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Abstract. Several recent studies document that sorting stocks first on certain stock-level character-
istics and then on past returns results in elevated momentum profits. We show that such strategies
enhance momentum profits simply by trading in stocks with more extreme past returns. Adjusted for
this effect, elevated momentum profits resulting from characteristics (size, R?, turnover, age, analyst
coverage, analyst forecast dispersion, market-to-book, price, illiquidity, credit rating) disappear al-
most entirely. Interaction patterns have been used to support behavioral and limits-to-arbitrage
explanations of momentum; our findings imply that explanations of momentum should instead focus
on the link between momentum profits and extreme past returns.

JEL Classification: G11, G12, G14

1. Introduction

It is well established that past winners outperform past losers (e.g., Jegadeesh and
Titman, 1993)." There is, however, no widely accepted explanation for high and
significant momentum profits. A large part of the literature has favored behavioral
and information-based explanations: momentum in stock returns may be the result
of investors having a tendency to herd, underreact to information, trade securities
too infrequently, or pay too much attention to recent performance (e.g., Barberis
et al., 1998; Daniel ef al., 1998; Grinblatt and Han, 2005).

* We would like to thank an anonymous referee, John Campbell, Mark Hooker, Blake LeBaron, Alan
Marcus, Joshua Pollet, Alon Raviv, Monica Singhal, Jeremy Stein, Dimitri Vayanos, Michela
Verardo, Paul Woolley, Vladimir Zdorovtsov, and seminar participants at Brandeis University
and the 2010 CRSP Forum for helpful comments. Hilscher would like to thank The Paul Woolley
Centre for the Study of Capital Market Dysfunctionality at the London School of Economics for its
hospitality. Legal disclaimer: The views expressed in this paper are those of the authors and do not
necessarily reflect the views of the authors’ employers. The information provided does not constitute
investment advice and should not be considered a solicitation to buy or an offer to sell a security. All
material has been obtained from sources believed to be reliable, but its accuracy is not guaranteed.
! Momentum profits are economically significant, are robust, and have continued to be high even
after becoming well documented (Jegadeesh and Titman, 2001; Schwert, 2003).
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Several recent studies document that momentum profits are higher for stocks
with certain characteristics. Momentum returns are higher for stocks that are small
and have low analyst coverage (Hong et al., 2000), high analyst forecast dispersion
(Zhang, 2006; Verardo, 2009), low return R* (Hou et al., 2006), and high market-
to-book ratios (Daniel and Titman, 1999). Since these characteristics are commonly
used to proxy for information uncertainty and limits to arbitrage, these findings are
often interpreted as evidence in support of behavioral explanations of momentum.
Other studies document elevated momentum profits for stocks with high-risk credit
ratings (Avramov et al., 2007) and high turnover (Lee and Swaminathan, 2000).

In this paper we show that characteristic screens lead to elevated momentum
profits because they produce more extreme momentum sorts. We demonstrate that
the ability of characteristics to enhance momentum profits is the result of two
empirical patterns: (1) stocks with extreme characteristics tend to have more extreme
past returns and (2) more extreme past returns result in higher momentum profits (see,
e.g., Jegadeesh and Titman, 1993; Fama and French, 1996). It is therefore not the
characteristic screens per se that are responsible for elevated profits; rather, charac-
teristic interaction patterns are the result of more extreme past return sorts. This
suggests that explanations of the momentum anomaly that are based on evidence
that characteristic screens enhance momentum profits should be reconsidered.

We begin by showing the effect of sorting on characteristics and past returns in
a simple model. If stocks have different levels of return volatility, a conditional
double sort on volatility and past returns results directly in more extreme past
returns: high-volatility past winners have more extreme past returns than full
sample winners. Sorting on a characteristic that proxies for volatility, for example
size, results in a similar pattern. We also show that an independent sort does not
eliminate the problem: high-volatility stocks continue to have more extreme past
returns.

We next show that characteristics are correlated with volatility and extreme past
returns. Stocks with more volatile and more extreme past returns are more likely to
be small stocks, have low return R?, be young and illiquid, and have low analyst
coverage, high analyst forecast dispersion, high levels of market-to-book ratios,
low share prices, recently high turnover, and high-risk credit ratings.? Thus, given
the link between past returns and momentum profits (Jegadeesh and Titman, 1993;
Fama and French, 1996), we expect double sorts of characteristics and past returns
to produce enhanced profits. Following the literature, we double sort stocks using
characteristics and past returns and confirm that such strategies trade stocks

2 We postpone a detailed discussion of the relevant studies to Section 3, where we introduce each of
the characteristics in turn.

3 See, for example, Hong et al. (2000), Lee and Swaminathan (2000), Zhang (2006), Avramov et al.
(2007), and Arena et al. (2008) among others.
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with more extreme past returns and thus choose stocks with higher momentum
profits.

Some of the characteristics that we sort on, in particular size and market-to-book,
are known to be related to risk. It is therefore important to analyze risk-adjusted
returns of momentum strategies. Grundy and Martin (2001) point out that if returns
are generated by a factor model, winner and loser stocks’ factor exposures vary
with formation period factor realizations.* Correcting returns using constant factor
exposures is thus not appropriate; instead, risk adjustment of momentum returns
must take into account the dynamic nature of factor loadings. We follow Korajczyk
and Sadka (2004) to calculate risk-adjusted returns. Consistent with Grundy and
Martin (2001), we find that momentum profits remain significant after correcting
for dynamic variation in the three Fama and French (1993 ) factors. We also find that
the effect on momentum returns when sorting stocks first by characteristics is robust
to measuring risk-adjusted returns.

We next provide three sets of results which indicate that characteristic screens lead
to enhanced momentum profits primarily by trading in stocks with more extreme past
returns. First, to isolate the incremental effect of the characteristics over and above
volatility, we regress each characteristic on volatility and construct levels of residual
characteristics. We find that in all cases differences in momentum returns between
high and low residual characteristics are substantially smaller than unadjusted return
differences. None of the differences remain positive and statistically significant
except for age, for which the effect is cut in half. Second, we adjust double-sort
momentum profits by directly controlling for the empirical relationship between past
returns and momentum profits. Adjusted momentum returns for extreme character-
istic quintiles are substantially reduced and in most cases lose statistical significance.
In other words, disregarding information about characteristics and using only past
returns to sort stocks into portfolios results in momentum profits that are very close
to and in several cases higher than returns resulting from double sorts.

Third, we implement a regression-based test of our hypothesis. We run regres-
sions of momentum profits on characteristics, volatility, and extreme past returns
(following Fama and MacBeth, 1973). Characteristics, volatility, and extreme past
returns are all related to momentum profits, but they are also related to each other. In
a setting with correlated explanatory variables, a regression-based approach seems
natural if we want to control for different drivers of profits (Fama and French,
2008). We first run a regression of momentum profits on each of the characteristics
and confirm the apparent link between extreme characteristics and momentum
profits. When we then correct for volatility and extreme past returns, the relation-
ship between characteristics and profits is substantially reduced in all cases, while

* For example, if the market return was large and positive during the formation period, then winner
stocks tend to be high beta stocks. Importantly, the opposite is true in a market downturn.
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the effect of extreme past returns and volatility remains present and statistically
significant.

Previous studies emphasize that the ability of characteristic screens to enhance
momentum profits supports behavioral or limits-to-arbitrage explanations of mo-
mentum. Our findings call for a reappraisal of these conclusions and suggest that
a focus on the link between extreme past returns and momentum profits may be
more appropriate (e.g., Grundy and Martin, 2001). Indeed, the evidence is consis-
tent with Vayanos and Woolley (2010), who present a rational explanation of mo-
mentum that links momentum profits to high idiosyncratic volatility (IVOL) and
therefore to extreme past returns.’

The rest of the paper is organized as follows. Section 2 presents a theoretical
framework that shows the consequences of double sorting on past returns. Section
3 discusses the data, the link between characteristics, past returns, and volatility, as
well as risk-adjusted returns. In Section 4, we perform conditional double sorts on
characteristics and past returns and adjust profits for volatility and extreme past
returns. Section 5 concludes.

2. Consequences of Double Sorting: Analytical Investigation of Conditional
Expectations of Past Returns

A standard momentum strategy sorts stocks into groups based on past returns.
Given that more extreme past returns are related to higher momentum profits, when
evaluating momentum profits for a given strategy, it is important to keep track of
past returns.

Before proceeding, we briefly show empirically that low-volatility stocks have
a lower past return spread than high-volatility stocks. In Figure 1, we sort stocks
into quintiles Q1 (low volatility) to Q5 (high volatility).® For each quintile, we
calculate winner and loser cutoffs, which are past return levels so that 20% of
the distribution lies above the winner cutoff and 20% lies below the loser cutoff.
We then calculate the average past return for losers and winners, which are indi-
cated as the top and bottom point of each vertical bar. It is apparent from the figure
that cutoffs and average past returns are much more extreme for high-volatility
stocks than they are for low-volatility stocks. In this section, we now demonstrate
this effect analytically.

> Consistent with this prediction, Lou (2011) finds that flows into individual stocks can explain 50%
of momentum.
® We discuss our data and provide variable definitions in Sections 3 and 4.
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Figure 1. Distribution of past returns for portfolios sorted on volatility. This figure plots winner and loser
cutoffs and average past returns for a conditional double sort on IVOL and past returns. Past returns are
cumulative (f — 6, t — 1) holding period returns and are demedianed within volatility quintile. For each
IVOL quintile (Q1 = low volatility, Q5 = high volatility), we report average log past returns for losers
(bottom quintile) and winners (top quintile), indicated in the figure as the top and bottom end points of
each vertical bar. The top and bottom end points of the shaded areas are the winner and loser cutoffs.

2.1 SORTING ON VOLATILITY AND PAST RETURNS

A stock is classified as a winner if its past return 7 is higher than a cutoff ¢, which is
typically defined so that a certain percentage of stocks are classified as winners and
Pr(r > ¢) = Q, for example, a quintile sort where Q = 20%. Conditional on being
a winner, the expected past return is equal to

Elr|r is a top quintile winner| = E[r|r > ¢].

