward

this end, we separately run the regressions for the loser and winner portfolio returns. Table 3 reports the results. In Panels A1 and
A2, the dependent variable is the return difference between the loser (winner) portfolio and themarket index. Using the performance
relative to the market, we avoid the issue that returns of the winner and loser portfolios consist of a market component that is pre-
dictable (e.g., by DIV). In Panels B1 and B2, we adjust the loser and winner portfolio returns by the Fama and French three factor
(FF3F) model. For example, the dependent variable in Panel B1 is rL − rf − bLRMF − sLSMB − hLHML, where rL is the return on the
loser portfolio, rf is the riskless rate, and bL, sL, and hL are the three factor loadings of the loser portfolio. RMF, SMB, and HML are the
three factors of Fama and French.

The contrast between Panels A1 andA2 is impressive. It clearly shows that the predictabilitymainly comes from the loser portfolio.
In predicting the loser's relative performance over themarket, Vol and Vol− are statistically significant. The adjusted R-squares are as
large as 5.3%. In contrast, in predicting the winner's relative performance over the market, none of the variables are statistically sig-
nificant. The robust t-statistics range between−0.72 and 0.68 and the adjusted R-squares are negative. Themacroeconomic variables
also show some predictive power for the loser's performance. The t-statistics of DEF, TERM, and YLD show signs of statistical signifi-
cance. In particular, YLD has t-statistics of−3.62 and−2.92 in the two regressions. In contrast, the macroeconomic variables do not
have any predictive power for the winner's performance.
11 For this reason, we do not include MKT in the presence of Vol− and Vol+ in the following tables.
12 CGHhaveused the squared termof themarket state. It is difficult to explain and apply a nonlinear relation.Nonetheless, we have checked it for different subsamples
and different constructions.We find that the conclusion about the squared term is not robust. It is statistically insignificant for themore recent subperiods, for example,
for the August 1969 to July 2009 subsample.
13 We conduct various subsample analyses and find the predictive power of market volatility to be robust across time.Motivated by the concern that the results could
be driven by the 2008–2009 financial crisis period, we run the regression in Table 2 excluding the 2008 and 2009 (ending in December 2006 or 2007).We find the pre-
dictive power of market volatility to be less pronounced but remain significant. In unreported results, we split the whole sample of 1929 to 2009 into three approxi-
mately equal-length sub-periods and run the regression on each subsample. The results remain robust. The results are more evident in more recent subsamples. We
also split the 1953–2009 period (the period we have business cycle data) into two approximately equal length period and run the regression on each subsample.
The results remain robust and are more evident in the more recent subsample.



Table 3
Asymmetric predictability.
We regress winner and loser portfolio returns onmarket state, market volatility, and business cycle variables. The definition of these variables is the same as in Table 2.
In Panels A1 and A2, portfolio returns are adjusted by the market index. In Panels B1 and B2, portfolio returns are adjusted by the Fama-French three factor model
(FF3F). The sample period is from April 1953 to June 2009. We report regression coefficients, robust t-statistics (in parentheses), and adjusted R-squares.

DIV DEF TERM YLD MKT Vol Vol+ Vol− Adj-R2

A1. Loser (relative to the market)
0.35 1.95 −0.45 −0.43 −2.86 2.12 0.053
(1.17) (2.21) (−1.90) (−3.62) (−0.98) (2.30)
0.34 1.79 −0.42 −0.40 1.76 2.62 0.053
(1.16) (1.84) (−1.72) (−2.92) (1.73) (2.73)

A2. Winner (relative to the market)
0.11 0.09 0.04 −0.05 0.82 0.03 −0.009
(0.58) (0.10) (0.19) (−0.44) (0.38) (0.05)
0.13 0.27 0.01 −0.08 0.38 −0.28 −0.006
(0.68) (0.30) (0.05) (−0.72) (0.55) (−0.42)

B1. Loser (adjusted by FF3F)
0.04 1.60 −0.51 −0.31 −2.08 1.31 0.046
(0.23) (2.11) (−2.49) (−3.96) (−1.26) (1.92)
−0.01 1.14 −0.44 −0.23 0.40 2.11 0.057
(−0.10) (1.78) (−2.34) (−3.36) (0.82) (3.42)

B2. Winner (adjusted by FF3F)
−0.08 −0.39 0.06 0.05 0.97 −0.44 0.010
(−0.75) (−0.78) (0.53) (0.80) (0.74) (−1.12)
−0.09 −0.40 0.06 0.05 −0.43 −0.53 0.009
(−0.77) (−0.75) (0.50) (0.78) (−1.04) (−1.26)
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The contrast remains evident between Panels B1 and B2 when the performance is relative to the FF3F benchmark. In B2, none of the
variables is statistically significant in predicting theperformanceofwinners and the regressionshave adjustedR-squares around1%. In B1,
several of the variables have the robust t-statistics above2.0 in absolute value and the regressions' adjustedR-squares are 4.6% and5.7%. In
sum, using the FF3F benchmark, we still find that loser stocks are dominant in generating time-series predictability of momentum.

