Factor momentum*®

Rob Arnott Mark Clements Vitali Kalesnik Juhani Linnainmaal

January 2018

Abstract

Past industry returns predict the cross section of industry returns, and this predictability is
at its strongest at the one-month horizon (Moskowitz and Grinblatt 1999). We show that
the cross section of factor returns shares this property, and that industry momentum stems
from factor momentum. Factor momentum is transmitted into the cross section of industry
returns via variation in industries’ factor loadings. Momentum in industry-neutral factors spans
industry momentum; factor momentum is therefore not a by-product of industry momentum.
Factor momentum is a pervasive property of all factors; we show that factor momentum can be
captured by trading almost any set of factors. Factor momentum does not resolve the puzzle of

momentum in individual stock returns; it significantly deepens this puzzle.

*Arnott, Clements, and Kalesnik are with Research Affiliates LLC. Linnainmaa is with the University of Southern
California and NBER.

fCorresponding author. Mailing address: University of Southern California Marshall School of Business, 3670
Trousdale Pkwy, Los Angeles, CA 90089, United States. E-mail address: Juhani.Linnainmaa@Marshall.usc.edu.
Telephone number: +1 (213) 821-9898.



1 Introduction

Industries exhibit return momentum similar to that found in the cross section of stock returns.
Moskowitz and Grinblatt (1999) show that this effect is at its strongest at the one-month horizon,
but that it lasts up to a year.! Using data on 51 factors identified in the literature as significant
predictors of stock returns, we show that factor momentum is stronger than industry momentum
and that factor momentum fully subsumes industry momentum. The mechanism of transmission
is through differences in industries’ factor loadings. Industry returns are linear combinations of
factor returns. If the cross section of factor returns exhibit momentum, so will any nondegenerate
rotation of these factors as well.

The difficulty in testing the hypothesis that industry momentum stems from factor momentum
is in demonstrating the effect’s direction. Although industries can be written as rotations of factors,
factors could just as well be expressed as rotations of industries. If factors have incidental industry
exposures, industry return shocks impact factor returns via factors’ industry bets (Asness, Frazzini,
and Pedersen 2014). Factor momentum could thus be an expression of industry momentum and not
the other way around. We resolve this identification problem by utilizing industry-neutral factors.
We first sort stocks into portfolios by industry-demeaned return predictors; an industry-neutral
factor’s long and short sides are thus almost equally balanced across industries (Cohen and Polk
1996; Asness, Porter, and Stevens 2000). We then remove any remaining industry bets by taking
an offsetting position in each stock’s value-weighted industry (Novy-Marx 2013). These factors are
thereby, by construction, unrelated to past industry returns, and their future returns are orthogonal
to industry return shocks.

A strategy that rotates all 51 factors based on their prior one-month returns and holds them

for a month earns an annualized average return of 10.5% with a t-value of 5.01. A strategy that

!See, also, Grundy and Martin (2001), Lewellen (2002), and Hoberg and Phillips (2017) for analyses of industry
momentum.



uses industry-adjusted factors earns an average return of 6.4% with a t-value of 5.55. We show that
past returns on unadjusted factors contain no information about future returns once we control
for momentum in industry-adjusted factors. Similar to industry momentum, factor momentum is
at its strongest with one-month formation and holding periods. However, we also consider all 36
strategies that use formation and holding periods ranging from one to six months. Each strategy’s
Fama and French (2015) five-factor model alpha is statistically significant with a ¢-value of at least
3.25.

Momentum in industry-adjusted factors fully subsumes industry momentum. After controlling
for individual stock momentum and the five factors of the Fama and French (2015) model, an in-
dustry momentum strategy that uses one-month formation and holding periods earns an annualized
return of 8.6% (t-value = 4.09). However, controlling for factor momentum, also this strategy’s
alpha falls close to zero. Industry momentum, by contrast, does not subsume factor momentum.
When we control for individual stock momentum, industry momentum, and the five factors of the
Fama and French (2015) model, all factor momentum strategies that use formation and holding
periods ranging from one month to six months earn positive alphas. The strategy that stands out
in both economic and statistical significance is the one that rotates factors based on their prior
one-month returns and holds them for a month. This strategy’s alpha is 32 basis points per month
with a t-value of 3.85.

Factor momentum also subsumes momentum found in the returns of other well-diversified port-
folios. Lewellen (2002) shows that the 25 Fama and French (1993) portfolios sorted by size and
book-to-market exhibit cross-sectional momentum similar to industry momentum and that the
“size and B/M momentum is distinct from industry momentum in that neither subsumes the
other” (p. 534). Factor momentum subsumes both industry and size and book-to-market momen-
tum. The vector of transmission is plausibly the same as that for industries. If portfolios sorted by

size and book-to-market have different factor exposures, factor momentum bleeds into this cross



section of portfolio returns.

We show that our ability to explain industry momentum with factor momentum is not due to
a judicious choice of factors. Factor momentum is not due to any one factor; almost any set of
factors exhibits momentum. We first illustrate this result by considering the market, size, value,
investment, and profitability factors of the Fama and French (2015) five-factor model. A strategy
that is long the factor with the highest prior one-month return and short the one with the lowest
return earns an average annualized return of 8.0% with a t-value of 3.30. This strategy’s annualized
five-factor model alpha is even higher, 10.7% (t-value = 4.37). This strategy thus earns a high return
by rotating toward factors that are about to earn high returns and not by being consistently long
and short the factors with the highest and lowest premiums.?

We also construct random sets of factors that differ in size. The profitability of a strategy that
trades factor momentum using a random set of, say, ten factors is nearly the same as that of the
full set. In fact, a strategy that captures momentum in factor returns by rotating between just
two randomly selected factors is typically statistically significant as well! Factor momentum is also
robust to implementation restrictions. The effect remains significant even when the factors trade
only big stocks, or when we introduce a delay between the formation and holding periods.

We show that factor momentum’s abnormal returns are not specific to any one part of the 1963
through 2016 sample period. Whereas industry momentum “stops working” around year 2000,
post-2000 factor momentum is indistinguishable from pre-2000 momentum. Moreover, whereas
stock momentum suffers crashes (Barroso and Santa-Clara 2015; Daniel and Moskowitz 2016),
factor momentum experiences positive crashes. When stock momentum crashed at the onset of

market recovery in 2009, factor momentum generated sudden and outsized profits.

2This test is about the Conrad and Kaul (1998) mechanism. Conrad and Kaul note that “the repeated purchase
of winners from the proceeds of the sale of losers will, on average, be tantamount to the purchase of high-mean
securities from the sale of low-mean securities. Consequently, as long as there is some cross-sectional dispersion in the
mean returns of the universe of securities, a momentum strategy will be profitable.” The five-factor model regression
removes the factor momentum strategy’s static exposures against the five factors; the remaining alpha must therefore
emerge from dynamic changes in factor weights.



Factors differ in their contributions to factor momentum profits. While the strategy that trades
the full set of 51 factors has an average return that is statistically significant with a t-value of
5.55, some combinations of factors generate momentum profits that have ¢-values in excess of 8.0.
We estimate a “momentum score” for each factor by measuring how much the factor momentum’s
profits suffer when we remove it from the set of factors being traded. The more important a factor,
the greater the resulting reduction in the strategy’s profits. We find that factors’ momentum scores
are asymmetric; some factors contribute significantly more towards factor momentum profits than
others, but no factor significantly lowers these profits. The factors that relate to distress, illiquidity,
and idiosyncratic risk are among those that contribute the most toward factor momentum profits.
The factors that display the most momentum are not the same as those with the highest mean
returns. At the very top of the list, for example, are firm age (Barry and Brown 1984) and nominal
stock price (Blume and Husic 1973) factors; both of these factors are, at best, weak predictors of
future returns in the 1963-2016 sample.

Both industry and factor momentum closely relate to short-term reversals of Jegadeesh (1990).
Whereas stock returns negatively predict the cross section of stock returns at the one-month horizon,
industries and factors both positively predict returns at this horizon. Short-term return reversals are
therefore an industry-relative effect; a stock’s return relative to the industry average is a significantly
more powerful predictor of returns than its raw return (Da, Liu, and Schaumburg 2013; Novy-Marx
and Velikov 2016). Indeed, whereas the five-factor plus momentum model alpha of the short-term
reversals factor is 6.1% per year (t-value = 3.61), this alpha increases to 10.2% (t-value = 8.44)
when we control industry momentum. If we also control for factor momentum, the alpha on short-
term reversals is 12.6% with a t-value of 12.85. It is therefore the stock’s return net of its industry
and factor exposures that negatively predicts returns. Factor momentum and short-term reversals
also significantly enhance the profitability of the individual stock momentum strategy. Whereas

UMD’s five-factor model alpha is 72 basis points per month (¢-value = 4.31), this alpha increases to



136 basis points (t-value = 8.08) when the strategy has no exposures against short-term reversals
or factor momentum. Factor momentum is therefore not the cause of stock momentum; stock
momentum grows far stronger when we control for factor momentum.

