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Abstract

Coskewness and Reversal of Momentum Returns:

The US and International Evidence

Abstract

The winner-minus-loser (WML) momentum strategy carries an inherent downside as its returns
have negative coskewness. We propose a coskewness-volatility-managed momentum strategy that
reduces a large reversal risk of the baseline WML strategy and the volatility-managed momentum
strategy by Barosso and Santa-Clara (2015) by up to 58% and 11%, respectively. The returns of
our strategy generate a slightly positive skewness in contrast with the negative skewness of the
WML and volatility-managed strategies. Since the coskewness of momentum portfolio returns
predict future returns for up to 12 months, our strategy is effective for momentum portfolios with
holding periods longer than one month. Our strategy also mitigates momentum downside risks in
major international stock markets such as the UK, Germany, and France.

Keywords: Reversal risk; Coskewness; Momentum
JEL Codes: G12 G15



Highlights (for review)

Highlights

e Coskewness of momentum portfolio returns predicts stock returns up to 12 months.

e Coskewness of winner-minus-loser (WML) momentum returns indicates downside risk.
e Coskewness of WML portfolio returns predict momentum reversals after a bear market.
e We augment the strategy of Barroso and Santa-Clara (2015) with coskewness.

e The augmented momentum strategy mitigate downside for most international markets.
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Coskewness and Reversal of Momentum Returns:

The US and International Evidence

Abstract

The winner-minus-loser (WML) momentum strategy carries an inherent downside as its returns
have negative coskewness. We propose a coskewness-volatility-managed momentum strategy that
reduces the reversal risk of the baseline WML strategy by 61% and that of the volatility-managed
momentum strategy (Barosso and Santa-Clara, 2015) by 20% for US stocks. The returns of our
strategy generate a slightly positive skewness in contrast with the negative skewness of the WML
and volatility-managed strategies. Since the coskewness of momentum portfolio returns predict
future returns for up to 12 months, our strategy is effective for momentum portfolios of holding
periods longer than one month. Our strategy also mitigates momentum downside risks in major
international stock markets such as the UK, Germany, and France.

Keywords: Reversal risk; Coskewness; Momentum



1. Introduction

As one of the best-known anomalies in financial markets, the momentum strategy exploits
the tendency of firms with high returns over the past three to twelve months to continue to
outperform firms with low returns over similar periods (Jegadeesh and Titman, 1993). After almost
30 years, the momentum strategy remains a robust anomaly not captured by well-known factor
models (Fama and French, 2015; Hou et al., 2020). Numerous studies have shown that the
momentum anomaly also exists in other asset classes (Moskowitz et al., 2012; Menkhoff et al.,
2012) and equity markets worldwide (Griffin et al., 2005; Asness et al., 2013). Some studies have
examined the drivers of momentum profits (Novy-Marx, 2015; Ehsani and Linnainmaa, 2019;
Kelly et al., 2021; Luo et al., 2021) and others have examined how to enhance the profitability of
momentum strategies by adding more conditions (Hong et al., 2000; Avramov et al., 2007; Yang
and Zhang, 2019).

However, despite its remarkable profitability, the momentum strategy has a left-skewed
distribution, or large downside risk, compared with that of market returns and many other
strategies. An earlier study by Harvey and Siddique (2000) showed that past winners have negative
skewness, whereas past losers have less negative or even positive skewness, indicating the negative
skewness of the Winners-Minus-Losers (WML) strategy and its potential downside risk. Recent
studies (Barroso and Santa-Clara, 2015; Daniel and Moskowitz, 2016) highlight that a baseline
WML strategy, though generating high average monthly returns, can give rise to momentum
crashes that are infrequent but substantial: the long-short momentum strategy experienced a crash
0f -91.59% over two months in 1932 and a crash of -73.42% over three months in 2009.

The success of the momentum strategy relies on the continuation of past returns, whereas

the magnitude of its return reversal demonstrates its downside risk. In this paper, we propose a



momentum trading strategy that adjusts its downside risk using the momentum portfolio’s
exposure to negative coskewness. A coskewness is the covariance of an asset return and squared
market returns (i.e., market volatility) when returns are expressed as standardized returns. A
negative coskewness implies that market volatility is more closely associated with negative returns
than positive ones. Harvey and Siddique (2000) show that the coskewness of winner portfolio
returns is more negative than that of loser portfolio returns, which implies that the WML strategy
has an inherent downside risk. Our strategy also takes advantage of the return predictability of the
coskewness of momentum portfolio returns.

Beginning with the Fama-MacBeth (1973) (FM) regression of individual stocks, we show
that the return coskewness of a momentum portfolio significantly predicts the monthly cross-
sectional returns of individual stocks included in the portfolio; the more negative the coskewness
is, the higher the expected returns. Also, we find that the return coskewness of momentum
portfolios predicts individual stock returns significantly better than the prior 11-month returns of
individual stocks for longer periods. To shed light on the driver of our findings, we stratify the
cross-section of individual stocks into two groups; those that have extreme prior 11-month returns
(in the top 10% and the bottom 10%) and the rest. We find that our results are mainly driven by
stocks that have extreme prior returns.

Moreover, when we compare the return predictability of the coskewness of prior
momentum portfolio returns with that of prior individual stock returns, we find that the latter only
significantly predicts future returns for only one month, whereas the former significantly predicts
future returns up to 12 months forward. In the mean-variance-skewness framework of asset pricing,
rational investors prefer assets whose return distribution is less negatively-skewed. Thus, the

seminal papers by Kraus and Litzenberger (1976, 1983) and Harvey and Siddique (2000) show



that coskewness is a risk factor where investors require a risk premium for negatively-coskewed
stocks. However, it is arguable if the coskewness of momentum portfolio returns reflects a
rationally priced risk. Several studies show that momentum profits cannot be justified with a risk-
based explanation (Fama and French, 1996; Moskowitz, 1999; Cooper et al., 2004). Since we find
that the coskewness of momentum portfolio returns mainly affects stocks that have extreme past
returns, our evidence suggests that investor biases might cause such extreme return reversals. For
example, because winner stocks might overreact to negative news more strongly than loser stocks,
the coskewness of winner stocks is more negative than that of loser stocks, resulting in greater
reversals compared to losers. !

On the other hand, given the evidence of reversals in momentum portfolio returns, Daniel
and Moskowitz (2016) point to the option-like feature of momentum payoffs; investing in a
momentum strategy is like writing a call option and receiving an option premium. The statistically
significant coefficient of coskewness in our FM regression indicates higher expected returns to
constituent stocks in a momentum portfolio that has more negative coskewness. Thus, our finding
also implies that the success of the momentum anomaly could be partially attributable to the option
premium for extreme return reversals.

Following the line of momentum return reversals, Barroso and Santa-Clara (2015) and
Daniel and Moskowitz (2016) find that momentum crashes tend to occur when the market
rebounds following market declines and when market volatility is high. Such events, leading to
negative skewness, make the momentum strategy less appealing to investors. To avoid momentum
crashes, studies such as Barosso and Santa-Clara (2015), Daniel and Moskowitz (2016), and

Daniel et al. (2019) develop various momentum strategies to manage downside risk, resulting in

! Also, such a pattern is in line with the disposition effect that investors tend to sell assets with increased value while
keeping assets that have fallen.



superior investment performance. We present a simple trading strategy that augments that of
Barosso and Santa-Clara (2015) (hereafter, BSC) by reducing the coskewness exposure. The BSC
strategy manages the exposure to downside risk using the predicted volatility of WML returns.
Their strategy reduces the exposure when the WML strategy’s return volatility is predicted to be
greater, improving the Sharpe ratio of the baseline WML strategy by around 80%. Our augmented
strategy further mitigates the downside risk of the momentum strategy by adjusting the exposure
of the WML portfolio to its coskewness, like the way the BSC adjusts the exposure to the baseline
momentum strategy. Based on the time-series dynamics of the coskewness, our strategy reduces
the momentum exposure when the coskewness becomes less negative and vice versa. While
adjusting the exposure to downside risk, our strategy exploits the fact that a more negative
coskewness predicts higher future returns. Thus, our strategy provides an additional downside
hedge to the BSC strategy. Although our strategy might not greatly improve the Sharpe ratio of
the BSC strategy, it considerably mitigates downside risk as the maximum drawdown is reduced
by up to 61% and 20% from the baseline WML and BSC strategies, respectively, for the one-
month holding period.

Another interesting finding relates to the length of the holding period for the momentum
strategy. According to our FM regressions, the coskewness of momentum portfolio returns
significantly predicts the cross-section of individual stock returns for up to 9 months forward. The
result suggests that more negative coskewness predicts higher returns for up to 9 months despite
the downside risk. Based on this finding, we increase the holding period of the momentum strategy
by up to 12 months, which reduces the frequency of portfolio rebalancing. With our trading

strategy, we find that the largest improvements of maximum drawdown occur for the 3- and 6-



month holding periods, reflecting the fact that coskewness predicts future returns most
significantly for these periods.

Finally, we examine the robustness of the results using data from major international
markets, i.e., the United Kingdom, France, Germany, and Japan. Our FM regressions show that
coskewness of momentum portfolio returns predict more distant future returns better than prior
11-month returns, for the four international markets. Moreover, we find that our strategy is
effective in all markets except for the Japanese market, where previous research has shown that
the momentum effect does not exist or has been weak.

Our paper contributes to the branch of literature on enhancing the performance of the
momentum strategy with dynamic risk management such as Barroso and Santa-Clara (2015),
Daniel and Moskowitz (2016), and Daniel et al. (2019). Our paper also contributes to the
coskewness literature in asset pricing. Kraus and Litzenberger (1976) and Harvey and Siddique
(2000) studied how preference for positive skewness can generate a risk premium on negatively
skewed assets. Chang et al. (2013) find that the cross-section of stock returns has substantial
exposure to the risk captured by higher moments of market returns. Jondeau et al. (2019) find that
the average skewness across firms well predicts future market returns. Among the literature,
Harvey and Siddique (2000) claimed that skewness preference might explain the momentum effect.
Our paper relates the momentum crash risk to the coskewness of winner and loser portfolio returns
which are driven by stocks that have extreme past returns.

The paper proceeds as follows. Section 2 presents a summary of momentum portfolio
returns and coskewness. In Section 3, we use the FM regressions to estimate the impact of the
coskewness of momentum portfolio returns on individual stock returns. Section 4 discusses the

relationship between coskewness and WML portfolio returns. Section 5 lays out the coskewness



augmented momentum strategy. In Section 6, we examine if our findings also hold for international
stocks. Section 7 concludes.
2. Momentum portfolio returns and coskewness

We use the CRSP dataset of individual US stocks, covering the period from January 1963
to December 2019. The sample contains all stocks listed on NYSE, AMEX, and NASDAQ, which
have the available market and financial data for constructing the key variables used in this study.
We compute the coskewness of the momentum portfolio (CS_PORT) by using all available
monthly historical returns starting from January 1964. As coskewness is largely driven by tail
events, we use all available return data (at least 120 months, starting from January 1964) with an
expanding window up to the current month to capture rare events.? Following Harvey and Siddique

(2000), we construct a direct measure of coskewness as follows:

1 (rp,e=Bp,t) 'mz—Bm,t)?
CSpr = R e (1)

where CSp. is coskewness for portfolio p computed using observations up to month z Portfolio p
corresponds to each momentum portfolio; #p,- is the excess return from the risk-free rate of portfolio

p in month 7 and f,,, is the mean computed using observations up to month #; 7m,: is the month t

excess market return from the risk-free rate and £, is the mean computed using observations up

to month £, ¢, = \/zll (r,.— /}W)2 /t and 6,2n,t =2 (fme — fme)? /t. Equation (1) shows that

coskewness measures the association of portfolio return and market volatility, where the measure

2 Because an accurate estimation of the coskewness requires sufficient historical data to capture extreme events of
past crashes, we employ the expanding estimation window. We do not use a short rolling window with daily returns
because it would not capture the major momentum crashes in the past. Similarly, the minimum requirement of 120
months’ observations serves the same purpose. Though such a requirement would exclude some young firms from the
FM regression, we find that the regression results remain similar when we shorten the minimum requirement to 36
months. In addition, note that young firms are included in the trading strategy analyses in Sections 4-6, where the
minimum observation requirement is applied to WML returns, not to individual stock returns.
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is unit-free and is like a correlation coefficient.> To control for the size effect and obtain a wider
dispersion of CS_PORT values, we form 100 size-momentum double sorted portfolios each month,
calculate the post-ranking value-weighted portfolio monthly returns, and estimate the portfolio
coskewness using equation (1). After that, we assign the estimated portfolio coskewness to the
constituent stocks within each portfolio, which is a common method for stock beta estimation (e.g.,
Fama and French, 1992).