In the regressions for loser stocks, the coefficients of Vol are positive and significant. The results indicate that volatilemarkets fore-
cast high returns on loser stocks and hence low momentum payoffs. On the contrary, low volatility forecasts low returns on loser
stocks and hence high momentum payoffs. These patterns suggest that loser stocks are over-sold in volatile markets but over-
bought in good market conditions.

Two notes are at demand here. First, the asymmetric predictability is conditional on the benchmark for measuring the relative
performance. For example, if we set the average of the winner and loser portfolios to be the benchmark, the relative performances
of the winner and loser portfolios would be perfectly symmetric. We argue that the asymmetry is meaningful because they are
with respect to two prevalent benchmarks. Second, the asymmetric predictability does not imply thatmomentumprofits comemain-
ly from loser stocks. It is possible that both winner and loser stocks have quite large abnormal returns but the time-varying perfor-
mance of the loser stocks is (much) more predictable. This appears to be the case. Using the Fama-French three factor model, we
find that the alphas of the winner and loser portfolios over the 1929–2009 period are 0.73% and −0.64%, with t-statistics of 7.58
and −4.83, respectively. Thus, a successful explanation of momentum should account for not only the asymmetric time-series
predictability but also the average abnormal returns of both winner and loser stocks.

2.3. Potential explanations

In this subsection we explore potential explanations for the predictive power of market volatility for momentum profitability. We
consider four variables: the cross-sectional stock return dispersion (Stivers and Sun (2010)), option implied volatility (VIX), the Baker
and Wurgler (2006) investor sentiment index, and default risk.

2.3.1. Return dispersion
Stivers and Sun (2010) find that cross-sectional return dispersion negatively predict momentum performance. Following them,

we calculate the three-month moving average of the cross-sectional standard deviation of the 100 size and book-to-market portfolio
returns, denoted by RD1–3. Over the full sample period, this measure has a correlation of 0.52 with Vol. While the two variables are
highly correlated, market volatility and return dispersion are conceptually different. Market volatility measures time-series variation
of the overall market return. Return dispersion measures cross-sectional variation in stock returns.

Our results, reported in Panel A of Table 6, confirm that RD1–3 has predictive power with the right sign. When used alone, it has a
robust t-statistic of−2.21. The adjusted R-square is 0.4%. However, when MKT and Vol are included, the t-statistic of RD1–3 drops to
0.35. Adding business cycle variables does not save the predictive power of RD1–3. Similarly, in the presence of Vol+ and Vol−, the
significance of RD1–3 also disappears. Therefore, althoughmarket volatility is significantly and positively correlatedwith return disper-
sion, the predictive power of market volatility is not derived from return dispersion.



Table 4
Potential explanations: return dispersion, VIX, and investor sentiment.
We examine whether stock return dispersion (RD1–3), VIX, and investor sentiment (Sent) can absorb the predictive power of market volatility on momentum profit-
ability. Monthly returns on the 100 size and book-to-market portfolios are from the data library of Ken French. RD1–3 is the three-month moving average of the cross-
sectional standard deviation of the 100 portfolio returns. VIX is the Chicago Board Options Exchange (CBOE) Volatility Index. The data are available from theweb site of
CBOE. Baker–Wurgler sentiment index (Sent) is from the web site of JeffreyWurgler (http://www.stein.nyu.edu/∼jwurgler). RD1–3, VIX, and Sent are available for the
period of 1929–2009 (the whole sample), 1990–2009, and 1966–2009, respectively. The regressors MKT, Vol, Vol+ and Vol− are the same as in Table 2. We report
regression coefficients, robust t-statistics (in parentheses), and adjusted R-squares.

Panel A. return dispersion

DIV DEF TERM YLD MKT Vol Vol+ Vol− RD1–3 Adj-R2

−0.11 0.004
(−2.21)

8.03 −1.76 0.02 0.028
(2.29) (−2.07) (0.35)

−0.24 −1.86 0.50 0.38 3.64 −2.16 0.05 0.056
(−1.03) (−2.13) (1.94) (3.65) (2.00) (−1.99) (0.20)
−0.02 −1.53 0.43 0.32 −1.41 −2.93 0.02 0.060
(−0.98) (−1.80) (1.79) (3.02) (−1.58) (−2.70) (0.09)

Panel B. VIX

DIV DEF TERM YLD MKT Vol Vol+ Vol− VIX Adj-R2

−0.08 −0.002
(−1.05)

6.80 −5.78 0.18 0.071
(1.72) (−3.13) (2.77)