Our results relate to Grundy and Martin (2001), who note that momentum strategies, by
the virtue of choosing stocks based on their past returns, have time-varying risk exposures. If a
factor earns a high return during a momentum strategy’s formation period, then winner stocks are
predominantly those that load positively on this factor. Kothari and Shanken (1992) and Daniel and
Moskowitz (2016) note that winners’ and losers’ market betas typically differ significantly through
this same mechanism. Grundy and Martin (2001) show that these incidental factor exposures do not
drive stock momentum profits; in fact, removing them enhances the profitability of stock momentum
strategies. Our result is that factor returns themselves exhibit cross-sectional momentum.

Our results also relate to Avramov, Cheng, Schreiber, and Shemer (2017) who extend the results
of Lewellen (2002) and show that momentum strategy also works for combinations of many well-
diversified portfolios. They sort stocks into portfolios by 15 return predictors, take the top and
bottom portfolios, and find strong cross-sectional momentum within this set of portfolios as well.
We find momentum in factor returns themselves, show that this form of momentum drives both
industry and size-and-B/M momentum, and show that factor momentum is present in almost all

factors.

2 Data

2.1 CRSP and Compustat

We use monthly and daily returns data on stocks listed on NYSE, AMEX, and Nasdaq from the
Center for Research in Securities Prices (CRSP). We include ordinary common shares (share codes

10 and 11) and use CRSP delisting returns. If a stock’s delisting return is missing and the delisting



is performance-related, we impute a return of —30% for NYSE and AMEX stocks (Shumway 1997)
and —55% for Nasdaq stocks (Shumway and Warther 1999).

We obtain accounting data from annual Compustat files to compute some of the return predic-
tors we detail in Section 2.2. We follow the standard convention and lag accounting information
by six months (Fama and French 1993). For example, if a firm’s fiscal year ends in December in
year t, we assume that this information is available to investors at the end of June in year t + 1.

We compute returns on our factors from July 1963 through December 2016. Some of the
predictors that we use to form the factors—such as idiosyncratic volatility and market beta—

however, use some pre-1963 return data.

2.2 Universe of factors

Table 1 reports average returns and three- and five-factor model alphas for the 51 factors that
we examine throughout this study. These factors are among those examined in McLean and Pontiff
(2016) and Linnainmaa and Roberts (2017). In Table 1 we divide the factors into two groups.
Accounting-based predictors use some income statement or balance sheet information; return-based
predictors use return, price, or volume information.?

We construct each factor as an HML-like factor by sorting stocks into six portfolios by size and
return predictor. We use NYSE breakpoints—median for size and the 30th and 70th percentiles for
the return predictor—and use independent sorts in the two dimensions. The exceptions to this rule
are factors that use discrete signals. The high and low portfolios of the debt issuance factor, for
example, include firms that did not issue (high portfolio) or issued (low portfolio) debt during the
prior fiscal year. We compute value-weighted returns on the six portfolios. A factor’s return is the

average return on the two high portfolios minus that on the two low portfolios. In assigning stocks

to the high and low portfolios, we sign the return predictors so that the high portfolios contain

3We classify “size” as an accounting-based predictor because we construct it as in Fama and French (1993) by
sorting stocks into portfolios by book-to-market and size.



4 We rebalance

those stocks that the original study identifies as earning higher average returns.
accounting-based factors annually at the end of each June and the return-based factors monthly.

The left-hand side of Table 1 reports average returns, alphas, and t-values for the standard
factors; the right-hand side reports them for the industry-adjusted factors. Standard factors sort
stocks by unadjusted return predictors. In constructing the industry-adjusted factors, we first
demean the predictors by the 49 Fama-French industries. The long and short sides of each factor
are thus approximately evenly diversified across industries. We then hedge any remaining industry
bets by taking an offsetting position in each stock’s value-weighted industry; that is, if a factor
takes a long position in stock ¢, it also takes a short position of the same magnitude in stock
i’s industry. Past returns on these industry-adjusted factors are unrelated to industry returns
because of the demeaning step; and future industry returns do not affect factor returns because the
returns are industry-hedged. This definition of industry-adjusted factors is the same as that used
by Novy-Marx (2013).

The comparison between average returns and three-factor model alphas in Table 1 shows that
some factors perform significantly better when controlling for size and book-to-market. Gross
profitability of Novy-Marx (2013), for example, is a particularly strong return predictor when
holding book-to-market fixed. It earns an average return of just 21 basis points per month (t-value
= 2.35), but a three-factor model alpha of 38 basis points (t-value = 5.36).

A comparison of the standard and industry-adjusted factors shows that industry adjustment

often improves factor performance (Cohen and Polk 1996; Asness, Porter, and Stevens 2000; Novy-

“Blume and Husic (1973) show that nominal stock price negatively predicts returns of NYSE stocks between 1932
and 1966; this relationship is statistically significantly up to 1955. Because of this finding in the original study, we
assign low-priced stocks into the “high” portfolios. During our 1963-2016 sample period, the resulting factor earns
a negative average return and negative three- and five-factor model alphas. That is, nominal stock price positively
predicts returns during our sample period. The leverage factor of Bhandari (1988) is another factor that displays
similar behavior. Because the factor momentum strategies we consider assign factors into portfolios based on prior
returns, the way we sign the factors is inconsequential. For example, if low-priced stocks significantly outperform
high-priced stocks, the factor momentum strategy proceeds to take long positions in low-priced stocks. It does not
matter whether we express the return on the factor as a positive or negative number.



Marx 2013), and sometimes dramatically so. The five-factor model alpha associated with short-term
reversals, for example, is 37 basis points (t-value = 3.02). The industry-adjusted factor’s alpha,
by contrast, is 74 basis points per month (¢-value = 9.24). Out of the 47 factors that are not part
of the five-factor model, the t-values associated with the industry-adjusted factors are higher 38

times.

3 Factor and industry momentum

3.1 Factor momentum

A cross-sectional momentum strategy selects assets or portfolios of assets based on their relative
returns over some formation period. In the cross section of individual stocks, for example, the typical
strategy measures returns over the prior one-year period skipping a month, and assigns stocks into
portfolios monthly (Novy-Marx 2012). These strategies skip a month because individual stock
returns tend to reverse at the one-month horizon.

We follow Jegadeesh and Titman (1993) and Moskowitz and Grinblatt (1999) in defining the
factor momentum strategy. Each month we rank factors by their average returns over a prior
L month period, and then take long and short positions in the best and worst performers. The
strategy invests an equal amount in each factor in the strategy’s long and short sides. We then hold
this strategy over the following H months. Each strategy is therefore described by an L/H pair.
We also need to specify the number of factors in which the strategy takes positions. Moskowitz
and Grinblatt (1999) use 20 industry portfolios and take long and short positions in the top three
and bottom three industries. We follow this rule and let the factor momentum strategy take long
and short positions in

n = max {round(;o < N), 1} (1)

factors, where N is the number of factors. Our full set has 51 factors, but we later consider subsets



in which N ranges from 2 and 50.

When the holding period is longer than a month, H > 1, the holding-period returns overlap.
We use the Jegadeesh and Titman (1993) approach to restructure the data to address this overlap.
For example, when the holding period is H = 3 months, we form the factor momentum strategy
each month ¢ and compute the return on this strategy in months ¢t +1, t + 2, and ¢+ 3. In January
1999, for example, we then have returns on three strategies formed at three different times: the one
formed at the end of December 1998, the one formed at the end of November 1998, and the last
one formed at the end of October 1998. The return on the three-month holding period strategy
is the average return of these three strategies. One interpretation of the resulting strategy is that
it rebalances one-third of the portfolio each month (Jegadeesh and Titman 1993); the alternative
interpretation is that this procedure merely reshapes the data to avoid the use of overlapping
observations.

Table 2 examines four factor momentum strategies. The first two are based on standard factors
and the other two use industry-adjusted factors. We use both one-month formation and holding
periods (L = 1,H = 1) and six-month formation and holding periods (L = 6, H = 6). These
strategies are based on all 51 factors, and so each strategy takes long and short positions in the top
and bottom eight factors based on the rule in equation (1).

Panel A shows that all four factor momentum strategies earn statistically significant average
returns over the 1963 through 2016 sample period. When both the formation and holding periods
are one month, the standard factor-based strategy earns an average return of 10.5% per year with
a standard deviation of 15.3%; the one based on industry-adjusted factors earns an average return
of 6.4% and has a standard deviation of 8.4%. Because of the difference in standard deviations,
the t-value associated with the industry-adjusted strategy, 5.55, exceeds that associated with the
strategy that uses standard factors, 5.01. Similarly, with six-month formation and holding periods,

the industry-adjusted strategy outperforms the unadjusted strategy; the t-values are 4.05 (industry-



adjusted factors) and 2.05 (standard factors).

Panel B of Table 2 reports estimates from spanning tests that examine the incremental in-
formation content of the industry-adjusted and standard factor momentum strategies. In these
regressions we control for the market, size, value, profitability, and investment factors of the Fama
and French (2015) five-factor model, the stock price momentum factor of Carhart (1997), and
the other factor momentum strategy. The first regression, for example, uses one-month formation
and holding periods, and explains time-series variation in the standard factor momentum strategy
with the five-factor model augmented with the individual stock momentum factor. A statistically
significant intercept suggests that the left-hand side factor contains information not spanned by
the right-hand side factors (Huberman and Kandel 1987; Barillas and Shanken 2016). That is, if
the intercept is statistically significantly different from zero, an investor who already trades the
right-hand side factors could improve his portfolio’s Sharpe ratio by tilting it towards the left-hand
side factor.