To examine the characteristics of stocks with weak to strong momentum levels, we
construct decile momentum portfolios by sorting stocks according to the prior 11-months returns
and rebalancing monthly. Table 1 presents the summary statistics of the 10 momentum portfolios
formed by ranking stocks using 11-month cumulative returns from the prior 2 to 11 months (PR).
The CS_PORT reported in Table 1 is the average coskewness of the 10 momentum portfolios in
each momentum decile. In Table 1, Panel A, we find that the coskewness of momentum portfolio
returns is negatively related to PR; stocks that have higher prior returns tend to have more negative
coskewness. Particularly, CS_PORT captures the reversals of portfolio returns whose constituent
stocks are selected according to their past returns. Therefore, it is different from the reversals of
individual stock returns. For comparison, we show the average coskewness of individual stock
returns (CS_STK) for each momentum group. We calculate CS_STK using the historical monthly
returns of individual stocks using equation (1). We not only find that the average CS_STK for each

group has similar values but is also less negative (smaller magnitude) than most groups’ average

A2 A . . .
3If O, , is replaced with &, . » Equation (1) becomes the correlation coefficient between return and market

volatility. Also, coskewness can be written as a volatility-weighted standardized excess return;

t n R R n t
s, = w0, —@,)/6,} wherewre = (ne — Ane)*/ Boca (e — fime)> and ), w,, =1,
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CS_PORT.* The CS_PORT measure better reflects the momentum’s coskewness and fits the
primary goal of our paper which examines the relationship between momentum return and its
coskewness.’

As the correlations of individual stock returns in each group determine the standard
deviation of momentum portfolio returns (STD), a higher standard deviation would make
CS_PORT less negative, and vice versa. For example, the highest STD of the P1 (Loser) portfolio,
8.33%, suggests that the stocks in the loser portfolio not only have high standard deviations but
also might have more positive correlations with each other. Despite having the most negative
CS_PORT, the P10 (Winner) portfolio has a relatively large STD of 6.16%. Both P1 and P10
portfolios have larger STDs than the P2 to P9 portfolios, suggesting that extreme portfolios include
stocks that might have a large systematic component relative to the idiosyncratic component. Also,
we find that the loser portfolio returns are positively skewed (skewness=1.18), whereas the winner
portfolio returns are negatively skewed (skewness=-0.57), suggesting that the WML strategy
would have a negatively skewed return distribution. Finally, in Table 1, Panel A, we find that
stocks that have relatively higher PR tend to have a higher book-to-market ratio (BM), lower
maximum daily returns (MAX), and lower illiquidity (ILLIQ) than stocks that have lower PR.

<Insert Table 1>

Table 1, Panel B, shows the post-ranking returns for each momentum portfolio in the future
Ist, 3rd, 6th, 9th, and 12th months. The return difference between winners and losers (P10-P1) is

the highest in the first month (F=1), gradually declines, and becomes negative in the twelfth month

4 Let N be the number of stocks in an equal weighted portfolio p where j=1...N, then we can write CS_PORT =
cov(1/Gp, (Fmlom)?) = Y.cov(ri/,, (ru/om)?)/N and CS_STK = 3 'cov(ri/a;, (ru/om)*)/N where the summation is over N. If
0,° <(1/N)3 07 then|CS_PORT| > |CS_STK] is likely. For simplicity, the returns are expressed in excess of the mean.
5 Though not estimated with individual stocks’ past returns, the CS_PORT measure is not entirely unrelated with each
stock’s past returns. Most likely, it is associated with the stock’s past performance during months leading up to a
portfolio-forming month, as a stock in the winner or loser portfolio has a high probability to remain as one of the
winners or losers in the portfolio-forming month.



(F=12), indicating that longer periods might expose the WML strategy to lower returns and the
risk of reversals.

To better understand and visualize the cross-sectional correlation between PR, CS STK,
and CS_PORT, we present a 3D surface plot of the three variables for the 100 portfolios sorted by
size and past returns. From Figure 1, we find that PR and CS_PORT have an inverse relationship
on average. That is, stocks with high past returns tend to have lower (more negative) CS_PORT.
The two coskewness measures, CS_STK and CS_PORT, are slightly positively related. Lastly, we
do not observe an obvious pattern between PR and CS_STK.

<Insert Figure 1>

3. Cross-section of stock returns and coskewness of momentum portfolio returns

This section presents FM regressions of individual stock returns where we are interested in
the coskewness of momentum portfolio returns, CS_PORT, and prior 11-month returns, PR. Since
CS_PORT is calculated for each post-ranking momentum portfolio, all individual stock returns in
the corresponding portfolio are regressed on the portfolio coskewness. We also include the
coskewness of individual stock returns, CS STK, in the regression. The regressions also include
the natural log of stock market value at the end of the previous month (MV); the beta coefficient
computed from the market model (BETA);® a book-to-market ratio calculated using the previous
month’s market value and the previous financial year’s book equity (BM); operating profit in the
previous financial year (OP); asset growth rate from the previous two years (AG); the maximum
daily return in the previous month (MAX) and the average daily Amihud (2002) ratio in the

previous three months (ILLIQ). All explanatory variables are standardized to have zero mean and

¢ Beta is estimated using all observations available up to the month # in the market model.
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unit standard deviation in the FM regressions in this paper to make the regression coefficients of
the variables comparable. To be conservative, we use the Newey West standard errors to calculate
the z-stats. The lags are selected as the count of forwarding months. For example, for the forward
third month’s return (F=3), the lag is 3. Untabulated results show that the normal z-stats are close
to the Newey West #-stats, being slightly higher. Moreover, we also examined the robustness of
the regression results by removing the 1% and 2% smallest stocks from the sample and using
coarser 5 x 5 and 7 x 7 sorts to form the size-PR double sorted portfolios. The results are all similar
to the main results reported in the paper.
<Insert Table 2>

Table 2 reports the results of FM regressions for monthly returns of individual stocks for
the 1st, 3rd, 6th, 9th, and 12th post-ranking months. First, we find that the coskewness of individual
stock returns (CS_STK) significantly predicts 1-month post-ranking returns with a negative
coefficient (at the 5% significance level). The result is consistent with the earlier studies of Kraus
and Litzenberger (1983) and Harvey and Siddique (2000), which suggest that coskewness is a risk
factor that reflects investor preference for right-skewness. Our main variable, the coskewness of
momentum portfolio returns, CS_PORT, significantly predicts future returns up to 9 months, at
least at the 5% significance level, but not for 12 months. The prior 11-month cumulative returns,
PR, only predict 1-month future returns at the 1% significance level and 3-month future returns at
the 10% significance level.

For 1-month post-ranking returns (F=1), the coefficient of PR, 0.2148, is significant at the
1% significance level without the CS PORT. However, the coefficient becomes 0.1609 when
CS_PORT is added to the regression, suggesting that both return continuation and the momentum

reversal explain 1-month future return. In addition, for 3-, 6-, and 9-month forward returns, we
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find that the coefficient of coskewness remains statistically significant, whereas that of PR
becomes insignificant. Thus, our result shows that CS_PORT not only has more predictive power
for future returns but also at longer horizons than PR.

Among other variables, we find that the following variables predict future returns up to 9
to 12 months; they are operating profit (OP), asset growth (AG), and maximum daily return in the
previous month (MAX). On the other hand, market size (MV) predicts just 1-month forward
returns, and illiquidity (ILLIQ) and book-to-market (BM) only predict up to 3 and 6 months,
respectively.

To further examine what drives our main results, we stratify the sample into those with
extreme prior 11-month returns, PR falling in the top 10% and the bottom 10% (i.e., tail stocks),
and the rest (i.e., non-tail stocks). Table 3 shows FM regressions for the stratified samples. We
find that the coefficients of CS_PORT for the tail stocks in Panel A are not only larger but also
more significant (from F=1 to F=9) than those in Panel B for non-tail stocks. This suggests that
the pricing effect of momentum coskewness is prominent for stocks with extreme past returns, i.e.,
the winner and loser stocks. On the other hand, we find opposite results for the coefficients of PR
in Panel B for non-tail stocks; they are not only larger but also more significant (from F=1 to F=6)
than those in Panel A, showing the pricing effect of past return is stronger for non-tail stocks than
for tail stocks. Thus, our result not only shows that tail stocks drive our main results but also
suggests that the momentum strategy that relies on return continuation is supported by the return
predictability of momentum coskewness for winners and losers.

<Insert Table 3>
Next, we examine if the predictive power of CS_PORT is due to returns in volatile markets.

Table 4, Panel A, shows results from a sample that consists of months that fall in the top 20% of
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months by market volatility (i.e., volatile periods), whereas Panel B shows results from the rest of
the sample (i.e., less volatile periods). In Panel A, we find that the coefficient of PR is negative
and statistically significant up to 12 months forward, indicating future return reversals during
volatile periods. The coefficient of CS_PORT is insignificant, suggesting that the pricing effects
of momentum coskewness might not exist during volatile periods.

In Panel B, we find that a significant coefficient of coskewness (CS_PORT) is only found
during less volatile periods, which is statistically significant up to 12 months ahead. In comparison,
the past return (PR)’s coefficient is only significant up to 3 months forward. This indicates that the
pricing effect of coskewness on stock returns is more pronounced when the market is less volatile.
Moreover, since large momentum return reversals tend to occur around volatile periods, our result
suggests that coskewness could indicate such reversals in less volatile periods ahead of when they
might happen.

<Insert Table 4>

4. Momentum strategy and coskewness

In this section, we examine the dynamic relation between WML and the coskewness of
momentum portfolio returns. Figure 2 shows the cumulative return of the WML strategy, the
cumulative return of excess market return, and market volatility during 1974-2019. The figure
shows that momentum crashes tend to occur when market volatility is high. Indicated by the shaded
area in the figure, we observe large WML return reversals for 2000.12-2001.1 (-51%), 2002.9-
2003.6 (-47%), 2009.2-2009.9 (-76%), 2016.1- 2016.4 (-24%), and 2018.12-2019.2 (-14%).
Barosso and Santa-Clara (2015) and Daniel and Moskowitz (2016) show that the WML strategy

generates a high Sharpe ratio despite such crashes. Previous studies have documented that the
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strategy has a negative average beta risk, and its return has negative skewness and high kurtosis,
suggesting infrequent and large reversals.
<Insert Figure 2>

We also observe from Figure 2 that, before the momentum crashes, the WML return
usually spikes upward. The WML strategy cumulates positive returns, particularly through a
negative beta loading in a bear market. As market volatility tends to increase in a bear market, the
increase in WML profits is like an increase in the premium of a short-call position as market
volatility increases (Daniel and Moskowitz, 2016). Greater market volatility suggests a higher
chance of being in-the-money for a short-call position, indicating greater crash risk. Figure 3, Panel
A, is an x-y plot of WML returns (y-axis) and current market returns (x-axis), which show that a
large negative WML return is associated with positive current market returns. This resembles a
payoff to a short-call option where a large negative return occurs when the option is in-the-money.
Figure 3, Panel B is an x-y plot where the x-axis is past 12-month cumulative market returns,
which shows that large negative WML returns tend to occur when the market return has been
negative for the past 12 months. Thus, both panels together show that a momentum crash is likely
to happen when the market rebounds after a bear market.

<Insert Figure 3>

Daniel and Moskowitz (2016) suggest that crashes are mostly attributable to the short side
of the WML strategy, or loser portfolios that rebound strongly after a bear market. In an earlier
study, Grundy and Martin (2001) show that time-varying beta generates negative beta exposure to
the momentum strategy. They show that in a bear market, the loser portfolio will likely include

high market beta assets, whereas the winner portfolio includes assets with low market beta. That
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is why the beta of the momentum strategy is likely to be negative following a bear market, exposing
the strategy to reversal risk when the market recovers.

We point to the fact that, as the coskewness of the winner portfolio is more negative than
that of the loser portfolio (Harvey and Siddique, 2000), the WML strategy would exhibit negative
coskewness and is exposed to inherent downside risk. The coskewness of the WML portfolio

returns, CSwumr 1s:

I _cs, --2Lcs,, 2)

2
O-WML O-m GWML GWML

2 2
cs,,. = cov(r,,7,)—cov(r,,7,) _

where 6?wmr= o*w+c’.-2pw.rowor. Thus, the coskewness of WML portfolio returns is not only
determined by the coskewness of winner and loser portfolios, CSw and CSi, but also by the
correlation between the two portfolios, pw,z, which determine the volatility of WML returns, 62waz.
Figure 4, Panel A shows the time-series of the coskewness of 10 momentum portfolio returns. We
observe occasional downward shifts of the coskewness range, possibly due to sudden and large
market movements that are associated with negative portfolio returns. Notably, many of the large
downward shifts of the coskewness range occur outside periods of momentum crashes that are
indicated by the shaded areas in the figure. As we compute the coskewness using an expanding
window, adding one observation each month, coskewness shows a more persistent pattern towards
the latter half of the observation period. However, what matters here is the difference in
coskewness between the winner and loser portfolios, not the fluctuation of the level of coskewness,
as we show below.