In a volatility-past-return double sort, stocks are classified as high-volatility win-
ners. If a stock is in the top volatility quintile and it is a winner in that quintile, then
the stock’s expected past return is given by

E[r|o is in top quintile AND r is a top quintile winner]
=E[rloc > cg,7 > 1),

where ¢ denotes the return standard deviation, c, is the volatility cutoff, and ¢, ,
is the return cutoff. In the case of a conditional quintile double sort,
Pr(o > ¢;) = Pr(r > ¢, 4l0 > ¢;) = 20%.

In order to quantify the effects of single and double sorts, we assume that returns
are distributed normally: »~N (0, 6%).” Conditional on a level of volatility ¢ and

a share Q of winners, E[r|r > ¢,q] = én(g)a, where n(-) denotes the standard

7 We assume that expected returns are equal to zero for simplicity. This assumption is reasonable
given that sorting stocks on past returns results in past return spreads that are very large relative to
possible differences in mean returns.
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normal probability density function (p.d.f.) (for details, see Appendix A). Since
n(£)o is increasing in o, concentrating on high-volatility winners leads to higher
expected past returns.

We can now compare past returns for two groups of winners: high-volatility
winners and winners resulting from a single (unconditional) sort on past returns
only. Since we are comparing sorts based on the same percentile cutoff, for example
quintile past return sorts, Q = Pr(r > ¢, 5|60 > ¢c,) = Pr(r >c¢). It is then
straightforward to show that past returns for high-volatility winners are larger than
past returns for full universe winners:

Elrle > co,r > cr 6] > E[rlr > cl.

There are two effects at work here. First, high-volatility returns are more extreme
than full universe returns. Since the conditional expected past return is increasing
in ¢, it follows that for the same return cutoff c¢,,, E[r|c > co 1 > ¢/
> E[r|r > ¢, 4|. Second, high-volatility stocks have more extreme past returns.
Since in a conditional double sort the probability of lying above the cutoff is fixed,
the past return cutoff for high-volatility stocks is higher than the full universe cutoff
(¢,6 > c), which then implies that E[r|r > ¢, ,] > E[r|r > c|. We note that this
restriction is dropped in an independent double sort for which the high-volatility
return cutoff is set equal to the full universe cutoff c. However, since the first effect
remains, an independent sort does not eliminate the effect of high volatility on
conditional past returns, though it does reduce the size of the difference.

We now provide an illustrative example of the consequences of double sorting. If
we assume that volatility has a uniform distribution, ¢ € [0yin, Omax], We can solve
for the conditional expected past return:®

Eln(3)a]

Pr(r > ¢)

e it G AR T ORI

where Q = Pr(r > ¢) and I'(+, ) is the incomplete Gamma function. We can use
this expression either for the single sort (including the entire distribution of vol-
atility) or for the double sort, for which we choose o, so that 20% of the volatility
distribution lies above it. To match the mean and standard deviation of volatility to
the data (mean 6-month volatility of 28.4% with a cross-sectional standard
deviation of 11.2%), we assume that o, = 9.0% and oy = 47.8%. (For

El[rlr > c] =

8 The assumption of a uniform distribution for volatility results in an analytical expression for the
conditional expected past return. The results are similar if we assume a truncated normal distribution
for volatility (see next section).
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the volatility-past-return double sort we include stocks with volatility between
s = 40% and oy = 47.8%).

Given these inputs, we can find the quintile single-sort return cutoffof ¢ = 21.7%°
and the conditional expected past return from Equation (1) of E[r|r > ¢] = 42.1%.
For high-volatility stocks, the return cutoff is ¢, = 36.9% and the conditional
expected past return is E[r|o > ¢,,7 > ¢, 4] = 61.5%, which is much larger than
the single-sort expected return.'

Another illustrative quantity is the single-sort percentile cutoff that makes single-
sort and double-sort past returns equal:

E[r|o is in top quintile AND r is a top quintile winner]

= E[r|r is a Q™" percent winner],

El:r‘a > CO’)r > Cr7o-:| :E[r|r > CmatCh}_

r,o

match match

The single-sort percentile O and cutoff ¢;'7"" are chosen so that the above
equalities hold. Intuitively, the percentile tells us how extreme a single sort needs
to be in order to be comparable to a double sort. In our example, the double-sort
expected return is 61.5%, which is achieved with a single-sort cutoff of c;‘ﬁmh =
42.6% that classifies the top Q™" = Pr(r > ") = 7.5% as winners. This is,
of course, a much more extreme sort than a quintile single sort.

We also briefly consider the case of an independent double sort. An independent
sort reduces the impact on past returns but it does not eliminate it. The return cutoff
is ¢ = 21.7% (the single-sort return cutoff), and the conditional expected return
is E[r|lo > c5,r > c| = 49.9%, larger than the single-sort expected return of
Elr|lr > ¢] = 42.1%. Going forward, we focus on conditional sorts since these
are the ones commonly used in the context of characteristic and past return sorts.

2.2 SORTING ON SIZE (OR ANOTHER CHARACTERISTIC) AND PAST RETURNS

One of the most common characteristics used as a momentum interaction variable is
size (e.g., Hong et al., 2000). If returns can be explained by a factor structure (e.g.,
Fama and French, 1993), then higher loadings on the small stock factor SMB (Fama
and French, 1996) means that small stocks have more extreme returns than large
stocks. In addition, small stocks also have higher IVOL. Size is therefore correlated

° Note that since volatility varies across stocks, the overall distribution of returns is not standard, which
means that we need to find the cutoffnumerically: ¢ = arg solve{0.2 = <gl“M£c,“m)J Z::X (1 =N(9))da},
where N(-) denotes the standard normal cumulative distribution function (c.d.f.).

1% The results we report in this section are based on numerical integration. We have checked that the

results can also be obtained using Monte Carlo simulation.
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with volatility so that the logic of the effects of double sorting apply: Sorting on
small stocks represents a sort on volatility, and past returns are more extreme for
small stocks than for large stocks.

In order to analyze a size-past-return sort more rigorously, we assume that size
and volatility follow a bivariate normal distribution.'! This approach incorporates
characteristics such as size that are correlated with volatility and also represents
a more realistic assumption regarding the distribution of volatility.

We can quantify the relationship of past returns and size. We assume that log(size)
and volatility ¢ are distributed bivariate normal and use the empirical mean and stan-
dard deviation of volatility (28.4% and 11.2%) and the correlation of volatility with
log(size) of —31.1%. Without loss of generality, we define s = —%, where
U, and vy are the mean and standard deviation of log(size). This way s is distributed
standard normal and is positively correlated with volatility. We provide expressions
for the conditional expectations in Appendix A.

Given our assumptions, the single-sort return cutoff and conditional expected
returns are ¢ = 22.0% and E[r|r > ¢] = 42.1%."* The double-sort cutoffis c,, =
26.3% and the conditional expected past return is E[r|s > ¢y, 7 > ¢, 5] = 48.5%.
We can also find the percent cutoff in a single sort that would result in the same
level of average past returns as the double sort:

E[r|s is in bottom quintile AND r is a top quintile winner]|
= E[r|r is a Q™" percent winner],

match]
7, :

Elrls > cs,r > ¢ 5] =E[rlr > ¢

Given the inputs, classifying the top 14.6% as  winners
(Qmh = Pr(r > ¢M¥h) = 14.6%) results in the same conditional expected
return (48.5%) as a size-past-return quintile double sort.

More generally, any characteristic that is correlated with volatility will produce
more extreme past returns. If we assume that a characteristic and volatility are dis-
tributed bivariate normal, then the only difference in two double sorts for two char-
acteristics is the correlation between the characteristics and volatility.

"' We take into account that volatility cannot be negative. The discussion in Appendix A reflects this
constraint.

12 The return cutoff is different than in the previous example since we now assume that volatility has
a truncated normal distribution.
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3. Extreme Past Returns, Characteristics, and Momentum Profits

We now explore the relationship between characteristics, volatility, and extreme
past returns empirically. We discuss the return data, our measures of return disper-
sion, and introduce the characteristics that we analyze.

3.1 DATA

We calculate momentum profits using monthly stock return data from the Center
for Research in Security Prices (CRSP). The momentum return sample period is
from 1964 to 2008.'* Following the literature (e.g., Hong et al., 2000; Brav et al.,
2010), we include only stocks with share codes equal to 10 and 11, dropping from
our analysis American depository receipts, closed-end funds, and real estate invest-
ment trusts. We include only observations that at the beginning of the holding pe-
riod had stock prices above $5 and drop firms with market capitalization in the
lowest New York Stock Exchange (NYSE) plus American Stock Exchange
(AMEX) decile. We also exclude stocks that do not have enough consecutive non-
missing observations to be placed in a momentum portfolio at least once. Our final
data set contains a total of 17,940 stocks and 3,187 stocks per month on average.

Each month, we calculate a stock’s past return as the cumulative return over the
previous 6 months (1 — 6,7 — 1), that is, [[o_,(1 4 ri,_4) — 1, where ry, is the
month ¢, firm i equity holding period return. We then sort firms into portfolios
at the end of month ¢ and report equally weighted portfolio returns for month
(t+ 1)."* We include the standard 1-month lag between the formation and holding
period so that our results are not influenced by the impact of bid-ask bounce or
short-term reversals (Jegadeesh, 1990; Lehmann, 1990). Furthermore, since mo-
mentum profits derive partly from the low performance of loser stocks, we adjust
all monthly stock returns by using CRSP delisting returns whenever available (see
Eisdorfer, 2008)."

13 We choose June 1963 as the starting point of the data set since it represents the start of daily
industry returns on Professor Ken French’s Web site. We use these returns to construct our measure
of IVOL and R’.

14 We do not use overlapping momentum portfolios as in Jegadeesh and Titman (1993) since we are
not primarily concerned with reducing trading costs but are instead interested in the characteristics of
stocks in different momentum portfolios. Grundy and Martin (2001), Ang et al. (2006), and Fama and
French (2008) also use nonoverlapping portfolios.