The estimates in Panel B show that industry-adjusted factor momentum strategies subsume
unadjusted factor momentum strategies, but not vice versa. For example, although the unadjusted
strategy with one-month formation and holding periods has a six-factor model alpha of 85 basis
points per month (t-value = 3.84), its alpha falls to —3 basis points when we control for mo-
mentum in industry-adjusted factors. This intercept is statistically insignificant with a t-value of
—0.28. With six-month formation and holding periods, the estimated annualized intercept is —20
basis points with a ¢-value of —3.07. The estimates in Panels A and B suggest that momentum ex-
ists in both standard and industry-adjusted factors, but that industry-adjusted factor momentum
subsumes the momentum in unadjusted factors. Because the momentum in unadjusted factors
is spanned by that in industry-adjusted factors, every factor momentum strategy we henceforth
consider trades industry-adjusted factors.

Figure 1 reports t-values associated with average returns and five-factor and six-factor model

10



alphas of different factor momentum strategies. We construct all 36 strategies that result from
varying both the formation and holding periods from one to six months. The five-factor model
includes the market, size, value, profitability, and investment factors of Fama and French (2015).
The six-factor model adds the individual stock momentum strategy of Carhart (1997).

Panels A and B show that all factor momentum strategies generate statistically significant profits
when measured by average returns and five-factor model alphas. The differences between the two
are typically small. The annualized average return on the L = 1, H = 1 strategy, for example, is
6.4% (t-value = 5.55). This strategy’s annualized five-factor model alpha is 6.6% with a t-value of
5.62. The similarity between Panels A and B indicates that, similar to stock momentum (Fama
and French 2016b), factor momentum is largely unrelated to the market, size, value, profitability,
and investment factors.

Panel C of Figure 1 shows that stock momentum significantly correlates with factor momentum.
Although the annualized alpha associated with the L = 1, H = 1 strategy is 6.6% (¢-value = 5.53) in
the six-factor model that adds the stock momentum factor, all other alphas decrease substantially.
The strategy with the one-month formation and holding periods is unaffected because, unlike factor
momentum, stock momentum skips a month. After controlling for stock momentum, the strategy
with both six-month formation and holding periods has a statistically insignificant alpha; just 0.7%
per year with a t-value = 1.09. Moreover, even though alphas remain significant for holding periods
longer than one month, they do so because these holding periods also contain the month t41 holding
period. The L = 1, H = 3 strategy, for example, always invests 1/3 in the strategy with the one-
month formation and holding periods. After discussing industry momentum, we therefore narrow

the analysis to the factor momentum strategy with one-month formation and holding periods.
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3.2 Industry momentum

Panel A of Table 3 reports annualized average returns and standard deviations for industry
momentum strategies that use either one-month or six-month formation and holding periods. We
use the 20 Moskowitz and Grinblatt (1999) industries, with each strategy taking long and short
positions in the top and bottom three industries. An industry’s return, as in Moskowitz and
Grinblatt (1999), is the value-weighted return on the stocks that belong to it. Industry momentum
strategies then buy and sell equal-weighted portfolios of these value-weighted industries. The
strategies in Table 3 are the same as those studied in Moskowitz and Grinblatt (1999) except for
our longer sample period. Figure 2, similar to Figure 1, reports ¢-values associated with the 36
industry momentum strategies that result from varying both the formation holding periods from
one to six months.

All versions of industry momentum generate positive average returns and five-factor model
alphas. Similar to factor momentum, the strategy based on one-month formation and holding
periods stands out. Its annualized five-factor model alpha is 10.2% (t-value = 4.85). This strategy
is also the only one that retains its statistically significant alpha in the six-factor model. Controlling
for stock momentum, the highest t-value among the other 35 strategies is 1.84.

In Figure 2 we truncate negative t-values at zero. In some cases, these negative alphas are
statistically significant. The six-factor model alpha of the L = 5, H = 5 strategy, for example, is
—3.3% (t-value = —2.44). These negative estimates indicate that it would be beneficial to trade
against some forms of industry momentum in conjunction with stock momentum. This result is
therefore consistent with the difference between the standard and industry-adjusted momentum
factors in Table 1. The standard momentum factor’s five-factor model alpha has a t-value of 4.31;
that of the industry-adjusted version is 5.70. Asness, Porter, and Stevens (2000) also note that

stock momentum becomes stronger when captured by sorting by industry-relative returns.
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Factor momentum subsumes industry momentum. Panel B of Table 3 first reports estimates
from spanning regressions that explain time-series variation in industry momentum with the five-
factor model, stock price momentum, and factor momentum. The monthly alphas associated with
the one- and six-month industry momentum strategies are 0.17% (t-value = 1.15) and —0.20%
(t-value = —1.77). Their loadings against the factor momentum strategies are 0.99 and 0.38.
These two strategies are not exceptions. In Panel A of Figure 3 we report t-values associated
with seven-factor model alphas for various industry momentum strategies. This figure shows that,
except for the strategy with one-month formation and holding period, none of the other 35 industry
momentum strategies have statistically significant positive alphas when controlling for stock price
and factor momentum.

Industry momentum does not subsume factor momentum. Panel B of Table 3 shows that the
factor momentum strategy with one-month formation and holding periods has information about
returns that is incremental to that found in the industry momentum strategies. The annualized
alpha of this strategy is 3.9% (t-value = 3.85). Panel B of Figure 3 shows that, after controlling
for stock momentum, industry momentum does not alter the profitability of factor momentum
strategies. If anything, the ¢t-values from this seven-factor model—the five factors of the Fama and
French (2015) model, stock price momentum, and industry momentum—are higher than those from
the otherwise same model that does not control for industry momentum (Panel C of Figure 2).

Table 3 also examines the performance of a momentum strategy that rotates the 25 Fama
and French (1993) portfolios sorted by size and book-to-market. Panel A shows, consistent with
Lewellen’s (2002) findings, that this momentum strategy is also highly profitable. The strategy
with one-month formation and holding periods earns an average annualized return of 9.1% (t-value
= 4.75); this return is close to that earned by the industry momentum strategy. Panel B shows
that, similar to industry momentum, this strategy is also spanned by factor momentum. The

seven-factor model alpha associated with the size-and-B/M momentum strategy that uses one-
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month formation and holding periods is 6 basis points per month (¢-value = 0.49). And, similar to
industry momentum, size-and-B/M momentum does not subsume factor momentum. Controlling
for size-and-B/M momentum, the factor momentum strategy’s alpha in Panel B is 28 basis points

per month (t-value = 3.74).

3.3 Factor, industry, and stock momentum over time

Figure 4 reports cumulative log-returns for factor, industry, and stock momentum strategies
from 1963 through 2016. The factor and industry momentum strategies use one-month formation
and holding periods; the stock momentum strategy is the UMD factor, which selects stocks based
on the prior one-year returns skipping a month and holds them for a month. We orthogonalize
these strategies against the five-factor model; the returns are those that would have been obtained
by an investor making pure bets on each form of momentum. We lever or de-lever each factor so
that every factor’s volatility is the same as that of the industry momentum strategy. We adjust
leverage because the factor momentum strategy, for example, is substantially less volatile than
the industry momentum strategy; Tables 2 and 3 show that the annualized standard deviations
of the strategies that use one-month formation and holding periods are 9.3% (factor momentum)
and 14.8% (industry momentum). In Figure 4 we also report the cumulative return on the market
factor, which is also levered to match its volatility with that of the industry momentum strategy.

Between 1963 and 2016, all three momentum strategies earn significantly higher returns (net of
the five-factor model) than the market. The behaviors of the three series, however, diverge around
year 2000. From this point on until the end of the sample, the cumulative return on the industry
momentum is close to zero. The same is also true about stock momentum, but largely because
of the momentum crash during the financial crisis. Barroso and Santa-Clara (2015), Daniel and
Moskowitz (2016), and Moreira and Muir (2017) show that an investor could have anticipated this

crash by paying attention to the strategy’s increased volatility; the alpha on the volatility-managed

14



stock momentum strategy is also significantly positive in the post-2000 sample.

Factor momentum differs from stock and industry momentum in particular towards the end
of the sample. If anything, factor momentum experienced a positive crash at the time individual
stock momentum had a negative crash. Moreover, even absent this positive crash, factor momen-
tum’s returns after year 2000 are comparable to its pre-2000 returns. Although factor momentum
sometimes performs poorly—its returns in the years surrounding both 1965 and 1990, for example,

were flat or negative—its positive abnormal returns are not specific to any one part of our sample.

4 Sensitivity analysis

4.1 Alternative sets of factors

We have thus far used all 51 factors listed in Table 1 to form factor momentum strategies.
Factors could differ in their contributions to factor momentum. In individual stock returns, for
example, Avramov, Chordia, Jostova, and Philipov (2007) suggest that momentum is stronger
among stocks with low credit ratings.