Figure 4, Panel B, shows the difference in coskewness of winner and loser portfolios (the
coskewness spread of P10 and P1) and the coskewness of WML returns, CSwur, where we find
that short-term fluctuations of CSwmr and the CSw-CSL spread move in tandem except around 2000
when CSwar shifts upward. We find that the shift is due to the increase in owaz, which is caused
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by the decrease in the (positive) correlation of the winner and loser portfolio returns, pw..’

Importantly, we find that the coskewness of WML portfolio returns tends to become less negative
during periods with high volatility in a bear market, ahead of momentum crashes. During such
periods, because market volatility becomes associated with higher WML returns, the coskewness
of WML returns becomes less negative as the market comes closer to a bottom. As momentum
crashes tend to occur after bear markets (Figure 2), a less negative coskewness not only signals
low future returns but also a market bottom. We observe substantial downward shifts in both
CSwumir and CSw-CS1 during the momentum crashes from 2000 to 2009, which are manifestations
of downside risk. However, such downward shifts are not obvious for the momentum crashes in
2016 and from 2018 to 2019. Therefore, we further explore the dynamics of the coskewness using
a time series regression.

<Insert Figure 4>

We examine the time-series properties of CSwamz with a monthly regression where the
dependent variable is the change in the coskewness, CSypp ¢ — CSywui 1. We use the difference
in coskewness between the current and previous month since the variable is highly persistent.® The
independent variables are lagged coskewness, CSyp;, ¢—1, an indicator variable Ig,g, 1 Which
equals one if the cumulative market return is negative for the prior 12 months or zero otherwise,
and the market volatility, Mvol;_,, which is measured by the standard deviation of daily market
return in the previous six months. We also include the contemporaneous market return over the

risk-free rate, 7y, .. Thus, we have

7 We examined the correlation using all observations up to each month.
8 The p-value of the Dicky-Fuller unit-root test for CSyas is 0.3375, and that of the difference in CSyas is <0.0001.
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CSWML,t - CSWML,t—l
=ag + bglgeart—1 + (bM + bB,MIBear,t—l)rm,t + bcCSwmre—1 + byMvol_q + ey,

3)
where by, and bg , indicate the relation between the coskewness of WML and the market return
following a bull and bear market period, respectively. We also control for the effects of lagged
coskewness and lagged market volatility. The regression results are in the first column (CSwar) of
Table 5. We find that the coefficients bu, bpy, and bc are statistically significant. A positive
coefficient by suggests that CSwur tends to comove with the market return after a bull market,
indicating the coskewness increases and becomes less negative when the market return is positive
(e.g., during the 1990s). On the other hand, the negative coefficient of the interaction term between
Igeqr and 1, bp 3y, not only reflects the increase in CSwamr when the bear market prolongs (1,
continues to be negative) but also a large drop of CSwamz when the market rebounds (7;,,>0), after a
bear market and when a momentum crash might occur. Thus, the regression result indicates an
increase in CSwar when the bull market continues, a further increase in CSwaz in a bear market as
the market approaches the bottom, and a large reversal when the market rebounds.

<Insert Table 5>
In columns CSwand CSL of Table 5, we report the coskewness of the winner and loser
portfolios separately to examine the different dynamics of the long and short legs of the WML
return. To do so, we replace the CSwaz in equation (3) with CSwand CSi, respectively. For both
CSw and CSi, we find that the coefficient bs is positive and significant, indicating that the
coskewness of both portfolios tends to increase and becomes less negative after bear markets. This
is likely because negative returns become less associated with market volatility as the market

approaches the bottom. Next, the ba coefficient is positive and significant for both regressions,
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implying an increase in the coskewness of both winner and loser portfolios following bull markets
and when the market return is positive. The coefficient bg , is significantly negative for the winner
portfolio, whereas it is negative and insignificant for the loser portfolio. The result shows that the
coskewness of the winner portfolio further increases following a bear market and when the current
market return continues to be negative, whereas that of the loser portfolio does not. Thus, it is the
winner portfolio that mainly explains the increase in CSwmi after a bear market. During a
momentum crash as the market rebounds, the winner portfolio also explains the large drop of
CSwum as its coefficient bg y, is negative and statistically significant.
Our next regression, Equation (4), examines if lag CSwmz predicts monthly WML returns,
TwmeL, and investigates the dynamic predictive effect of CSwmr on 174y, . The main independent
variables are the /-month (/=1, 3, 6, 9, and 12) lagged coskewness of WML returns, CSwuiz, .. Other
independent variables include a dummy variable for the bear market from month #-72 to ¢-1, Igeqr;
a dummy variable for positive market return in month 7, Ip,sp e ¢; and the standard deviation of
daily market return through month #-6 to #-1, Mvol.;. We also interact CSwamz with Ig.q, and
Iposmie to examine if the impact of coskewness on WML return differs when the market rebounds
after a period of a bear market. We perform a pair of regressions for each lagged coskewness; a
simple regression with CSwami and the fully specified regression as shown below.
TwumLt = @+ boTmt—1 + b mlpeart—1lposmitt + (Co + Comlpeart-1lposmict,e) CSwmre-1 +
vMvol;_; + e; 4
From Table 6, for all lagged coskewness, the simple regressions show that the coefficients of the
coskewness are negative and statistically significant at the 1% level, indicating that lagged
coskewness significantly predicts future WML returns. In the full model, the coefficients of 7 and

Mvol in all regressions are both negative and statistically significant, confirming the previous
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empirical findings that the momentum strategy has a negative beta and does not perform well in
volatile markets. The coefficient of the product of Ipeq,r—1 and Ipospke e, bBM, 1S significantly
negative at the 1% significance level, which also confirms that WML returns tend to crash when
the stock market rebounds following a bear market. For the interactive term between CSwmr and
the two dummy variables, its coefficients, csum, are negative and strongly significant for all
regressions, with the magnitudes of the coefficients decreasing from -33.45 (/=1) to -22.81 (/=12)
for longer lags. This result suggests that the negative effect of lagged coskewness on WML is
remarkably stronger in times when the stock market rebounds from a bear market. Taking the 1-
month lagged coskewness as an example, whose impact on WML return is -35.90 (cy+cpyy ), for
periods when the market rebounds after a bear market, this number translates into a -3.08%
decrease in next-month WML return for a one-standard-deviation increase in coskewness (-
35.90x0.0857). As momentum crashes tend to last over several months, by using the coefficients
of coskewness for /=1, 3, and 6, the estimated impact of a one-standard-deviation increase in
coskewness on WML return is around -15.89% over the next six months.? Our result indicates that
the past increase of coskewness predicts a momentum reversal when the market rebounds after a
bear market. Since the interactive term includes a contemporaneous term, Ip,spe ¢, the coefficient
of coskewness for the rest of the sample periods (c,) is subsumed by the interactive term.!? To
sum up, Table 6 shows that lagged CSwar can negatively predict WML returns, and such an effect
is particularly stronger when momentum crashes might occur after a bear market.

<Insert Table 6>

 We estimate the impact of a one standard deviation increase in CSyan, on the WML return over the next six months
by assuming the regression coefficients of the 1-, 3-, and 6-month lagged CSya. are roughly the same as for the 2-,
4-, and 5-month lagged CSwu, respectively. Therefore, the estimated impact is calculated as (-35.90-31.98-24.85)%2.
10 In unreported regression results, if we use Iposuurrs instead of Ipssuiey, the average impact of coskewness, ¢y, is
negative and statistically significant, suggesting that the contemporaneous market condition has significant impact on
the coefficient.
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5. The coskewness augmented momentum trading strategy

Although Grundy and Martin (2001) imply that using betas to rebalance momentum
portfolios might hedge momentum reversals, Daniel and Moskowitz (2016) suggest that such
hedging might not be practically feasible since such hedging relies on future realized betas.
Alternatively, they show a hedging strategy that adjusts the exposure using the predicted Sharpe
ratio of the WML portfolio. In their paper, a low Sharpe ratio reflects downside risk after bear
markets when expected WML portfolio returns are lower and their volatility greater. Barroso and
Santa-Clara (2015) propose a strategy that manages the volatility of WML returns by directly using
the predicted volatility of the WML portfolio returns. Specifically, maintaining constant volatility,
their strategy reduces the exposure to the baseline WML strategy when standard deviation
increases, and vice versa. Their strategy is based on the finding that the realized standard deviation
of WML returns could predict future momentum reversals.

Our time-series regressions in the previous section show that the coskewness of WML
portfolio returns predicts future WML returns, and such an effect is remarkably amplified around
times when momentum crashes are more likely to occur. Thus, we propose a trading strategy that
reduces the exposure to the WML strategy when coskewness is above a certain threshold and
increases it when coskewness is below that threshold. We augment the volatility-managed BSC
strategy with a coskewness-managed strategy to improve the downside property. The original BSC
strategy significantly improves the performance of the baseline momentum strategy by increasing
the average return and lowering the standard deviation. Also, the BSC strategy reduces the left
skewness of momentum returns to a certain degree. However, the BSC strategy still yields a

negative skewness, suggesting that the left tail is longer than the right one. With their method, the
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momentum crash risk, although tempered to some extent, still exists. In contrast, we propose to
use the coskewness to further alleviate the crash risk of the momentum strategy.

Since our coskewness augmented strategy increases the exposure to the WML portfolio
when the WML coskewness becomes more negative and vice versa, the exposure is a decreasing
function of the coskewness. In this way, our strategy reduces the exposure to a future reversal
when the coskewness becomes less negative before a reversal. Since a less negative coskewness
of momentum return signals lower future returns, our strategy partially hedges low future WML
returns. When the coskewness is more negative, our strategy increases the exposure and takes
advantage of high future returns.

Since the momentum strategy is a zero-cost strategy in which the long and short positions
have the same dollar value, we can scale the weights up or down to a baseline $1 investment in the
WML strategy. Our proposed method (CS-BSC hereafter) utilizes coskewness to augment the
standard deviation-based method to control the exposure to the baseline momentum strategy.

Specifically, the weight to the baseline WML return in month 7 is

CS _1 — CS _ 0 1
(1 4 LowmLt-1 WMLt 1> *< WML, t—1 >' (5)
Range OwML,t-1

where CSwui 1 1s the coskewness of the WML return estimated with monthly returns up to month
t-1, Range is the difference between the maximum and minimum CSwame values during the
estimation period, and owars is the standard deviation of WML returns estimated using daily
returns in the previous six months. CSyp. 1" and oy —1 " represent the target coskewness and
standard deviation values, respectively. We set the target CSy, " and oy, * values as the rolling

average coskewness and standard deviation calculated using historical data up to month ¢-1.!!

1 Alternatively, we also examined strategies with constant CSyy,,." and oy, * targets, following Barroso and Santa-
Clara (2015). Please refer to Appendix Al for the details. The resulting BSC and CS-BSC weights are both higher
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The proposed weight is a product of two components: a coskewness component and a
standard deviation component. The standard deviation component is the same as the BSC model.
The coskewness component is also a decreasing function of CSwaz, that is, the weight assigned to
the WML strategy reduces as the CSwmz value increases. For comparison purposes, we also report
the CS-only strategy, which uses only the first component in equation (5) as the weight function.

Figure 5, Panel A, shows the time series of the weights for the BSC and CS-BSC methods,
and Panel B shows the difference between these weights. The weights from both methods fluctuate
within the range of (0, 3.5), and they both reach their lows during the momentum crash periods.
The average weights of the BSC and CS-BSC strategies across the sample period are 1.08 and
1.00, respectively, suggesting that the former slightly overweights the baseline strategy, and the
latter has the same average exposure as the baseline strategy. The weight of the proposed method
mostly moves in the same direction as the BSC method since they share the same standard
deviation component. However, our method always underweights more than the BSC method
during some of the biggest momentum crashes. Also, our method overweights more than the BSC
method before the 2000s when the crash risk was lower than in later years.

<Insert Figure 5>

Table 7 compares the performances of the momentum strategies. We find that the CS-only
strategy effectively enhances the performance of the baseline WML strategy, in terms of increasing
the Sharpe ratio, Sortino ratio, and skewness and reducing the maximum drawdown. However, the
CS-only strategy alone does not perform as well as the BSC strategy. For an investment with a 1-
month holding period, the BSC method improves the baseline WML strategy by raising the Sharpe

ratio from 0.83 to 1.47 and by lifting skewness from -2.58 to -0.65. This enhancement is consistent

than those calculated with rolling targets, but the strategy performances are close to those tabulated in Table 7. We
thank an anonymous referee for suggesting the use of the rolling targets to avoid look-ahead bias.
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with Barroso and Santa-Clara (2015). Therefore, we propose to use the coskewness of the WML
return to enhance the BSC strategy to generate superior performance and further reduce the
downside risk.