'S We include delisting returns for accuracy of results. Single-sort and double-sort momentum returns
are robust to not adjusting for delisting returns. Shumway and Warther (1999) point out that obser-
vations with delisting codes but no delisting returns may need to be adjusted. Due to the size and share
price cutoffs, such an adjustment has no effect on our results since there are virtually no instances of
missing delisting returns.
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3.2 MEASURING RETURN DISPERSION

Throughout the paper, we use two stock-level measures of extreme past returns.
We first measure past returns directly: for each stock and each month ¢, we define
“momentum strength” as the absolute value of the difference between the (1—6,
t—1) stock return and the median return over that period:

Mom_strength;, = exp(|rj/—6—1 — Fmedian—6.—1]) — 1, (2)

where ri;_¢,1 and Fmedian—6,—1 denote (f —6,¢— 1) log returns. Momentum
strength measures directly the extent to which past returns are extreme. More ex-
treme losers and winners will have higher levels of momentum strength, and strat-
egies with a higher past return spread will be trading in stocks with higher
momentum strength. We use log returns in order to make returns of extreme win-
ners and extreme losers more comparable. For example, when sorting stocks into
deciles, there is a large difference in the absolute value of average past returns of
winners and losers (77% and 30%), while the difference in momentum strength is
much smaller (51% and 55%).

Volatility also measures the extent to which past returns are extreme. Following
Hou et al. (2006), we construct stock return IVOL from a regression that includes
the market return and industry returns. We use the 49 industry portfolio returns and
industry classifications using firm-level Standard Industrial Classification (SIC)
codes that are provided on Professor Ken French’s Web site. Since volatility
may vary over time, we calculate estimates on a rolling basis. At the end of each
month, using data for the previous 52 weeks,'® we estimate the following regres-
sion:

rip = a + bitme + yire + eir, (3)

where r;; is the log return of stock i at time ¢, 7,,,, is the log return on the CRSP value-
weighted market index, ¢; is a firm-specific constant, and 7, is the log return for the
industry to which the stock belongs. We implement the model using weekly data
and Wednesday-to-Wednesday returns.'” IVOL is the annualized standard devia-
tion of residual returns.

We note that our results do not depend on the specific measure of volatility that
we employ. We also compute the standard deviation of log returns, which has an

16 We require a minimum of 26 weekly observations in order to calculate a valid estimate of volatility.
'7 Using weekly data helps to mitigate the impact of microstructure effects and at the same time
allows us to include a large number of observations.
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average monthly rank correlation of 96% with IVOL.'® To make our results more
easily comparable with the existing literature, we use IVOL (along with momentum
strength) to capture stocks with high return dispersion and extreme past returns. As
we show below, our results are robust to using either measure.

3.3 CHARACTERISTICS DEFINITIONS AND RELATED LITERATURE

Much of the literature has considered characteristics one at a time; we show that
characteristics are correlated with each other and with volatility. We consider the
following characteristics: (1) size, (2) R?, (3) turnover, (4) age, (5) analyst coverage,
(6) analyst forecast dispersion, (7) market-to-book ratio, (8) price, (9) illiquidity,
and (10) credit rating. We measure size, R*, turnover, price, and illiquidity using
data from CRSP. We add data to construct market-to-book, credit ratings, and intial
public offering (IPO) dates (to construct company age) from COMPUSTAT. Data
on analyst coverage and analyst forecast dispersion are from Institutional Brokers’
Estimate System (I/B/E/S).

We expect characteristics to be linked to volatility and extreme past returns. For
example, small stocks have higher levels of IVOL, consistent with small companies
being less diversified and more exposed to firm-specific shocks. In addition, the
return standard deviation of small stocks is also higher because they have higher
small cap (SMB) factor loadings. Small stocks are more likely to be young and,
especially if they have high IVOL, to have low return R*. Volatility will be closely
related to turnover and credit rating,'” and if growth stocks tend to be small firms
with low current profitability and more intangible assets, then high market-to-book
firms will have high volatility.?® In Section 3.4, we discuss correlations between
characteristics, volatility, and extreme past returns further.

Given the links between characteristics, volatility, and size, our analytical frame-
work implies that conditional double sorts will produce differences in past returns
and therefore momentum profits across all characteristics. Before analyzing dou-
ble-sort returns, we discuss the construction of each of the firm-level characteristics

'8 This hi gh level reflects the fact that at the stock level the return R? of, for example, a market model
is very low and that therefore high IVOL stocks are the same ones as those that have high overall
return volatility. This also means that our results will be robust to other ways of calculating [VOL
(e.g., using the Fama—French three-factor model). Stocks with high IVOL will again be stocks with
high total volatility.

19 Karpoff (1987) surveys the (primarily time-series) literature on the links between price changes
and trading volume. To the extent that credit rating reflects default probability and credit spreads, we
expect rating and volatility to be closely related (Merton, 1974).

20 Market-to-book is negatively correlated with size (—21.4%) and positively correlated with vol-
atility (19.4%); we discuss this in Section 3.4. Consistent with these patterns, at the portfolio level,
growth stocks have higher volatility than value stocks (Fama and French, 1996).
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in more detail and briefly summarize the related literature as well as arguments that
are often made to link these characteristics to information uncertainty and limits to
arbitrage.

We note that, while we can replicate the characteristic interaction patterns found
in the previous literature, we do not interpret these patterns as necessarily support-
ing behavioral explanations of momentum; in the next section, we will present ev-
idence that interaction patterns are the result of momentum strategies based on more
extreme past returns, as discussed in the analytical section.

(1) “Size” is the equity market capitalization of the firm. It is sometimes inter-
preted as a proxy for information uncertainty. If a company faces costs of infor-
mation dissemination or if investors face costs of information gathering (and if
these costs are fixed), information quality will be lower for smaller stocks. In
addition, given the relatively lower cost of establishing sizable positions in large
firms, investors may have more of an incentive to gather information for larger
firms. Jegadeesh and Titman (1993), Hong et al. (2000), and Zhang (2006) find
that momentum profits are higher among smaller stocks.

(2) “R?”: We calculate return R” using the same specification we use to calculate
IVOL. Our calculation follows Hou et al. (2006) who develop a model in which
investor behavior is related to R* and who show that the momentum anomaly is
more prominent for low-R? stocks. Return R has been argued to be a proxy for
quality of information, for example, Teoh et al. (2009) argue that prices of low R?
stocks incorporate less information about their future fundamentals. They suggest
that the pattern arises from behavioral biases that are amplified by information
uncertainty.*!

(3) “Turnover”: We compute average monthly share turnover as the monthly
number of shares traded divided by the number of shares outstanding averaged
over the past 12 months.?? Lee and Swaminathan (2000) show that companies
with high past turnover have higher momentum returns. This relationship is in-
consistent with the idea that turnover is a proxy for limits to arbitrage since mo-
mentum profits are higher (not lower) for high-turnover stocks. They explain this
finding by showing that high-turnover stocks exhibit glamor characteristics. It
may, therefore, be the case that turnover is higher for stocks that are more difficult
to value, which means that we can interpret turnover as a proxy for information
uncertainty.

21" An alternative interpretation is that low R reflects a high level of firm-specific information. Morck
et al. (2000) and Durnev et al. (2003) argue that low R? is associated with a high information quality
environment.

22 At least 6 months of data are required to compute turnover. For NASDAQ stocks, we divide the
number of shares traded by two to avoid double counting of dealer trades (see Gould and Kleidon,
1994).
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(4) “Age” is the number of years since the firm’s IPO date, if available. Other-
wise, we calculate age as the number of years since the firm first appears in CRSP.
Age may also be a proxy for information uncertainty (Zhang, 2006) if there is
more information available for firms that have been in operation for a long time or
belong to mature industries. For example, technology firms are likely young and
investors may have both less firm-specific information and less skill to value
stocks in the industry.

(5) “Analyst coverage” is defined as the number of earnings estimates in I/B/E/S.
Analyst coverage is used as a momentum interaction variable by Hong ef al.
(2000) and Zhang (2006). Firm-specific news may be more readily available
to investors if a firm has more analysts covering it. Analyst coverage may there-
fore be related to theories of underreaction (e.g., Hong and Stein, 1999). We in-
clude firms with at least one analyst.

(6) “Forecast dispersion”: We measure the standard deviation of earnings per
share (EPS) forecasts scaled by the mean EPS forecast. Forecast dispersion
can be interpreted as a measure of uncertainty or heterogeneous beliefs. Zhang
(2006) considers behavioral models of momentum and uses forecast dispersion as
one proxy for uncertainty. Verardo (2009) uses forecast dispersion as a proxy for
heterogeneous beliefs, which may be related to price drift (Allen et al., 2006).
Following Diether et al. (2002), we use data from the I/B/E/S summary files to
measure forecast dispersion. Data on analyst coverage and forecast dispersion are
available starting January 1976. We include firms with at least two forecasts.
(7) “Market-to-book”: We measure book equity following Davis et al. (2000)
and use the detailed definition provided in Cohen ef al. (2003). Following Fama
and French (1996), we do not include negative book equity observations. We
then scale market equity capitalization by book equity. Asness (1997) and Daniel
and Titman (1999) point out that momentum profits are high for high market-to-
book stocks. Sagi and Seasholes (2007) confirm the relationship by implement-
ing a conditional double sort on market-to-book and past returns. This pattern can
be linked to a behavioral interpretation of momentum: if high market-to-book
stocks’ value derives mainly from difficult-to-value growth options, then mar-
ket-to-book may be viewed as another proxy for uncertainty.

(8) “Price”, (9) “Illiquidity”: We use the stock’s price per share as another char-
acteristic. Following Amihud (2002), we measure illiquidity as the absolute value
of weekly log returns divided by weekly dollar trading volume, averaged over the
previous 52 weeks.>> Both price and illiquidity can be argued to be related to
transaction costs and limits to arbitrage (Stoll, 2000; Amihud, 2002). It is there-
fore natural to expect that the momentum anomaly will be more prominent for

2 We require at least 26 weeks of data to compute illiquidity. To calculate weekly dollar volume, we
multiply daily shares traded by the closing price and sum the daily volume over the week.
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stocks with low prices and high levels of illiquidity. However, we are not aware
of studies documenting that either of these variables enhances momentum profits;
in Section 4 we show that unadjusted momentum profits are indeed higher for
illiquid stocks and those with low prices.

(10) “Credit rating”: We add to these measures the firm’s credit rating, which
Avramov et al. (2007) find to be strongly related to momentum (profits are higher
for stocks with a high-risk credit rating). We use S&P long-term issuer credit
rating from COMPUSTAT and assign a numerical score from 1 (AAA) to 22
(for D or SD rating).>* The average of the monthly median rating is BBB,
and 61% of firm months have an investment grade rating (BBB— or higher).