Table 4 shows that our results on factor momentum are not very sensitive to the choice of the
set of factors. In this table, we construct the strategies with one-month formation and holding
periods from four sets of factors. The first set includes all factors; the second includes the 38
accounting-based factors; the third includes the 13 return-based factors; and the fourth includes
the five factors of the Fama and French (2015) model. The specification with the Fama and French
(2015) factors also includes the market factor; we do not include this factor in the other sets.’

Every factor momentum strategy in Table 4 earns statistically significant positive returns. The

one-month strategy that rotates the five factors of the Fama and French (2015) model, for example,

°In the five-factor model specification we use the standard (that is, the non-industry-adjusted) factors downloaded
from Ken French’s website for the ease of replicability. The results are quantitatively and qualitatively similar if we
use industry-adjusted versions of the size, value, profitability, and investment factors.
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earns an average monthly return of 67 basis points with a t-value of 3.30. This strategy measures
the relative performance of the market, size, value, profitability, and investment strategies over the
prior month and takes long and short positions in the best and worst performing factors. The
strategy that rotates accounting-based factors performs better than the one based on the return-
based factors. Although the average return on the latter (69 basis points) exceeds that of the first
(38 basis points), the strategy that trades accounting-based factors is less volatile; the t-values
of the two strategies are 5.71 (accounting-based factors) and 4.38 (return-based factors). The
performance of the strategy that rotates all 51 factors is comparable to the strategy that uses only
accounting-based factors.

Factor momentum strategies could earn positive returns through the mean-returns mechanism
posited by Conrad and Kaul (1998). Conrad and Kaul (1998) note that if there are differences in
mean returns, a strategy that buys high-return assets using the proceeds from selling low-return
assets has a natural tilt towards high-mean assets. To see the concern, suppose we have a strategy
that takes positions in just two factors. If the mean return of the first factor far exceeds that of the
second factor, the momentum strategy will typically be long the first factor and short the second.
The resulting strategy’s average return will be positive, but only because of the strategy’s static tilt
towards the high-mean factor. This mechanism could explain the profits of the factor momentum
strategies if the realized one- or six-month returns are sufficiently informative about differences in
mean returns.

The specification with the five Fama and French (2015) factors shows that none of the returns
on this strategy are due to static factor exposures. Panel B of Table 4 shows the five-factor model
alphas associated with this strategy. This model, by construction, perfectly removes all static
factor exposures against the five factors that are being traded. The factor loadings indicate that
this momentum strategy has negative exposures against the market and profitability factors; none

of the exposures is statistically significantly positive. This strategy’s monthly five-factor model
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alpha of 89 basis points (t-value = 4.37) therefore exceeds its average return of 67 basis points
(t-value = 3.30).5

In Figure 5 we test the sensitivity of our results to the choice of the set of factors. In this
analysis we form random sets of factors, construct factor momentum strategies using one-month
formation and holding periods, and record the resulting t-values. We consider sets that range from
the full set of 51 factors down to just two factors. When the strategy uses two factors, it compares
the two factors’ performance over the prior month and takes a long position in the one with the
higher return and a short position in the other. For each set size, we draw 10,000 random sets of
factors. The solid line in Figure 5 is the average t-value from these simulations; the dashed lines
indicate the 95% bootstrapped confidence interval. The “kinks” in these lines emerge from the
changes in the number of factors on the long and short sides of the strategy. As the size of the set
changes, we let the number of factors change according to equation (1).

Figure 5 shows that the average t-value—which is proportional to the average Sharpe ratio—of
the factor momentum strategy remains almost unchanged even when the number of factors falls
by half from 51 to 25. Moreover, even with just a few factors, the factor momentum strategy is
typically profitable. The results on the Fama and French (2015) model in Table 4 are thus not
an aberration; with a random set of five factors, the average t-value is 3.92 in Figure 5, and the
bootstrapped 95% confidence interval runs from 2.13 to 5.87. Factor momentum is thus a pervasive

property of most factors; that is, almost any random collection of factors exhibits momentum.

4.2 Which factors contribute to factor momentum?

Figure 5 suggests that factors may differ in their contributions to the profits of factor mo-

mentum strategies. The bootstrapped 95% confidence intervals indicate that some of the random

Lee and Swaminathan (2000) and Jegadeesh and Titman (2001) evaluate the Conrad and Kaul (1998) hypothesis
and conclude that it does not drive the profits of stock momentum strategies. Their conclusion is based on the fact
that stock momentum strategies begin experiencing negative returns one-year after portfolio formation.
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combinations of factors yield higher profits than the full set of factors. Indeed, Table 4 shows that
a strategy that rotates the set of 38 accounting-based factors has a higher ¢-value (and, therefore,
Sharpe ratio) than the full set of 51 factors.

Among the randomly drawn sets of factors in Figure 5, the ez-post best factor momentum
strategy rotates among just six factors: firm age, short-term reversals, return on assets, Altman’s
Z-score, sales-to-price, and asset growth. Whereas the average return on the strategy that trades
all 51 factors has a t-value of 5.55 (see Table 4), a strategy that trades these six factors has a t-value
of 8.47. It would be tempting to search for the combination of 2 to 51 of factors that produces
the highest in-sample t-value; this problem is a nonlinear Knapsack problem. Doing so, however,
would introduce the same issue that emerges when using a large number of assets to construct the
ez-post mean-variance efficient portfolio. This portfolio’s Sharpe ratio increases with every new
asset as long as the new asset’s in-sample returns are not perfectly spanned by the existing assets.
We therefore instead measure and test in this section how much each factor contributes to the
profits of factor momentum strategies, and then study the out-of-sample performance of various
factor momentum strategies formed from these scores.

In Table 5 we report estimates of how much each factor contributes to the profits of factor
momentum strategies. We follow a three-step bootstrapping procedure to compute a momentum

score for each factor:

1. We draw a random set of ten factors, construct a factor momentum strategy with one-month

formation and holding periods, and compute this average return.

2. We drop each of the ten factors at a time, construct a factor momentum from the remaining
nine factors, and compute the reduction in the average return relative to the original set of

ten factors in step (1).

3. We repeat these computations for 25,000 random sets of ten factors. A factor’s momentum
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score is the t-value associated with the average reduction in the average return. We multiply
these t-values by —1 so that a high value indicates that the factor contributes more towards

the factor momentum strategy’s returns.

These momentum scores measure how much each factor adds to the factor momentum strategy’s
returns. The economic intuition is that if a factor momentum strategy’s average return typically
falls considerable when we remove one of the factors, then this factor is an important contributor
to the strategy’s profits.

We draw random sets of ten factors to ensure that the results are not sensitive to redundancies
among factors. To illustrate the issue that might otherwise arise, consider the possibility that
“profitability” is responsible for an outsized proportion of the factor momentum profits. However,
because the initial list of 51 factors includes multiple measures of profitability—return on equity,
operating profitability, gross profitability, and so forth—it would be difficult to observe profitabil-
ity’s importance in the data if we started from the full set of factors. If we remove one profitability
factor, the other profitability factors might fill the void left by the dropped factor. The smaller the
initial set of factors, the less often a factor is redundant by this mechanism.

Panel A of Table 5 lists the 51 factors by their momentum scores. The distribution of these
scores is asymmetric. While nine factors have scores that are statistically significant at the 10%
level, none of the factors have negative scores that are statistically significant at this level. That
is, some factors contribute more towards momentum profits than others, but no factor hurts the
performance of factor momentum strategies.

The factors that contribute the most towards momentum profits are not the ones with the
highest average returns. The factor with the highest score, for example, is firm age (¢-value =
4.57) of Barry and Brown (1984). According to Table 1, this factor’s five-factor model alpha is 2
basis points per month (¢-value = 0.58). The factor with the lowest score (t-value = —1.57)—the

high-volume return premium factor of Gervais, Kaniel, and Milgelgrin (2001)—by contrast, has a
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five-factor model alpha of (t-value = 7.26).

The economics of the factors at the top of the list are different from those at the bottom of the
list. The three factors that relate to distress—the distress risk of Campbell, Hilscher, and Szilagyi
(2008), O-score of Ohlson (1980), and the Z-score of Altman (1968)—all appear in the top half of
the list; leverage, which has a score of 2.27, also plausibly relates to distress. Several factors that
score high on their contributions to the factor momentum profits relate to illiquidity and volatility;
factors such as short-term reversals, idiosyncratic volatility, market beta, maximum return, and
Amihud’s illiquidity appear on the top half of the list.”

Panel B of Table 5 divides the 51 factors listed in Table 1 into five groups, and reports the
monthly average returns and five-factor model plus UMD alphas for the resulting factor momen-
tum strategies. The first set consists of those 10 factors that contribute the least towards factor
momentum profits according to Panel A’s scores; the fifth set uses the 10 factors with the highest
scores. The differences in average returns and t-values are sizable. In the bottom quintile the
factor momentum strategy’s average return is 9 basis points (t-value = 2.24); in the top quintile,
it is 87 basis points (t-value = 6.76). The performance of the factor momentum strategy that uses
the 10 factors with the highest scores thus exceeds any of the subsets considered in Table 4. The
differences in average returns and alphas between the top and the bottom quintiles are statistically
significant with t-values of 6.92 and 6.38.