With the CS-BSC method, the Sharpe ratio increases slightly to 1.56. However, the Sortino
ratio, which measures the relative performance against the downside volatility, improves
substantially for the CS-BSC method compared with the BSC method: from 2.81 for the BSC
method to 3.56 for the CS-BSC method. Moreover, the skewness shifts from negative to positive
0.21, indicating that the method has effectively mitigated the momentum crash risk and introduced
a chance of more positive returns. The downside risk reduces as reflected in the maximum
drawdown measure, which is -76% for the baseline WML strategy, -38% for the BSC method, and
-30% for the CS-BSC method (i.e., a 61% reduction from the baseline WML strategy and a 20%
reduction from CS-BSC strategy). !

<Insert Table 7>

Figure 6 shows the cumulative payoffs of the three strategies. Panel A adjusts the two risk-
managed strategies to have the same volatility as the baseline WML strategy, while Panel B adjusts
the two risk-managed strategies to have the same downside volatility as the baseline WML
strategy. In both panels, the CS-BSC strategy outperforms the baseline and BSC strategies, with
Panel B showing greater outperformance. This suggests that, when considering only the downside
volatility, the proposed strategy offers a better risk-adjusted payoff due to its ability to reduce
downside risk. Figure 6 also shows that the cumulative payoff of the CS-BSC strategy has the
smallest downturn compared to the other two strategies during several momentum crash episodes.

<Insert Figure 6>

12 To ensure comparability among the three strategies, we adjust BSC and CS-BSC strategies to have the same standard
deviation as the baseline WML strategy for the maximum drawdown calculation, performance plot, and density plot.
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Figure 7 plots the density of the monthly returns for the three strategies. Both risk-managed
strategies have thinner and shorter tails on the negative side than the baseline strategy.
Nonetheless, the coskewness augmented strategy has the shortest left tail (-21.95%, -14.90%, and
-12.19% at the 1Ist percentile for WML, BSC, and CS-BSC, respectively), suggesting that this
strategy has the lowest crash risk. Moreover, the CS-BSC strategy has an obvious longer tail on
the right side than the BSC strategy (14.05%, 18.32%, and 20.22% at the 99th percentile for WML,
BSC, and CS-BSC, respectively), which is consistent with the relatively higher positive skewness
of the CS-BSC strategy returns.

<Insert Figure 7>

Since it is a widespread practice for momentum investors to rebalance the portfolio less
frequently than monthly (e.g., the S&P 500 Momentum Index rebalances weights semi-annually),
we further examine the performance of the proposed strategy for longer holding periods. Table 7
presents the baseline and enhanced momentum strategies’ overlapping returns over 3, 6, 9, and 12
months.'? For longer holding periods from 3 months to 12 months, we generally find a decrease
in the mean return, standard deviation, and Sharpe ratio across the three WML strategies.'* We
find only a slight increase in the Sharpe ratio of the CS-BSC strategy compared with that of the
BSC strategy for all holding periods. However, for longer holding periods, we find that our strategy
brings greater improvements in mitigating downside risk relative to the baseline and BSC
strategies, particularly for the 3- and 9-month holding periods. In general, the Sortino ratio,

skewness, and the maximum drawdown improve compared to those of the BSC strategy, for longer

13 The overlapping returns over H months are the returns of the long-short WML portfolio which replaces only the
1/H most stale constituent stocks with the latest winner and loser stocks each month, as defined in Jegadeesh and
Titman (1993).

14 Harvey and Siddique (2000) also show that mean return and volatility decreases as holding period increases. They
also show that skewness and kurtosis decrease with holding periods, suggesting a trade-off between mean return and
skewness.
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holding periods. The improvement in the Sortino ratio of the CS-BSC strategy is the largest
(29.1%) for the 3-month holding period from the BSC strategy. The skewness has the largest
positive shifts of 0.94 and 0.93 from the BSC strategy for the 3- and 6-month-holding periods,
respectively. The maximum drawdown has the largest improvements of 39% and 38% from the
BSC strategy for the 6- and 9-month-holding periods.

Since both the BSC and CS-BSC methods use dynamic weights to adjust the exposure of
the baseline WML strategy, the improved performance of the dynamic strategy might be used to
balance the potential trading costs. Novy-Marx and Velikov (2016) show that the momentum
strategy is profitable after their estimated trading cost, which is 0.65% per month. Barroso and
Santa-Clara (2015) estimate that the turnover of the baseline momentum and BSC strategies are
close. Barroso and Santa-Clara argue that given the superior performance of the dynamic trading
strategy, trading costs should be a minor issue. Since the weight of the proposed CS-BSC strategy
varies within a similar range to the BSC strategy, the concern that the trading cost could wipe out
its performance enhancement effect could be alleviated.'> More importantly, since the trading cost
becomes smaller as the rebalancing frequency decreases, the CS-BSC strategy’s after-cost
performance would remain strong for longer holding periods.

Lastly, we examine how the strategies perform in various subperiods. We divide the whole
sample period into three subperiods: the first subperiod (1974-1990) covers the 1987 crash, the
second subperiod (1991-2004) covers the 2001 dot-com crash, and the third subperiod (2004-2019)

covers the 2008-2009 global financial crisis. The details are presented in Table A2 in the appendix.

15 With a back-of-the-envelope calculation, we estimate the after-cost strategy performance. During the sample period,
the average weights of the BSC and CS-BSC strategies are 1.08 and 1.00, respectively. Using the cost data in Novy-
Marx (2016), the trading costs for the BSC and CS-BSC strategies are roughly 0.70% and 0.65% per month,
respectively. Applying these costs to the gross returns, the after-cost Sharpe (Sortino) ratios of the baseline WML,
BSC and CS-BSC strategies are 0.46, 0.93, and 1.03 (0.65, 1.78, and 2.36), compared with 0.83, 1.47 and 1.56 (1.18,
2.81, and 3.56) without trading costs, respectively, for the one-month holding horizon. This suggests that the such cost
increases do not offset the performance enhancement effect of the CS-BSC strategy.
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Table A2 shows that the CS-BSC strategy offers effective downside risk reduction in all three
subperiods, as it has the highest Sortino ratio and skewness and the smallest maximum drawdown.
The results further confirm that the efficacy of the proposed CS-BSC strategy is robust over time.

In summary, our proposed momentum strategy effectively mitigates the downside risk for
up to 12-month holding periods by controlling for coskewness and therefore improving the BSC
volatility-based strategy. Our strategy not only generates a return distribution that is slightly

positively skewed but is also effective in mitigating downside risk for longer holding periods.

6. International evidence

We now explore the international markets of the UK, France, Germany, and Japan using a
sample from Datastream for January 1986 to December 2019. Our analysis incorporates all stocks
traded on the London Stock Exchange (LSE), Tokyo Stock Exchange (TSE) First Section,
Frankfurt Stock Exchange (FWB), and Paris Bourse (Euronext Paris from 2000 onwards).!® We
focus on these markets because they are the largest developed markets examined by Barroso and
Santa-Clara (2015). Following their analysis, we convert all returns to US Dollars and use the US
risk-free rate.

Table 8 reports the prior 11-months returns, stock level coskewness, coskewness of
momentum portfolio returns, and the post-ranking value-weighted returns for 10 momentum
portfolios in each market. For the UK, French and German markets, we find that the coskewness
of individual stock returns and that of momentum portfolio returns are all negative. Moreover, the

winner portfolios tend to have more negative coskewness than loser portfolios. We also find that

16 As we use the first one year to calculate PR and the next 10 years to estimate CS, all our estimations are for 1997-
2019.
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the post-ranking portfolio returns in the last column maintain the same order as the ranking
portfolios for the UK, French, and German markets. Furthermore, there exist statistically
significant WML return spreads (at the bottom of the last column) for these markets, indicating a
momentum effect.

For the Japanese market, we find that the coskewness of individual stock returns and
momentum portfolio returns are both positive for all portfolios. We also find that the post-ranking
portfolio returns fail to maintain the same order as the ranking portfolio returns. The WML return
spread is not significantly different from zero, which confirms the lack of a momentum effect in
the Japanese market as documented by previous studies (Chui et al., 2010; Fama and French, 2012;
Asness et al., 2013).

<Insert Table 8>

In Table 9, we show the results of the FM regression for individual stock returns 1, 3, 6, 9,
and 12 months forward. For the coefficients for prior 11-month returns, PR, we find that the
coefficient is most significant for 1-month forward returns and becomes less significant for more
future returns for the French and German markets, whereas for the UK market they are not
significant for any forward return. The coefficient of PR for Japan is negative and even significant
up to 12 months forward.

<Insert Table 9>

For the coefficient of CS PORT in the UK, France, and Germany, we find that the
coefficient tends to be more statistically significant for 3- to 9-month forward returns rather than
for 1-month forward returns. For Japan, the coefficient is most significant for 1-month returns.
Finally, the coefficient of individual stock return coskewness, CS STK, is statistically non-

significant for French stocks (except for F=12), and for the UK and Japanese stocks. However, we
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find that the CS_STK coefficients are statistically more significant than those of CS_PORT for
German stocks.

As Table 8 shows that the coskewness of the winner portfolio is less than that of the loser
portfolio, the coskewness of the WML strategy is negative for all international markets. Thus, we
examine if our coskewness augmented strategy also works in these markets. We present the results
for the three trading strategies in Table 10. Comparing the baseline WML and BSC strategies, we
confirm that the latter significantly improves the Sharpe and Sortino ratios compared to the
baseline momentum strategy for all holding periods (up to 12 months) for the UK, German, and
French markets. We find that the skewness of the CS-BSC strategy shifts to the right compared
with that of the BSC strategy for all holding periods and all markets, excluding Japan. The
improvement of the maximum drawdown for the CS-BSC strategy over the BSC strategy is more
evident for the German and French markets for all holding periods, with relatively less
improvement for the UK market. Thus, we find that our coskewness augmented strategy generally
improves the downside risk of the BSC strategy for the three international markets but not for
Japan.

<Insert Table 10>

Figure 8 compares the cumulative payoffs and weights of the BSC and CS-BSC strategies
for the four international markets. Like our result for the US market, the weight of the proposed
method mostly moves in the same direction as the two methods share the same standard deviation
component. Again, the CS-BSC method always underweights more than the BSC method during
the biggest momentum crashes. In the long run, the CS-BSC method performs better than the BSC
strategy in the UK, Germany, and France when the WML strategy experiences large crashes.

However, as documented by previous studies, the Japanese market has been anomalous for
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momentum effects. Although the constant volatility BSC strategy might work for the Japanese
market, our coskewness algorithm does not seem to further mitigate the downside risk for this
market.

<Insert Figure 8>

7. Conclusion

The winner-minus-loser momentum strategy has an inherent downside risk, as the portfolio
returns of the strategy always have a negative coskewness. The momentum strategy tends to
cumulate profits in bear markets as the strategy displays a negative beta. We find that the
coskewness of momentum portfolio returns tends to increase before a subsequent market rebound
when momentum crashes are likely to happen. This is because market volatility becomes
associated with fewer negative returns before a market rebound. We also find that the coskewness
of momentum portfolio returns predicts individual stock returns; more negative coskewness
predicts higher returns. Using this property of the coskewness of momentum portfolio returns, we
propose a momentum strategy that augments the constant-volatility strategy of Barroso and Santa-
Clara (2015). Our proposed strategy significantly mitigates the downside risk of the baseline
momentum strategy as well as the constant-volatility strategy. We find that our augmented strategy
not only mitigates the downside risk but also its mitigation effect improves for holding periods
that are longer than one month. This is because the coskewness of momentum portfolio returns
significantly predicts future stock returns up to nine months ahead, which supports the return of

our momentum strategy beyond horizons for which past returns display predictive ability.
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Table 1. Summary statistics of the decile momentum portfolios

This table reports the summary statistics of decile momentum portfolios that we formed based on the ranking of past return (PR), which is the cumulative raw return from t-12
to t-2 months. We form 100 size-momentum double sorted portfolios each month, calculate the post-ranking monthly value-weighted portfolio returns, and estimate the portfolio
coskewness using the post-ranking returns of the portfolio. To compute the coskewness, we use an expanding window up to the previous month with at least 120-month
observations. In Panel A, CS_PORT is the average coskewness of the stock’s residing size-neutral momentum portfolio for each momentum decile which includes 10 portfolios.
CS_STK is the coskewness estimated with the stock’s monthly returns with an expanding window up to the previous month with at least 120-month observations. MV is the
natural log of stock market value at the end of the previous month. BM is the book-to-market ratio calculated using the previous month’s market value and the previous financial
year’s book equity. OP is the operating profit in million USD in the previous financial year. AG is the asset growth rate from the previous two years. MAX is the maximum
daily return in % in the previous month. ILLIQ is the average daily Amihud (2002) ratio (x 10%) in the previous three months. The STD (in %) and SKEW are the standard
deviation and skewness of the decile momentum portfolios calculated using monthly value-weighted portfolio returns in the full sample. The bottom row of P10-P1 (Winner-
Loser) reports the difference between the winner and loser portfolios. The #-statistics of the difference are reported in parentheses. For STD, we report the p-value of the F-test
of the significance of the difference in standard deviations between the winner and loser portfolios. For SKEW, we report the p-value of the Kolmogorov-Smirnov test for the
difference between the distributions of winner and loser portfolio returns. Panel B presents the average returns in % of the value-weighted momentum portfolios in the 1%, 31,
6™, 9™ and 12" post-ranking months, respectively. The reporting period is from January 1974 to December 2019. *, ™, and ™" represent significance at the 10%, 5%, and 1%
level, respectively.