The samples for which the different characteristics are available are not all the
same, for example, analyst coverage and forecast dispersion are only available
starting in 1976. We have checked that average returns from a decile past return
sort are similar across all the samples.

Data on credit rating are only available from December 1985, and companies that
have an available credit rating tend to be larger. We briefly compare the rating
sample to the full sample. The total number of unique rated stocks is 3,393, with
an average monthly count of 1,048, which is about 32% of the average monthly
count of the full sample. The median rated company is nine times larger than the
median unrated company, and rated companies represent 79% of the market cap-
italization of the total universe of stocks. Consistent with Avramov et al. (2007), we
find that rated companies have average monthly returns and momentum payoffs
comparable to those of unrated companies.*’

To control for outliers, we winsorize the data for all the characteristics, as well
as IVOL, past returns, and momentum strength at the 0.5% and 99.5% levels,
which means that each month we replace the smallest 0.5% of the cross-sectional
distribution with the 0.5th percentile and the largest 0.5% with the 99.5th
percentile.

24 Specifically, AAA = 1, AA+ =2, AA =3, AA— =4, A+ =5,A=6,A— =7, BBB+ =38,
BBB=9,BBB—=10,BB+=11,BB=12,BB—=13,B+=14,B=15,B— =16, CCC+ =17,
CCC =18, CCC— =19, CC = 20, C = 21, and D/SD = 22.

25 The decile strategy momentum payoffs are 1.55% (¢ statistic = 3.9) for rated stocks and 1.71%
(¢ statistics = 4.4) for unrated stocks. Both of these are close to 1.61%, the return from a decile
momentum strategy for the full universe of stocks.
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3.4 RETURNS AND CHARACTERISTICS OF PORTFOLIOS WITH EXTREME PAST
RETURNS

A direct implication of our analytical framework is that recent winners and losers
have higher than average levels of volatility. We briefly formalize this intuition:
a single sort of stocks into groups based on their past returns uses the entire cross
section of stocks and in particular includes stocks with high and low volatility. Let

Pr(¢) denote the unconditional volatility p.d.f. Conditional on being a winner, the
conditional volatility p.d.f. is Pr(a|r > ¢). We can com]))are the two distributions by
considering the relative likelihood: Prlofrc) _ Pr r><9) (from Bayes’ rule), where
the cutoff ¢ and Pr(r > ¢) are fixed (e.g., for a dec11e sort). If returns are normally
distributed, Pr(r > c|o) = (1 — N(£)), which is increasing in ¢. Thus, relative to
the unconditional distribution, recent winners are more likely to have high vola-
tility. If volatility and characteristics are correlated, recent winners and losers also
have more extreme characteristics. We now check these predictions in the data.

In Table I, we sort stocks into 10 deciles depending on their past returns (P1,
losers, to P10, winners) and report summary statistics for each portfolio. Panel A
reports return statistics for the 10 portfolios: momentum returns, risk-adjusted
returns (we discuss these in detail in the next subsection), past returns, momentum
strength, and return volatility. Winners outperform losers by 1.6% per month, and
the same is true for risk-adjusted returns. Past losers underperformed past winners
by 108%, and both groups have more extreme returns than stocks in the middle of
the past return distribution. Momentum strength of recent winners and losers is
equal to 53.1% (P1, P10) compared to 2.6% (PS5, P6). This U-shaped pattern is
also present for volatility: portfolios P1 and P10 have volatility of 44.9%, substan-
tially higher than the 26.9% volatility of stocks in the middle of the distribution (P35,
P6).

Importantly, more extreme past returns are associated with higher momentum
profits. Consistent with Jegadeesh and Titman (1993) and Fama and French
(1996), there is a monotonic relationship between momentum returns (Row 1)
and past returns (Row 3). In other words, a more extreme momentum sort, long
P10 and short P1, has a higher momentum return (1.61%) than does a strategy based
on five portfolios, long the top quintile winners, short the bottom quintile losers
(1.11%, ¢ statistic 5.56). The pattern is also present for more extreme momentum
sorts: using a 25-portfolio sort (trading in stocks in the top and bottom 4% of the
past return distribution) results in a return of 2.20% (¢ statistic 7.28), and a strategy
based on a 50-portfolio sort has a return of 2.43% (¢ statistic 7.21).

Panel B reports average levels of characteristics for each of the 10 portfolios. Since
some of the variables (e.g., size) have somewhat skewed distributions, we report
averages of monthly medians. For all characteristics, there is a pronounced U-shaped
or inverted U-shaped pattern across past-return-sorted portfolios. Extreme past return
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Table I. Returns and characteristics of portfolios sorted on past returns

This table reports statistics for returns (Panel A) and characteristics (Panel B) of portfolios sorted on
past returns (¢ — 6, ¢t — 1): equally-weighted return for month (¢ + 1), risk-adjusted return [using the
conditional Fama and French (1993) three-factor model as implemented by Korajczyk and Sadka
(2004)], past return, absolute value of log past return in excess of the cross-sectional median,
exponentiated (momentum strength), annualized IVOL estimated using a 52-week rolling regression
of firm return on the market and industry return, equity market capitalization in billions of dollars
(size), R? of regressions of returns on industry and market returns, average monthly turnover over the
previous 12 months, number of years since [PO or number of years since the company first appears in
CRSP (age), analyst coverage from I/B/E/S, standard deviation of EPS forecasts divided by absolute
value of mean EPS (forecast dispersion), market-to-book ratio, price per share, average absolute value
of the weekly log return divided by weekly trading volume over the previous 52 weeks, multiplied by
10 (illiquidity), and S&P long-term issuer credit rating (e.g., AAA = 1, BBB = 9, D/SD=22). We
report time-series averages of monthly means (return, risk-adjusted return, past return) and medians
(momentum strength, IVOL, and characteristics). Past returns, momentum strength, and
characteristics are winsorized at the 0.5% and 99.5% levels. The sample runs from 1964 to 2008,
except analyst coverage and forecast dispersion (starts January 1976) and credit rating (starts
December 1985). The sample includes only stocks with share codes equal to 10 or 11. We exclude
stocks that at the beginning of the formation period have price below $5 or that are in the lowest NYSE
plus AMEX market capitalization decile.

PI (L) P2 P3 P4 P5 P6 P7 P& P9  PIO(W)

Panel A: Return statistics

Return 0.17 074 093 099 111 113 115 126 135 1.78
Risk-adjusted return ~ —0.43 013 031 035 047 052 055 064 079 1.15
Past return -305 —-152 =76 —18 3.5 89 150 229 354 77.1
Momentum strength ~ 51.5 25.8 15.1 8.1 2.6 2.6 83 155 267 54.8
IVOL 44.8 342 300 278 269 269 277 298 339 45.1

Panel B: Characteristics

Size 0.12 0.16 019 021 022 023 024 024 023 0.17
R? 17.4 18.4 18.7 18.8 189 189 187 184 17.6 14.8
Turnover 0.62 043 037 034 033 033 035 038 044 0.59
Age 7.0 9.8 11.1 1.8 11.8 11.5 11.1 105 9.3 7.2
Analyst coverage 4.6 4.9 5.2 5.2 53 5.4 53 5.1 4.7 3.7
Forecast dispersion 0.11 0.07 0.05 0.05 0.04 0.04 004 004 0.05 0.06
Market-to-book 1.51 1.47 1.46 1.47 151 157 1.68 1.83 214 3.12
Price 12.1 15.9 183 200 214 222 228 229 224 20.3
Illiquidity 0.10 0.09 008 0.07 0.07 0.07 0.07 0.08 0.10 0.17
Credit rating 12.3 10.1 8.9 8.3 8.0 8.0 8.3 8.8 10.0 12.3

stocks (P1, P10) are 35% smaller, have 15% lower return R2, have 82% higher turn-
over, are 39% younger, have 23% lower analyst coverage, twice as large analyst
forecast dispersion, 51% higher market-to-book ratios, 26% lower prices, and
96% higher illiquidity than firms in the middle of the past return distribution (P5,
P6). Extreme past return stocks also have substantially higher levels of credit risk
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[credit rating score of 12 (BBB) compared to a score of 8 (A+)]. In Table II, we sort
stocks on volatility and show that stocks with high volatility have similar character-
istics to those with extreme past returns.

Table III provides additional evidence of a link between extreme past returns and
characteristics. For each month, we calculate the rank correlation of momentum
strength and volatility with each of the characteristics and report average correla-
tions. We also report the share of months for which the correlation is significant at
the 1% level. There is a consistently high and statistically significant correlation
between volatility and each of the characteristics and the same is true for extreme
past returns (momentum strength) and characteristics.

3.5 MOMENTUM PROFITS AND RISK-ADJUSTED RETURNS

Extreme past return stocks have extreme characteristics, in particular they tend to be
small and have high market-to-book ratios, both of which are known to be related to
expected returns (see, e.g., Fama and French, 1992). It is therefore important to
analyze risk-adjusted momentum returns. Grundy and Martin (2001) show that
a momentum strategy by construction has time-varying factor exposures that de-
pend on factor realizations during the formation period. The intuition is easy to see
in the context of a single-factor model: if the market has a positive return during the

Table II. Returns and characteristics of portfolios sorted on volatility
This table reports time-series averages of median momentum strength and IVOL (Panel A) as well as

characteristics (Panel B) of portfolios sorted on volatility. Momentum strength, IVOL, and
characteristics are winsorized at the 0.5% and 99.5% levels.

Q1 Q2 Q3 Q4 Q5 Q5-Q1

Panel A: Return statistics

IVOL 17.2 25.0 323 41.5 57.4 40.2
Mom strength 9.5 11.5 14.9 20.2 31.9 22.4

Panel B: Characteristics

Size 0.73 0.31 0.20 0.14 0.09 —0.63
R 25.9 20.7 18.5 16.7 12.9 —13.0
Turnover 0.28 0.32 0.40 0.50 0.67 0.39
Age 17.6 13.7 10.0 7.4 5.5 —12.1
Analyst coverage 9.6 59 4.7 3.8 3.1 —6.5
Forecast dispersion 0.03 0.04 0.05 0.07 0.11 0.08
Market-to-book 1.43 1.54 1.61 1.83 2.45 1.0

Price 30.1 252 19.6 15.0 10.9 —19.2
lliquidity 0.02 0.04 0.08 0.15 0.25 0.24

Credit rating 6.6 8.8 11.3 12.9 14.0 7.3
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Table IlI. Correlations of characteristics with momentum strength and volatility

This table reports average monthly rank correlations of IVOL and momentum strength with
characteristics. We also report the share of months for which the rank correlation is significant at the
1% level.