Factor momentum in the top quintile completely spans factor momentum in the other quintiles.

We estimate spanning regressions

FMOM! = a+ by MKTRF + b,SMB + bsHML + byRMW + bsCMA + bgUMD + by FMOM? + ¢, (2)

"Nagel (2012) shows that short-term reversals relate to liquidity; the returns on this strategy as substantially
higher during periods of market turmoil, such as the 2007-2009 financial crisis. Asness, Frazzini, Gormsen, and
Pedersen (2017) examine and discuss the relationships between market beta, idiosyncratic volatility, and maximum
daily returns.
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for quintiles ¢ = 1,2,3, and 4 to measure the amount of incremental information that the factor
momentum strategy in these quintiles has about future returns; here, FMOMY is the month ¢ return
of the momentum strategy that trades the factors that belong to quintile ¢. The untabulated
estimates indicate that the top-quintile strategy fully spans the other strategies; t-values associated
with the alphas range from —1.52 to 0.17. That is, all of factor momentum strategy’s profits
between 1963 through 2016 could have been captured by rotating among the ten factors listed at

the top of Panel A of Table 5.

4.3 Out-of-sample test

Table 5 indicates that factors differ in their contributions to factor momentum profits, and that
these differences are economically and statistically significant. A limitation of this analysis is that
it is done in-sample. We use the period from 1963 through 2016 to score factors and then measure
the performance of various factor momentum strategies using the same sample. Because the scores
are based on how the performance of the factor momentum strategy deteriorates, the test is biased
towards finding differences in performance. That is, even if some factors contributed more towards
factor momentum profits than others just by chance, Table 5 would pick up the effects of such
chance occurrences.

We verify that our results are not due to chance occurrences using an out-of-sample procedure
in the spirit of Fama and French (2016a) and Jegadeesh et al. (2017). We first divide the sample
into odd (¢t = 1,3,...) and even (¢ = 2,4,...) months. We then use the same procedure as that
described above to compute momentum scores for all factors using odd-month returns. We again
assign factors into quintiles based on these scores but then measure these strategies’ performance in
even months. That is, the returns used to measure performance do not overlap with those used to
score the factors. Finally, we switch the odd and even months to measure out-of-sample odd-month

performance of factor momentum strategies. We combine the two out-of-sample return series to
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obtain out-of-sample returns that cover the entire sample period.

The out-of-sample columns in Panel B of Table 5 shows that the factors with the highest
momentum scores generate substantially higher factor momentum profits out of sample. A strategy
that uses the bottom quintile of factors earns an average monthly return of 22 basis points; the
top-quintile strategy’s average monthly return is 66 basis points, and the difference between the
top and bottom quintile is significant with a t-value of 3.44 (average return) or 3.14 (five-factor

model plus UMD alpha).

4.4 Implementation delay and small versus big factors

Factor momentum, similar to industry and size-and-B/M momentum, is at its strongest when
both the formation and holding periods are one month. This strategy is constructed by sorting
factors into portfolios at the end of the last trading day of month ¢, and holding the positions in the
underlying stocks from this close to the end of month ¢+ 1. In Table 6 we measure how sensitive the
results are to the assumption that investors would have to trade the factors at the closing prices.

The first column is the baseline strategy that takes positions in the underlying stocks at the
close of the last trading day of month ¢ and holds these positions until the end of month ¢ 4+ 1.8 In
the second column of Table 4 we skip one trading day between the formation and holding periods.
The return here is therefore computed from the end of the first trading day in month ¢ + 1 to the
end of the month. In the next two columns, we skip either two or three trading days after the
formation period before starting to compute holding period returns.

Average returns and alphas decrease as we widen the wedge between the formation and hold-
ing periods. For example, when we start to measure returns after a three-trading-day delay, the

momentum strategy’s average return is 37 basis points (t-value = 4.16) instead of 53 basis points

8The estimates reported here are slightly different from those reported in the first column of Table 4 even though
the two strategies are the same. The difference is due to the small differences between daily and monthly returns
reported on CRSP. In Table 4 we use returns from the monthly CRSP files; in Table 6 we cumulate daily returns
from the daily CRSP files.
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(t-value = 5.53). Nevertheless, this decrease in profits is economically small; to see why, it is impor-
tant to note that the length of the holding period decreases as we skip days. Whereas the length of
the average holding period in the first column is 21 trading days—the average number of trading
days in a month—the length of the holding period when skipping three days is 18 trading days.
Therefore, even if the return on the factor momentum strategy is the same for each trading day of
the month, we would expect the strategy’s average monthly return to fall from 53 basis points to
% x 53 = 45 basis points. The estimates in Table 6 suggest that the profitability of the factor mo-
mentum strategy does not crucially depend on an investor’s ability to trade the underlying stocks
at the month ¢ closing prices.

The two rightmost columns in Table 6 measure the profitability of factor momentum strategies
constructed separately from small and big stocks. The standard HML factor of Fama and French
(1993), for example, is constructed by first dividing stocks into small and big stocks by the NYSE
median, and then assigning stocks independently into three bins—value, neutral, and growth—by
the 30th and 70th NYSE breakpoints for book-to-market. Month-¢ return on the HML factor is

then defined as
1 small value big value 1 small growth big growth
HML; = 2 (r] +rt) =5 () + 7y ) (3)

We follow Fama and French (2016a) and break each factor into two parts, the small and big factors.

The small and big HML factors, for example, are defined as

small _ small value small growth
HML; = 1y -1y ,

big _ big value _  big growth
HMLY®s = o} rl .

Table 6 shows that factor momentum is stronger in, but not specific to, small stocks. The average
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return on the “small” factor momentum strategy is 63 basis points (¢-value = 5.39); that on the
“big” strategy is 33 basis points (¢-value = 4.08). The difference in average returns exceeds that in

t-values because the “small” factor momentum strategy is more volatile than the “big” strategy.

5 Short-term reversals and individual stock, industry, and factor

momentum

Industry and factor momentum relate to short-term reversals. Jegadeesh (1990) shows that
monthly stock returns negatively predict the cross section of stock returns at the one-month horizon.
Both industries and factors, by contrast, positively predict returns at this horizon. Because short-
term reversals and these momentum effects operate in opposite directions, they must strengthen
each other. Da, Liu, and Schaumburg (2013) and Novy-Marx and Velikov (2016), for example, note
that, as a consequence of industry momentum, short-term reversals are an industry-relative effect.
A stock’s return relative to its industry is a significantly more powerful predictor of future returns
than its raw return. This finding is also apparent in Table 1. Whereas the standard short-term
reversals factor has a five-factor model alpha of 37 basis points per month (¢-value = 3.02), the
alpha of the industry-adjusted version is 74 basis points per month (¢-value = 9.24).

In Panel A of Table 7 we examine the connection between short-term reversals and industry and
factor momentum. We estimate spanning regressions in which the dependent variable is the monthly
return on the short-term reversals factor and the independent variables are the market, size, value,
profitability, and investment factors of the Fama and French (2015) model, the stock momentum
factor of Carhart (1997), and the monthly returns on the industry and factor momentum strategies.

The left-hand side variable is the standard—that is, the unadjusted—short-term reversals factor.’

9We use the factor provided by Ken French at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
data_library.html in this analysis. The five-factor model alpha reported in Table 7 has a t-value of 3.07 instead of
3.02 as in Table 1 because of the difference in the source.
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The industry and factor momentum strategies are the strategies with one-month formation and
holding periods reported in Tables 2 (see row “industry-adjusted”) and 3 (see row “industry”).

The spanning regressions in Table 7 measure the extent to which the information content of
monthly stock returns changes when the short-term reversals factor is rotated to be neutral with
respect to industry and factor momentum. The five-factor model alpha, for example, represents
the return obtained by an investor who is long the short-term reversals factor but who, at the same
time, takes such positions in the market, size, value, profitability, and investment factors so that
the net exposures against these factors are zero. In the third regression that also controls for stock
momentum (UMD) and industry momentum, the investor trades these factors as well to set their
net exposures to zero. The alpha in this regression is 85 basis points per month with a t-value of
9.49.

The two rightmost regressions show that short-term reversals grow significantly stronger in both
economic and statistical significance when this effect’s net exposure against factor momentum is
set to zero. In the spanning regression with just factor momentum, the intercept is one percent
per month with a t-value of 12.05; in the regression that controls for both industry and factor
momentum, the intercept is 1.05% per month with a ¢-value of 14.39.

Panel B of Table 7 shows that factor momentum also relates to individual stock momentum
but, again, in the opposite direction. Whereas UMD'’s five-factor model alpha is 72 basis points
per month with a ¢-value of 4.31, this alpha almost doubles to 136 basis points (¢-value = 8.08)
when we add both short-term reversals and factor momentum to the five-factor model regression.
Industry momentum, by contrast, is unrelated to individual stock momentum. Its slope is less than
a standard error away from zero in Table 7’s regressions.