Panel A. Statistics of the decile tum portfolios

Portfolio PR CS_STK CS_PORT MV BETA BM opP AG MAX ILLIQ STD SKEW

P1 (Loser) -0.40 -0.20 -0.19 5.76 1.27 0.87 0.33 0.15 9.64 336.67 8.33 1.18

P2 -0.24 -0.20 -0.21 5.73 1.19 0.88 0.30 0.13 7.43 357.71 6.06 0.45

P3 -0.14 -0.20 -0.26 5.69 1.14 0.90 0.19 0.12 6.60 336.93 5.35 0.27

P4 -0.07 -0.20 -0.28 5.67 1.10 091 0.25 0.11 6.05 318.81 4.93 -0.25

P5 0.00 -0.20 -0.32 5.61 1.07 0.94 0.32 0.10 5.76 311.53 4.67 -0.42

P6 0.07 -0.21 -0.37 5.56 1.05 0.95 0.29 0.11 5.53 286.61 4.53 -0.65

P7 0.15 -0.21 -0.38 5.51 1.04 0.96 0.32 0.11 5.42 275.75 4.53 -0.70

P8 0.24 -0.21 -0.42 5.46 1.05 0.97 0.32 0.11 5.46 262.59 4.57 -0.86

P9 0.39 -0.21 -0.44 5.39 1.08 1.01 0.48 0.11 5.73 257.08 4.90 -0.93

P10 (Winner) 0.94 -0.21 -0.44 5.25 1.18 1.06 0.58 0.14 6.78 226.73 6.16 -0.57

P10-P1 1.34™ -0.01 -0.26™" -0.50"" -0.10™" 0.20™" 0.25™ -0.01 -2.86™"  -109.94™ -2.17 -1.75

t-statistic (5853)  (-1.14)  (-2401) (-897)  (-10.35)  (7.06) (4.60) (-1.53)  (-1637)  (-7.51)  pFtest pKStest
<0.001 __ <0.001
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Panel B. Average returns of the decile momentum portfolios in various post-ranking months

Forward month

Portfolio F-1 F=3 F=6 F=9 F-12
P1 (Loser) 0.35 044 0.60 0.82 0.99
P2 0.67 0.73 0.74 0.94 1.00

P3 0.71 0.74 0.90 091 0.89

P4 0.80 0.84 0.89 1.00 091

Ps 0.84 0.88 0.96 0.98 0.95

P6 0.80 0.95 0.96 0.94 0.86

pP7 0.94 0.92 0.92 0.92 0.87

P8 0.96 0.98 0.95 091 0.88

P9 1.07 1.00 1.02 091 0.84

P10 (Winner) 1.15 1.02 0.93 0.81 0.73
P10-P1 (Winner-Loser) 079" 0.58" 033" 001 2026
- statistic (3.91) (3.16) (1.86) (-0.05) (-1.36)
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Table 2. Stock level cross-sectional regression with coskewness and past return

This table reports the coefficients of Fama-MacBeth regressions across individual stocks. The dependent variable is the monthly return of individual stocks in the 1%, 3%, 6%,
9t and 12" post-ranking month respectively. All explanatory variables are measured in the current month. For the definition of explanatory variables, see Table 1. We report
the averages of the coefficients estimated from the monthly cross-sectional regressions. All explanatory variables are standardized to have zero mean and unit variance. The
Newey-West t-statistics are presented in parentheses. Adj R? is the average of the adjusted R-squares of the month-by-month regressions. The reporting period is from January
1974 to December 2019. *, **, and ™" represent significance at the 10%, 5%, and 1% level, respectively.

Forward month  Intercept CS_STK CS_PORT PR MV BETA BM OP AG MAX ILLIQ Adj_R?
0.7159™ 0.2148™" -0.2343""  0.1119° 0.0709  1.4809™" -0.3434™" -0.5494"" 0.0961"" 4.90%

F=1 (3.56) (2.67) (-3.62) (1.65) (1.47) (4.95) (-5.12)  (-11.42) (2.54)
0.7576™" -0.0582""  -0.1658™  0.1609"" -0.2037""  0.1101" 0.0723  1.4916™" -0.3456™" -0.5398"" 0.1004™" 5.16%

(3.22) (-1.98) (-1.99) (2.42) (-2.78) (1.66) (1.53) (5.04) (-5.22)  (-11.48) (2.67)
0.7382"" 0.1513"  -0.0861 0.0615 0.1125"  1.2099™" -0.3526"" -0.1929"""  0.0687" 4.61%

F=3 (3.28) (1.83) (-1.34) (0.86) (1.91) (4.25) (-5.61) (-3.50) (1.93)
0.7588"" -0.0384  -0.2950"  0.0428 -0.0061 0.0665 0.1143™  1.2123"" -0.3554™" -0.1768™" 0.0810™ 4.85%

(2.89) (-1.24) (-3.59) (0.60) (-0.08) (0.93) (1.98) (4.24) (-5.67) (-3.30) (2.29)
0.8084™ 0.0851 -0.0398 0.0557  0.1396™  0.9677"" -0.3558™" -0.1281""  0.0341 4.33%

F=6 (3.61) (1.19) (-0.63) (0.80) (2.16) (2.92) (-5.56) (-2.17) (1.08)
0.8189"" -0.0305  -0.2675™"  -0.0256 0.0319 0.0578 0.1362"  0.9697""" -0.3616"™" -0.1125"  0.0445 4.55%

(3.09) (-1.03) (-3.34) (-0.44) (0.45) (0.84) (2.13) (2.91) (-5.64) (-1.98) (1.40)
0.8805™" -0.0293  -0.0459 0.0654 0.0655 0.7206™  -0.2740™" -0.0924"  0.0571 4.11%

F=9 (3.88) (-0.50) (-0.71) (0.96) (0.94) (2.41) (-4.19) (-1.70) (1.64)
0.9597"" -0.0151  -0.1578"  -0.0782  -0.0195 0.0627 0.0625 0.7100"  -0.2771  -0.0877"  0.0624" 4.30%

(3.65) (-0.53) (-1.96) (-1.63) (-0.27) (0.93) (0.90) (236)  (-422)™  (-1.70) (1.79)
0.8401™ -0.0918  -0.0650 0.0690 0.0629  0.5366™ -0.2476™" -0.1596™"  0.0525 4.00%

F=12 (3.77) (-1.60) (-0.96) (1.01) (0.87) (2.01) (-3.89) (-2.70) (1.48)
0.8841™" -0.0156 -0.0376  -0.0954"  -0.0658 0.0665 0.0627  0.5260™ -0.2486™" -0.1592"""  0.0536 4.17%

(3.53) (-0.52) (-0.51) (-2.02) (-0.87) (0.98) (0.87) (1.98) (-3.93) (-2.85) (1.48)
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Table 3. Cross-sectional regression for the tail and non-tail stocks

This table reports the coefficients of Fama-MacBeth regressions across two groups of stocks. Panel A presents the regression for the tail stocks according to their past return
(PR) rankings, which come from the top or bottom 10% of the sample. Panel B presents the regression results for the other stocks, for which the PR rankings fall in the middle
80% of the sample. The dependent variable is the monthly return of individual stocks in the 1%, 3¢, 6%, 9™ and 12 post-ranking months, respectively. See Table 1 for the
definition of explanatory variables. We report the averages of the coefficients estimated from the monthly cross-sectional regressions. All explanatory variables are standardized
to have zero mean and unit variance. The Newey-West t-statistics are presented in parentheses. Adj_R? is the average of the adjusted R-squares of the month-by-month

* ek

regressions. The reporting period is from January 1974 to December 2019. ", ™, and ™" represent significance at the 10%, 5%, and 1% level, respectively.

Panel A. Tail stocks (top & bottom 10% momentum stocks)

Forward month ~ Intercept CS_STK CS_PORT PR MV BETA BM oP AG MAX ILLIQ Adj_R?
0.739™ 0.177""  -0.299™ 0.118 -0.029 2.696™"  -0473""  -0.654™" 0.245 6.43%

F=1 (3.13) (2.39) (-3.63) (1.57) (-0.44) (4.13) (-3.80) (-8.48) (1.38)
0.860™" -0.069 -0.357™ 0.083 -0.198" 0.120 -0.032 2.634™"  -0.483™"  -0.642"" 0.288 6.84%

(2.93) (-1.37) (-2.43) (1.30) (-1.85) (1.62) (-0.48) (4.03) (-3.92) (-8.51) (1.58)
0.633" 0.1617 -0.024 0.085 0.073 1.832™"  -0.364™"  -0.225™" 0.141 5.89%

F=3 (2.41) (1.99) (-0.31) (1.09) (0.91) (2.96) (-2.96) (-2.70) (0.75)
0.720" -0.021 -0.474™" 0.015 0.163" 0.090 0.076 1.827""  -0.378""  -0.190 0.187 6.26%

(2.23) (-0.43) (-3.33) (0.21) (1.68) (1.17) (0.96) (2.96) (-3.11) (-2.34) (1.01)
0.726™" 0.095 0.065 0.072 0.149 1.6317" -0.327"" -0.137° 0.341 5.53%

F=6 (2.81) (1.31) (0.83) (0.95) (1.70) (2.54) (-2.83) (-1.75) (1.58)
0.751" -0.013 -0.490™" -0.073 0.240" 0.074 0.134 1.517" -0.342"" -0.109 0.354 5.82%

(2.42) (-0.29) (-3.65) (-1.19) (2.44) (0.99) (1.55) (2.35) (-2.96) (-1.45) (1.76)
0.817" -0.017 0.097 0.079 0.125 1.184" -0.211° -0.135° 0.248 5.23%

F=9 (3.19) (-0.29) (1.31) (1.14) (1.29) (1.86) (-1.72) (-1.79) (1.16)
1.022" 0.000 -0.345™ -0.132™ 0.200™ 0.074 0.117 1.134" -0.214 -0.119 0.303 5.49%

(3.39) (-0.00) (-2.86) (-2.64) (2.24) (1.08) (1.24) (1.80) (-1.72) (-1.62) (1.37)
0.845™" -0.081 0.020 0.067 0.079 0.855 -0.415™"  -0.191" 0.216 5.06%

F=12 (3.20) (-1.37) (0.22) (1.01) (0.84) (1.42) (-3.00) (-2.42) (1.03)
0.904™" 0.001 -0.036 -0.086 0.012 0.064 0.083 0.861 -0.400"  -0.194™ 0.208 5.32%

(3.09) (0.01) (-0.34) (-1.63) (0.1 (0.95) (0.87) (1.42) (292)  (-249)  (0.99)
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Panel B. Middle stocks (middle 80% momentum stocks)

Forward month  Intercept CS_STK CS_PORT PR MV BETA BM OP AG MAX ILLIQ Adj_R?
0.677"" 0357 -0.232™" 0.112° 0.104™ 1.605™"  -0.297""  -0.507"""  0.086™ 4.81%

F=1 (3.59) (2.74) (-3.67) (1.72) (2.04) (3.96) (-4.10) (-10.78) (2.16)
0.782"" -0.053° 0.109 0456 -0.273™ 0.106 0.102" 1.569™  -0.303""  -0.505"" 0.079 4.97%

(3.82) (-1.82) (1.48) (3.44) (-3.99) (1.64) (2.01) 3.97) (-4.22) (-10.72) (2.05)
0.767""" 0.347""  -0.119" 0.067 0.130™ 1.155™  -0.390""  -0.148™" 0.071 4.52%

F=3 (3.59) (2.80) (-1.87) (0.95) (2.27) (3.26) (-5.47) (-2.82) (2.06)
0.833™" -0.044 -0.063 0.313™ -0.100 0.064 0.132™ 11317 -0.388™"  -0.146™"  0.073™ 4.67%