IVOL Share significant (%) Mom strength Share significant (%)
Size —0.43 99 —0.13 86
R -0.25 95 —0.06 61
Turnover 0.42 100 0.24 100
Age —0.36 100 —0.15 97
Analyst coverage —0.30 97 —0.07 66
Forecast dispersion 0.37 100 0.20 96
Market-to-book 0.19 82 0.12 80
Price —0.52 100 —0.17 93
Illiquidity 0.38 98 0.09 74
Credit rating 0.71 100 0.29 100

formation period, then winners will tend to be high beta stocks while losers are
more likely low beta stocks. The opposite is the case for a momentum strategy
after a down market. The changing factor loadings of a momentum strategy mean
that it is not appropriate to assume that loadings are constant through time.

We follow Korajczyk and Sadka (2004) who propose a straightforward way to
calculate dynamic Fama and French (1993) three-factor alphas. Panel A of Table I
reports risk-adjusted returns (row 2). Consistent with the findings in Grundy and
Martin (2001), risk adjustment does not eliminate momentum profits. Recent win-
ners (P10) have an alpha of 1.15% and outperform recent losers (P1) that have an
alpha of —0.43%. The difference is equal to 1.58%, which is close to the average
monthly momentum return of 1.61%. The difference in alphas of winners and losers
is highly statistically significant and has a ¢ statistic of 9.06. Since risk adjusting
reduces volatility, the difference in alphas is more significant than the momentum
return difference, which has a ¢ statistic of 6.46.

Controlling for risk is particularly important when implementing double sorts,
which we perform in the next section. Sorting stocks first using a characteristic,
then using past returns, implies that extreme-characteristic momentum portfolios
may also have extreme levels of factor loadings. We therefore report alphas along
with average portfolio returns. However, consistent with the results in Table I, we
find that patterns in momentum returns and risk-adjusted returns are very similar.
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4. Sources of Momentum Profits

Having established a link between characteristics, volatility, and extreme past returns
and confirmed that momentum profits are higher for stocks with more extreme past
returns, we now turn our attention to the main focus of the paper: do characteristic
screens truly enhance momentum? In this section, we show that characteristics
empirically “enhance” profits because sorting on characteristics results in momentum
strategies with more extreme past returns. The least extreme returns are screened out,
and the resulting momentum strategy produces higher momentum profits.

We begin by following the methodology of the existing literature and report results
from conditional double sorts (Table IV). Every month, we sort stocks into quintiles
first by one of the characteristics and then by past returns. For each quintile of
the characteristic (Q1 to Q5), we report average monthly returns for the momentum
long—short portfolio (P5—P1), as well as for past winners (P5) and past losers (P1) sep-
arately. For each characteristic, we also report the difference in momentum long—short
returns between Q5 and Q1 (“Return diff”) and the difference in risk-adjusted returns;
below the momentum returns, we report ¢ statistics in parentheses. The final two
columns of the table report the difference in average momentum strength and volatility
between Q5 and Q1 for the stocks included in the long—short (P5—P1) portfolio.

A double sort of volatility and past returns results in a more extreme momentum
sort and higher momentum profits. The average momentum return for stocks in the
highest volatility quintile is equal to 1.96% per month, while momentum returns in
the lowest volatility quintile are close to zero. The difference between high- and
low-volatility quintile momentum profits is 1.93% and has a ¢ statistic of 9.36. Risk-
adjusted returns are 1.92% higher for Q5 relative to Q1. High-volatility momentum
portfolios have much higher momentum strength than low-volatility portfolios; the
difference is equal to 59.2%.

We perform the same exercise for the 10 characteristics. To make results more
easily comparable, we order stocks depending on each characteristic’s correlation
with volatility: ascending order for positive correlation (turnover, forecast disper-
sion, market-to-book, illiquidity, credit rating) and descending order for negative
correlation (size, R?, age, analyst coverage, price). This way momentum returns are
everywhere higher for stocks in quintile Q5 (high volatility and extreme past
returns) than they are for stocks in quintile Q1.

Similar to volatility, sorting on characteristics produces differences in momentum
profits. For all the characteristics, momentum profits for stocks within the extreme-
past-return characteristic quintile (Q5) are larger than momentum profits for Q1.2

26 We have also checked that, consistent with Avramov ez al. (2007), average momentum returns are
higher for firms with noninvestment grade ratings [2.51% (¢ statistic 5.0)] than for firms with invest-
ment grade ratings [0.44% (t statistic 1.4)].
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Table IV. Momentum profits of portfolios sorted on volatility and characteristics

This table reports average returns for portfolios sorted first by IVOL or characteristic (Q1 to Q5), then
by past returns (P1 to P5). For size, R, age, analyst coverage, and price, we sort stocks in descending
order. We report average monthly returns for past losers (P1), past winners (P5), and the momentum
strategy portfolios (P5—P1). We also report the difference between high and low characteristic
momentum returns (Return diff) and risk-adjusted return differences, as well as ¢ statistics for return
differences (in parentheses). In the final two columns, we report the average differences between high
(Q5) and low (Q1) characteristics of momentum strength (Mom str diff) and idiosyncratic volatility
(IVOL diff) for the stocks included in the momentum strategy (P1 and P5).

Return Risk Mom IVOL
Q1 Q2 Q3 Q4 Q5 diff  adjusted str diff  diff

IVOL P5PI 004 052 091 144 196 193 192 592 462
(037) (428) (6.03) (7.57) (8.16) (9.36) (8.51)
Ps 114 146 179 187  1.63
Pl 110 094 088 043 —033
Size P5-P1 053 092 117 142 134 081 095 169 207
(237) (398) (529) (6.97) (7.66) (4.37)  (4.49)
P5 118 144 153 171 183
Pl 065 052 036 030 049
R P5-P1 090 113 125 112 106 0.6 028 94 152
(338) (474) (6.11) (6.08) (6.50) (0.76)  (1.20)
Ps 140 158 174 158 146
Pl 050 046 050 047  0.40
Turnover P5-PI 060 090 096 129 147 088 080 381 205
(533) (6.19) (548) (5.72) (5.63) (3.76) (3.42)
P5 145 162 167 165 137
Pl 085 072 070 035 —0.11
Age P5-P1 026 063 1.03 137 177 152 145 247 19.1
(1.62) (341) (4.89) (6.25) (7.54) (9.04) (6.53)
P5 120 148 160 176  1.68
Pl 095 086 057 039 —0.09

Analyst coverage  P5-P1  0.63 095 1.10 147 143 081 085 106 138
(2.04) (3.36) (434) (6.33) (623) (3.61) (2.94)
P5 128 149 161 190 1.79
Pl 066 054 051 043 036

Forecast dispersion P5-P1  0.09 062 091 1.45 1.37 1.29 1.27 29.7 17.6
(0.45) (2.76) (3.46) (4.96) (4.46) (5.74) (4.20)
P5 1.14 1.37 1.61 1.79 1.38
P1 1.05 076 070 0.33 0.01

Market-to-book P5P1 089 056 097 143 164 075 059 197 115
(5.18) (327) (5.03) (6.64) (6.93) (3.45) (2.52)
P5 159 147 150 1.66  1.70
Pl 070 091 053 023  0.06

Continued



SOURCES OF MOMENTUM PROFITS

Table 1V. Continued

21

Return Risk Mom IVOL
Q1 Q2 Q3 Q4 Q5 diff  adjusted str diff  diff
Price P5-P1 0.79 096 1.11 1.37 1.28 0.49 0.58 23.5 24.8
(3.70) (5.00) (5.99) (6.80) (5.76) (2.56) (2.59)
P5 1.51 1.54 1.62 1.65 1.55
Pl 0.72 0.58 0.52  0.28 0.27
Iliquidity P5-P1 0.54 092 1.30 1.31 1.18 0.65 0.73 13.6 17.8
(2.36) (4.00) (5.89) (6.17) (6.07) (3.03) (3.25)
P5 1.14 132 1.55 1.69 1.81
P1 0.60 0.40 026  0.38 0.62
Credit rating P5-P1 —-0.04 -0.06 0.29 1.18 2.39 243 2.46 429 30.7
(0.18) (0.21) (1.00) (3.47) (5.39) (6.64) (5.62)
PS5 0.83 099 1.04 1.50 1.53
Pl 0.88 1.04 0.75 0.32 —0.86

For most of the characteristics, momentum profits increase almost monotonically as
we move from Q1 to Q5. For example, momentum returns are equal to 0.53% per
month for large stocks, 1.17% for stocks in the middle 20% of the size distribution
(Q3), and 1.34% per month for small stocks. The difference in returns is largest for
credit rating (2.43% per month) and weakest for R* (0.16%), the only characteristic
for which the return difference is not statistically significant.>” The patterns in
magnitude and statistical significance of risk-adjusted returns closely track those
of standard momentum returns.

Consistent with our analytical framework, we find that the more closely
a characteristic proxies for volatility, the higher the past return spread and the
higher the momentum profits. Sorting first on characteristics produces more ex-
treme past returns: for each of the 10 characteristics, the Q5 long—short momentum
portfolio contains stocks with more extreme and more volatile past returns than Q1.
Indeed, the correlation of momentum strength differences and correlations of char-
acteristics with volatility (i.e., the correlation of “Mom str diff” (Table IV) and
“IVOL” (Table III)) is equal to 0.99. This relationship is then reflected in the
patterns in momentum profits: characteristics for which volatility and momentum

27 Our results are different from Hou ef al. (2006) who find that a double sort on R? and momentum
produces significant differences in momentum returns for high and low R* stocks. There are three
reasons for this: first, Hou et al. (2006) report value-weighted returns; second, they use NYSE R?
quintile break points (which means that a large fraction of AMEX and NASDAQ stocks are in the
lowest R* quintile); third, they use full-sample R? estimates. We instead report equally weighted
returns, use quintile break points for the entire set of stocks each period, and calculate rolling estimates
for R* (as we do for all other characteristics). However, we have verified that if we make these adjust-
ments, we can replicate their results.