The economic magnitude of these effects is large. Consider, for example, the stock momentum
(UMD) factor. This factor’s five-factor model alpha is 72 basis points per month, and the monthly

standard deviation of the five-factor model residuals is 4%. UMD’s annualized information ratio
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from the five-factor model is therefore v/12 x % = 0.62.19 The estimates for short-term reversals
in the last column of Panel A of Table 7, by contrast, translate to an information ratio of 2.13.
That is, an industry- and factor-momentum neutral bet on short-term reversals with a standard
deviation of 10% would have delivered a before-transaction-cost return of 21.3%. Similarly, the
information ratio associated with individual stock momentum increases from 0.62 to 1.27 when the
strategy is neutral with respect to short-term reversals and factor momentum.

The estimates in Panel A of Table 7 indicate factor momentum significantly enhances the
economic significance of short-term reversals. It is not really only a stock’s return relative to its
industry that predicts returns; it is the stock’s return net of any factor exposures. Similarly, the
mechanism that drives momentum in individual stock returns must be different from the one that
generates factor momentum. If the two effects emanate from the same source, individual stock
return momentum should attenuate when we control for factor momentum. Panel B of Table 7, by

contrast, shows that the momentum effect grows even stronger.

6 Conclusions

Jegadeesh and Titman (1993) show that prior one-year returns predict the cross section of stock
returns.'! Subsequent research has shown that momentum is also present in other asset classes,
and has been over long periods of time (Asness, Moskowitz, and Pedersen 2013). Moskowitz and
Grinblatt (1999) show that well-diversified industry portfolios exhibit momentum as well. This
momentum, unlike that found in stock returns, is particularly strong at the one-month horizon.

In this paper we show that factors exhibit momentum in a similar way to that found in industry

10 Information ratio is the ratio of the alpha from an asset pricing model to the standard deviation of the residuals.
The information ratio is the same as the Sharpe ratio except that it uses returns and standard deviations in excess
of a factor model, such as the five-factor model here.

' Jegadeesh and Titman (1993) note that their motivation for studying the profitability of momentum strategies
was the widespread use of such strategies, then known as relative-strength strategies, in the 1970s and 1980s in the
money management industry. See, for example, Arnott (1979) for an early discussion.
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portfolios. This form of momentum is stronger than industry momentum and factor momentum
fully subsumes industry momentum. By working with industry-adjusted factors, we show that
factor momentum is the cause of industry momentum and not vice versa. Factor momentum
remains strong even when controlling, all at the same time, for stock price momentum, industry
momentum, and the five factors of the Fama and French (2015) model. Factor momentum also
subsumes momentum found in the cross section of portfolios sorted by size and book-to-market
(Lewellen 2002), but not vice versa.

Almost any set of factors display economically and statistically significant amounts of factor
momentum. A strategy that rotates just the five factors of the Fama and French (2015) model
based on prior one-month returns, for example, has an annualized five-factor model alpha of 10.7%
(t-value = 4.37). In fact, we show that if we choose just two factors at random, a strategy that is
long the one that earns the higher return in the prior month and short the other typically earns an
average return that is statistically significantly different from zero. Factor momentum is therefore a
near-universal property of factors. At the same time, some factors contribute more towards factor
momentum profits than others. Factors related to distress, illiquidity, and volatility matter the
most. No factor significantly lowers the profitability of factor momentum strategies.

Factor momentum does not drive short-term reversals or momentum in individual stock returns.
Factor momentum, in fact, significantly strengthens both of these effects. The t-value associated
with short-term reversals increases from 4.19 to 14.39 when we, in effect, measure a stock’s return
relative to its industry and factor exposures. The t-value associated with individual stock momen-
tum increases 4.31 to 8.08 when we measure stock returns net of short-term reversals and factor
momentum. That is, besides industry and size-and-B/M momentum, factor momentum does not
resolve other puzzles in the cross section of stock returns. It deepens them.

Our results can yield new insights about the sources of momentum profits in well-diversified

portfolios. The finding that industry momentum stems from factor momentum, for example, rules
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out some explanations for industry momentum. Industry momentum cannot, for example, be due to
underreaction to industry-specific news—our industry-adjusted factors do not make industry bets.
If factor momentum is due to underreaction to information, this information must thus reside at the
factor level. If factors relate to macroeconomic risks, such as those in Chen, Roll, and Ross (1986),
then the market must be underreacting to macroeconomic news. Stambaugh and Yuan (2016), on
the other hand, suggest that many factors may relate to mispricing. If so, factor momentum may

arise from cross-sectional persistence in flows that induce mispricing.
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Panel A: Average returns Panel B: FF5 alphas

t-value
t-value

6 1 Holding period 6 1 Holding period

Panel C: FF5+UMD alphas

t-value

6 1 Holding period

Figure 1: Average returns and five- and six-factor model alphas of factor momentum
strategies. This figure reports t-values associated with average returns and five- and six-factor
model alphas of 36 factor momentum strategies. The factor momentum strategy ranks 51 factors
of Table 1 based on their past returns and takes long and short positions in the top and bottom
eight factors. We form all strategies that result from combining formation and holding periods
ranging from one month to six months. We use the Jegadeesh and Titman (1993) approach to
restructure the data to avoid the use of overlapping returns. The five-factor model is the model
of Fama and French (2015) with the market, size, value, profitability, and investment factors. The
six-factor model adds the momentum factor (UMD) of Carhart (1997). The transparent plane
identifies t-values that are greater than 1.96.
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Panel A: Average returns Panel B: FF5 alphas

t-value
t-value

6 1 2 Holding period

6 1 2 Holding period

Panel C: FF5+UMD alphas

t-value

Figure 2: Average returns and five- and six-factor model alphas of industry momentum
strategies. This figure reports t-values associated with average returns and five- and six-factor
model alphas of 36 industry momentum strategies. The industry momentum strategy ranks the 20
Moskowitz and Grinblatt (1999) industries based on their past returns and takes long and short
positions in the top and bottom three industries. Industry returns are value-weighted returns on
the stocks that belong to the industry. We form all strategies that result from combining formation
and holding periods ranging from one month to six months. We use the Jegadeesh and Titman
(1993) approach to restructure the data to avoid the use of overlapping returns. The five-factor
model is the model of Fama and French (2015) with the market, size, value, profitability, and
investment factors. The six-factor model adds the momentum factor (UMD) of Carhart (1997).
The transparent plane identifies t-values that are greater than 1.96. Negative ¢t-values are truncated

at zero.

34



Panel A: Industry momentum Panel B: Factor momentum

t-value

Figure 3: Industry and factor momentum when controlling for other forms of momen-
tum. This figure reports t-values associated with alphas of 36 industry momentum (Panel A)
and 36 factor momentum (Panel B) strategies. The industry momentum strategies trade the 20
Moskowitz and Grinblatt (1999) industries; the factor momentum strategies trade the 51 factors
listed in Table 1. We construct all 36 strategies that result from varying both the formation and
holding periods from one month to six months. The asset pricing model in Panel A includes seven
factors: the market, size, value, profitability, and investment factors of Fama and French (2015),
the stock momentum factor of Carhart (1997), and the factor momentum strategy with the same
formation and holding period as the left-hand side industry momentum strategy. The model in
Panel B is the same except with the matching industry momentum strategy on the right-hand side.
The transparent plane identifies t-values that are greater than 1.96. Negative t-values are truncated
at zero.
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Figure 4: Performance of factor, industry, and stock momentum strategies, 1963—2016.
This figure plots cumulative log-returns on the market and the factor, industry, and stock mo-
mentum strategies. The factor momentum strategy uses the 51 factors of Table 1 with one-month
formation and holding periods. The industry momentum strategy uses the 20 value-weighted indus-
try portfolios Moskowitz and Grinblatt (1999). The stock momentum strategy is the UMD factor
of Carhart (1997) from Ken French’s website. We orthogonalize each strategy with respect to the
Fama and French (2015) five-factor model, and lever each strategy up or down so that its volatility
matches that of the industry momentum strategy. We also de-lever the market minus risk-free rate
strategy to match its volatility with those of the other strategies.
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Figure 5: Performance of factor momentum strategies constructed from random sets of
factors. This figure plots t-values associated with factor momentum strategies constructed from
random sets of factors of varying size. The leftmost point uses all 51 factors listed in Table 1.
Every other point on the x-axis corresponds to a smaller set of factors. We decrease the size
of the set down to two factors. For each set size, we randomly select the factors, construct a
factor momentum strategy with one-month formation and holding periods, and compute the ¢-
value associated with the factor. The number of factors in the long and short legs of the strategy is
max {round(% x N), 1} factors, where IV is the number of factors in the set. We plot the average
t-values and the bootstrapped 95% confidence interval. We compute the 95% confidence interval
by randomizing the set of factors 10,000 times. The horizontal dashed line indicates significance at
the 5% level.
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Table 2: Factor momentum strategies: Standard and industry-adjusted factors

Panel A reports annualized average returns, standard deviations, and t-values of factor momentum
strategies. Factor momentum strategies take long and short positions in the top and bottom eight
factors out of a total of 51 factors listed in Table 1. The strategies are constructed using either
one-month formation and holding periods or six-month formation and holding periods. When
the holding period is six months, we use the Jegadeesh and Titman (1993) methodology to avoid
overlapping observations. Standard factors sort stocks into portfolios based on unadjusted return
predictors; industry-adjusted factors sort stocks into portfolios based on industry-demeaned return
predictors and, additionally, hedge remaining industry exposures by taking an offsetting position
in each stock’s value-weighted industry. Panel B reports estimates from spanning tests in which
the dependent variable is the monthly percent return on either the unadjusted or industry-adjusted
factor momentum strategy. The right-hand side variables are the returns on the five factors of the
Fama and French (2015) model, the momentum factor (UMD) of Carhart (1997), and the factor
momentum strategies constructed from the standard and industry-adjusted factors.