−5.37 3.22 2.57 1.82 −1.34 −7.56 0.10 0.112
(−3.00) (1.01) (2.54) (2.05) (−0.20) (−3.88) (1.01)
−4.97 3.51 2.50 1.59 −6.36 −7.83 0.09 0.116
(−2.61) (1.16) (2.43) (1.81) (−2.74) (−3.65) (1.08)

Panel C. Investor sentiment

DIV DEF TERM YLD MKT Vol Vol+ Vol− Sent Adj-R2

0.46 0.003
(2.52)

3.59 −1.68 0.38 0.009
(1.65) (−2.43) (2.22)

−0.98 −1.05 0.67 0.69 −2.04 −2.14 0.08 0.015
(−1.73) (−1.06) (2.29) (2.37) (−0.68) (−2.10) (0.36)
−0.85 −0.93 0.60 0.60 −1.91 −2.06 0.07 0.015
(−1.71) (−0.92) (2.17) (2.32) (−1.97) (−1.96) (0.34)
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2.3.2. VIX
The Chicago BoardOptions ExchangeVolatility Index (VIX) is popular among investors. VIX is ameasure of expected futuremarket

volatility. In comparison, Vol measures realized past market volatility. The regression results for VIX are interesting (Panel B of
Table 4). When used alone, VIX has the negative sign but insignificant. When MKT and Vol are included, VIX becomes positive and
significant.14 When business cycle variables are included, VIX becomes insignificant again. This is not surprising since it is well
known that VIX changes with macroeconomic status. In short, VIX cannot absorb the power of market volatility.

2.3.3. Baker–Wurgler sentiment index
It seemspossible that ourmarket volatilitymeasuremay be linked to the investor sentimentmeasure of Baker andWurgler (2006;

BW hereafter). BW study how investment sentiment affects the cross-section of stock returns.15 They construct a composite senti-
ment index based on the first principal component of the following six proxies: the close-end fund discount, NYSE share turnover,
the number and average first-day returns on IPOs, the equity share in new issues, and the dividend premium. To reduce the potential
link to systematic risk, they also form an index based on the six proxies that have been orthogonalized to a set of macroeconomic in-
dicators that include industry growth, consumption growth, and a dummy variable for NBER recessions.

In Panel C of Table 4, we present results using the orthogonalized index. The results are similar when using the unorthogonalized
index and hence omitted. When business cycle variables (DIV, DEF, TERM, and YLD) are not included, the BW index shows up signif-
icantly with a positive sign. However, the predictive power disappears after controlling for the business cycle variables. It seems that
14 The change of sign for VIXwhenMKT and VOL are included is intriguing. There is a simple explanation. On the one hand, whenmarket volatility is tapering off after
volatile downmarkets, lowmomentumpayoffs tend to occur (e.g., the 2008–2009 episode). Since VIXmeasures expected futuremarket volatility, a drop in VIX in vol-
atile downmarkets tends to precede the tapering-off of themarket volatility and thus forecasts lowmomentumpayoffs. This conditional predictive power gives rise to
the positive sign of VIX in the presence of Vol. On the other hand, VIX is highly correlatedwith Vol. VIX has a correlation coefficient of 0.71with Vol. Combined together,
the conditional predictive power of VIX in high volatility states and the high unconditional correlation of VIXwith Vol can explain why VIX is insignificantly negative in
the single-predictor regression.
15 Baker and Wurgler (2007) point out that their sentiment index also has some predictive power for the aggregate stock market.

http://www.stein.nyu.edu/~jwurgler


Table 5
Black–Scholes–Merton probabilities of bankruptcy.
We employ the approach ofHillegeist et al. (2004) to estimate the Black–Scholes–Mertondefault probabilities offirms (denoted as BSMprobs). Avg denotes the average
BSM probs across all stocks. Diff denotes the difference in BSM probs between the loser and winner portfolios. Avg and Diff are in percentage terms. Vol denotes the
lagged 12-monthmarket volatility. Vol+, Avg+, andDiff+ are equal to Vol, Avg, and Diff, respectively, if the lagged three-yearmarket return is positive and otherwise
equal to 0. Vol−, Avg−, and Diff− are defined similarly when the lagged three-year market return is negative. The dependent variable in the predictive regressions is
the momentum payoff. The sample period is from January 1971 to June 2008. We report regression coefficients, robust t-statistics (in parentheses), and adjusted R-
squares.

corr(Avg,Vol) = 0.42 corr(Avg+,Vol+) = 0.36 corr(Avg−,Vol−) = 0.84

corr(Diff,Vol) = 0.25 corr(Diff+,Vol+) = 0.35 corr(Diff−,Vol−) = 0.35

Avg Avg+ Avg− Adj-R2 Diff Diff+ Diff− Adj-R2

−0.20 0.001 −0.09 0.000
(−2.33) (−1.44)

−0.14 −0.57 0.008 −0.06 −0.36 0.003
(−1.77) (−3.49) (−0.82) (−3.20)
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although investor sentiment positively forecasts high momentum payoffs, the predictive power is derived from business cycle varia-
tions. Such predictive power is not captured by industry growth, consumption growth, and NBER recession, but is captured by mea-
sures from capital markets (DIV, DEF, TERM, and YLD).16 Furthermore, we find that the correlation betweenmarket volatility and the
BW index is only 0.05. Clearly, the BW sentiment index is not closely linked tomarket volatility and its predictive power does not ab-
sorb that of market volatility.