22 PAVEL BANDARCHUK AND JENS HILSCHER

strength differences are small (e.g., R?) also have lower momentum return
differences than those for which volatility and momentum strength differences
are large (e.g. credit rating). The correlation between momentum return differences
and momentum strength differences is 0.78.

Given the link between past returns and momentum profits, it is not surprising
that characteristic sorts produce high returns. Characteristics not only select stocks
which deliver high momentum profits but also select stocks with the most extreme
volatility and past returns.

4.1 CONTROLLING FOR VOLATILITY

We now calculate momentum profits adjusting for the effect of volatility. Our aim is
to measure the incremental ability of the characteristic to interact with momentum.
We isolate the part of the characteristic that is unrelated to volatility by calculating
residual characteristics from linear regressions of characteristics on volatility. We
then sort stocks into quintiles using residual characteristics and calculate momen-
tum profits.

The relationship between characteristics and volatility may be nonlinear, and we
therefore, whenever appropriate, transform characteristics and volatility before run-
ning regressions. For each of the characteristics, we explore the relationship by
considering 25 volatility-sorted portfolios. For characteristics, we consider taking
logs, and for IVOL, we consider the portfolio rank (1 to 25). For each characteristic,
we choose the specification (characteristic or log(characteristic), average IVOL or
IVOL rank) that has the highest 25 portfolio regression R*. The 25-portfolio re-
gression R? is equal to 98.5% on average, reflecting the close to linear relation-
ships.?®

Each month we run cross-sectional regressions of characteristics on volatility for
25 IVOL-sorted portfolios*® and compute residual characteristics by applying the
monthly portfolio regression estimates to the stock-level data. This procedure
allows us to isolate the effect of the characteristic on momentum profits that is
in excess of the effect of volatility. If enhanced momentum profits are driven mainly
by volatility, sorting by residual characteristics should result in a substantial reduc-
tion of returns or no enhancement of returns.

Table V reports the results. For each characteristic, we sort stocks into quintiles
using residual characteristics. As in Table IV, Q1 contains the stocks with low residual

28 The specifications are log(characteristic)-IVOL rank for size, turnover, age, analyst coverage,
price, credit rating; log(characteristic)-IVOL for R?, market-to-book; and characteristic-TVOL for
illiquidity and forecast dispersion. Hong et al. (2000) and Campbell ez al. (2008) also use monotonic
transformations to calculate residual characteristics using a linear model.

2% We run the regression on 25 portfolios in order to reduce noise.
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characteristics and Q5 contains the stocks with high residual characteristics, except for
size, R*, age, analyst coverage, and price, for which we use descending order. For
each quintile (Q1 to QS5), we report momentum profits long the quintile of winners,
short the quintile of losers; the final two columns report differences in momentum
profits and risk-adjusted momentum returns between Q5 and Q1. These differences
are directly comparable to the momentum return differences in Table IV.

In all cases, the difference between momentum profits for high and low char-
acteristics (Q5 and Q1) is substantially reduced, and for all characteristics except
age, the enhancing effect is no longer statistically significant. These patterns are in
contrast to the pronounced enhancing ability of characteristics documented in Table
IV. When sorting by residual size, R*, turnover, analyst coverage, and illiquidity,
the difference between Q5 and Q1 momentum profits is either virtually equal to
zero (below 0.2%) or slightly negative and not statistically significant. For market-
to-book and credit rating, the difference in momentum profits is equal to 0.30% and
0.27%, respectively, though neither difference is statistically significant and both
are smaller than the unadjusted differences of 0.75% and 2.45%. For analyst
forecast dispersion and share price, the interaction effects actually reverse.>*
Adjusting for volatility cuts the enhancing effect of age in half; the return difference
declines from 1.52% to 0.79%. Patterns in magnitudes and significance levels are
again similar to those of risk-adjusted returns.

Since age is the only effect for which the return difference remains positive and
statistically significant, we briefly explore it further. We find that the effect of
residual age is driven mainly by very young firms; if we exclude firms with
age less than 3 years, the effect of residual age on momentum profits disappears.*’
Higher momentum profits for very young firms may therefore be the result of IPO
underperformance (see, e.g., Ritter, 1991).

To summarize: Having established that characteristics are closely related to
volatility, we find that this relationship almost entirely explains characteristics’
ability to enhance momentum profits. It is thus not characteristics that enhance
momentum but instead extreme past returns that lead to elevated profits.

30 For most of the variables, the relationship between volatility and the characteristic has the expected
sign each month, for example, in every period, high-volatility stocks are small. However, for R (4%
of the time), illiquidity (13% of the time), and market-to-book (8% of the time), the sign of the re-
lationship switches. We have checked that our results are robust to setting the coefficient to zero
during those times, that is, we constrain the regression coefficient to be of the same sign throughout.
Also, for illiquidity, the relationship with volatility is much weaker between 1997 and 2008. This
pattern does not affect our results since during this period illiquidity (not adjusted for volatility) loses
its ability to enhance momentum profits.

31 We find that the enhancing ability of age is not driven by the inclusion of NASDAQ stocks; if we
exclude these, the effect remains. It is also not driven by the possible mismeasurement of age; in-
cluding only stocks for which we have the IPO date does not affect the results.
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Table V. Momentum profits of portfolios sorted on residual characteristics (adjusted for volatility)

This table reports momentum returns by quintiles of residual characteristics: We sort first into
quintiles (Q1 to Q5) of residual characteristics; the residuals are calculated using the regressions
of log(characteristic) on IVOL rank for size, turnover, age, analyst coverage, price, credit rating,
log(characteristic) on IVOL for stock return R? and market-to-book, and characteristic on IVOL
for illiquidity and forecast dispersion. For each residual characteristic quintile we then calculate
momentum profits using a momentum strategy long the quintile of winners, short the quintile of
losers (P5—P1). We report average monthly momentum returns, the difference in momentum returns
between high and low residual characteristics (Return difference), and the difference in risk-adjusted
returns (Risk adj return diff), as well as ¢ statistics (in parentheses).

Momentum returns (P5-P1) by residual characteristic quintile

Return Risk adj
Ql Q2 Q3 Q4 Q5 difference return diff
Size 0.84 1.21 1.36 1.51 0.84 0.00 0.20
(3.36) (4.96) (6.12) (7.86) (5.75) (0.01) (0.98)
R 1.27 L11 1.14 1.03 1.01 -0.26 —0.12
(4.67) (4.66) (5.68) (5.83) (6.77) (1.24) (0.52)
Turnover 1.02 1.21 1.04 1.12 1.12 0.10 0.02
(6.72) (6.15) (4.93) (4.75) (4.23) (0.49) (0.07)
Age 0.73 0.73 1.12 1.35 1.52 0.79 0.75
(3.60) (3.55) (5.17) (6.31) (6.98) (5.06) (3.44)
Analyst coverage 0.94 0.96 1.18 1.39 1.12 0.18 0.24
(2.94) (3.36) (4.72) (5.98) (5.31) (0.74) (0.80)
Forecast dispersion 1.63 1.14 0.50 0.44 1.08 —0.54 —-0.42
(5.78) (4.45) (2.50) (2.09) (3.79) (2.51) (1.24)
Market-to-book 1.14 0.76 0.94 1.16 1.44 0.30 0.27
(5.75) (3.83) (4.71) (5.27) (6.13) (1.47) (1.14)
Price 1.31 1.37 1.28 1.30 0.73 —0.58 —0.38
(5.79) (6.96) (6.55) (6.42) (3.26) (2.93) (1.68)
lliquidity 1.29 0.93 0.86 0.95 1.26 6:04 —0.13
(6.18) (4.91) (4.45) (4.32) (6.30) (0.18) (0.59)
Credit rating 0.31 0.99 1.24 1.30 0.58 0.27 0.22
(0.99) (3.12) 3.27) (3.24) (2.25) (1.06) (0.59)

4.2 CONTROLLING FOR EXTREME PAST RETURNS

We also ask if the results are robust to instead adjusting directly for the relationship
between past returns and forward returns. Table VI reports the results. For refer-
ence, Column 1 reports momentum profits for the highest quintiles for each char-
acteristic (the numbers are the same as in Table IV, Q5). In Column 2, we report
risk-adjusted returns to confirm that extreme characteristic momentum alphas are
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significantly different from zero. As before, we find that momentum returns and
risk-adjusted returns are similar.*?

The momentum returns reported in Table I demonstrate that there is a direct re-
lationship between past returns and returns over the next month. We adjust for this
effect directly by assuming a linear relationship between past returns and forward
returns and have checked that this assumption is reasonable. Using time-series
averages of monthly 25 past-return-sorted portfolios, we run one regression of av-
erage forward returns (¢ + 1) on the log of average past returns (r — 6,¢ — 1). We
then calculate predicted momentum profits, that is, we compute the average past
return spread between winner and loser portfolios within each characteristic group
and compute predicted momentum profits based on the regression estimates. In
Column 3 of Table VI, we report returns adjusted for predicted momentum returns.
Ifit is the level of past returns (and not the extreme level of the characteristic) that is
related to momentum profits, we expect momentum returns adjusted in this way to
be substantially smaller than the unadjusted returns resulting from conditional dou-
ble sorts using characteristics.

Consistent with the results when adjusting for volatility, momentum profits
adjusted for past returns are significantly reduced. Momentum profits for extreme
characteristics are 1.5% on average (average of Column 1 returns), while adjusted
returns are 0.2% on average (average of Column 3 returns). In all cases, adjusted
returns are much smaller than unadjusted returns. Adjusted returns are
indistinguishable from zero in all cases except for age (¢ statistic of 1.92 and thus
marginally significant) and credit rating (¢ statistic of 2.34). Adjusted returns for
low-age (young) firms are much smaller (0.45%) than unadjusted returns
(1.77%). For credit rating, adjusted returns are reduced from 2.39% to 1.03%.
The small remaining effect of credit rating on momentum profits may be driven
by high-risk credit rating stocks being more distressed and distressed stocks having
a tendency to underperform (see Campbell et al., 2008). We conclude that most of
the variation in momentum profits that is present when implementing a double sort
using characteristics and past returns can be explained by variation in past returns.