(3.58) (-1.39) (-0.92) (2.47) (-1.48) (0.90) (2.32) 3.17) (-5.45) (-2.80) (2.17)
0.877""" 0.298™ -0.094 0.063 0.127*" 0.878™ -0.337"" -0.073 0.032 4.27%

F=6 (4.23) (2.60) (-1.56) (0.93) (1.98) (2.31) (-4.25) (-1.25) (0.90)
0.903" -0.030 -0.056 0.265" -0.079 0.060 0.128" 0.891" -0.339™" -0.071 0.032 4.41%

(3.82) (-1.01) (-0.83) (2.20) (-1.13) (0.88) (2.00) (2.34) (-4.32) (-1.23) (0.90)
0.900™" 0.058 -0.092 0.063 0.028 0.820" -0.313™* -0.038 0.059 4.14%

F=9 (4.17) (0.57) (-1.42) (0.96) (0.41) (2.26) (-3.85) (-0.65) (1.52)
0.942"" -0.022 -0.071 0.037 -0.087 0.062 0.027 0.841" -0.318"" -0.038 0.060 4.28%

(3.92) (-0.71) (-1.06) (0.34) (-1.20) (0.94) (0.38) (2.30) (-3.92) (-0.65) (1.61)
0.795™" -0.107 -0.087 0.070 0.051 0.511 -0.199"  -0.155™ 0.041 4.00%

F=12 (3.87) (-0.99) (-1.37) (1.05) (0.69) (1.35) (-2.60) (-2.67) (1.08)
0.751""" -0.010 -0.070 -0.143 -0.077 0.071 0.052 0.514 -0.203™"  -0.155™" 0.044 4.14%

(3.39) (-0.33) (-1.10) (-1.25) (-1.08) (1.06) (0.70) (1.39) (-2.66) (-2.72) (1.14)
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Table 4. Cross-sectional regression for the most volatile and less volatile periods

This table reports the coefficients of Fama-MacBeth (1973) cross-sectional regressions across two groups of stocks. Panel A presents the regression results for the 20% most
volatile market periods, using the 6-month daily market return volatility as the measure of market volatility. Panel B presents the regression results for the remaining 80% less
volatile months. The dependent variable is the monthly return of individual stocks in the 1%, 3, 6, 9% and 12 post-ranking months, respectively. See Table 1 for the definition
of explanatory variables. We report the averages of the coefficients estimated from the monthly cross-sectional regressions. All explanatory variables are standardized to have
zero mean and unit variance. The t-statistics are presented in parentheses. Adj_R? is the average of the adjusted R?s of the month-by-month regressions. The reporting period

is from January 1974 to December 2019. *, **, and ™" represent significance at the 10%, 5%, and 1% level, respectively.

Panel A. 20% Most volatile market periods

Forward month ~ Intercept CS_STK CS_PORT PR MV BETA BM OP AG MAX ILLIQ Adj_R?
1.293" -0.378 -0.394™ 0.502""* 0.006 28277 0439 -0.559™" 0.011 6.27%

F=1 (2.54) (-1.40) (-2.36) (2.73) (0.04) (2.89) (-2.68) (-4.73) (0.14)
1.737""  -0.200™ 0.204 -0.252 -0.461™ 0.486™" 0.002 27577 04477 -0.560"" 0.005 6.72%

(2.71) (-2.45) (0.72) (-1.22) (-2.25) (2.73) (0.02) (2.86) (-2.79) (-4.95) (0.06)
1.059" -0.394 -0.276™ 0.306" 0.203 1.692"  -0.410™" -0.210" 0.072 5.54%

F=3 (1.94) (-1.53) (-1.98) (1.86) (1.20) (2.20) (-3.01) (-1.81) (0.99)
1.197 -0.127 -0.102 -0.402° -0.235 0.315" 0.202 1.626™  -0.406™" -0.194" 0.082 5.88%

(1.69) (-1.56) (-0.37) (-1.96) (-1.32) (1.95) (1.24) (2.11) (-2.96) (-1.75) (1.14)
0.597 -0.251 -0.113 0.047 0.207 1.190  -0.416™ -0.228" -0.022 4.77%

F=6 (0.96) (-1.32) (-0.77) (0.26) (1.10) (1.34) (-3.75) (-1.67) (-0.37)
0.554 -0.049 -0.142 -0.326™ -0.075 0.056 0.195 1.141 -0.423™" -0.219" -0.015 5.03%

(0.71) (-0.70) (-0.58) (-2.14) (-0.43) (0.32) (1.06) (1.28) (-3.83) (-1.67) (-0.25)
0.893 -0.412" -0.111 0.239 0.139 0.335 -0.315° -0.101 -0.035 4.86%

F=9 (1.50) (-2.67) (-0.79) (1.22) (0.73) (0.51) (-1.68) (-0.83) (-0.50)
1.055 0.006 0.162 -0.344™" -0.165 0.236 0.127 0.291 -0.321° -0.115 -0.040 5.07%

(1.44) (0.10) (0.69) (-2.82) (-0.99) (1.23) (0.68) (0.43) (-1.71) (-1.01) (-0.57)
1.164™ -0.293™ -0.228 0.350" 0.156 0.438 -0.166 0.028 0.021 4.87%

F=12 (2.73) (-2.38) (-1.59) (2.03) (0.73) (0.65) (-1.51) (0.17) (0.29)
1.3217 -0.093 0.215 -0.173™ -0.319" 0.339™ 0.148 0.421 -0.176 0.015 0.009 5.07%

(243)  (-1.29) (0.97) (-2.16)  (-1.87) (2.00) 0.70) (065  (-1.57) (0.10) (0.11)
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Panel B. 80% less volatile months

Forward month Intercept CS_STK  CS_PORT PR MV BETA BM OP AG MAX ILLIQ Adj_R?
0.534™ 0402 -0.184™ -0.011 0.0917 1.057™  -0313""  -0.546™"  0.123™" 4.47%

F=1 (2.55) (6.62) (-2.75) (-0.17) (1.92) (4.39) (-4.38) (-10.68) (2.91)
0.449" -0.013 -0.2827" 0.291™" -0.123" -0.008 0.094™ 1.093™  -0314™"  -0.534™  0.131"" 4.67%

(1.93) (-0.47) (-4.12) (5.10) (-1.73) (-0.12) (1.99) (4.56) (-4.42) (-10.55) (3.13)
0.637""" 0.324™" -0.026 -0.016 0.084 1.057™  -0.334™"  -0.188""" 0.068" 4.32%

F=3 (2.73) (4.95) (-0.39) (-0.21) (1.53) (3.65) (-4.95) (-3.07) (1.68)
0.620" -0.010 -0.356"" 0.183™" 0.066 -0.012 0.086 1.082"  -0.339""  -0.171™" 0.081°" 4.53%

(2.44) (-0.33) (-5.42) (3.06) (0.94) (-0.16) (1.58) (3.71) (-5.05) (-2.85) (2.01)
0.876™" 0.192* -0.017 0.058 0.118™  0.897™"  -0.337"" -0.096 0.052 4.18%

F=6 (3.98) (2.91) (-0.26) (0.79) (2.03) (3.07) (-4.48) (-1.54) (1.44)
0.903""" -0.025 -0.308"" 0.070 0.066 0.058 0.118™  0.915™  -0.342" -0.079 0.064" 4.39%

(3.68) (-0.79) (-4.62) (1.28) (0.95) (0.79) (2.02) (3.09) (-4.53) (-1.30) (1.77)
0.876"™" 0.092 -0.025 0.010 0.042 0.843"  -0.261""" -0.090 0.086™ 3.87%

F=9 (3.96) (1.52) (-0.37) (0.16) (0.70) (2.63) (-3.82) (-1.50) (2.34)
0.929"" -0.022 -0.259™" 0.006 0.027 0.008 0.042 0.843"  -0.263"" -0.079 0.095™ 4.05%

(3.82) (-0.65) (-3.82) (0.11) (0.36) (0.12) (0.69) (2.62) (-3.85) (-1.38) (2.58)
0.739"" -0.029 -0.014 -0.018 0.034 0.567°  -0.273""  -0.218"" 0.062" 3.72%

F=12 (3.26) (-0.51) (-0.19) (-0.29) (0.53) (1.97) (-3.75) (-3.43) (1.70)
0.748™" 0.008 -0.116" -0.071 0.013 -0.018 0.036 0.559"  -0.271"™"  -0.213™ 0.068" 3.89%

(2.99) (0.24) (-1.80) (-1.30) (0.16) (-0.29) (0.56) (1.93) (-3.82) (-3.47) (1.82)
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Table 5. Dynamics of the coskewness of WML return

This table presents the results of the regression CS;; — CS; ¢y = ag + bplgeqrr-1 + (bM + bB,MIBear.t—l)Tm,c +
bcCS;¢—1 + byMvol,_; + e,. The dependent variable is the difference between the current month and the previous
month’s coskewness of the winner-minus-loser (i=W»ML) strategy returns, winner portfolio returns (i=W), or loser
portfolio returns (i=L); /ear is an indicator variable that equals one if the prior 12-month cumulative market return
is negative for a specified period, or zero otherwise; Mvol is market volatility which is measured by the standard
deviation of daily market returns in the previous six months; and RM is the market return in excess of the risk-
free rate. The reporting period is from January 1974 to December 2019. The ¢-statistics are presented in

ok

parentheses. ",

, and ™" represent significance at the 10%, 5%, and 1% level, respectively.

. CSwmie — CSwmre—1 CSwi — CSwi— CSpe—CSpea
Coefficient
Estimate t-statistic Estimate  #-statistic Estimate  ¢-statistic
ao -0.003 (-1.25) -0.005" (-1.81) -0.005™ (-2.28)
bg 0.001 (0.82) 0.006™ (2.57) 0.005™ (2.39)
by 0.086™" (5.14) 0.187"" (7.10) 0.118™" (4.91)
bg u -0.194™ (-7.58) -0.092" (-2.28) 0.040 (1.07)
b -0.014™ (-2.09) -0.007 (-1.43) -0.007 (-1.40)
by -0.001 (-0.50) -0.001 (-0.51) 0.001 (0.31)
Adj_R? 9.35% 10.11% 9.95%
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Table 6. Coskewness of WML and future WML return

This table presents the results of the regression Tyu.: = @+ boTyme—1 + bpmlpeart—1lposmite + (Co +
cgmlpeart-1lposmict,) CSwmr,e—1 + VMvol,_; + e,. The dependent variable is the monthly return of the winner-
minus-loser strategy; r, is the monthly market return in excess of the risk-free rate; CSyu, . is the /-month lagged
coskewness value of the WML return, where /=1, 3, 6, 9, and 12; and Mvol is the standard deviation of daily
market return in the previous six months. /z.. is an indicator variable that equals one if the prior 12-month
cumulative market return is negative, or zero otherwise. Ip,smie is an indicator variable that equals one if the
contemporaneous month’s market return is positive, or zero otherwise. The reporting period is from January 1974
to December 2019. The t-stats are presented in parentheses. *, ™, and **" represent significance at the 10%, 5%,
and 1% level, respectively.