2.3.4. Default risk
Our earlier finding that the predictive power of market volatility is 1) more pronounced in negative market states, and 2) is cen-

tered on loser stocks is inspiring. Intuitively, volatile down markets are associated with uncertainty about the stock market and the
overall economy. During such times, investors are more concerned about default risk, especially for stocks in the loser portfolio. It
is natural to ask whether default risk can account for the predictive power of market volatility for momentum profits.

Applying the approach of Hillegeist et al. (2004), we compute the Black–Scholes–Merton default probabilities (denoted as BSM
probs) for all stocks with available data.17 We focus on two summary measures: the average BSM probs across all stocks, denoted
as Avg, and the difference in BSMprobs between the loser andwinner portfolios, denoted as Diff. To verify our conjecture thatmarket
volatilitymay be related to default probability,we startwith their correlations in up and downmarkets.When computing correlations
in up (down) markets, we remove all observations in down (up) market states and use the remaining time series. This ensures that
the correlations are not inflated. For example, if we do not remove the zeros in the series for Vol− and Avg−, their correlationwill be
pushed up since a large faction of observations in the two time series have the value of 0 in the same months.

Table 5 shows that these default risk measures are positively correlated with market volatility. In particular, Avg and Vol have a
correlation of 0.84 in down markets. In comparison, the correlation is much smaller at 0.36 in up markets, which is still very high
inmagnitude. The regressions show that both Avg− andDiff− are significant in explainingmomentumpayoff, with robust t statistics
of−3.49 and−3.20, respectively. In comparison, Avg+ and Diff+ are not significant in predictingmomentumpayoff. This is consis-
tent with the intuition that default risk matters only in down markets.

While the results in Table 5 are consistent with our conjecture, we realize that there is a potential test power problem. When
market state is defined by the lagged three-year market return, the market is rarely in negative states. During 1980's and 1990's, as
mentioned earlier when examining Fig. 2, the market was never in negative states. Thus, the regression tests may have low power.
To improve the test power, we use the lagged six-month return to define market states, which drastically raises the number of neg-
ative states during the 1971–2008 period. Using this alternative definition ofmarkets, we regressmomentumpayoffs onmarket state,
volatility, business cycle variables, and default probability measures in up and down markets separately.

The results are presented in Table 6. Panel A is for downmarkets.WhenAvg andDiff are not included, Vol shows up significantly in
predictingmomentum profitability. However, this predictive power disappears when either Avg or Diff is included. Both Avg and Diff
show up significantly when the other variables are present. Diff seems to havemore predictive power than Avg. This is not surprising
since we are predicting the return difference between winner and loser portfolios. In contrast, none of the variables are significant in
predicting momentum payoff in up markets (Panel B).

Themain point of Table 6 is that the default risk proxies, Avg and Diff, take away the predictive power of market volatility in down
markets. These results are intuitive. In fearful times default risk is likely to be a major concern for investors and loser stocks are likely
to be perceived as having high default risk. However, this time-series finding is contradicting to the cross-sectional result of Avramov,
16 In unreported results, we find that when using value-weighted rather than equal-weighted returns, sentiment does not predict momentum evenwithout control-
lingDIV,DEF, TERM, andYLD. The sensitivity to theweighting scheme suggests that the role of BWsentiment index in forecastingmomentumprofits is limited to small-
cap stocks.
17 We note that the number of stocks with available data is unstable before 1971. So we focus on period from January 1971 to June 2008. We have verified different
starting points (e.g., January 1980) to check for robustness of the results.



Table 6
Predictive power of BSM probabilities in UP and DOWNmarkets.
We regress momentum payoff on market state (MKT), market volatility (Vol), business cycle variables (DIV, DEF, TERM, and YLD), and default probability measures
(Avg and Diff). MKT and Vol are the same as in previous tables such as Table 2. Avg and Diff are the same as in Table 5. UP (DOWN)markets are defined as the months
when the lagged six-month market return is positive (negative). In Panel A (B), we include only months in UP (DOWN) markets. The sample period is from January
1971 to June 2008. We reported regression coefficients, robust t-statistics (in parentheses), and adjusted R-squares.