In our theoretical discussion in Section 2, we demonstrate that sorting on a proxy
for volatility will directly result in more extreme past returns for high characteristic
winners and losers. We now adjust for this effect directly. For each characteristic,
we calculate the past return spread, the difference between the past return for

32 As an additional check, in unreported results we calculate Fama and French (1993) three-factor
alphas and Carhart (1997) four-factor alphas. We find that, consistent with Fama and French (1996),
the three-factor model does not explain momentum profits; momentum alphas are large and significant
for extreme characteristics. For all characteristics, four-factor alphas are substantially smaller, about
half as large as three-factor alphas.
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Table VI. Momentum profits of portfolios adjusted for past returns

This table reports momentum returns, adjusted returns, and matched past return percentiles for stocks
with extreme characteristics. Column 1 reports long—short momentum returns (P5—P1) for the top
quintile of each characteristic (returns in Column 1 correspond to Q5 in Table IV). Column 2 reports
risk-adjusted returns. Column 3 reports returns adjusted for predicted momentum returns: we calculate
predicted returns based on a regression of average momentum returns on log past returns. Column 4
reports the percentile of a momentum single sort for which the past return spread (the difference

between winner and loser past returns) matches the double-sort past return spread. For example, for
size the difference in past returns of the single-sort top 17% winners and bottom 17% losers matches
the double-sort (small-firm) past return spread. Column 5 reports the difference between double-
sort momentum returns and matched single-sort momentum returns. We report ¢ statistics in parentheses.

Extreme Adjusted for
characteristic predicted Adjusted for
momentum Risk-adjusted momentum Matched matched past
return return return percentile return spread
Size 1.34 1.43 0.13 17th 0.10
(7.67) (10.61) (0.75) (0.79)
R 1.06 1.12 —0.12 17th —0.19
(6.50) (9.38) (0.72) (1.49)
Turnover 1.47 1.46 —0.01 9th —0.16
(5.63) (6.84) (0.02) (1.67)
Age 1.77 1.75 0.45 14th 0.38
(7.54) (9.82) (1.92) (4.36)
Analyst coverage 1.43 1.47 0.24 17th 0.15
(6.23) (8.97) (1.04) (1.13)
Forecast dispersion 1.37 1.42 0.11 13th 0.02
(4.46) (5.44) (0.36) (0.18)
Market-to-book 1.64 1.51 0.38 10th 0.07
(6.93) (8.35) (1.62) (0.58)
Price 1.28 1.28 —0.08 15th —0.05
(5.76) (7.10) (0.36) (0.48)
Illiquidity 1.18 1.23 0.03 15th —0.11
(6.07) (8.96) (0.03) (0.74)
Credit rating 2.39 2.46 1.03 7th 0.46
(5.39) (6.50) (2.34) (2.53)

winners and the past return for losers. We then find the percentile of the single-sort
past return distribution that matches the past return spread.

For example, a quintile double sort on size and past return results in a past return
spread for small firms of 85%. Implementing a single sort, the past return spread
between the top 17% (winners) and the bottom 17% (losers) of the past return
distribution matches this past return spread (we find the percentile with the closest
past return spread). Therefore, the appropriate benchmark for a double sort using
size is the 17th percentile single-sort momentum strategy. Using the notation
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from the theoretical discussion, we find ¢™h such that E[r|s > ¢, 7 > ¢,] =

r,s

E[r|r > c™¢h], We then check the percentile of the single-sort past return distri-

r,s

bution to find Qmh = Pr(r > cnach) = 17%.%

For each of the 10 characteristics, we report the matched percentile (Column 4).
In all cases, quintile double sorts represent more extreme momentum sorts. The
matched percentiles range from 17% (size, R*, analyst coverage) to 7% (credit
rating). The average of the percentiles is equal to 13.4%. For each characteristic,
we calculate the momentum returns for the matched percentile cutoff and report the
difference between extreme characteristic returns and matched single-sort returns
(Column 5).>* We find that double-sort returns are almost the same as matched
momentum returns; across all 10 characteristics, the difference is equal to
0.07% per month on average. In other words, using double sorts does not produce
profits that are higher than single-sort profits, so long as past returns are the same.

Using the methodology in Table VI, we perform another check: It is well
documented (e.g., Jegadeesh and Titman, 1993; Grundy and Martin, 2001) that
the momentum strategy is much weaker in January and often reverses sign. It
is possible that some of the characteristics we consider are able to select stocks
that are not affected by the documented January reversal of momentum and that
this is the reason they outperform a single-sort momentum strategy. We find that
this is not the case: our results are robust to excluding Januaries.

4.3 REGRESSION-BASED APPROACH

Another way to control for the effect of past returns on momentum profits is to use
a regression-based framework.>> Since characteristics, volatility, and extreme past
returns are correlated, a regression-based framework is a natural choice to explore
their effects on profits. We run Fama—MacBeth regressions of monthly stock-level
momentum profits first on characteristics only and then controlling for momentum
strength and volatility.

33 We note that, though not perfect, our analytical model (Section 2) reflects the empirical patterns
well: the model implies that the matched percentile cutoff is 14.6% compared to an actual matched
cutoff of 17%.

34 Since the sample is not the same across all characteristics (e.g., credit rating, analyst coverage), we
perform the matching and return procedure for each sample separately.

35 Sorting stocks into portfolios has benefits and drawbacks, but in the case of correlated drivers of
momentum, using a regression-based approach will shed additional light on what drives variation in
returns. Fama and French (2008) discuss benefits and drawbacks of using sorts and regressions when
exploring what drives cross-sectional returns. See also Berk (2000) for a more general discussion of
sorts.
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Momentum profits result from winners outperforming and losers underperform-
ing; in other words, profits result from relative return continuation. We define winners
and losers as having above or below median past returns, R;_¢;—1 — Rmedian,-—6,(—15
and measure forward returns relative to the median, R, 1 — Rmedian,i+1 3% The stock’s
momentum profit is then equal to the stock’s forward return multiplied by a winner/
loser dummy equal to 1 if the stock was a winner and —1 if the stock was a loser:

Rmom,t+1 = (Rt+1 - Rmedian,t+1) X Sign(Rtf&,tfl - Rmedian,tfé,tfl)' (4)

Stock-level momentum profits Rmem 41 are positive if either the stock has an
above-median forward return and was a winner or if the stock has a below-median
forward return and was a loser. Both of these cases (in which past and forward
returns are of the same sign) contribute to a momentum strategy being profitable.
If the return switches sign between formation and holding period, momentum
profits are negative.

We regress momentum profits on log(characteristic), IVOL rank (1-25), and
momentum strength. We check that momentum profits are close to linear in these
variables in order to reduce potential biases from regression misspecification. Table
VII reports the results.

We first run univariate regressions of momentum profits on characteristics only
(Column 1). For each of the characteristics, we find an effect consistent with the one
documented in Table IV: momentum profits are high for firms that are small, have
low R?, high turnover, are young, have low analyst coverage, high analyst forecast
dispersion, high market-to-book ratios, low share price, are illiquid, and have high-
risk credit ratings. We then control for the effect of past returns by including mo-
mentum strength and IVOL rank together with the characteristic (columns 2 to 4).
If momentum profits are high because past returns are extreme, then the magnitude
of the coefficients on characteristics should be reduced. This is exactly what we
find. Coefficients decline substantially for all characteristics, and in some cases
(R?, price, and turnover), the coefficient switches sign. The effect of age remains
statistically significant, though controlling for past returns cuts the coefficient in
half (from —0.154 to —0.079). Credit rating remains marginally significant, but
controlling for past returns reduces the size of the coefficient by two-thirds (from
0.437 to 0.144).7

For all regressions, both momentum strength and IVOL are statistically
significant. This means that it is mainly variation in past returns that explains
variation in momentum profits, not variation in characteristics. The evidence
reported in Table VII is consistent with our previous results and supportive of

36 To make results comparable with our analysis in Table IV, we calculate medians within charac-
teristic quintile.
37" As discussed, the remaining effect may be the result of the underperformance of distressed stocks.
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Table VII. Regressions of momentum profits on characteristics, past returns, and volatility

This table reports results from Fama—MacBeth regressions of momentum profits on
log(characteristics), momentum strength, and IVOL rank. Momentum profit is the stock’s forward
return in excess of its group median return, multiplied by a winner/loser dummy equal to 1 if the stock
was a winner and —1 if the stock was a loser. Thus, winners with positive forward returns and losers
with negative forward returns both have positive momentum profits. Medians are calculated within
characteristic quintile. To control for outliers, all explanatory variables are winsorized at the 0.5% and
99.5% levels. We run monthly regressions for our sample (same as in Table IV) and report average
coefficients and ¢ statistics (reported in parentheses) based on standard errors of average coefficients
for two sets of regression specifications: characteristic only (column 1) and controlling for momentum
strength and IVOL (columns 2 to 4).

Char only Controlling for IVOL and momentum strength
Variables included Char Char Mom strength IVOL
Size —0.070 —0.011 0.011 0.016
(6.18) (0.88) (7.23) (5.66)
R? —0.018 0.022 0.013 0.015
(1.01) (1.27) (7.82) (5.94)
Turnover 0.082 —0.038 0.013 0.012
(3.29) (2.04) (8.83) (5.19)
Age —0.154 —0.079 0.013 0.008
(8.67) (5.52) (7.94) (3.20)
Analyst coverage —0.105 —0.041 0.012 0.015
(4.34) (1.75) (6.57) (4.62)
Forecast dispersion 0.104 0.034 0.008 0.015
(5.20) (1.88) (4.40) (4.27)
Market-to-book 0.140 0.041 0.011 0.011
(5.05) (1.63) (7.14) (4.20)
Price —0.049 0.155 0.007 0.031
(1.64) (4.66) (5.04) (9.72)
Illiquidity 0.044 0.006 0.013 0.014
(4.48) (0.60) (7.74) (5.09)
Credit rating 0.437 0.144 0.013 0.012
(6.94) (2.61) (4.99) (2.44)

our hypothesis that differences in past returns are an important source of variation in
momentum profits.

We can also draw a conclusion regarding the methodology of double sorting: using
double sorts to investigate the effects of characteristics on momentum profits (as
performed in Table IV) may not be informative when characteristics are correlated
with extreme past returns. Characteristics, past returns, and volatility are all highly
correlated and it is a priori not clear what explains variation in momentum profits. In
a regression it is possible to sort out the effects of correlated variables, and, given the
results in Table VII, we can conclude that for most of the characteristics higher mo-
mentum profits are the result of trading in stocks with more extreme past returns.