Panel A: Annualized percent returns and standard deviations
Annualized return

Formation Holding Standard
Factors period period Mean deviation t-value
Standard 1 1 10.49 15.28 5.01
6 6 4.13 11.98 2.50
Industry- 1 1 6.41 8.43 5.55
adjusted 6 6 3.69 6.60 4.05
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Panel B: Spanning regressions

Dependent variable: Factor momentum

Standard Industry-adjusted
factors factors
L=1,H=1 L=6,H=6 L=1H=1 L=6,H=6
Regressor R R © R ¢ R N (O N R )
Intercept 0.85 —-0.03 -0.13 -0.20 0.55 0.14 0.06 0.11
(4.68) (—0.37) (—1.48) (—3.34) (5.53) (2.92) (1.09) (3.19)
MKTRF —0.12 0.01 —0.03 —0.01 —0.08 —0.03 —0.02 —0.01
(—2.71) (0.68) (—1.37) (—0.42) (—3.46) (—2.24) (—1.48) (—0.70)
SMB —0.07 —0.02 0.16 0.12 —0.03 0.00 0.03 —0.04
(—=1.15) (—0.80) (5.16) (5.93) (—0.87) (0.29) (1.51) (—3.25)
HML —0.11 0.04 0.14 0.11 —0.09 —0.04 0.02 —0.04
(—1.31) (0.86) (3.16) (3.67) (—1.95) (-—1.69) (0.90) (—2.06)
RMW —0.14 —-0.11 —-0.16 —0.09 —0.02 0.05 —0.06 0.01
(—1.64) (—2.60) (—3.77) (—=3.03) (—0.46) (2.06) (—2.32) (0.64)
CMA 0.38 0.02 0.07 —0.08 0.23 0.04 0.12 0.09
(3.01)  (0.25)  (1.13) (=1.91)  (3.29)  (1.34)  (3.34)  (3.68)
UMD 0.10 0.09 0.64 0.22 0.00 —0.05 0.34 0.06
(2.25)  (4.69) (30.75) (10.50)  (0.02) (—4.10) (27.48)  (4.59)
Momentum in 0.49 0.43
standard factors (46.32) (26.82)
Momentum in 1.59 1.25
ind.-adj. factors (46.32) (26.82)
N 641 641 631 631 641 641 631 631
Adjusted R? 5.4% 78.4% 62.7% 82.7% 5.2% 78.4% 57.8% 80.4%
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Table 3: Industry and size-B/M momentum strategies

Panel A reports annualized average returns, standard deviations, and ¢t-values for momentum strate-
gies for industries and 25 portfolios sorted by size and book-to-market. These strategies take long
and short positions in the top and bottom three industries using the 20 Moskowitz and Grinblatt
(1999) industries or in the top and bottom three 25 Fama and French (1993) portfolios. The strate-
gies are constructed using either one-month formation and holding periods or six-month formation
and holding periods. When the holding period is six months, we use the Jegadeesh and Titman
(1993) methodology to avoid overlapping observations. Panel B reports estimates from spanning
tests in which the dependent variable is the monthly percent return on the industry momentum
strategy, the size-B/M momentum strategy, or the factor momentum strategy from Table 2. The
right-hand side variables are the returns on the five factors of the Fama and French (2015) model,
the momentum factor (UMD) of Carhart (1997), and the industry, size-B/M, or factor momentum
strategy.

Panel A: Annualized percent returns and standard deviations
Annualized return

Formation Holding Standard
Portfolios period period Mean deviation t-value
Industry 1 1 9.61 14.75 4.76
6 6 3.78 14.21 1.92
25 size and 1 1 9.09 13.99 4.75
book-to-market 6 6 4.10 12.99 2.29
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Panel B: Spanning regressions

Industry size-and-B/M Factor
momentum momentum momentum
L=1 L=6 L=1 L=6 L=1 L=6 L=1 L=
Regressor H=1 H=6 H=1 H=6 H= H=6 H=1 H-=
Intercept 0.17  —-0.20 0.06 —0.12 0.32 0.07 0.28 0.07
(1.15) (=1.77)  (0.49) (—1.09)  (3.85)  (1.38)  (3.74)  (1.47)
MKTRF 0.01 0.03 —0.03 —0.03 —0.06 —0.02 —0.03 —0.01
(0.37)  (1.11) (=1.01) (=1.23) (=3.06) (—1.65) (—1.89) (—0.73)
SMB —0.06 0.02 0.10 0.18 0.00 0.03 —0.06 —0.02
(—1.17)  (0.47)  (2.30)  (5.00) (—0.06) (1.41) (—2.18) (—0.98)
HML 0.19 0.09 0.03 0.04 —-0.13 0.01 —0.06 0.01
(2.73) (1.75) (0.52) (0.88) (—3.15) (0.58) (—1.80) (0.39)
RMW —0.09 —0.23 —0.13 —0.25 0.02 —0.04 0.04 0.01
(—1.36) (—4.27) (=2.18) (=5.03)  (0.39) (—1.51)  (1.11)  (0.31)
CMA —0.21 —0.03 0.10 0.11 0.22 0.12 0.09 0.07
(—2.03) (—0.38)  (1.13)  (1.44) (3.87) (3.35)  (1.68)  (2.26)
UMD 0.18 0.62 0.14 0.18 —0.06 0.28 —0.06 0.23
(5.41) (16.02)  (5.03)  (4.82) (—2.99) (15.17) (—3.30) (16.61)
Industry 0.32 0.08
momentum (17.14) (4.41)
Size and BE/ME 0.41 0.21
momentum (22.48) (13.17)
Factor 0.99 0.38 1.09 1.06
momentum (17.14) (4.41) (22.48) (13.17)
N 641 631 641 631 641 631 641 631
Adjusted R? 34.4% 58.5% 48.5% 56.0% 35.1% 59.0% 47.2% 66.9%
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Table 4: Factor momentum strategies: Alternative sets of factors

This table reports average returns, alphas, and factors loadings of factor momentum strategies that
use alternative sets of factors. “All” includes all 51 factors listed in Table 1; “Accounting-based”
includes the 38 factors that use either income- or balance-sheet information, and that are rebalanced
annually; “Return-based” includes the 13 factors that use return, volume, or price information, and
that are rebalanced monthly; and the “Fama-French five-factor model” includes the five factors of
the Fama and French (2015) model. The last of these sets includes the market factor, and the
factors are those provided by Ken French at http://mba.tuck.dartmouth.edu/pages/faculty/
ken.french/data_library.html; the others specifications do not include the market factor and
the factors are the industry-adjusted versions listed in Table 1. Each factor momentum strategy
takes long and short positions in the top and bottom max {round(% X N), 1} factors, where IV is
the number of factors in the set. The strategies use alternatively one- or six-month formation and
holding periods. When the holding period is six months, we use the Jegadeesh and Titman (1993)
methodology to avoid overlapping observations.

Fama-French
five-factor model

Accounting- Return-
Regressor All based based

Average monthly returns

7 0.53 0.38 0.69 0.67
(5.55) (5.71) (4.38) (3.30)
Monthly five-factor model + UMD alphas

Intercept 0.55 0.37 0.66 0.89
(5.53) (5.31) (4.11) (4.37)

MKTRF —0.08 —0.06 —0.09 —0.36
(—3.46) (—3.82) (—2.24) (=7.17)

SMB —0.03 0.03 —0.18 —0.03
(—0.87) (1.07) (—3.19) (—0.48)

HML —0.09 —0.04 —0.17 —-0.07
(—1.95) (—1.06) (—2.16) (—0.72)

RMW —0.02 —0.04 0.12 —0.29
(—0.46) (—1.26) (1.60) (—3.04)

CMA 0.23 0.14 0.44 0.19
(3.29) (2.96) (3.94) (1.31)

UMD 0.00 0.03 0.01 0.01
(0.02) (1.99) (0.39) (0.17)

N 641 641 641 641
Adjusted R? 5.2% 6.3% 8.4% 10.3%
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Table 5: Factor momentum strategies: A sensitivity analysis