DIV DEF TERM YLD MKT Vol Avg Diff Adj-R2

Panel B. DOWN market
−1.26 −1.41 1.15 0.67 −3.93 −3.34 −0.020
(−2.30) (−0.79) (1.89) (1.55) (−0.52) (−2.47)
−1.85 −2.62 1.55 0.86 −7.16 −0.86 −0.76 −0.009
(−2.95) (−1.62) (1.97) (2.06) (−1.11) (−1.14) (−3.31)
−2.21 −0.86 1.03 0.82 −1.60 −1.10 −0.44 0.019
(−3.67) (−0.57) (1.69) (2.01) (−0.21) (1.57) (−4.52)
−2.21 −0.79 1.01 0.81 −1.41 −1.17 0.03 −0.45 0.010
(−3.55) (−0.56) (1.62) (2.00) (−0.20) (−1.21) (0.12) (−4.44)

Panel B. UP market
−0.84 −0.22 0.43 0.55 1.75 −1.71 0.020
(−1.37) (−0.26) (1.95) (1.59) (0.47) (−1.64)
−0.87 −0.54 0.52 0.58 1.78 −1.34 −0.12 0.019
(−1.45) (−0.50) (2.08) (1.60) (0.48) (−1.18) (−1.04)
−0.87 −0.31 0.46 0.59 1.96 −1.71 −0.03 0.018
(−1.25) (−0.31) (1.56) (1.33) (0.52) (−1.57) (−0.34)
−0.88 −0.55 0.53 0.59 1.87 −1.38 −0.11 −0.02 0.016
(−1.29) (−0.49) (1.82) (1.34) (0.49) (−1.10) (−0.79) (−0.15)
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Chordia, Jostova, and Philipov (2007) that momentum profits are higher among firmswith higher default risk. Thus, although the re-
sults in Tables 5 and 6 suggest that the predictive power of market volatility formomentum is related to default risk in downmarkets,
they do not explain the puzzling contrast between the cross-sectional and the time-series results.

2.4. Implications and discussions

2.4.1. Existing theories
In this section we put our findings in the light of existing theories to search for plausible explanations. The literature on momen-

tum is extensive. However, the existing literature focuses on cross-sectional features of momentum. Numerous studies aim at
explaining why winner stocks earn higher average returns than loser stocks. For example, Fama and French (1996), Grundy and
Martin (2001), Lewellen and Nagel (2006), and Liu and Zhang (2008), among others, have explored whether factor models can ex-
plain the average winner–loser return difference. In contrast, time-series variations in momentum have receivedmuch less attention
and have not yet challenged the existing theoretical literature. The findings of CGH, for instance, are interpreted as supportive evi-
dence for the models of Daniel, Hirshleifer, and Subrahmanyam (1998) and Hong and Stein (1999). Unlike CGH, we emphasize
that our findings are not readily explicable by existing theories, whether behavioral or risk-based.

For example, Garlappi and Yan (2011) propose an elegant model in which there is a hump-shaped relationship between equity
beta and default probability due to potential shareholder recovery. For firms with high default probabilities, the model implies a
downward sloping relationship between beta and default probability. Loser stocks have higher default risks, lower equity betas,
and hence lower future expected returns. This is opposite to our finding that loser stocks earn high returns following volatile down
markets.

Sagi and Seasholes (2007) propose amodel of firmswithmean-reverting revenues and growth options. They show that firmswith
high revenue growth volatility, low cost, and good growth options become riskier after positive shocks and thus command higher ex-
pected returns. Empirically, they find that momentum payoffs are indeed higher among firms with high revenue growth volatility,
low costs, and valuable growth options. These firms tend to have higher information uncertainty and thus their finding is consistent
with those of Jiang, Lee, and Zhang (2005) and Zhang (2006). However, their model cannot explain our findings, particularly why
loser stocks have good returns following volatile down markets.

Liu and Zhang (2008) employ industrial production (IP) growth rate, which they consider as a priced risk factor, to explain mo-
mentum. They show that winner stocks have higher loadings on IP than loser stocks, suggesting that risk plays an important role in
generating momentum. However, it is unclear whether such a factor model can be extended to explain time series variations in mo-
mentumprofits. In fact, themacroeconomic variables described in Table 2 are popular stockmarket predictors andwidely used instru-
ments in conditional asset pricing models (e.g., see Ferson and Harvey (1999)). The finding that the power of these variables is not
robust in predicting momentum casts doubts on whether risk-based models are capable of explaining time-series predictability of
momentum (see CGH, Griffin, Ji, and Martin (2003), and our results reported in Tables 2).

Grinblatt and Han (2005) show that the disposition effect can generatemomentum in stock returns. Li and Yang (2013) propose a
general equilibrium model to show that the S-shaped value function of prospect theory can give rise to the disposition effect and
hence the momentum effect. These models cannot explain our finding that loser stocks reverse after volatile down markets. It
seems possible to construct a model of loss aversion to explain the asymmetric predictability. However, it is challenging for such a
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theory to account for both cross-sectional and time-series patterns and to link investors' concern about individual stocks to aggregate
market volatility in a loss aversion framework.