30 PAVEL BANDARCHUK AND JENS HILSCHER
5. Conclusions

Several recent studies have documented that momentum profits are more
pronounced for stocks with certain characteristics. In this paper, we demonstrate
that there is a common channel that can explain these patterns: characteristic
screens result in elevated momentum profits by excluding stocks with less extreme
past returns from a momentum strategy. Characteristic interaction returns are thus
easily matched by a more extreme momentum sort.

There are two main implications of our findings. First, a search for “enhanced”
momentum strategies needs to account for variation in past returns. In fact, we
demonstrate that there is virtually no benefit from conditioning a momentum
strategy on stock-level characteristics. This means that, from an investment
perspective, focusing on past returns is sufficient when aiming to maximize
momentum profits.

Second, existing explanations of momentum, in particular those based on the
apparent ability of characteristic screens to enhance momentum profits, need to
be reappraised. Many of the interaction characteristics are common proxies for
information uncertainty and limits to arbitrage, and thus the literature has enlisted
the evidence to support behavioral explanations of momentum. However, the
empirical patterns may also be explained by rational models. Our results imply
that an explanation of momentum needs to take as a starting point the link between
volatility, past returns, and momentum profits. Vayanos and Woolley (2010)
present a rational model of delegated portfolio management in which stocks with
high IVOL are predicted to have higher momentum profits. Another possibility is
that stock returns are generated by a factor model. In such a framework, more
extreme past returns may lead to increased momentum profits (Grundy and Martin,
2001). The existing evidence on momentum interaction effects therefore need not
support behavioral explanations of momentum.

Of course, volatility itself has been used as a measure of limits to arbitrage (e.g.,
Shleifer and Vishny, 1997) and it is also interpreted as a proxy for information
uncertainty (e.g., Zhang, 2006). However, Brav et al. (2010) question the extent
to which high-volatility and limits-of-arbitrage explanations can be applied to
anomalous stock returns more generally. We note also that more direct proxies
of information uncertainty such as analyst coverage and analyst forecast dispersion
are not associated with more extreme momentum returns once their relationship to
past returns is taken into account.

Our paper also provides a framework for understanding studies that have
documented an increasing number of momentum “sub-anomalies.” A reader
of the existing literature might well pose the question: do the interaction effects of
different characteristics represent many effects (one for each characteristic) or are they
the result of one effect (there is a common channel that explains elevated momentum
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profits)? We show that one effect—variation in past returns—can explain the observed
patterns. There is thus scope for shrinking the dimensionality of explanations of
characteristic interaction patterns: the relationship between past returns and
momentum profits can itself explain the momentum interaction effects.

Appendix A
A.1. VOLATILITY AND PAST RETURNS

In this appendix, we analyze past return single sorts and conditional double sorts on
characteristics and past returns. Given dispersion in volatility ¢, conditional on
being a winner (» > ¢), and assuming a joint discrete distribution of volatility
and returns Pr(r, o), we can write the conditional expected return as

Elrlr > Z Z P}r)rrr:c )

g r>c

Pr(r > c|o)Pr(o)
E[rlr > ¢ ZEV\V > ¢, 0] TR

We assume that, conditional on volatility o, returns are distributed normally,
r~N(0,6?). The conditional expected return is then given by (see Johnson and
Kotz, 1970, p. 81; Grundy and Martin, 2001, p. 73)

E >c, -

[rlr > ¢, 0] =N
where n(-) is the normal p.d.f. and N(+) is the normal c.d.f. Also, conditional on
volatility, the probability of a return above the cutoff ¢ is

Pr(r > clo) = (1 —N<5)>.

[

This means that, conditional on volatility g, sorting stocks into the top group with

probability Q, for example the top quintile, means that E[r|r > ¢, 0] = (—i)n(ﬁ)a Not

surprisingly, past returns are more extreme for high-volatility stocks since n(£)a is
increasing in o:
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Sorting on past returns also has an effect on volatility (and characteristics). The
probability weights in Equation (5% used to sum over different conditional expect-
ations E[r|r > ¢, g] are %, where the denominator is fixed and positive
(equal to Q). We can compare these weights to using the unconditional prob-
ability  distribution  of 1 volatility ~Pr(c) by considering their ratio

Pr(r>c[o)Pr(c) __ Pr(r>clo) __ N(¢ . Lo . . .
PSdPle] = Proee — P> Which is increasing in o since

%Pr(r > clo) = %(1 —N(g))

() (-5) >0

[

Thus, when sorting on past returns (r > c¢) relatively more weight is placed on
observations with higher volatility. An implication of this is that if a characteristic
is correlated with volatility, a sort on past returns will produce a spread in character-
istics also (Table I).

To find the conditional expected return, we can now plug into the conditional
expectation (from above):

C

I p—— n(“)ac)<1—N<§>>Pr(a)

Pr(r >c¢)4~<1-N(¢
= _Pr(r1>c_) ; n (%) GPI‘(O')
_ Eln(G)e]
— Pr(r>c)”

Assuming that volatility has a uniform distribution, ¢ € [01min, Omax], the condi-
tional expected return is given by

1 O max
E[r‘l’ > C] = 7[ n<£>Ld6
Pr(r > ¢) Omin 07 Omax — Omin

1 1 [gmax ( 1(6)2> d
_ exp| —=(— o ao.
Pr(r > ¢) \/27I(O-max - Umin) Omin 2\o

This integral has an analytical solution in terms of the incomplete Gamma function
I'(-,-) (from Mathematica):

Jamﬂxexp< - %GY) odo = %[Zazexp(—%<§>2) _ czr(oé(g)z)] a

Omin Omin

A.2. CHARACTERISTICS AND PAST RETURNS

In order to introduce characteristics as proxies for volatility, we assume that char-
acteristics and volatility are distributed bivariate normal.
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A.2.a Mean and standard deviation of volatility
We assume that 6~N (,, v2). For the example discussed in Section 2, we choose
parameters to match the data. We therefore first find values for i, and v, so that the
truncated mean and standard deviation of volatility match the data (the mean vol-
atility is 28.4%, the standard deviation is 11.2%). Since (see above)

and (see Johnson and Kotz, 1970, p. 83)

Lo B U
o)

. n(_:ua) 2
var(alo > 0) =v2| 1 4+ — - ( — ) ;
o —U, 1 _ .urr
1-N(3) N(EE)

Vo

we can numerically find x4, = 0.2817 and v, = 0.1149 that result in E[g|o > 0] =
28.4% and var(g|o > 0) = 11.2%.

A.2.b Single sort

In the case of a single sort, we only need to consider the unconditional distribution of

volatility, which is normal: ¢~N(u,;,v?) with p.d.f. \/ﬁv exp(—%(a;{f”)z). We

- v,
truncate the distribution and integrate from ¢ = 0 to o and rescale the p.d.f.

by Pr(c > 0) = 1 — N(=f=).

We first find the cutoff ¢. Given a level of volatility o,
Pr(r > clo) = (1 = N(%)). To find Pr(r > c|o > 0), we integrate over the possi-
ble values of ¢ and solve for ¢:

Q =Pr(r >clo >0)

=N e))exn[-(5e) o
(1-N(3£2) ) v2mv, '

Vo

The single-sort expected return is then given by
o exp| —1 (£)2 + (S ’ odo
El[rlr >c¢,0 > 0] —éE[n(c)G} =0 [Q(f(;(vif))znzﬁﬂ ;
(6)

which we calculate numerically. To be precise, we write E[r|r > ¢, > 0] but we
note here that we are not explicit about this constraint when discussing the results in
Section 2.
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A.2.c Characteristic-past-return double sort

For characteristic double sorts, we calculate the return cutoff and the conditional
expected return by integrating over values of the characteristic that are included in
the momentum strategy. We assume that the characteristic and volatility are dis-
tributed bivariate normal. To make the analysis applicable to any characteristic, we
assume, without loss of generality, that the characteristic is distributed standard
normal and positively correlated with volatility. For example, if loggsme) and vol-
atility are distributed bivariate normal, we can define s = bg(s}# where p
and v, are mean and standard deviation of log(size). Denotlng the correlation be-
tween s and ¢ by p, we have

2
o Ve pve
() s )

We first find the cutoff ¢, such that Pr(s > ¢;|6 > 0) = 20%. The unconditional
distribution of s is normal but since s is correlated with volatility, we need to use the
joint distribution to find the size cutoff c:38

Qs =Pr(s > ¢5lo > 0)
2
L Len( gl 2 ()4 (9)])
- (1—N(%‘:’))2nva\/l—p ’
Since we are focusing on the subuniverse of observations with high characteristic

and positive volatility, we need to scale the conditional p.d.f. when calculating the
return cutoff ¢, ; and the conditional expected return using the probability

Pr(s > ¢5,0 > 0) =Pr(s > ¢5le > 0)Pr(c > 0) = Qs<1 —N(_—H”>>.

Vo

We can now find the return cutoff ¢, :
O =Pr(r > cr4ls >c5,0 >0)

L L) Jeso ()’ E)) -0 Vara
2m /10, (1-¥(32))

and then the conditional expected return:

8 If x and y are bivariate normal, the p.d.f. is given by (see Casella and Berger, 1990, p. 167)

el () ) () + (2))

2noxayy/1 — p?

Sy
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Elrls > ¢, r > cr5,0 > 0]

e =

QQ&(I_ ( ‘f;”))\/Z_TEZTWU\/l—pz

Note that Pr(r> c.4,5 > ¢5,0 >0) = Pr(r > ¢ 45ls > ¢5,0 > 0)Pr(s > ¢y,
g >0) = 001 - (__#g))

The two remaining statistics that we report in the text are cmateh guch that E[r|s >
Cs, 7 > Cr, 0> 0] = Efr|r > ™ ¢ > 0] and Pr(r > c‘rilj‘mh). We solve for

match

3 using the expression for the single-sort conditional expected return given

in Equation (6) and taking into account that we need to scale by
Pr(r > MM > 0), which itself depends on ¢’". We also calculate Pr(r >
cmamh) using the single-sort probability of lying above a cutoff.

Instead of solving the integrals numerically, another possibility is to use Monte
Carlo simulations. We have checked that our results are the same using such a meth-
odology.
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