Lag of CS a bo bem co cm v Adj R?
-0.24 -9.26™" 1.73%
=1 (-0.39) (:3.11)
2.86™" -0.21™ -10.27" -2.45 -33.45™" -1.12" 15.68%
(3.27) (-:3.88) (-6.52) (-0.80) (-4.45) (-1.88)
-0.29 -9.54™ 1.83%
=3 (-0.48) (-3.20)
2.86™" -0.19™ -9.36™" -2.40 -29.58™" -1.13" 14.88%
(3.26) (-:3.52) (-6.04) (-0.78) (-3.93) (-1.88)
-0.26 -9.33™ 1.75%
=6 (:0.43) (-:3.13)
3.06™" -0.18™ -7.89™ -2.15 -22.69™ -1.31™ 13.56%
(3.47) (-3.42) (-5.16) (-0.69) (-2.98) (-2.17)
-0.21 -8.97" 1.44%
=9 (-0.33) (-3.01)
2.97"" -0.19™" -8.33"" -2.53 -24.55™" -1.29" 13.63%
(3.42) (-3.45) (-5.09) (-0.83) (-3.02) (:2.14)
-0.18 -8.7TH** 1.55%
=12 (-0.29) (-2.94)
2.87" -0.18™ -8.22™" -3.16 -22.81™ -1.32™ 13.45%
(3.32) (-3.33) (-4.80) (-1.04) (-2.75) (-2.19)
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Table 7. Performances of the WML, volatility- and coskewness-enhanced momentum trading strategies

This table presents the performances of the baseline momentum strategy (WML), the volatility strategy (BSC)
proposed by Barroso and Santa-Clara (2015), and the coskewness enhanced volatility strategy (CS-BSC). For the
CS-only strategy, the weight in month ¢ is (1 + (CS* — CS;_1/Range)), where CS* is the target coskewness,
CS;_ is the coskewness of the monthly WML return estimated with monthly returns up to month ¢-/, and Range
is the difference between the maximum and minimum coskewness in the estimation period. For the BSC strategy,
the weight is 0*/0;_1, where g* is the target standard deviation and o, is the standard deviation of the momentum
strategy calculated using 6-month daily returns. For the CS-BSC strategy, the weight is (1 +
(CS* — CS;_,/Range)) * (6*/0,_1). 0" and CS* are set as the moving average of the monthly standard
deviation and coskewness of WML, estimated with data up to month #-/. We show the performances for various
holding periods ranging from 1 month to 12 months. The overlapping returns over H months are the returns of the
long-short WML portfolio which replaces only the 1/H most stale constituent stocks with the latest winner and
loser stocks each month, as defined in Jegadeesh and Titman (1993). AMEAN, ASTD, and Sharpe represent the
annualized average percentage return, standard deviation, and Sharpe ratio. Sortino represents the Sortino ratio
which is the average return divided by the downside standard deviation. SKEW is the skewness of the monthly
return. MIN and MAX are the minimum and maximum monthly returns, respectively. Maximum Drawdown
measures the maximum reduction of the cumulative payoff during the holding period for the three strategies which
are scaled to have the same standard deviation as the baseline momentum strategy. The reporting period is from
January 1974 to December 2019.

Holding . Maximum
Period Strategy AMEAN ASTD Sharpe Sortino SKEW MIN MAX Drawdown

WML 17.45 2098  0.83 1.18 -2.58 -51.78  20.76 -76%

CS-only 17.74 16.71 1.06 1.69 -1.91 -4534 1874 -62%

H=l BSC 22.99 15.66 1.47 2.81 -0.65 -2430  16.15 -38%
CS-BSC 23.18 14.87 1.56 3.56 0.21 -21.28  19.09 -30%

WML 15.29 19.51 0.78 1.12 -2.36 -44.51 19.14 -74%

CS-only 15.81 15.62 1.01 1.63 -1.48 -38.98  18.30 -61%

H=3 BSC 20.65 14.77 1.40 2.66 -0.60 -20.89  15.79 -38%
CS-BSC 21.03 14.05 1.50 343 0.34 -18.29  19.34 -25%

WML 12.4 17.9 0.69 0.99 -2.05 -36.47  16.77 -712%

CS-only 13.00 1444 0.90 1.46 -1.11 -31.93  17.89 -58%

H=6 BSC 17.26 13.79 1.25 2.34 -0.54 -19.71 15.29 -43%
CS-BSC 17.66 13.11 1.35 2.99 0.39 -1499  20.18 -27%

WML 9.79 16.3 0.60 0.87 -1.73 -29.27 1422 -69%

CS-only 10.36 1324 0.78 1.27 -0.81 -25.63  18.65 -54%

H= BsC 1423 1282 111 204 047  -1906 1594  -44%
CS-BSC 14.53 12.14  1.20 2.55 0.43 -13.65  21.04 -27%

WML 7.27 15.11 0.48 0.69 -1.64 -23.1 13.69 -67%

CS-only 7.85 1224 0.64 1.02 -0.69 -20.23  18.08 -52%

H=12 BSC 11.24 12.08 093 1.63 -0.58 -19.95  15.96 -43%
CS-BSC 11.51 11.30 1.02 2.03 0.36 -1523  20.40 -28%
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Table 8. Momentum portfolios’ statistics for international markets

This table represents the summary statistics of decile momentum portfolios for the UK, Germany, France, and
Japan. See Table 1 for the definition of variables. The reporting period is from January 1997 to December 2019.

*kE

, ", and ™" represent significance at the 10%, 5%, and 1% level, respectively.

Portfolio PR CS_ STK  CS_PORT VW PR CS STK  CS_PORT VW
UK Germany
P1 (Loser) -0.49 -0.15 -0.19 -0.15 -0.43 -0.20 -0.28 -0.27
P2 -0.30 -0.16 -0.23 0.03 -0.27 -0.21 -0.36 0.15
P3 -0.20 -0.16 -0.29 0.12 -0.17 -0.21 -0.36 0.21
P4 -0.11 -0.16 -0.33 0.44 -0.10 -0.21 -0.35 0.31
P5 -0.02 -0.16 -0.33 0.47 -0.02 -0.21 -0.36 0.44
P6 0.06 -0.16 -0.39 0.63 0.05 -0.21 -0.42 0.55
P7 0.16 -0.16 -0.40 0.69 0.13 -0.21 -0.44 0.75
P8 0.27 -0.16 -0.41 0.93 0.23 -0.20 -0.41 0.83
P9 0.45 -0.16 -0.44 1.02 0.39 -0.20 -0.43 0.99
P10 1.04 -0.15 -0.48 1.39 1.02 -0.19 -0.39 1.25
(Winner)
P10-P1 1.52" 0.01 -0.28™ 1.55™ 1.45™ 0.02** 0117 1.52"
t-statistic (42.18) (1.36) (-64.58) (2.82) (34.28)  (2.58) (-31.21) (3.09)
France Japan
P1 (Loser) -0.42 -0.14 -0.07 0.09 -0.36 0.16 0.39 0.30
P2 -0.25 -0.14 -0.19 0.30 -0.21 0.18 0.39 0.36
P3 -0.15 -0.15 -0.18 0.55 -0.14 0.18 0.39 0.35
P4 -0.07 -0.15 -0.14 0.56 -0.08 0.18 0.37 0.37
P5 0.01 -0.15 -0.20 0.66 -0.02 0.19 0.37 0.45
P6 0.08 -0.15 -0.21 0.77 0.04 0.18 0.32 0.37
P7 0.16 -0.16 -0.22 0.87 0.11 0.18 0.32 0.49
P8 0.25 -0.15 -0.28 0.88 0.19 0.18 0.31 0.47
P9 0.41 -0.15 -0.29 1.10 0.33 0.16 0.27 0.39
P10 1.00 -0.14 -0.35 137 0.79 0.14 0.30 0.30
(Winner)
P10-P1 1.42™ 0.00 -0.29™ 1.28" L15™  -0.02"" -0.08" 0.00
t- statistic ~ (41.60) (0.40) (-41.52) (2.48) (33.36)  (-3.35) (-20.99) (0.00)
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Table 9. International evidence: FM regression results

This table reports the coefficients of Fama-MacBeth regressions for the UK, German, French, and Japanese markets. All returns and financial data are converted to US dollars.
The dependent variable is the monthly return of individual stocks in the 1%, 3", 6, 9" and 12% post-ranking months, respectively. See Table 1 for the definition of variables.
We report the averages of the coefficients estimated from the monthly cross-sectional regressions. All explanatory variables are standardized to have zero mean and unit
variance. The Newey-West ¢-statistics are presented in parentheses. Adj R is the average of the adjusted R-squares of the month-by-month regressions. The reporting period

is from January 1997 to December 2019. *, **, and ™" represent significance at the 10%, 5%, and 1% level, respectively.
Forward month  Intercept CS_STK  CS_PORT PR MV BETA BM oP AG MAX ILLIQ Adj_R?
UK

F=1 0.0096 -0.0097 -0.1154" 0.1886 0.1084 -0.0268 0.4431 0.1375 1.2357 -0.0711 -0.2235"  3.25%
0.03)  (-024) (-1.87) (L1 (1L18)  (039)  (1.01) 0.71) (0.62) (079 (2.13)

F=3 -0.1917 0.0092 -0.1388™ 0.2253 0.1728" -0.0054 0.3076 0.0942 -2.6887 -0.4538™  -0.0594 3.14%
(-055 (022 (-2.09) (1.18) (1.93) (-0.07) (0.68) (0.48) (-1.17)  (-480)  (-0.70)

F=6 -0.2590 -0.0180 -0.1232™ 0.2286 0.1946™ -0.0563 -0.0306 0.2682 -3.5689 -0.2428™ -0.1261 2.72%
(-0.65)  (-0.35) (-2.47) (1.13) (2.24) (075  (-0.06) (1.45) (177 (241)  (-142)

F=9 -0.0433 0.0151 -0.1946™" 0.1750 0.2908"" -0.0090 -0.1842 0.3193 -1.1468 -0.1915™ 0.1097 2.40%
(0.10)  (0.29) (327) (1.02) (279  (0.12)  (037)  (1.62) (067) (205  (1.21)

F=12 0.0254 0.0048 -0.1126 0.0791 0.2424™ -0.0442 -0.0693 0.4146" 2.4783 0.1080 -0.0578 2.29%
(0.06) (0.10) (-1.54) (0.53) (2.19) (-0.69)  (-0.13) (1.90) (1.40) (0.89) (-0.70)

Germany

F=1 0.9062  -0.2964"" -0.0356 1.5922™"  -0.2437" 0.1937 0.8204 1.3920 1.3272 -1.1089™" 1.7924" 6.39%
(242)  (-5.00) (-0.53) (3.53) (242 (0.99) (0.80) (1.52) (0.22) (-3.15) (1.82)

F=3 127157 -0.2872"" -0.1269™ 0.9823"" -0.1031 0.2255 0.2023 2.2996™ 2.0221 -0.6764™  4.5609"  5.99%
(293)  (454) (-1.97) @201)  (-1.06) (1.12) (0.18) (2.45) 0.27) (-1.95) (2.92)

F=6 0.5362  -0.2322"" -0.1120" 0.6620 -0.0796 0.0884 -0.2180 0.9102 -1.8589 -0.2419 1.1284 5.28%
(124)  (-3.47) (-1.66) (1.18)  (-0.83) (0.47) (-0.25) (1.00) (-028)  (-0.74) (1.22)

F=9 0.5857  -0.2552""" -0.1288" -0.0195 -0.1061 0.1014 -0.4070 0.9975 0.7790 -0.5752 0.6986 5.18%
(1.15) (322 (-1.80) (-0.04)  (-1.05) (0.54) (-0.35) (1.01) (0.12) (-1.53) (0.56)

F=12 0.6611 -0.3048™" -0.1211" -0.0577 -0.1069 0.0463 0.7669 0.6661 10.9899 0.2466 -0.8011 5.07%
(136)  (3.78) (-1.94) (0.17)  (-135) (0.27) (0.76) (0.67) (131) (0.55) (-0.52)

France
1.1491™"  -0.0583 -0.0205 0.3457" -0.0958 -0.0074 1.4839™ 0.7364 24,5616 -1.2200"" 13317 7.98%
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F=1 (3.35) (-0.98) (-0.33) (2.18) (-1.00) (-0.06) (2.08) (1.59) (2.69) (-6.77) (3.84)

F=3 1.0209"™  -0.0822 -0.1090" 0.1569 0.0098 -0.0335 0.9770 0.3061  21.6134™  -0.3125" 0.3735 6.32%
(2.65) (-1.37) (-1.75) (1.05) (0.11) (-0.28) (1.19) (0.69) (2.75) (-1.86) (1.32)

F=6 0.8513"  -0.0827 0.0360 0.1606 0.0329 -0.0222 1.3050 0.3481 14.9946 -0.2363" 0.4864" 5.75%
(2.16) (-1.42) (0.57) (0.97) (0.34) (-0.18) (1.64) (0.80) (1.61) (-1.83) (1.71)

F=9 0.6775 -0.1133 0.0062 0.2298 0.0269 -0.0163 0.6310 0.5943 -1.0333 -0.0484 0.2009 5.46%
(1.62) (-1.61) (0.10) (1.39) (0.30) (-0.15) (0.83) (1.32) (-0.14) (-0.41) 0.72)

F=12 0.7333"  -0.1394™ 0.0415 0.1764 0.0269 -0.0715 0.7503 0.0783 7.3994 -0.1452 0.1313 5.20%
(1.77) (-2.11) (0.58) (1.24) (0.29) (-0.71) (0.84) (0.15) (0.84) (-1.00) (0.40)

Japan

F=1 0.3187 -0.0413 -0.1380™" -0.2085"  -0.0434 0.0608 0.1650" 0.1192" -0.2022  -0.3395""  0.0794° 6.41%
(1.04) (-0.74) (-3.98) (-1.81) (-0.49) (0.60) (1.87) (2.21) (-1.13) (-6.68) (1.65)

F=3 0.4120 -0.0306 -0.0494 -0.1463 -0.0183 0.0271 0.1491 0.1000™ -0.0048 -0.1060™ 0.0695 5.94%
(1.23) (-0.52) (-1.47) (-1.36) (-0.23) (0.27) (1.42) (2.09) (-0.03) (-2.09) (1.32)

F=6 0.3507 -0.0497 -0.0380 - 0.0133 0.0377 0.1490 0.0757 -0.0717  -0.1529""  0.0144 5.57%
(0.95) (-0.80) (-1.15) (-2.03) (0.16) (0.36) (1.61) (1.35) (-0.43) (-2.74) (0.29)

F=9 0.3768 -0.0378 -0.0623™ - 0.0240 0.0274 0.1650" 0.0782 -0.0952 -0.0157 -0.0374  5.12%
(1.09) (-0.63) (-2.00) (-3.52) (0.32) (0.29) (1.85) (1.19) (-0.68) (-0.33) (-0.83)

F=12 0.5602 -0.0228 0.0178 - -0.0303 0.0231 0.1693" 0.1025 -0.1173 -0.0022 -0.0156  4.77%
(1.58) (-0.40) (0.62) (-4.51) (-0.35) (0.25) (2.04) (1.55) (-0.75) (-0.05) (-0.31)
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Table 10. International evidence: trading strategy

This table presents the performances of the baseline momentum strategy (WML), the volatility strategy (BSC) proposed by Barroso and Santa-Clara (2015), and the coskewness
enhanced volatility strategy (CS-BSC), respectively, for the UK, German, French, and Japanese markets. The target standard deviation and coskewness values are set to the
moving average of the monthly standard deviation and coskewness of WML, estimated with data up to month #-/, for each of the individual markets. All returns are converted
to US dollars and reported in %. See Table 6 for the definition of the statistics. The reporting period is from January 1997 to December 2019.