Several other papers, including Hong, Lim, and Stein (2000) and Jegadeesh and Titman (2001), suggest that the empirical evidence
obtained from their tests is in favor of behavioral explanations. Cremers and Pareek (forthcoming), for example, find that momentum
payoffs (and some other anomalies) are much stronger for stocks that have greater proportions of short-term institutional investors.
Their test results are not consistent with the smart money hypothesis but consistent with behavioral biases. While all these studies
argue that momentum is behavioral, their findings do not explain ours.

2.4.2. An intuitive interpretation
The above discussion shows that our findings are not easily captured by existing theories.18 Since existing theories are focused on

the cross-sectional without paying much attention to time series variations in momentum profitability, it is not surprising that these
theories do not satisfactorily explain our time-series findings. Here we provide an intuitive explanation for our findings. It is not a rig-
orous theory but helps organize our findings and invite future research. Our intuitive explanation rests on time-varying investor sen-
timent and may be intuitively described as a “loser-centered” conjecture. In volatile down markets, investors are afraid of holding
loser stocks, especially those with low credit ratings or high information uncertainty. As investors over-sell loser stocks, the subse-
quent loser reversal gives rise to lowmomentumpayoffs. In contrast, investors tend to be overly optimistic in goodmarket conditions.
They ignore negative aspects of loser stocks. As investors aggressively search for cheap stocks, they over-buy loser stocks, generating
highmomentum profits. Consistentwith this conjecture, we find that volatile downmarkets precede high returns on loser stocks.We
alsofind that highmarket states forecast low returns on loser stocks,which is consistentwith the conjecture that loser stocks are over-
bought in good times.

This loser-centered conjecture is different from all existing behavioral theories onmomentum. It assumes that investors react dif-
ferently to negative information in different market conditions. Investors overreact to negative news about loser stocks in bad times
but underreact to them in good times. Essentially, it is a story of time-varying investor sentiment. The challenge for future research is
to find out whether the required time-variation in investor sentiment is consistent with basic patterns of investor behaviors and
whether the argument can be established in a rigorous model.

Alternatively, future research can explore a rational explanation based on time-varying risk or risk-aversion. The base line here is
that in bad times loser stocks become significantly riskier thanwinner stocks. Or alternatively, investors becomemore risk-averse. In
both cases, investors run away from (all stocks but particularly) loser stocks. At a quick glance, it does not seemdifficult to build such a
model. However, it is ad hoc to copewith only the time-series dimension. The challenge is to account for both the cross-sectional and
the time-series variations in momentum profitability.

3. Conclusion

Volatility is an important indicator in capital markets. In this paper, we investigate the role of market volatility in characterizing
time series variations in momentum payoffs. We carry out various tests and reveal a significant and robust link betweenmarket vol-
atility and momentum. The tests generate a comprehensive overview of time-varying momentum performance, showing that the
time series predictability ofmomentum is rather different fromaggregate stockmarket predictability (e.g., onemay compare ourfind-
ings with those of Henkel, Martin and Nardari (2011)). The time-variation patterns complement cross-sectional studies and provide
important clues for understanding the sources of momentum profits.

We further find that market volatility is intimately linked to default risk in predicting momentum profitability. This is consistent
with that default risk is a more serious concern in volatile down markets. However, default risk alone does not account for all of our
findings. A possible explanation of our results is that in different market conditions investors act differently toward loser stocks. Such
an explanation could be either behavioral or rational. As discussed in the previous section, one plausible direction is to explore time-
varying investor sentiment centered on the fear factor that rules investors in volatile downmarkets. Alternatively, onemay search for
a completely rational, risk-based explanation. It is intuitive that in bad times loser stocks have higher default risk and investors are
more risk-averse in such times. However, it is challenging how such a rational theory can be extended to account for both the
time-series and the cross-sectional patterns of momentum.

Appendix A. Variable descriptions

In this appendix, we briefly describe variable definitions and how they are calculated.

• MOM:Momentumpayoff inmonth t. The ranking period is frommonth t− 12 tomonth t− 2. The holding period ismonth t. Stocks
are sorted into deciles. Equal-weighted portfolios are formed for the deciles. Themomentumpayoff is the holdingmonth return dif-
ference between the winner and loser portfolios.

• MomFF: An alternative momentum payoff measure for robustness constructed using six value-weighted portfolios formed on size
and past returns, denoted as Small High, SmallMedium, Small Low, Big High, BigMedium, and Big Low.MomFF is the average return
18 For brevity, we do not include all existing theories of momentum. For example, Barberis, Shleifer, and Vishny (1998), Berk, Green, and Naik (1999), and Johnson
(2002) are among those that are not included. To our knowledge, none of the existing theories is readily capable of explaining our findings.
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on the two high prior return portfolios (Small High and Big High) minus the average return on the two low prior return portfolios
(Small Low and Big Low).