Panel A lists the 51 factors sorted by momentum score. We compute each factor’s momentum score
using a three-step bootstrapping procedure. First, we draw a random set of ten factors, construct
a factor momentum strategy with one-month formation and holding periods, and compute this
strategy’s average return. Second, we drop each factor at a time, construct a factor momentum
strategy from the remaining nine factors, and compute the reduction in the strategy’s average return
relative to that of the original strategy with ten factors. Third, we repeat these computations for
10,000 random sets of ten factors each. A factor’s momentum score is the bootstrapped t-value
associated with the average reduction in the average return that results from dropping each factor.
We multiply these t-values by —1; a high value indicates that the factor contributes more towards
factor momentum profits. Panel B reports average monthly returns and five-factor model plus
UMD alphas for five factor momentum strategies. In the in-sample analysis we assign the 51
factors into quintiles based on Panel A’s momentum scores and construct the momentum strategy
within each quintile. Each strategy is long the top two factors and short the bottom two factors.
In the out-of-sample analysis we first compute momentum scores using data on even months and
then measure the out-of-sample (that is, odd-month) performance of the five strategies formed by
the momentum scores. We then repeat this computation by computing the scores using odd-month
data and measure the strategies’ even-month performance. We merge the out-of-sample even- and
odd-month returns.
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Panel A: Momentum scores

Factor Factor

rank Factor t-value rank Factor Score
1 Firm age 4.57 27 Investment to assets 0.75
2 Short-term reversals 3.60 28 Profit margin 0.70
3 Nominal price 3.51 29 Enterprise multiple 0.68
4 Intermediate momentum 3.03 30 Earnings to price 0.64
5 Idiosyncratic volatility 2.69 31 Debt issuance 0.47
6 Leverage 227 32 Abnormal investment 0.45
7 Sales to price 2.02 33 Growth in inventory 0.42
8 Book-to-market 1.95 34 Gross profitability 0.39
9 Distress risk 1.76 35 Operating profitability 0.38
10 Altman’s Z-score 1.64 36 Cash-based profitability 0.33
11 Return on assets 1.49 37 Investment growth rate 0.29
12 Asset growth 1.40 38 Total external financing 0.28
13 Momentum 1.33 39 Net operating assets 0.12
14 Maximum daily return 1.22 40 M/B and accruals 0.09
15 QMJ Profitability 1.18 41 Piotroski’s F-score 0.02
16 Ohlson’s O-score 1.18 42 Five-year share issuance —0.02
17 Investment-to-capital 1.06 43 Sustainable growth —0.04
18 Market beta 1.04 44 Sales growth —0.11
19 Amihud’s illiquidity 1.03 45 Net working capital changes —0.25
20 Cashflow to price 1.02 46 Accruals —0.63
21 Long-term reversals 0.95 47 Change in asset turnover —0.69
22 Size 0.95 48 Industry-adjusted CAPX growth —0.87
23 Heston-Sadka seasonality 0.91 49 One-year share issuance —0.87
24 52-week high 0.88 50 Sales-inventory growth —-0.91
25 Return on equity 0.81 51 High-volume return premium —1.35
26 Industry concentration 0.79
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Panel B: Factor momentum strategies formed from factors sorted by momentum score

Momentum Full sample Out-of-sample
score Average FF5+UMD Average FF5+UMD
quintile return alpha return alpha
1 0.09 0.10 0.22 0.22
(2.24) (2.28) (4.72) (4.63)
2 0.24 0.22 0.35 0.44
(4.25) (3.77) (4.13) (4.94)
3 0.37 0.49 0.43 0.42
(3.68) (4.70) (5.25) (4.91)
4 0.49 0.47 0.39 0.39
(4.37) (4.00) (4.15) (3.94)
5 0.87 0.83 0.66 0.64
(6.76) (6.29) (4.55) (4.29)
5—-1 0.77 0.73 0.44 0.41
(6.92) (6.38) (3.44) (3.14)
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Table 6: Robustness: Implementation delay and small versus big factors

This table reports average returns and five-factor model plus UMD alphas for factor momentum
strategies. Each strategy uses one-month formation and holding periods to trade the 51 factors
listed in Table 1. In columns “Number of trading days skipped” we begin measuring returns at
the close of month ¢ (trading days skipped = 0), one trading day later, two trading days later, or
three trading days later. In columns “Factor size” we construct the factors separately from small
and big stocks. The standard HML factor, for example, is defined in Fama and French (1993) as

HMLt — % (T;mall value + T:ig value) _ % (rimall growth + T;)ig growth) )

We follow Fama and French (2016a) and define small and big HML factors as

small _ small value small growth
HML; T} -1y ,

HML];ig _ rrig value T,ll;ig growth.
We construct the factor momentum strategies separately from small and big factors. We drop size

factor from the analysis when constructing factor momentum strategies from the small and big
factors.
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Number of trading days skipped

Factor size

Regressor 0 1 2 3 Small Big
Average monthly returns
¢ 0.53 0.49 0.43 0.37 0.63 0.33
(5.53) (5.10) (4.67) (4.16) (5.39) (4.08)
Monthly five-factor model + UMD alphas

Intercept 0.55 0.49 0.41 0.34 0.61 0.32
(5.52) (4.87) (4.38) (3.72) (5.02) (3.81)

MKTRF —0.08 —0.09 —0.09 —0.09 —0.06 —0.09
(—3.43) (—3.68) (—4.10) (—4.23) (—2.12) (—4.56)

SMB —0.03 0.00 0.02 0.04 —0.05 0.01
(—0.89) (0.09) (0.59) (1.24) (—1.09) (0.38)

HML —0.09 —0.09 —0.09 —0.08 —0.13 —0.02
(—1.94) (—1.84) (—1.89) (—1.76) (—2.16) (—0.42)

RMW —2.24 —0.53 —0.51 1.16 0.01 0.04
(—0.47) (—0.11) (—0.11) (0.27) (0.12) (1.10)

CMA 22.85 22.82 21.39 20.92 0.35 0.15
(3.28) (3.28) (3.24) (3.33) (4.18) (2.60)

UMD 0.00 0.02 0.04 0.04 0.00 0.01
(0.00) (0.87) (1.69) (2.12) (—0.11) (0.56)

N 641 641 641 641 641 641
Adjusted R? 5.2% 5.5% 6.6% 7.3% 5.0% 7.4%
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Table 7: Short-term reversals and individual stock, industry, and factor momentum

This table reports estimates from spanning regressions in which the dependent variable is the
monthly return on the short-term reversals factor (Panel A) or the individual stock momentum
factor (Panel B), and the independent variables are the market, size, value, profitability, and
investment factors of the Fama and French (2015) five-factor model, the stock momentum factor of
Carhart (1997), and the monthly returns on the industry and factor momentum strategies. Both
the industry and factor momentum strategies use one-month formation and holding periods. The
industry momentum strategy ranks the 20 Moskowitz and Grinblatt (1999) industries based on
their past returns and takes long and short positions in the top and bottom three industries. The
factor momentum strategy ranks the 51 factors listed in Table 1 and takes long and short positions

in the top and bottom eight factors.

Panel A: Dependent variable: Short-term reversals (STREV)

Regression

Regressor (1) (2) (3) (4) (5)
Intercept 0.37 0.51 0.85 1.00 1.05
(3.05) (4.19) (9.49) (12.05) (14.39)

MKTRF 0.17 0.15 0.12 0.07 0.08
(5.75) (5.09) (5.44) (3.73) (4.47)

SMB 0.09 0.11 0.07 0.08 0.06
(2.17) (2.57) (2.15) (2.86) (2.62)

HML 0.20 0.10 0.15 0.02 0.07
(3.44) (1.77) (3.52) (0.47) (2.04)

RMW —0.01 0.04 —0.02 0.02 —0.01
(—0.12) (0.68) (—0.37) (0.51) (—0.17)

CMA —0.23 —0.15 —0.14 0.06 0.00
(—2.61) (—1.78) (—2.30) (0.97) (—0.02)

UMD —0.18 —0.10 —0.18 —0.13
(—6.48) (—4.61) (—9.63) (—7.83)

Industry —0.47 —-0.27
momentum (—23.73) (—13.92)
Factor —0.90 —0.63
momentum (=27.77) (—18.38)
N 641 641 641 641 641
Adjusted R? 9.6% 15.1% 55.0% 61.7% 70.6%
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Panel B: Dependent variable: Individual stock momentum (UMD)

Regression

Regressor (1) (2) (3) (4) (5)
Intercept 0.72 0.85 0.85 1.36 1.31
(4.31) (5.19) (4.83) (8.08) (7.43)

MKTRF —0.13 —0.07 —0.07 —0.05 —0.05
(—3.11) (—1.68) (—1.68) (—1.27) (—1.35)

SMB 0.08 0.11 0.11 0.13 0.13
(1.29) (1.88) (1.88) (2.48) (2.47)

HML —0.53 —0.46 —0.46 —0.44 —0.44
(—6.69) (—5.96) (—5.91) (—5.89) (—5.95)

RMW 0.25 0.25 0.25 0.25 0.25
(3.15) (3.22) (3.22) (3.35) (3.38)

CMA 0.41 0.33 0.33 0.39 0.40
(3.48) (2.90) (2.90) (3.59) (3.64)

STREV —0.34 —0.34 —0.77 —0.73
(—6.48) (—4.61) (—10.54) (—8.62)

Industry 0.00 0.04
momentum (0.05) (0.86)
Factor —0.80 —0.81
momentum (—8.08) (—8.12)
N 641 641 641 641 641
Adjusted R? 8.9% 14.4% 14.3% 22.3% 22.2%