Holding Statistics UK Germany France Japan

months WML BSC  CS-BSC WML BSC  CS-BSC WML BSC  CS-BSC WML BSC  CS-BSC

AMEAN 8.17 12.55 10.72 16.19 17.73 15.63 10.59 16.69 12.64 0.70 5.29 3.97

ASTD 20.00 13.10 10.96 22.84 16.12 12.88 22.44 17.72 12.87 21.22 18.17 15.36

1 Sharpe 0.41 0.96 0.98 0.71 1.10 1.21 0.47 0.94 0.98 0.03 0.29 0.26

Sortino 0.56 1.82 1.95 1.09 2.13 2.71 0.74 1.82 2.02 0.05 0.49 0.42

SKEW -3.11 -0.11 0.10 -1.22 -0.21 0.38 -0.64 -0.01 0.29 -1.14 -0.29 -0.29

MDD -68% -47% -50% -65% -42% -36% -62% -42% -39% -70% -51% -46%

AMEAN 8.91 12.90 11.05 14.05 15.63 13.83 9.78 15.09 11.74 -1.11 2.86 2.39

STD 18.89 12.62 10.72 20.90 15.14 12.19 20.33 15.73 11.41 19.96 16.84 14.10

3 Sharpe 0.47 1.02 1.03 0.67 1.03 1.13 0.48 0.96 1.03 -0.06 0.17 0.17

Sortino 0.66 2.04 2.17 1.06 2.02 2.59 0.74 1.85 2.10 -0.08 0.29 0.28

SKEW -2.91 0.08 0.37 -0.89 -0.02 0.71 -0.75 -0.07 0.13 -1.16 -0.15 -0.06

MDD -64% -36% -37% -57% -45% -36% -55% -39% -36% -78% -64% -58%

AMEAN 9.64 13.16 11.46 11.58 13.72 12.05 8.37 12.90 10.20 -1.92 1.78 1.38

STD 16.98 11.39 9.81 19.70 14.25 11.62 18.64 14.28 10.36 18.11 15.03 12.62

6 Sharpe 0.57 1.16 1.17 0.59 0.96 1.04 0.45 0.90 0.98 -0.11 0.12 0.11

Sortino 0.80 2.41 2.61 0.93 1.96 2.39 0.69 1.72 1.99 -0.15 0.20 0.18

SKEW -2.77 0.03 0.36 -0.83 0.24 0.85 -0.84 -0.14 0.04 -1.07 -0.18 -0.10

MDD -60% -35% -34% -57% -45% -42% -56% -40% -37% -78% -58% -51%

AMEAN 9.31 12.47 10.91 9.26 11.73 10.26 6.75 11.02 8.79 -3.23 0.18 -0.03

STD 1537 10.60 9.17 18.07 13.26 10.80 17.25 13.20 9.56 16.38 13.76 11.50

o Sharpe 0.61 1.18 1.19 0.51 0.88 0.95 0.39 0.83 0.92 -0.20 0.01 0.00

Sortino 0.87 2.48 2.66 0.80 1.79 2.12 0.59 1.58 1.86 -0.28 0.02 0.00

SKEW -2.37 0.11 0.36 -0.77 0.29 0.82 -0.93 -0.05 0.16 -1.27 -0.33 -0.42
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MDD -51% -29% -30% -56% -44% -42% -53% -38% -35% -719% -57% -58%

AMEAN 7.72 10.76 9.46 7.09 9.79 8.53 4.93 8.89 7.15 -4.55 -1.52 -1.47

STD 14.16 9.71 8.36 16.42 12.46 10.11 15.99 12.38 8.93 14.88 12.73 10.60

12 Sharpe 0.54 1.10 1.13 0.43 0.79 0.84 0.31 0.72 0.80 -0.31 -0.12 -0.14
Sortino 0.77 222 2.40 0.67 1.55 1.80 0.46 1.34 1.59 -0.41 -0.18 -0.20

SKEW -2.53 0.00 0.21 -0.64 0.29 0.76 -1.06 0.00 0.23 -1.49 -0.52 -0.76

MDD -47% -31% -27% -54% -43% -41% -53% -38% -36% -82% -66% -70%
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The PR - CS_PORT - CS_STK surface

Figure 1. The 3D plot of the PR-CS_STK-CS_PORT surface of the 100 size-PR portfolios. Spline interpolation
and smoothing are applied to the surface.
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Payoffs of MKT and WML, with market volatility

_1 e .
1870 1974 1880 1985 1890 19845 2000 2005 2010 2015 2020

— — — WML Payof ——— MKT Payoff METVOL

Figure 2. The time series of the cumulative payoff for a $1 investment in the market portfolio and the WML
strategy, in comparison with market volatility. The market volatility is measured by the standard deviation of daily
market returns over the preceding six months. The cumulative payoft is expressed as powers of ten.
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A. Optionality of the WML return. The y-axis is the monthly WML return, and the x-axis is the

monthly market return in excess of the risk-free rate.
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B. Optionality of the WML return. The y-axis is the monthly WML return, and the x-axis is the

previous 12-month cumulative excess market return.

Figure 3. The optionality of the WML return.
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A. The coskewness of the decile momentum portfolios. The shaded areas represent momentum
crashes.
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B. The coskewness spread between the winner and loser decile portfolios, and the coskewness of
the WML strategy. The shaded areas represent momentum crashes.

Figure 4. Coskewness of momentum portfolios, coskewness spread between the winner and loser decile
portfolios, and the coskewness of the WML strategy.
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Weights
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A. The weights of the BSC strategy (dash line) and the CS-BSC strategy (solid line). The shaded

areas represent momentum crashes.

Weight adjustment (CS-BSC weight - BSC weight)
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Figure 5. The weights of the BSC and the CS-BSC strategies and the weight adjustment.
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A. The cumulative payoff is expressed as powers of ten. The BSC and CS-BSC strategies are scaled to
have the same average volatility as the baseline momentum strategy.
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B. The cumulative payoff is expressed as powers of ten. The BSC and CS-BSC strategies are scaled to
have the same average downside volatility as the baseline momentum strategy.

Figure 6. The cumulative payoff of a $1 investment at the beginning of 1974 from the baseline momentum
strategy (WML), the volatility strategy (BSC) proposed by Barroso and Santa-Clara (2015), and the proposed
coskewness enhanced volatility strategy (CS-BSC), respectively. The shaded areas represent momentum crashes.
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Figure 7. The monthly return density plot of the baseline WML strategy, the volatility BSC strategy, and the CS-
BSC strategy, respectively. The BSC and CS-BSC strategies are scaled to have the same average volatility as the
baseline WML strategy.
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BSC strategies for international markets.
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Appendix

Table Al: Proposed trading strategy with constant *and CS*

This table presents the performances of the baseline momentum strategy (WML), the volatility strategy (BSC)
proposed by Barroso and Santa-Clara (2015), and the coskewness enhanced volatility strategy (CS-BSC),
respectively, with constant target volatility and coskewness. The dynamic weight formula is as specified in Table
7. The target 6* is set to 12% as specified in Barroso and Santa-Clara (2015), CS™ is set to the full-sample mean
coskewness at -0.20, and Range is the full-sample range of 0.30. See Table 7 for the definition of performance
metrics. The reporting period is from January 1974 to December 2019.

Holding Strategy =~ AMEAN ASTD  Sharpe  Sortino SKEW MIN MAX Maximum

WML 1745 2098 083 118 258 5178 2076  -76%
H=1 BSC 3026 2039 148 293 050 -3230 2153 -36%
CS-BSC 3086 1996  1.55 362 034 2799 2584  -29%
WML 1529 1951 078 112 236 4451 1904  -74%
H=3 BSC 2724 1923 142 277 -043 2777 2204 -37%
CS-BSC 2804 1890 148 347 047 2407 2611 -25%
WML 1240 1790 0.69 099 205 -3647 1677 -12%
H=6 BSC 277 1796 127 244 039 2367 2052 -41%
CS-BSC 2358  17.66 134 300 049 1972 2671 -23%
WML 979 1630 _ 0.60 087 -1.73 2927 1422  -69%
H=9 BSC 1869 1667 112 210 034 2289 2095  -42%
CS-BSC 1935 1636 118 253 051 -19.10 27.84  -26%
WML 727 1511 048 069 -1.64 2310 13.69  -67%
H=12 BSC 1471 1566 0.94 167 -046 2397 2031  -41%
CS-BSC 1527 1523 1.00 200 041 2133 2699  -29%
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Table A2. Strategy performances in subperiods

This table presents the performances of the baseline momentum strategy (WML), the volatility strategy (BSC)
proposed by Barroso and Santa-Clara (2015), and the proposed coskewness enhanced volatility strategy (CS-
BSC), respectively, in three subperiods. The first subperiod (1974-1990) covers the 1987 crash; the second
subperiod (1991-2004) covers the 2001 dot-com crash, and the third subperiod (2004-2019) covers the 2008-2009
GFC. The target ¢ and CS” are calculated using data from the beginning of the subperiod up to month #-1. We
report the performances for the 1-month and 6-month holding periods for brevity, and the results for 3-, 9-, and
12-month holding periods also support our conclusions. See Table 7 for the strategy weight functions and the
definition of performance metrics.

Holding o tcoy AMEAN ASTD Shape Sortino SKEW MIN  MAX  aximum
Period Drawdown
Panel A. 1974-1990 (204 months)
WML 21.76 14.20 1.53 2.51 -1.62 -21.98 12.81 -24%
H=1 BSC 32.19 15.41 2.09 4.32 -0.82 -20.66 13.77 -21%
CS-BSC 37.18 16.79 2.21 5.63 -0.07 -12.55 17.10 -14%
WML 17.23 13.78 1.25 1.95 -1.79 -22.41 13.55 -28%
H=6 BSC 25.72 14.13 1.82 3.61 -0.86 -21.07 13.46 -25%
CS-BSC 29.70 15.09 1.97 4.84 0.04 -9.55 18.13 -16%
Panel B. 1991-2004 (168 months)
WML 20.57 26.38 0.78 1.13 -2.34 -51.78 20.76 -52%
H=1 BSC 19.78 18.68 1.06 1.75 -1.24 -27.99 18.21 -49%
CS-BSC 17.94 12.95 1.39 3.32 1.23 -14.60 25.06 -30%
WML 11.93 21.68 0.55 0.81 -1.68 -36.47 16.77 -53%
H=6 BSC 12.34 16.22 0.76 1.25 -0.80 -19.71 18.85 -53%
CS-BSC 12.81 11.72 1.09 2.72 2.28 -10.28 25.94 -31%
Panel C. 2005-2019 (180 months)
WML 9.65 21.65 0.45 0.59 -2.74 -42.95 15.49 -76%
H=1 BSC 17.01 15.69 1.08 1.96 -0.52 -15.39 14.86 -49%
CS-BSC 18.75 16.81 1.12 2.11 -0.26 -12.65 15.94 -43%
WML 7.35 18.12 0.41 0.54 -2.44 -32.99 12.96 -70%
H=6 BSC 13.23 13.25 1.00 1.87 -0.25 -11.82 12.43 -46%
CS-BSC 14.56 14.57 1.00 1.93 -0.02 -12.23 13.59 -43%
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