• MomBig: The return difference between Big High and Big Low portfolios.
• MKT: market state defined as past three-year market return on the value-weighted CRPS market index.
• UP (DOWN): Equals 1 if the past three-year market return, MKT, is non-negative (negative) and zero otherwise.
• Vol: market volatility calculated as the standard deviation of daily returns frommonth t− 12 tomonth t− 1.We usedmonth t− 6
to t − 1 and t − 12 to t − 2 for robustness check. It is in percentage terms (i.e., multiplied by 100).

• Vol+ (Vol−): UP (DOWN) market volatility, equal to Vol in UP (DOWN) market states and otherwise equal to 0.
• DIV: Lagged dividend yield of the CRSP value-weighted index. This and the next three variables are lagged by one month
(i.e., measured at the end of month t − 1).

• DEF: Lagged yield spread between Baa-rated bonds and Aaa-rated bonds.
• TERM: Lagged yield spread between ten-year Treasury bonds and three-month Treasury bills.
• YLD: Lagged yield on a T-bill with three months to maturity.
• RD: Cross-sectional stock return dispersion. Following Stivers and Sun (2010), we focus on the 3-month moving average of the
market's monthly RD. Monthly RD is the cross-sectional standard deviation of the 100 stock portfolios formed on size and book-
to-market equity ratios.

• VIX: Option implied volatility obtained from the web site of Chicago Board Options Exchange.
• Baker–Wurgler sentiment index: A sentiment index of Baker and Wurgler (2006), obtained from the Wurgler's web site (http://
www.stein.nyu.edu/∼jwurgler).

• BSM probs: Default probabilities of firms based on the Black–Scholes–Merton option-pricing model. We follow Hillegeist et al.
(2004) to calculate this probability. It is in percentage terms (i.e., multiplied by 100).

• Avg: Average BSM probs across all stocks.
• Diff: The difference in the BSM probs between the loser and winner portfolios.
• Avg+ (Avg−): UP (DOWN) market average default probability, which equals Avg if the lagged three-year market return is non-
negative (negative) and equals 0 otherwise.

• Diff+ (Diff−): Difference in the BSMprobs between the loser andwinner portfolios in UP (DOWN)market states,which equals Diff
if the lagged three-year market return is non-negative (negative) and otherwise equal to 0.

References

Ang, Andrew, Hodrick, Robert J., Xing, Yuhang, Zhang, Xiaoyan, 2006. The cross-section of volatility and expected returns. J. Financ. 61, 259–299.
Ang, Andrew, Hodrick, Robert J., Xing, Yuhang, Zhang, Xiaoyan, 2009. High idiosyncratic volatility and low returns: international and further U.S. evidence. J. Financ.

Econ. 91, 1–23.
Avramov, Doron, Chordia, Tarun, Jostova, Gergana, Philipov, Alexander, 2007. Momentum and credit rating. J. Financ. 62, 2503–2520.
Baker, Malcolm, Wurgler, Jeffrey, 2006. Investor sentiment and the cross-section of stock returns. J. Financ. 61, 1645–1680.
Baker, Malcolm, Wurgler, Jeffrey, 2007. Investor sentiment in the stock market. J. Econ. Perspect. 21, 129–151.
Barberis, Nicholas, Shleifer, Andrei, Vishny, Robert, 1998. A model of investor sentiment. J. Financ. Econ. 49, 307–343.
Berk, Jonathan B., Green, Richard C., Naik, Vasant, 1999. Optimal investment, growth options, and security returns. J. Financ. 54, 1153–1607.
Campbell, John Y., Hentschel, Ludger, 1992. No news is good news: an asymmetric model of changing volatility in stock returns. J. Financ. Econ. 31, 281–318.
Chordia, Tarun, Shivakumar, Lakshmanan, 2002. Momentum, business cycle, and time-varying expected returns. J. Financ. 57, 985–1019.
Cooper, Michael J., Gutierrez, Roberto C., Hameed, Allaudeen, 2004. Market states and momentum. J. Financ. 59, 1345–1365.
Cremers, Martijn, Pareek, Ankur, 2014. Short-term trading and stock return anomalies: momentum, reversal, accruals, share issuance and R&D increases. Eur. Finan.

Rev. (forthcoming).
Daniel, Kent D., Hirshleifer, David, Subrahmanyam, Avanidhar, 1998. Investor psychology and security market under- and over-reactions. J. Financ. 53, 1839–1886.
Fama, Eugene F., French, Kenneth R., 1996. Multifactor explanations of asset pricing anomalies. J. Financ. 51, 55–84.
Ferson, Wayne E., Harvey, Campbell R., 1999. Conditional variables and the cross-section of stock returns. J. Financ. 54, 1325–1360.
Garlappi, Lorenzo, Yan, Hong, 2011. Financial distress and the cross-section of equity returns. J. Financ. 66, 789–822.
Glosten, Laurence R., Jagannathan, Ravi, Runkle, David E., 1993. On the relation between the expected value and the volatility of the nominal excess return on stocks. J.

Financ. 48, 1779–1801.
Griffin, John M., Ji, Xiuqing, Martin, J. Spencer, 2003. Momentum investing and business cycle risk: evidence from pole to pole. J. Financ. 58, 2515–2547.
Grinblatt, Mark, Han, Bing, 2005. Prospect theory, mental accounting and momentum. J. Financ. Econ. 78, 311–339.
Grundy, Bruce D., Martin, J. Spencer, 2001. Understanding the nature of the risks and source of the rewards to momentum investing. Rev. Financ. Stud. 14, 29–78.
Henkel, Sam James, Martin, J. Spencer, Nardari, Federico, 2011. Time-varying short-horizon predictability. J. Financ. Econ. 99, 560–580.
Hillegeist, Stephen A., Keating, Elizabeth K., Cram, Donald P., Lundstedt, Kyle G., 2004. Assessing the probability of bankruptcy. Rev. Acc. Stud. 9, 5–34.
Hong, Harrison, Stein, Jeremy C., 1999. A unified theory of underreaction, momentum trading and overreaction in asset markets. J. Financ. 54, 2143–2184.
Hong, Harrison, Lim, Terence, Stein, Jeremy C., 2000. Bad news travels slowly: size, analyst coverage, and the profitability of momentum strategies. J. Financ. 54,

2143–2184.
Jegadeesh, Narasimhan, Titman, Sheridan, 1993. Returns to buying winners and selling losers: implications for stock market efficiency. J. Financ. 48, 65–91.
Jegadeesh, Narasimhan, Titman, Sheridan, 2001. Profitability of momentum strategies: an evaluation of alternative explanations. J. Financ. 56, 699–720.
Jiang, Guohua, Lee, Charles M.C., Zhang, Grace Yi, 2005. Information uncertainty and expected stock returns. Rev. Acc. Stud. 10, 185–221.
Johnson, Timothy C., 2002. Rational momentum effects. J. Financ. 57, 585–608.
Lewellen, Jonathan, Nagel, Stefan, 2006. The conditional CAPM does not explain asset pricing anomalies. J. Financ. Econ. 82, 289–314.
Li, Yan, Yang, Liyan, 2013. Prospect theory, the disposition effects and asset prices. J. Financ. Econ. 107, 715–739.
Liu, Laura Xiaolei, Zhang, Lu., 2008. Momentum profits, factor pricing, and macroeconomic risk. Rev. Financ. Stud. 21, 2417–2448.
Merton, Robert C., 1974. On the pricing of corporate debt: the risk structure of interest rates. J. Financ. 29, 449–470.
Sagi, Jacob S., Seasholes, Mark S., 2007. Firm-specific attributes and the cross-section of momentum. J. Financ. Econ. 84, 389–434.
Stivers, Chris, Sun, Licheng, 2010. Cross-sectional return dispersion and time-variation in value and momentum premia. J. Financ. Quant. Anal. 45, 987–1014.
Vassalou, Maria, Xing, Yuhang, 2004. Default risk in equity returns. J. Financ. 59, 831–868.
Zhang, X. Frank, 2006. Information uncertainty and stock returns. J. Financ. 61, 105–137.

http://www.stein.nyu.edu/~jwurgler
http://www.stein.nyu.edu/~jwurgler
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0005
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0010
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0010
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0015
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0020
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0025
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0030
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0035
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0040
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0045
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0050
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0185
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0185
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0060
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0070
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0075
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0080
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0085
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0085
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0090
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0095
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0100
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0105
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0110
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0115
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0120
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0120
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0125
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0130
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0135
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0140
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0145
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0150
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0155
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0160
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0165
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0170
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0175
http://refhub.elsevier.com/S0927-5398(14)00122-4/rf0180

	Market volatility and momentum
	1. Introduction
	2. Market volatility and momentum
	2.1. Setup and data
	2.2. Market volatility and momentum profitability
	2.2.1. Predictive power of market volatility
	2.2.2. Market state and macroeconomic variables
	2.2.3. Asymmetric predictability

	2.3. Potential explanations
	2.3.1. Return dispersion
	2.3.2. VIX
	2.3.3. Baker–Wurgler sentiment index
	2.3.4. Default risk

	2.4. Implications and discussions
	2.4.1. Existing theories
	2.4.2. An intuitive interpretation


	3. Conclusion
	Appendix A. Variable descriptions
	References


